Nonparametric Multivariate Method
to Identify DE Gene Categories
Across Two or More Treatments.



Introduction

Different technologies can provide “measures” of
expression levels for a “large” number of genes.

Differentially expressed genes (DE genes) across two or
more treatments can be identified.

However, researchers are often more interested in DE gene
sets (categories) across treatments.

Many methods exist to identify DE gene sets, and can be
very different in their approach. Their common goal is to
test whether gene categories consist of genes that are in
some sense significantly more differentially expressed than
all other genes. These categories are considered to be
important on how treatments affect the transcriptional
program of the organism under study. (Nettleton)



INull Hypotheses (Stevens)

 Competitive null

— Compare DE of gene set (G) to a standard defined by
the set’s complement (G¢)

—H,°™: The genes in G are at most often DE as the
genes in G€.

— Less power, stronger statement.

e Self-contained null
— Compare gene set to a fixed standard

— Hg‘“’lf: No genes in G are DE.

— More powerful to detect differences, more restrictive
statement.



P-value Calculation Strategies (Stevens)

* Gene sampling

— Genes are sampling units. The gene labels are
permuted (column & row sums constant).
Gene set: yes/no
DE: significant/no.

* Subject sampling

— Subjects are sampling units. The subject (array)
labels are permuted.



MRPP Approach

Let 7denote the number of treatments, n7; denote the number of

independent replications of treatment /(/= 1, ..., 7), and G denote the
number of genes in a category of interest. For/=1, ..., Tand j=1, ...,
n; let ¥; = (¥, ..., Y;0" denote a vector of expression measurements,

where ¥}, represents the expression measurement associated with
treatment /, replication j/ and gene k. We assume that all ¥j; vectors are
independent and that ¥ has a continuous multivariate distribution £, We
wish to test
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against all alternatives. When this null hypothesis is false, the multivariate
distribution of the genes in the category of interest is not the same for all
treatments. For a completely randomized experimental design, violation of
H, implies that at least one treatment caused a change in the category's
multivariate expression distribution. Thus, categories for which H, is false
are of potential scientific interest.

Nettleton (2008)



MRPP Approach

To test A, against all alternatives, we propose 1o use the multiresponse
permutation procedure (MRPP) described by Mielke and Berry (2001). The
MRPP test statistic is given by
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where V=2, i and D;is the average of all the Euclidean distances
between pairs of data vectors from the jih treatment group, i.e.
e e 1Yy = Yipll (3)
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The MRPP test uses a standard permutation approach to assess the

significance of the observed value of M Hy . The permutation p-value is
given by
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where FDR denotes the value of the test statistic computed for the mth of
Dy, possible assignments of treatment labels to the observed data vectars,
and 1(¢) denotes the indicator function that takes the value 1 if its
argument is satisfied and 0 otherwise. As with any permutation test, if the
number of data permutations A is too large for timely computation, a
randomly selected subset of permutations can be used to obtain an
approximate permutation #value.

Nettleton (2008)



MRPP Approach

e Can detect location shifts in the multivariate
expression distribution caused by treatment
effects.

* Can detect evidence against the null even when
both treatment distributions have identical
means, substantial overlap, and differences that
are invisible to marginal approaches.

* Heterogeneity of variance among genes must be
accounted (genes with larger variability can
dominate the test).

Nettleton (2008)



Commensuration

Different genes will have different levels of variation.
The data from the kth gene are scaled by:
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Euclidean Commensuration as termed by Mielke and Berry (2001), will not
remove heterogeneity of variance across treatments within a gene.

If higher variation genes happen to contain the essential information
about treatment differences, emphasis on high variation genes will be well
placed, and power for detecting differences will be great with non-
commensurated. The MRPP approach with non-commensurated data is
very similar to the global test method Goeman et.al (2004)



Testing Across Multiple Gene Categories

The gene sets can’t be assumed to be independent because any given
gene might be a member of more than one gene set.

GSEA and SAFE are two testing methods that address the independent
assumption violation when testing across multiple gene categories.

Criticisms of GSEA and SAFE methods Nettleton (2009):

— Each category statistic is obtained by comparing the gene statistics in a given
category to the gene statistics for all genes outside of the category, the subset
pivotality condition (controls error rates in multiple testing Yekutieli and
Benjamini (1999)) is violated. (Competitive)

MRPP approach calculates statistic for a given category with a function of
only the genes within that category. (Self-Contained Goeman and
Buhlmann (2007))

Generally competitive testing good for prominent categories while the
self-contained allows better understanding of treatment impact.



ALL Data Example

R-code can be obtained by following the following link:

http://www.public.iastate.edu/~dnett/GeneCategoryAnalysis/
GeneCategoryAnalysis.txt



http://www.public.iastate.edu/~dnett/GeneCategoryAnalysis/GeneCategoryAnalysis.txt

Conclusions

* The strength of the method lies in its ability to
test treatment differences within categories
rather than difference in enrichment between
categories Nettleton (2008)

* MRP
as ot

* MRP

P method in simulations to perform as well
ner multivariate methods.

Pc (uses standardized data) can be useful to

detect difference for low-variability genes.(Genes

with

high-variability have large influence on GT

test statistic Goeman et al. (2004))
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