MIT

ELECTRICAL ENGINEERING
AND COMPUTER SCIENCE

STATISTICS

EECS I\D/|;I¢\TA SCIENCE

CENTER

g

er]‘/b
Aalt

CSAIL

Fast Discovery of Pairwise Interactions
N HIgh Dimensions using Bayes

Tamara Broderick

Associate Professor

Raj Agrawal, Jonathan H. Huggins, Brian L. Trippe

EECS, MIT




Gene expression levels

Person 1| RANNRARNAARNN
erson 2 | RENEARARNRNHE

orson ¥ [N NRHRNRANARN




Environmental factors
e
: % UL .=
(Gene expression levels « D 4‘

ercon 1[NNI 1 1 |
erson 2 | RENEARARNRNHE I = H
Porson N [TNNMNNNIIANRIAE 1 1




Environmental factors

R Blood
ke a pressure

Gene expression levels S |Ts)
rerson + [INMIAIANIE 1 | I
rerson 2 [{{SMNANARNIAIHE 1 1 | I
N || I
Person N IITNINIANAE 1 1 !




Environmental f r
VIro ehta actors Bl60G

. ~ e

Gene expression levels Lo pressure
rerson 1 ({ENIMNEIANEEE 1 1 °© !
rerson 2 ({{IMIAAANEAIEENE 1 1 |

:
f I
rerson VIENANNINNEE 1 1 1

* Which genes/factors are associated with a health issue?




Environmental f r
VIro ehta actors Bl60G

. ~ e

Gene expression levels Lo pressure
rerson 1 ({ENIMNEIANEEE 1 1 °© !
rerson 2 ({{IMIAAANEAIEENE 1 1 |

:
f I
rerson VIENANNINNEE 1 1 1

* Which genes/factors are associated with a health issue?

 Want small subset of p (> N) covariates



Environmental f r
VIro ehta actors Bl60G

. < (’;?:\71

Gene expression levels Lo pressure
rerson 1 ([EEIIIEEEERIEIE 1 | | I
rerson2 (INIMIIEENIIEREIE 1 | |

:
f I
rerson VIENANNINNEE 1 1 1

* Which genes/factors are associated with a health issue?

« Want small subset of p (> N) covariates (cf. LASSO)



Environmental f r
VIro ehta actors Bl60G

. < (’;?:\71

Gene expression levels Lo pressure
rerson 1 ([EEIIIEEEERIEIE 1 | | I
rerson2 (INIMIIEENIIEREIE 1 | |

:
f I
rerson VIENANNINNEE 1 1 1

* Which genes/factors are associated with a health issue?

« Want small subset of p (> N) covariates (cf. LASSO)
e Additive model often not enough: need interactions



Environmental f rs
VIro ehta acto Bl60G

. < (’;?:\71

Gene expression levels Lo pressure
rerson 1 ([EEIIIEEEERIEIE 1 | | I
rerson2 (INIMIIEENIIEREIE 1 | |

:
f I
rerson VIENANNINNEE 1 1 1

* Which genes/factors are associated with a health issue?

« Want small subset of p (> N) covariates (cf. LASSO)
* Additive model often not enough: need interactions (now p2 dims!)



Pairwise interactions in high dimensions

Environmental factors
(;: = Blood

%
Gene expression levels =l ; 4@ pressure

rerson VIENANNINNEE 1 1 1

* Which genes/factors are associated with a health issue?

Person 1

Person 2

« Want small subset of p (> N) covariates (cf. LASSO)
* Additive model often not enough: need interactions (now p2 dims!)



Pairwise interactions in high dimensions

Environmental factors
- Blood

("~
s @ pressure

Gene expression levels

<
person 1 [ [IMAAANANAE 1 | I
erson 2 [I{TIIANHRINEAE 1 | I
o VNI 0 0 1

* Which genes/factors are associated with a health issue?

« Want small subset of p (> N) covariates (cf. LASSO)
* Additive model often not enough: need interactions (now p2 dims!)
 We provide: Fast, accurate (Bayes) method for interaction discovery



Pairwise interactions in high dimensions

Environmental f rs
VIro ehta acto Bl60G

(%
: % €7 |
Gene expression levels . I % pressure

rerson 1 ({INANNANEAEEH 1 |
rerson 2 ||IHAMENINEH 1 |
* Which genes/factors are associated with a health issue?

I
:
: I
erson |1 ATNHRNARNAAN !

« Want small subset of p (> N) covariates (cf. LASSO)
* Additive model often not enough: need interactions (now p2 dims!)
 We provide: Fast, accurate (Bayes) method for interaction discovery

e Better scaling in p & better accuracy than LASSO-based methods.
Orders of magnitude faster than naive Bayesian inference
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 Goal: Parameter selection/estimation under assumptions:
e Sparsity: most main effects are negligible (interpretable)
« Strong hierarchy: Interaction only if main effects are present
e p2covariates: large p = statistical & computational challenge

* Our solution: using structure in covariates + sparsity
assumptions to reduce to a problem linearin p

2 [Chipman 1996; Wu et al 2009; Bien et al 2013; Lim, Hastie 2015; Nakagawa et al 2016; Griffin, Brown 2017]
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» Step B: Find k£ < p sparse main effects: takes O(p) time

o Step C: Report just the k2 strong-hierarchy interaction effects:
takes O(k2) time
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 Our method: O(p) per iteration
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More Iin the Broderick Group

L Masoero, F Camerlenghi, S Favaro, T Broderick. More for less:
Predicting and maximizing variant discovery under a fixed budget
via Bayesian nonparametrics. https://arxiv.org/abs/1912.05516

* For fixed budget, there is trade-oft in sequencing more genomes and
sequencing at greater depth

* We provide new method for prediction of # new variants and optimal
allocation of more genomes vs. depth

e [owest error when using pilot TCGA dataset to predict the number
of new variants to be observed in the follow-up MSK-impact
dataset (N=9593) across 197 highly variable, cancerous genes

* (Only) our prediction can handle when sequencing depth changes
between pilot and follow-up study

* (Only) our method optimizes under fixed budget

T Broderick, R Giordano, R Meager. An Automatic Finite-Sample
Robustness Metric: Can Dropping a Little Data Change

Conclusions? In preparation.
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