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Introduction
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Significant itemset mining looks for significant multiplicative feature interactions
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Significant itemset mining looks for significant multiplicative feature interactions
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Significant itemset mining looks for significant multiplicative feature interactions

𝑧𝒮 is the multiplicative interaction of feature set 𝒮
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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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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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Feature interactions can be enriched in the absence of univariate associations
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Significant itemset mining has many applications in personalized medicine
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Significant itemset mining has many applications in personalized medicine

• Association studies in genetics
• SNPs
• (Discretized) gene expression
• Epigenetics (e.g methylation)
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Significant itemset mining has many applications in personalized medicine

• Association studies in genetics
• SNPs
• (Discretized) gene expression
• Epigenetics (e.g methylation)

• Functional genomics
• Combinational transcription factor (TF) binding

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

• Association studies in genetics
• SNPs
• (Discretized) gene expression
• Epigenetics (e.g methylation)

• Functional genomics
• Combinational transcription factor (TF) binding
• Mapping chromatin marks to genomic function
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Significant itemset mining has many applications in personalized medicine

• Association studies in genetics
• SNPs
• (Discretized) gene expression
• Epigenetics (e.g methylation)

• Functional genomics
• Combinational transcription factor (TF) binding
• Mapping chromatin marks to genomic function

• Mining clinical databases
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Significant itemset mining poses both computational and statistical challenges
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Significant itemset mining poses both computational and statistical challenges

In a dataset with 𝑝 binary features there are up
to 2% feature interactions 𝒮 ⊆ 1,2, … , 𝑝
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Significant itemset mining poses both computational and statistical challenges

• For comparison (see [1, Appendix C.4]):
• 𝑝 = 266: # of feature interactions ≈ # of electrons

in the observable universe

In a dataset with 𝑝 binary features there are up
to 2% feature interactions 𝒮 ⊆ 1,2, … , 𝑝

n
sa
m
p
le
s

p features

1  1  1  0  1  1  0  0  1  1 
1  1  1  0  1  1  1  0  1  1 
1  1  1  0  1  1  0  0  1  1 
1  1  1  0  1  1  0  1  0  0 
1  1  1  0  1  1  0  1  1  1 
1  1  0  1  1  1  0  0  1  1 

1  1  0  1  1  1  0  0  1  0 
1  0  1  0  1  0  0  0  1  1 
1  1  1  0  1  1  1  0  0  1 
0  1  1  0  1  1  0  1  1  0 
1  1  1  0  0  1  0  0  0  1 

u1 u2 u3 u4 u5 u7 u8 u9 u10y u6

1  1  0  0  1  1  0  1  1  1 0
0
0

0

0
1

1

1
1

1

0

1

zS



|| 21/10/2016Felipe Llinares 6

Significant itemset mining poses both computational and statistical challenges

• For comparison (see [1, Appendix C.4]):
• 𝑝 = 266: # of feature interactions ≈ # of electrons

in the observable universe

• This leads to two fundamental challenges:
• Computational
• Statistical (multiple comparisons problem)

In a dataset with 𝑝 binary features there are up
to 2% feature interactions 𝒮 ⊆ 1,2, … , 𝑝
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There exist untestable feature interactions that cannot cause false positives
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There exist untestable feature interactions that cannot cause false positives

• For discrete test statistics, p-values cannot be
arbitrarily small
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There exist untestable feature interactions that cannot cause false positives

• 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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Accounting for the dependence between 
feature interactions
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ABSTRACT
We present a novel algorithm for significant pattern mining,
Westfall-Young light. The target patterns are statistically
significantly enriched in one of two classes of objects. Our
method corrects for multiple hypothesis testing and correla-
tions between patterns via the Westfall-Young permutation
procedure, which empirically estimates the null distribution
of pattern frequencies in each class via permutations.

In our experiments, Westfall-Young light dramatically out-
performs the current state-of-the-art approach, both in terms
of runtime and memory e�ciency on popular real-world bench-
mark datasets for pattern mining. The key to this e�-
ciency is that, unlike all existing methods, our algorithm
does not need to solve the underlying frequent pattern min-
ing problem anew for each permutation and does not need to
store the occurrence list of all frequent patterns. Westfall-
Young light opens the door to significant pattern mining on
large datasets that previously involved prohibitive runtime
or memory costs.

