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ABSTRACT

Current measures of global gene expression analyses, such as correlation and mutual
information-based approaches, largely depend on the degree of association between mRNA
levels and to a lesser extent on variability. I develop and implement a new approach, called the
Ratiometric method, which is based on the coefficient of variation of the expression ratio of
two genes, relying more on variation than previous methods. The advantage of such wodus
operand; is the ability to detect possible gene pair interactions regardless of the degree of
expression dispersion across the sample group. Gene pairs with low expression dispersion, i.e.,
their absolute expressions remain constant across the sample group, are systematically missed
by correlation and mutual information analyses. The superiority of the Ratiometric method in
finding these gene pair interactions is demonstrated in a data set of RNA-seq B-cell samples
from the 1000 Genomes Project Consortium (7). The Ratiometric method renders a more

comprehensive recovery of KEGG pathways and GO-terms.
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Chapter I

GLOBAL GENE EXPRESSION ANALYSIS

Introduction

One of the fundamental and longstanding goals of modern biology is to fully comprehend the
role of each gene in the genome. How the genes contribute to the identity and functionality of
a cell type. A main focus is to understand the specific mechanisms by which the genome and
its genes act like a blueprint of the cell. It was early known that not only the sequence identity
of a gene determined its role but also its temporal and spatial expression pattern. Furthermore,
genes are influenced by their environment, for example, concurrently expressed genes. Their
observed functions are sometimes determined or at least often calibrated by which interaction

partners are contemporary.

In early genetic studies, the function of a gene was inferred by its spatio- and temporal pattern
of expression. A classical approach still used today, is to perturb the expression of a gene,
historically applied one gene at a time. The gene’s function is then deduced from the observed
effects on the cell state. Such single gene analysis limited the way functional pathways were
studied. They were described as isolated and linear courses of events. Each gene’s effect was
seen as an independent action neutral to the remaining expressed genes. The study of Cyclin
A, a gene involved in cell-cycle regulation, tells such a tale. From the eatly experiments Cyclin
A was deemed essential in the cell-cycle machinery as its depletion was observed to be lethal
both in Drosophila embryos (2, 3) and in knockout mice (4). More recent experiments,
including multiple genes of interest, have now modified this notion. Its first reported lethality

rather reflected its essential function at a specific stage of embryo development than being
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ubiquitously essential in the cell-cycle (5). The simplified picture from single gene experiments

was thus soon not entirely satisfactory. The cell should preferably be seen as an intricate
network of cellular functions. As an average gene in higher metazoan organisms is
participating in multiple cellular functions (6-8), gene-to-gene interactions are rather complex.
The complexity arising not only from the sheer number of genes expressed but also from the
huge number of gene-to-gene interactions within and between the cellular functions. The
ribosome is an excellent example of a group of specific genes coming together in the cell to
form a functional complex (9-73). Another type of gene-groupings is underlined as pathways.
For example, signaling pathways, such as TOR-signaling (74, 75), receive and process

information, generating a cellular response.

To explore this systematic approach a series of methods were invented that can measure gene
expression in parallel, including microarrays (76-79), nanoString (20), Serial Analysis of Gene
Expression (SAGE) (27), and RNA-seq (22). With these approaches a couple of hundred
genes, up to entire transcriptomes, can be measured simultaneously providing a snapshot of
global expression profiles. Alongside the experimental breakthroughs, a demand for analytical
tools for processing these huge datasets grew. One of the major aims is to be able to
precipitate out the subset of genes relevant to each active biological process and/or pathway
from the thousands of expressed genes. The standard approach for discovering such gene
groupings has been to study differential gene expression profiles. These are derived from
collecting data from multiple cellular states extracting out co-fluctuating gene groups. The fruit
of these efforts have fostered not only our general knowledge about cellular states (23, 24), but
also disease and genetic disorders (25, 26), alongside resolving the intricate mechanisms

conforming cellular processes (27-34). Thus global gene expression analyses made it possible
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to apply a network approach, acknowledging the collective behavior of individual genes. One

common denominator among these studies is the inclusion of multiple cellular conditions,
such as tissue type, disease and control samples and/or developmental stages. By framing the
questions in relation to the cellular differences across the sample groups, the resulting gene
pair relationships will only include those having a differential expression pattern. This is
additionally reinforced by the analytical methods applied, which only can detect gene pair
associations if there are enough inter-sample fluctuations (35), in other words a differential
expression pattern. Thus by current standards, gene pair relationships that do not fluctuate
across the observed cellular states remains unreported, leaving a potentially important part of
the cells’ systematic structure undetected and deemed non-present. Despite researches effort in
constructing alternative approaches that would capture previously undetected gene pair
relationships, few differences in detection yield have been reported so far. Indeed, repeated
investigations have concluded that available methods in many biological settings produce
extremely similar results (36, 37). With this as the starting point, I set out to develop and
implement a conceptually different approach where gene pair detection is made in a single
cellular state without requirements of inter-sample expression fluctuations. By being able to
analysis a singular cellular state alone, the detection of its gene pair relationships is decoupled
from whichever other cellular states are included in the study. Analyzing a singular cell state
enables gene pair detection purely based on that observed state. The detection is thus not
induced, nor deterred, by the relative fluctuations compared to whichever other cellular states

included in the study.
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The limitations of standard methods

The multitude of methods currently available for gene expression analysis includes a wide
variety of approaches and definitions. There are inherent limitations in these methods,
decreasing their detection yield. Generalizing, the methods can be divided up into two groups:
1) gene pair association defining and 2) gene-grouping methods. The second group, including
methods such as Principal component analysis, factor analysis and clustering, intent to simplify
the information produced by the first group. The later containing methods like
Pearson/Spearman correlation, Euclidean distance and Mutual information, in turn evaluate
each individual gene pair, based on their specific association criteria. In a sense, the gene-
grouping methods can therefore not be ‘better’ than what the association methods provide

them with.

