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Gene set testing, or pathway analysis

Test hypotheses about statistics computed for functionally
related groups of genes rather than just single genes.

Improves interpretability, replication and statistical
power.



Gene set testing challenges for cancer genomics

1 Mismatch between gene set annotations and gene
activity in neoplastic tissue.

2 Failure to account for gene activity in associated
normal tissue during gene set testing of cancer data.



Grant Aims

1 Mismatch between gene set annotations and gene
activity in neoplastic tissue.

→ Aim 1: Customize existing gene set
collections for common human solid cancers.

2 Failure to account for gene activity in associated
normal tissue during gene set testing of cancer data.



Aim 1 Scientific Premise

Majority of human genes have tissue-specific expression.

From https://www.proteinatlas.org/humanproteome

https://www.proteinatlas.org/humanproteome


Aim 1 Scientific Premise, continued

Gene set testing is typically performed in a tissue-agnostic
fashion ignoring:

Source tissue of the experimental data under analysis.

Tissue specificity of gene set members.

Tissue associated with the experimental support for
gene set annotations.



Aim 1 Scientific Premise, continued

Impact of ignoring tissue-specificity:

Testing gene sets representing biological functions not
present in experimental tissue → low power

Pathway is active in experimental tissue but
annotations based on a different tissue (or cell line) →
biased results



Aim 1 Scientific Premise, continued



Aim 1 Scientific Premise, continued

Normal tissue-specificity 6= cancer-specificity



Aim 1 Approach

Create optimized versions of each MSigDB collection for
each TCGA cohort.

Inputs:

T: t × p matrix of tumor gene expression data.

A: m × p gene set annotation matrix.

Output:

A∗: m × p matrix of gene set annotation proportions
that capture annotation tumor-specificity.



Aim 1 Approach, continued

Given T and A, compute A∗ by:

Cluster p genes into k disjoint clusters according to
tumor expression data in T.

Compute a measure of entropy between each gene set
and clusters and filter set to minimize measure.

Repeat on many bootstrap resampled data sets for
different k values.

Elements in A∗ are set to the proportion of iterations
in which an annotation was retained.

Can use A∗ directly or discretize.



Aim 1 Evaluation and Deliverables

Evaluation:

Compare regression models (e.g., Cox) using
predictors based on optimized and unoptimized
pathways in terms of power, predictive performance,
parsimony, and replication.

Deliverables:

Public repository with optimized versions of each
MSigDB collection for each TCGA cohort (both
discretized collections and proportions).

R package implementing the optimization logic.



Grant Aims

1 Mismatch between gene set annotations and gene
activity in neoplastic tissue.

2 Failure to account for gene activity in associated
normal tissue during gene set testing of cancer data.

→ Aim 2: Develop cancer gene set testing
methods that adjust for gene activity in the
associated normal tissue.



Aim 2 Scientific Premise

TCGA Cancer type HPA tissue Cancer/normal Most
abbrev. correlation correlated
BLCA Bladder Urothelial Carcinoma urinary bladder 0.901 *
BRCA Breast Invasive Carcinoma breast 0.924 *
CESC Cervical Squamous Cell Carcinoma and ... cervix, uterine 0.852 urinary bladder
COAD Colon Adenocarcinoma colon 0.93 *
GBM Glioblastoma Multiforme cerebral cortex 0.895 *
HNSC Head and Neck Squamous Cell Carcinoma tonsil 0.862 skin
KICH Kidney Chromophobe kidney 0.932 *
KIRC Kidney Renal Clear Cell Carcinoma kidney 0.931 *
KIRP Kidney Renal Papillary Cell Carcinoma kidney 0.925 *
LIHC Liver Hepatocellular Carcinoma liver 0.929 *
LUAD Lung Adenocarcinoma lung 0.925 *
LUSC Lung Squamous Cell Carcinoma lung 0.886 urinary bladder
OV Ovarian Serous Cystadenocarcinoma ovary 0.817 cervix, uterine
PAAD Pancreatic Adenocarcinoma pancreas 0.886 stomach
PRAD Prostate Adenocarcinoma prostate 0.951 *
READ Rectum Adenocarcinoma rectum 0.912 colon
SKCM Skin Cutaneous Melanoma skin 0.838 urinary bladder
STAD Stomach Adenocarcinoma stomach 0.921 *
TGCT Testicular Germ Cell Tumors testis 0.698 urinary bladder
THCA Thyroid Carcinoma thyroid gland 0.934 *
UCEC Uterine Corpus Endometrial Carcinoma endometrium 0.868 cervix, uterine



Aim 2 Scientific Premise, continued

Relative expression between cancers largely explained by relative expression
in associated normal tissues.



Aim 2 Scientific Premise, continued



Aim 2 Approach

Single sample gene set test that adjusts for gene activity
in associated normal tissue.

Inputs:

T: t × p matrix of tumor gene expression data.

N: n × p matrix of expression data from associated
normal.

A: m × p gene set annotation matrix.

Output:

S: t ×m matrix of tumor-specific gene set scores.



Aim 2 approach, continued

Given T, N, and A, compute S by:

Compute sample covariance matrix for normal expression data: Σ̂N

Compute modified Mahalanobis distance for all m gene sets, save in
n ×m matrix M. For set k :

M[, k] = diag(Tk(Σk,N)−1TT
k )

Compute modified Mahalanobis distances on permuted T. Store in
Mp.

Fit gamma distribution to each column in Mp.

Compute elements of S using estimated gamma CDF:

S[, k] = Fγ(α̂k ,β̂k )
(Mp[, k]) (1)



Aim 2 Evaluation and Deliverables

Evaluation:

Test single sample pathway scores as predictors in
regression models. Proposed method should improve
performance vs. existing single sample gene set tests.

Deliverables:

R package implementing the gene set testing method.
Will require pre-computing Σ̂N .



Current Status

Grant started in September.

Basic computing infrastructure implemented.

Evaluating Aim 1 approach on MSigDB collections
and TCGA data.
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