Our code is available from http://www.bsse.ethz.ch/m

lcb/research/machine-learning/wylight.html

Categories and Subject Descriptors
H.2.8 [Database Applications]: Data mining

Keywords
Significant pattern mining; p-value; Multiple hypothesis test-
ing; Westfall-Young permutation

1. INTRODUCTION
Frequent pattern mining is a fundamental problem in data

mining, in particular in association rule mining [2]. In its
most popular instance, frequent itemset mining, a user is
given a database of transactions, each of which includes a
set of items. In its original application [1], each transaction

Permission to make digital or hard copies of part or all of this work for personal or
classroom use is granted without fee provided that copies are not made or distributed
for profit or commercial advantage and that copies bear this notice and the full cita-
tion on the first page. Copyrights for third-party components of this work must be
honored. For all other uses, contact the Owner/Author(s). Copyright is held by the
owner/author(s).
KDD’15, August 10-13, 2015, Sydney, NSW, Australia.
ACM 978-1-4503-3664-2/15/08.
DOI: http://dx.doi.org/10.1145/2783258.2783363 .

represents the set of items purchased by a customer in a
supermarket. A frequent itemset is then a set of items that
co-occur in di↵erent transactions more often than a prede-
fined frequency threshold. Another prominent instance is
frequent subgraph mining in graph databases [19].
Significant pattern mining (or discriminative pattern min-

ing) extends the classic problem of frequent pattern mining
to two classes of transactions, such as cases and controls in
clinical studies [8]. The interest is in finding those sets of
items that occur statistically significantly more often in one
class than in the other.
This problem is fundamentally important in many appli-

cations, ranging from marketing to health care. For in-
stance, while frequent itemset mining tries to find prod-
ucts that are co-bought by all customers, significant pattern
mining tries to detect products that are co-bought signif-
icantly more often by elderly customers than by younger
customers. Similarly, frequent itemset mining may screen
electronic health records for combinations of drugs that have
frequently been administered to the same patients. In sig-
nificant pattern mining, however, we may be interested in
combinations of drugs that have been administered to pa-
tients who show severe side e↵ects significantly more often
than to patients who show no side e↵ects [14].
A critical problem in significant pattern mining is the mul-

tiple testing problem, which arises due to the fact that the
number of patterns tested for association with class mem-
bership is often in the millions or billions. If not properly
corrected for, significant pattern mining will retrieve a huge
number of false positives; that is, patterns deemed to be sig-
nificantly associated with class membership by mistake. In
most applications domains of data mining, from the natural
sciences to the social sciences, these patterns are often ex-
plored further in a time-consuming and cost-consuming ex-
perimental validation. Therefore, a high number of a false
positives is an enormous waste of resources in these fields.
In light of this multiple testing problem, current approaches

to significant pattern mining face at least one of the follow-
ing problems:

1. Many methods for finding patterns that are associated
with class membership do not correct for multiple testing
at all ([4, 10, 20, 35], see [36] for a comprehensive survey),
even those that report a measure of statistical significance
for this association [3, 5, 13, 32].
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zS1
zS2 zS3

zS2p
zS2p−1

p(1)(zS2p−1
) p(1)(zS2p

)

p(2)(zS2p
)

p(3)(zS2p
)

p(J)(zS2p
)

p(2)(zS2p−1
)

p(3)(zS2p−1
)

p(J)(zS2p−1
)

...
...

. . .

. . .

. . .

. . .

. . .

p(1)(zS3)

p(2)(zS3)

p(3)(zS3)

p(J)(zS3)

...

p(1)(zS2)

p(2)(zS2)

p(3)(zS2)

p(J)(zS2)

...
p(J)(zS1)

p(3)(zS1)

p(2)(zS1)

p(1)(zS1)

...
. . .

...

1

2

3

J

2p feature interactions

J
ra
n
d
om

p
er
m
u
ta
ti
on

s p(1)min

p(2)min

p(3)min

p(J)min

min
S

p(zS)

...

FP(δ) ̸= 0

1[p(1)min ≤ δ]

1[p(2)min ≤ δ]

1[p(3)min ≤ δ]

1[p(J)min ≤ δ]

...

