Abstract

Statistical Inference for High-Dimensional Genomic Data

Benjamin Foster

2026

Genomic studies now routinely measure hundreds of thousands of variants on a few thousand people,
so the number of candidate predictors dwarfs the sample size. Classical tests lose their calibration
in this regime, and methods that select variables give no honest statement of uncertainty about what
they select. This dissertation develops inference procedures for sparse high-dimensional regression
that remain valid when predictors are strongly correlated, as genotypes in linkage disequilibrium
are. Chapter 2 reviews the debiased lasso and knockoff filters. Chapter 3 introduces a block-
debiased estimator that treats each linkage block as a unit, and pairs it with a knockoff construction
that preserves the block structure. Chapter 4 shows in simulation that the procedure holds the false
discovery rate at its nominal level where the unblocked methods exceed it by a factor of two, and

applies it to an expression quantitative trait locus study.
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Chapter 1

Introduction

Modern genotyping arrays and sequencing studies measure p genetic variants on »n individuals
with p often a hundred times larger than n. The scientific question is rarely prediction alone:
investigators want to know which variants are associated with a trait, and how confident they can
be in each discovery.

Two features of genomic data make this hard. First, the number of hypotheses is enormous, so
any procedure must control an error rate across all of them. Second, nearby variants are inherited
together, a phenomenon known as linkage disequilibrium, which makes their columns in the design
matrix highly correlated. Methods that assume weak correlation then attribute a signal to the wrong
variant, or to several at once.

This dissertation makes three contributions:

1. a block-debiased estimator whose confidence intervals keep nominal coverage under strong

within-block correlation (Chapter 3);

2. a block knockoff filter that controls the false discovery rate at the level of linkage blocks

rather than single variants;

3. an empirical comparison on simulated and real expression data (Chapter 4).



Chapter 2

Background

We observe a response y € R” and a design matrix X € R"™” with p > n, and assume the sparse

linear model

y=XB+e, e~ N(0,0°L,), 2.1)

where only s < n entries of S are non-zero. The lasso [4] estimates 8 by penalized least squares,
but its coefficients are biased toward zero and have no simple sampling distribution. Debiased
estimators [5, 3] add a one-step correction that restores asymptotic normality.

When thousands of hypotheses are tested at once, the relevant error rate is the false discovery
rate, the expected proportion of false discoveries among all discoveries [2]. Knockoff filters [1]
control it in finite samples by constructing synthetic copies of the predictors that mimic their

correlation but are known to be null.



Chapter 3

Block-Debiased Inference

Let the variants be partitioned into B linkage blocks G, . . ., G p, estimated from a reference panel.
Rather than debiasing each coefficient separately, we correct the lasso estimate 2 one block at a
time,

~ ~ 1 4 A
Ba, = Ba, + - O, X" (y - XB), (3.1)

where (:)Gh approximates the rows of the inverse covariance for block b. Because the correction
uses the whole block, the resulting test statistic asks whether any variant in the block is associated
with the trait, a question that remains answerable when the variants within it cannot be told apart.

Figure 3.1 summarizes the procedure. The block statistics feed a knockoff filter built on the

same partition, so discoveries are reported as blocks.

Genotypes Linkage Block-debiased Block knockoff
and trait blocks statistics filter

Figure 3.1: The block-debiased inference pipeline.




Chapter 4

Simulations and an Expression Study

We simulated genotypes with realistic linkage structure for n = 1,000 individuals and p = 20,000
variants, with s = 40 causal variants. Table 4.1 reports the false discovery rate and power at a

nominal level of 0.10, averaged over 200 replicates.

Table 4.1: False discovery rate and power at a nominal level of 0.10 (200 replicates).

Method FDR Power

Debiased lasso, per variant 0.23  0.71
Knockoffs, per variant 0.19 0.64
Block-debiased (this work) 0.09  0.68

The per-variant methods exceed the nominal level because correlated neighbours of a causal
variant are declared significant in its place. The block procedure holds the level while losing little
power. Applied to expression measurements for 312 genes, it reports 47 associated blocks, 41 of

which contain a variant previously reported in the literature.



Chapter 5

Conclusion

Inference in genomic regression has to respect the correlation that inheritance builds into the data.
Treating linkage blocks as the unit of discovery gives confidence statements that hold their nominal
level, at a small cost in resolution. Extending the approach to binary traits and to mixed models for

related individuals is the natural next step.



Appendix A

Proof Sketch for Block False Discovery Rate

Control

The block statistics W}, satisfy the flip-sign property of Barber and Candes [1]: swapping a null block
with its knockoff changes the sign of W}, and leaves the other statistics unchanged in distribution.
Conditional on |Wy|, ..., |Wp|, the signs of the null statistics are then independent fair coins, and

the usual supermartingale argument bounds the false discovery rate by the target level g.
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