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Selecting features in high-dimensional genomic data

— Data: For each sample,
— genomic features measured along the entire genome

— phenotype (observed trait of interest)

— Goal: identify which genomic features are linked with the phenotype
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Selecting features in high-dimensional genomic data

— Motivation: Key to providing improved care or better agricultural yields

— biomarker or signature discovery
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Selecting features in high-dimensional genomic data

— Motivation: Key to providing improved care or better agricultural yields

— biomarker or signature discovery

— hypotheses on the underlying biological mechanisms

100 wi‘Mgenomic
90 — High clinical,
- | ;
g 80 Low clinical, high genomic low genomic
8 = 704
o
s, 60 High clinical and genomic
£8 50
£
38 0
5 9
22 30
2
a 20
10
0 T T T T 1
0 2 4 6 8 10

Year

F. Cardoso et al., 70-gene signature as an aid to treatment deci-

sions in early-stage breast cancer NEJM 2016

GWAS hits

= P . o= ’T\ )
.."2\-1':‘.: i'-“ 3

Trait

Gene with GWAS hits
L

Type 2 Diabetes
Rheumatoid Arthritis

Ankylosing
Spondylitis(AS)

AS, Ps, Psoriatic Arthritis

1
PADI4/ILGR
TNFR1/PTGER4/TYK2
23
RANKL/ESR1
DRD2
HMGCR
11128

P. Visscher et al., 10 years of GWAS discovery: biology, function
and translation AJHG 2017


http://dx.doi.org/10.1056/NEJMoa1602253
http://dx.doi.org/10.1016/j.ajhg.2017.06.005

Selecting features in high-dimensional genomic data

— Challenges: features

A

~

— 20000 transcripts or 500 000 Single Nucleotide Poymorphisms

— Orders of magnitude more features than samples (p > n)
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Classical statistical testing
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Classical statistical testing
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— Does not account for other features 3
(joint/conditional effects) T s
— Potentially high false discovery rate [Hej+24]
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1. Structured sparsity



Regularized empirical risk minimization

— ldea: impose a priori constraints on the solution of the empirical risk minimization problem

In particular: sparsity that respects pre-defined structures (groups, graphs, trees)

— Parametric models: F = {fz; @ € R4}
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SMuGLasso for GWAS in diverse populations

— Group: Group SNPs by linkage disequilibrium SNPs
blocks [DAN15] < >
...|......|.......|.....
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A. Nouira & C.-A. Azencott. Sparse Multitask group Lasso for genome-wide association studies. PLoS Comp Bio 2025
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SMuGLasso has better recall than other methods

Simulation with GWAsimulator [LLO7]
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SMuGLasso identifies disease genes
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Graph-based regularization

Variants of the Lasso encourage the sparsity

pattern to respect the structure of a given graph:
<:> features that are connected on the provided graph
will tend to be selected together

— Network-constrained Lasso [LLO8]
— Graph Lasso [JOVO9]
— Graph-guided fused Lasso [KSX09]

H. Climente-Gonzalez et al. A network-guided protocol to discover susceptibility genes in genome-wide association studies. STAR Prot 2023
H. Climente-Gonzalez et al. Boosting GWAS using biological networks: A study on susceptibility to familial breast cancer. PLoS Comp Bio 2021
C.-A. Azencott. Network-guided biomarker discovery. Lecture Notes in Computer Science 2016
10
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Explainable Al

— XAl: methods that help understand how ML algorithms arrived at a given result [ISO20; Mol25]

— coefficients in a linear model; mean decrease in impurity in a random forest
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— XAl: methods that help understand how ML algorithms arrived at a given result [ISO20; Mol25]
— coefficients in a linear model; mean decrease in impurity in a random forest

— permutation importance, LINE, SHAP, gradient-based attribution
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Explainable Al

— XAl: methods that help understand how ML algorithms arrived at a given result [ISO20; Mol25]
— coefficients in a linear model; mean decrease in impurity in a random forest

— permutation importance, LINE, SHAP, gradient-based attribution

[CLS] this (may) just be --- ever |produced . (Worst) plot , [WOISH) acting , worst
special effects . . . be prepared if you want to watch [} . the only way to get
enjoyment out of it is o) light a match and bun fthe tape of it , knowing it will [AevVeR

fall into the hands of any sane person again . [SEP] IMDb
e’