FWERwy(δ) =
1

J

J∑

i=1

1[p(i)min ≤ δ]



|| 21/10/2016Felipe Llinares 14

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

1  1  1  0  1  1  0  0  1  1 
1  1  1  0  1  1  1  0  1  1 
1  1  1  0  1  1  0  0  1  1 
1  1  1  0  1  1  0  1  0  0 
1  1  1  0  1  1  0  1  1  1 
1  1  0  1  1  1  0  0  1  1 

1  1  0  1  1  1  0  0  1  0 
1  0  1  0  1  0  0  0  1  1 
1  1  1  0  1  1  1  0  0  1 
0  1  1  0  1  1  0  1  1  0 
1  1  1  0  0  1  0  0  0  1 

1  1  0  0  1  1  0  1  1  1 
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Computationally unfeasible for pattern mining!
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FastWY (Terada et al., ICBB 2013) uses testability to compute 𝒑𝒎𝒊𝒏
(𝒊) efficiently
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pmin,t = min {p(zS1), . . . , p(zSt)}



|| 21/10/2016Felipe Llinares 15

FastWY (Terada et al., ICBB 2013) uses testability to compute 𝒑𝒎𝒊𝒏
(𝒊) efficiently

u1u2u3u4u5

u1u2u3u4 u1u2u3u5 u1u2u4u5 u1u3u4u5 u2u3u4u5

u1u2u3 u1u2u4 u1u2u5 u1u3u4 u1u3u5 u1u4u5 u2u3u4 u2u3u5 u2u4u5 u3u4u5

u1u2 u1u3 u1u4 u1u5 u2u3 u2u4 u2u5 u3u4 u3u5 u4u5

u1 u2 u3 u4 u5

∅

zS1
zS2 zS3

zS2p
zS2p−1. . .

. . .
min
S

p(zS)

pminp(zS2p
)p(zS2p−1

)p(zS3)p(zS2)p(zS1)

pmin,t = min {p(zS1), . . . , p(zSt)}

Ψ(xSt+1) > pmin,t



|| 21/10/2016Felipe Llinares 16

Westfall-Young Light (Llinares-López et al., KDD 2015)
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(V) for a single permutation, but the entire process must be 

repeated 𝐽 ≈ 10,000 times
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(V) for all resampled datasets 𝑖 = 1,… , 𝐽
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Westfall-Young Light (Llinares-López et al., KDD 2015)

• FastWY computes 𝑝UVJ
(V) for a single permutation, but the entire process must be 

repeated 𝐽 ≈ 10,000 times

• Main insight: 
• Computing 𝛿XY∗ = max 𝛿 		s. t. 		𝐹𝑊𝐸𝑅XY 𝛿 ≤ 𝛼 is a simpler task than finding 
𝑝UVJ
(V) for all resampled datasets 𝑖 = 1,… , 𝐽

WY-Light finds the significance threshold 𝛿XY∗ directly, processing all 𝐽 permutations
simultaneously and bypassing the need to compute 𝑝UVJ

(V) for each individual
permutation
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The Algorithm (Westfall-Young Light)
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The Algorithm (Westfall-Young Light)
• Input: Feature matrix 𝑈 ∈ 0,1 J	×	%, class labels 𝑦 ∈ 0,1 J, target FWER 𝛼, number of 

permutations 𝐽
• Initialization:

1. Compute and store 𝐽 independent random permutations of the vector of class labels 𝑦
2. Initialize significance threshold 𝛿 to 1
3. Initialize minimum p-value 𝑝UVJ

(V) for each of the 𝐽 permutations to 1



|| 21/10/2016Felipe Llinares 17

The Algorithm (Westfall-Young Light)
• Input: Feature matrix 𝑈 ∈ 0,1 J	×	%, class labels 𝑦 ∈ 0,1 J, target FWER 𝛼, number of 

permutations 𝐽
• Initialization:

1. Compute and store 𝐽 independent random permutations of the vector of class labels 𝑦
2. Initialize significance threshold 𝛿 to 1
3. Initialize minimum p-value 𝑝UVJ

(V) for each of the 𝐽 permutations to 1
• D𝐅𝐒 ∅



|| 21/10/2016Felipe Llinares 17

The Algorithm (Westfall-Young Light)
• Input: Feature matrix 𝑈 ∈ 0,1 J	×	%, class labels 𝑦 ∈ 0,1 J, target FWER 𝛼, number of 

permutations 𝐽
• Initialization:

1. Compute and store 𝐽 independent random permutations of the vector of class labels 𝑦
2. Initialize significance threshold 𝛿 to 1
3. Initialize minimum p-value 𝑝UVJ

(V) for each of the 𝐽 permutations to 1
• D𝐅𝐒 ∅

• 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
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The Algorithm (Westfall-Young Light)
• Input: Feature matrix 𝑈 ∈ 0,1 J	×	%, class labels 𝑦 ∈ 0,1 J, target FWER 𝛼, number of 

permutations 𝐽
• Initialization:

1. Compute and store 𝐽 independent random permutations of the vector of class labels 𝑦
2. Initialize significance threshold 𝛿 to 1
3. Initialize minimum p-value 𝑝UVJ

(V) for each of the 𝐽 permutations to 1
• D𝐅𝐒 ∅
• Return 𝜶𝑱 smallest 𝑝UVJ

(V)

• 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 𝒮
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Key features of Westfall-Young Light

i. Guaranteed to return the same solution 𝛿XY∗ as FastWY

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

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

iv.Only needs to compute exactly the smallest 𝛼𝐽 𝑝UVJ
(V) , 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 𝐽 permutations
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WY-Light improves over the state-of-the-art in terms of memory



|| 21/10/2016Felipe Llinares 20

WY-Light improves over the state-of-the-art in terms of runtime
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WY-Light accurately estimates the FWER
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Correcting for an observed categorical 
covariate
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Ignoring covariate factors might lead to many spurious discoveries
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• 𝑧𝒮e marginally associated to 𝑦
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• 𝑧𝒮e marginally associated to 𝑦

• 𝑧𝒮e independent of	𝑦 given 𝑐

• We treat 𝑧𝒮eas a false positive!
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Abstract

In high-dimensional settings, where the number of features p is typically much
larger than the number of samples n, methods which can systematically examine
arbitrary combinations of features, a huge 2

p-dimensional space, have recently
begun to be explored. However, none of the current methods is able to assess the
association between feature combinations and a target variable while conditioning
on a covariate, in order to correct for potential confounding effects.
We propose FACS, a significant discriminative itemset mining algorithm which con-
ditions on categorical covariates and only scales as O(k log k), where k is the num-
ber of states of the categorical covariate. Based on the Cochran-Mantel-Haenszel
Test, FACS demonstrates superior speed and statistical power on simulated and
real-world datasets compared to the state of the art, opening the door to numerous
applications in biomedicine.

1 Introduction
In the last 10 years, the amount of data available is growing at an unprecedented rate. However, in
many application domains, such as computational biology and healthcare, the amount of features is
growing much faster than typical sample sizes. Therefore, statistical inference in high-dimensional
spaces has become a tool of the utmost importance for practitioners in those fields. Despite the great
success of approaches based on sparsity-inducing regularizers [14, 2], the development of methods to
systematically explore arbitrary combinations of features and assess their statistical association with
a target of interest has been less studied. Exploring all combinations of p features is equivalent to
handling a 2p-dimensional space, thus combinatorial feature discovery exacerbates the challenges for
statistical inference in high-dimensional spaces even for moderate p.

Under the assumption that features and targets are binary random variables, recent work in the field
of significant discriminative itemset mining offers tools to solve the computational and statistical
challenges incurred by combinatorial feature discovery. However, all state-of-the-art approaches [13,
9, 11, 6, 7] share a key limitation: no method exists to assess the conditional association between
feature combinations and the target. The ability to condition the associations on an observed covariate
is fundamental to correct for confounding effects. In biomedical applications, the age and gender of
a patient are prominent examples of such covariates. If unaccounted for, one may find many false
positives that are actually associated with the covariate and not the class of interest [15].

Hence our goal in this article is to present the first approach to significant discriminative itemset
mining that allows one to correct for confounding covariates.

To reach this goal, we present the novel algorithm FACS, which enables significant discrimina-
tive itemset mining with categorical covariates through the Cochran-Mantel-Haenszel test [8] in

29th Conference on Neural Information Processing Systems (NIPS 2016), Barcelona, Spain.

Accepted at NIPS 2016

Goal: Propose a significant pattern mining approach
that allows correcting for a categorical covariate
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Significant pattern mining using the Cochran-Mantel-Haenszel test
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Significant pattern mining using the Cochran-Mantel-Haenszel test

1. Does the CMH test have a minimum attainable p-value?
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Significant pattern mining using the Cochran-Mantel-Haenszel test

Proposition 1: The CMH test has a minimum attainable p-value ΨhUi(𝒮), which can be
computed in 𝑂(𝑘) time as a function of the margins of the 𝑘 contingency tables.

1. Does the CMH test have a minimum attainable p-value?
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Significant pattern mining using the Cochran-Mantel-Haenszel test

Proposition 1: The CMH test has a minimum attainable p-value ΨhUi(𝒮), which can be
computed in 𝑂(𝑘) time as a function of the margins of the 𝑘 contingency tables.