Integrated gradients

— How reliable are those? Grad-CAM
11



Stability

— Stability: Selecting the same features on subsets of the data

— Gene signatures are notoriously unstable [VDD11]
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Stability

— Stability: Selecting the same features on subsets of the data
— Gene signatures are notoriously unstable [VDD11]

— Measuring stability: [NB16]
— Apply the feature selection procedure on K subsamples of the data
— Compare solutions using Pearson’s correlation

p features

\
4

Sk :-] \ . | | [ | selected features = {1, 2,4, 7}
5= .:I:-:I:-]j selected features = {1, 4,7, 9, 10}
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Enforcing stability

— Bolasso and stability selection [Bac08; MB10; S513]

— Repeat on multiple subsamples of the data.
— Only keep the features that are selected often.
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Enforcing stability

— Bolasso and stability selection [Bac08; MB10; SS13] 04
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— Repeat on multiple subsamples of the data.
— Only keep the features that are selected often.
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— SMuGLasso uses a stability selection procedure

71 + stability selection

0.0

Laéso Group Lasso

A. Nouira & C.-A. Azencott. Sparse Multitask group Lasso for genome-wide association studies. PLoS Comp Bio 2025
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Enforcing stability

— Bolasso and stability selection [Bac08; MB10; SS13] 04
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— Repeat on multiple subsamples of the data.
— Only keep the features that are selected often.

Stability index
o
]

o
-

— SMuGLasso uses a stability selection procedure

71 + stability selection

0.0

— What about statistical guarantees (e.g. confidence intervals, p-values, FDR control)?

Laéso Group Lasso

A. Nouira & C.-A. Azencott. Sparse Multitask group Lasso for genome-wide association studies. PLoS Comp Bio 2025

SMuGLasso
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2. Post-selection inference
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Inference in linear models

— Hypothesis testing in a linear model z — By + Biay + - -+ + B,z

- Is 3; significantly different from 07
— Wald test
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Inference in linear models

— Hypothesis testing in a linear model z — By + Biay + - -+ + B,z

- Is 3; significantly different from 07
— Wald test

— If the linear model was learned under sparsity constraints:

- naturally biased towards non-zero /3;!

— Post-Selection Inference: perform inference that accounts for the selection event [Lee+16]
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Inference in linear models

— Hypothesis testing in a linear model « +— By + S1z1 + - - - + 5,2,
- Is 3; significantly different from 07
— Wald test relies on the hypothesis of normally-distributed residuals ¥ ~ A (u(X), o%)

— If the linear model was learned under sparsity constraints:

- naturally biased towards non-zero /3;!

— Post-Selection Inference: perform inference that accounts for the selection event [Lee+16]

15



Inference in linear models

— Hypothesis testing in a linear model « +— By + S1z1 + - - - + 5,2,
- Is 3; significantly different from 07
— Wald test relies on the hypothesis of normally-distributed residuals ¥ ~ A (u(X), o%)

— If the linear model was learned under sparsity constraints:
- naturally biased towards non-zero /3;!
Y must be compatible with the observed set of selected features
— Post-Selection Inference: perform inference that accounts for the selection event [Lee+16]
i.e. characterize Y[S(Y) = S
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Group-based feature selection with kernels

— Is group g associated with the phenotype? SNPs

— E.g. SKAT [Wu+11] test statistic 7 = 5" K,y 0000000000000 0000000
—

groups

— kernel K, quantifies (possibly nonlinear) similarities between samples based on SNPs in g
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Group-based feature selection with kernels

s group ¢ associated with the phenotype? SNPs

E.g. SKAT [Wu+11] test statistic 7 = ¢ K, ¥ 0000000000000 0000000
—

groups
kernel K, quantifies (possibly nonlinear) similarities between samples based on SNPs in ¢
Quadratic Kernel Association Test § " ¢( K, )%
— E.g. HSIC estimators [Gre+05]

L. Slim et al. kernelPSI: a post-selection inference framework for nonlinear variable selection, ICML 2019

16
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Group-based feature selection with kernels

s group ¢ associated with the phenotype? SNPs

\
h) (4

E.g. SKAT [Wu+11] test statistic 7 = ¢ K, ¥ 0000000000000 0000000
—

groups
kernel K, quantifies (possibly nonlinear) similarities between samples based on SNPs in ¢
Quadratic Kernel Association Test § " ¢( K, )%