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

• Closed-form expression computable in 𝑂(𝑘) time
• Multivariate function:  ΨhUi 𝒮 = ΨhUi 𝑥𝒮,l, 𝑥𝒮,m, … , 𝑥𝒮,n = ΨhUi 𝒙𝓢
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Significant pattern mining using the Cochran-Mantel-Haenszel test
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Significant pattern mining using the Cochran-Mantel-Haenszel test

2. Is the resulting minimum attainable p-value ΨhUi(𝑥𝒮,l, 𝑥𝒮,m, … , 𝑥𝒮,n)
function monotonically decreasing?
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Significant pattern mining using the Cochran-Mantel-Haenszel test

2. Is the resulting minimum attainable p-value ΨhUi(𝑥𝒮,l, 𝑥𝒮,m, … , 𝑥𝒮,n)
function monotonically decreasing?

(xS,1, xS,2)

x1

x2

Ψcmh(xS,1, xS,2)
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Significant pattern mining using the Cochran-Mantel-Haenszel test

2. Is the resulting minimum attainable p-value ΨhUi(𝑥𝒮,l, 𝑥𝒮,m, … , 𝑥𝒮,n)
function monotonically decreasing?

Ψcmh(xS,1, xS,2) ≤ Ψcmh(xS′,1, xS′,2)

(xS,1, xS,2)

(xS′,1, xS′,2)

xS′,j ≤ xS,j , ∀j = 1, . . . , k

?

⇒

x1

x2
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Significant pattern mining using the Cochran-Mantel-Haenszel test

2. Is the resulting minimum attainable p-value ΨhUi(𝑥𝒮,l, 𝑥𝒮,m, … , 𝑥𝒮,n)
function monotonically decreasing?

Ψcmh(xS,1, xS,2) ≤ Ψcmh(xS′,1, xS′,2)

(xS,1, xS,2)

(xS′,1, xS′,2)

xS′,j ≤ xS,j , ∀j = 1, . . . , k

?

⇒

x1

x2

𝑁𝑂!
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The lack of monotonicity of 𝚿𝒄𝒎𝒉(𝒙𝓢) makes the CMH test incompatible with LAMP
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2) S ⊆ S ′ ⇒ xS ≥ xS′

}

If S ⊆ S ′,Ψ(xS) > δ ⇒ Ψ(xS′) > δ
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The lack of monotonicity of 𝚿𝒄𝒎𝒉(𝒙𝓢) makes the CMH test incompatible with LAMP
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1) xS ≥ xS′ ̸⇒ Ψ(xS) ≤ Ψ(xS′)

If S ⊆ S ′,Ψ(xS) > δ ̸⇒ Ψ(xS′) > δ



|| 21/10/2016Felipe Llinares 29

Pruning the search space with a monotonic surrogate of 𝚿𝒄𝒎𝒉(𝒙𝓢)
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Pruning the search space with a monotonic surrogate of 𝚿𝒄𝒎𝒉(𝒙𝓢)
• Definition: The lower envelope of 𝛹hUi 𝒙𝓢 is 

defined as: 

Ψ̃cmh(xS)

Ψcmh(xS)

xS

Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)
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Pruning the search space with a monotonic surrogate of 𝚿𝒄𝒎𝒉(𝒙𝓢)
• Definition: The lower envelope of 𝛹hUi 𝒙𝓢 is 

defined as: 

• By construction:
1. ΨuhUi 𝒙𝓢 is monotonically decreasing
2. ΨuhUi 𝒙𝓢 is a lower bound of 𝛹hUi(𝒙𝓢)

Ψ̃cmh(xS)

Ψcmh(xS)

xS

Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)
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Pruning the search space with a monotonic surrogate of 𝚿𝒄𝒎𝒉(𝒙𝓢)

Theorem 1: If ΨuhUi 𝒙𝓢 > 𝛿, then all superset feature combinations 𝓢v ⊇ 𝓢 are
untestable and can be pruned from the search space

• Definition: The lower envelope of 𝛹hUi 𝒙𝓢 is 
defined as: 

• By construction:
1. ΨuhUi 𝒙𝓢 is monotonically decreasing
2. ΨuhUi 𝒙𝓢 is a lower bound of 𝛹hUi(𝒙𝓢)

Ψ̃cmh(xS)

Ψcmh(xS)

xS

Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)
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The lower envelope 𝚿u𝒄𝒎𝒉 𝒙𝓢 for the CMH test can be evaluated in 𝑶(𝒌 𝐥𝐨𝐠𝒌) time
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The lower envelope 𝚿u𝒄𝒎𝒉 𝒙𝓢 for the CMH test can be evaluated in 𝑶(𝒌 𝐥𝐨𝐠𝒌) time
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(xS,1, xS,2)

Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)
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The lower envelope 𝚿u𝒄𝒎𝒉 𝒙𝓢 for the CMH test can be evaluated in 𝑶(𝒌 𝐥𝐨𝐠𝒌) time

• Naively, computing ΨuhUi 𝒙𝓢 would require 𝑶(𝒎𝒌)
runtime
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(xS,1, xS,2)

Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)
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The lower envelope 𝚿u𝒄𝒎𝒉 𝒙𝓢 for the CMH test can be evaluated in 𝑶(𝒌 𝐥𝐨𝐠𝒌) time

• Naively, computing ΨuhUi 𝒙𝓢 would require 𝑶(𝒎𝒌)
runtime

• ΨuhUi 𝒙𝓢 must be evaluated once for each 
enumerated feature combination
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x2

(xS,1, xS,2)

Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)
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The lower envelope 𝚿u𝒄𝒎𝒉 𝒙𝓢 for the CMH test can be evaluated in 𝑶(𝒌 𝐥𝐨𝐠𝒌) time

• Naively, computing ΨuhUi 𝒙𝓢 would require 𝑶(𝒎𝒌)
runtime

• ΨuhUi 𝒙𝓢 must be evaluated once for each 
enumerated feature combination

• Need an efficient algorithm to compute ΨuhUi 𝒙𝓢
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Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)



|| 21/10/2016Felipe Llinares 30

The lower envelope 𝚿u𝒄𝒎𝒉 𝒙𝓢 for the CMH test can be evaluated in 𝑶(𝒌 𝐥𝐨𝐠𝒌) time

• Naively, computing ΨuhUi 𝒙𝓢 would require 𝑶(𝒎𝒌)
runtime

• ΨuhUi 𝒙𝓢 must be evaluated once for each 
enumerated feature combination

• Need an efficient algorithm to compute ΨuhUi 𝒙𝓢

• Theorem 2: ΨuhUi 𝒙𝓢 can be evaluated in 
𝑂(𝑘	 log 𝑘) time
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Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(xS′)
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The lower envelope 𝚿u𝒄𝒎𝒉 𝒙𝓢 for the CMH test can be evaluated in 𝑶(𝒌 𝐥𝐨𝐠𝒌) time

• Naively, computing ΨuhUi 𝒙𝓢 would require 𝑶(𝒎𝒌)
runtime

• ΨuhUi 𝒙𝓢 must be evaluated once for each 
enumerated feature combination

• Need an efficient algorithm to compute ΨuhUi 𝒙𝓢

• Theorem 2: ΨuhUi 𝒙𝓢 can be evaluated in 
𝑂(𝑘	 log 𝑘) time

x1

x2

(xS,1, xS,2)

Ψ̃cmh(xS) = min
xS′≤xS

Ψcmh(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-López 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-López 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 J	×	%, class labels 𝑦 ∈ 0,1 J, target FWER 𝛼, number of permutations 𝐽
• Initialization:

1. Compute and store 𝐽 independent random permutations of the vector of class labels 𝑦
2. 𝛿 ⟵ 1
3. 𝑝UVJ

(V) ⟵ 1	∀	𝑖 = 1,2, … 𝐽
• D𝐅𝐒 ∅
• Return 𝜶𝑱 smallest 𝑝UVJ

(V)

• D𝐅𝐒(𝓢):
1. 𝑝UVJ

(V) ⟵	min 𝑝UVJ
(V) , 𝑝 V (𝑧𝒮) ∀	𝑖 = 1,2, … 𝐽 # Update minimum p-value so far for each permutation

2. 𝐹𝑊𝐸𝑅XY(𝛿) ⟵
l
�
∑ 𝟏 𝑝UVJ

(V) ≤ 𝛿�
V�l # Compute lower bound on FWER based on minimum p-values so far

3. While 𝐹𝑊𝐸𝑅XY 𝛿 > 𝛼: # If FWER condition is violated, decrease significance threshold until restored
• Decrease 𝛿
• 𝐹𝑊𝐸𝑅XY(𝛿) ⟵

l
�
∑ 𝟏 𝑝UVJ

(V) ≤ 𝛿�
V�l

4. For 𝒮v ∈ Children 𝒮 : # Continue depth-first search recursively
• If Ψ 𝑥𝒮� ≤ 𝛿: # Search-space pruning condition!

• DFS(𝒮v)