— E.g. HSIC estimators [Gre+05]
Group selection procedure: select the kernels with the highest scores

Post-selection inference needed

L. Slim et al. kernelPSI: a post-selection inference framework for nonlinear variable selection, ICML 2019
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kernelPS|

— kernelPSI: characterize the selection event and sample efficiently from the resulting distribution
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L. Slim et al. kernelPSI: a post-selection inference framework for nonlinear variable selection, (CML 2019
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5. False Discovery Rate control with Knockoffs
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Challenge: correlation between variables
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Challenge: correlation between variables

@@ @ data correlation
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Challenge: correlation between variables

@ e @ data correlation 10 data correlation with Y
j>2 X3 1 081
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Features that are with features associated with the phenotype appear
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Knockoffs

o)
O

— X built from X only: X1y

Jj>2

data correlation

X1 X2 X3 X4 X5 X6 X7 X8 XoX10

Coe——
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X

— X has the same covariance structure as X

— X as different from X as possible

R. Barber & E. Candés Controlling the false discovery rate via knockoffs

Ann. Stat. 2015

KO correlation

correlation of data with KO

X1 X2 X3 Xa Xs Xe X7 Xg Xo X10

X1 X2 X3 Xa X5 Xe X7 Xg Xo X10
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Knockoffs

data correlation
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— X built from X only: X L Y|X
— X has the same covariance structure as X

— X as different from X as possible

R. Barber & E. Candés Controlling the false discovery rate via knockoffs
Ann. Stat. 2015
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correlation of data with KO
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Knockoff Statistics

0.05 difference
R - VVJ = Q(Xj7 Y) - Q(:)V(ja Y)
s o — Example: Lasso Coefficient-Difference [Can+18§]
- 7 =min {t > 0: % < q} guarantees
control of the target FDR ¢
-0.05

01234567829
features

R. Barber & E. Candés et al. Controlling the false discovery rate via knockoffs Ann. Stat. 2015
E. Candés et al. Panning for gold: Model-X knockoffs for high-dimensional controlled variable selection J. R. Stat. Soc. B 2018
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Applying knockoffs to transcriptomics data

— Simulation framework: real transcriptomics data, simulated 1.0 :
case/control outcomes 05 i
® KO control FDR well, and better than Wilcoxon rank-summed ol Wilcoxon
test or the Lasso % KQ(§=0.2)
=041 L$SS0.0Dt
0.2
0.0 i

0.00 025 050 075 1.00
False Discovery Proportion

J. Cartier et al. Statistical knockoffs improve biomarker discovery from transcriptomic data BioRxiv 2025
22


http://dx.doi.org/10.1101/2025.07.04.663147

Applying knockoffs to transcriptomics data

— Simulation framework: real transcriptomics data, simulated
case/control outcomes

® KO control FDR well, and better than Wilcoxon rank-summed
test or the Lasso

® The KO framework fails if the relationship between phenotype
and features is non-linear
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Applying knockoffs to transcriptomics data

— Simulation framework: real transcriptomics data, simulated 1.0 :
case/control outcomes sl |
© KO control FDR well, and better than Wilcoxon rank-summed | Wilcoxon
test or the Lasso g |Ql=02)
a 0.4 !
® The KO framework fails if the relationship between phenotype Lassogpt
and features is non-linear 021
9850 025 080 075 1.00
— Onreal outcomes: False Discovery Proportion

® The KO framework is overly conservative
cohort CRUKPAP | AEGIS | BCHER2 | BCER | BCPgR
discoveries (@=0.5) | 3 7 13 1 0

J. Cartier et al. Statistical knockoffs improve biomarker discovery from transcriptomic data BioRxiv 2025
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Take home messages

— Feature selection in high-dimensional, correlated data is hard
— Structured sparsity allows us to leverage biological knowledge and prior hypotheses
but XAl comes with no guarantees and inference remains difficult

— New(ish) tools:
— Post-selection inference for p-values / confidence intervals on model coefficients
— Statistical knockoffs to control for the rate of false discoveries
— (not discussed) Conditional feature importance [Str+08; RLNT26]
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