The standard methods for gene expression analysis are all mathematically rigorous and have
repeatedly been shown to be of great value when interpreting biological data. Pearson
correlation measures the similarity between pairwise expressions by evaluating the degree of
covariance, Spearman judges according to the conformity to a monotonic function, Euclidean
distance assess the ‘bird’-distance between the two data points or vectors, while mutual
information measures the level of information existing between the two gene expressions. At
the end of this chapter, a section entitled Common analytical methods will provide a more detailed
description of the mathematical foundation and examples of studies in which these methods

have been applied.

One of the driving forces for doing this thesis work is the ongoing discussion of which

methods are appropriate when and how the results depend on the data and method used (36).
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This is a discussion worth being elaborated. Conclusions reached by studies involving method

comparisons are contradictory. Some conclude that the methods analyzed gave mainly same
results while other studies conclude that there are some differences. Steuer et al. compared
Pearson correlation with mutual information when analyzing 300 mutations and chemical
treatments of 5. cerevisiae, and found that the two methods are almost completely in agreement
regarding gene pair association strength (36). In more detail, they confirmed the well-known
results of Pearson correlation distinguishing between positive and negative correlations, while
mutual information does not. More importantly, the Pearson correlation is bound by the
mutual information, in other words: Pearson did not find any gene pair relationships that
mutual information did not, disregarding numerical and statistical errors. Furthermore, they
did not find any non-linear relationships of higher association strength in the data set, and thus
they conclude that the use of Pearson correlation would be justified, as it does not fail to detect
a significant portion of the possible interactions. A similar study by Daub et al., compared the
different results when applying mutual information and Pearson correlation on two large
datasets (37), the general agreement between Pearson correlation and mutual information
observed in last mentioned study is recovered, but additionally they make further findings that
are more informative both on an experiential- and biological basis. In the first data set from
300 experimental conditions in . cerevisiae (39), they encounter a smaller subset of gene pairs
exhibiting high Pearson correlation and low mutual information index, ascribed to outliers in
the data rendering false positive Pearson correlations. This suggests that if one cell type (in this
case yeast) is perturbed chemically or by mutations and they are analyzed as part of an
amalgamate of cell types, there is a substantial risk in the experimental design that one single
perturbation produces an outlier large enough for the Pearson correlation to report a false

positive. This erroneous reporting is not a risk when using mutual information, as it is robust
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against outliers. From the second data set, including 102 experiments from 20 different human

tissues, they report gene pairs having a high mutual information index and a low Pearson
correlation, generated by two-regimes in the data set. Thus it became apparent that for certain
gene pair combinations the tissue types can be divided into two different expression regimes.
That cannot be picked up by Pearson correlation and thus is reported as uncorrelated, but the
mutual information recognizes the dependence and accredits it as such. As a concluding note
from this study; it is pertinent to observe these types of divergent gene pair recordings would
not be made explicit to the investigator if not the expression scatter plot of each gene pair
combination is individually surveyed. Thus if Pearson correlation or mutual information index
is used straight up without further examination, which is often the case when several
thousands of genes are analyzed, false positives could be included by Pearson correlation and

two-regime relationships by mutual information under false pretends.

The high similarity between Pearson correlation and mutual information, Pearson correlation’s
sensitivity to outliers, and the 2-regime expression patterns detected by mutual information,

are all observed in this study and their implications are discussed in following chapters.

General agreement between mutual information and Fuclidean distance as similarity measure
has also been shown, as in the earlier mentioned small 112-genes-study in rat cervical spinal
cord (40). Even though mutual information captured potential functional relationships not
detected by Euclidean distance, the authors concluded the overall results project a high degree
of correspondence between the two methods. In 2002 Gibbons et al. explored the impact of
choice of dissimilarity calculation, clustering algorithm, and number of pre-set clusters (47),

including among others the more commonly used Pearson correlation, Euclidean distance, k-



7
mean clustering, self-organizing maps (SOM), and hierarchical clustering. They used 4 different

data sets from studies in yeast and scoring the different choices by how well they clustered
genes according to functionality set by Saccharomyces Genome Database (developed from the
Gene Ontology Consortium). The results show little difference found between Pearson
correlation, Euclidean distance and SOM. If anything, Pearson correlation is equally good or

better analyzing non-ratio-style data, while Euclidean performed better on ratio-styled data.

The choice of method has been observed as important. In these cases the analysis has aimed
towards grouping/clustering the samples according to cellular conditions rather than the genes
according to expression profiles. For example, Priness et al. used four gene expression
datasets; each one includes two distinct types of samples (for example, tumor tissue versus
controls), thus providing a clear ‘real’ bi-clustering (42). In this setting the mutual information
approach outperformed both Pearson correlation and Euclidean distance, with the two latter

being indistinguishable.

The subgroup of gene expression analyses, which is dependent of previous gene pair
interaction knowledge, will not be included in this thesis beyond the general method
description given in this chapter. Their exclusion is not due to their lack of success, to the
contrary, it has been shown that known gene interactions can be used to construct gene
networks with the potential of sorting, for example, cancer types into informative sub groups.
One such study showed that human breast and ovarian cancer types can be precipitated into
subgroups by using receptor tyrosine kinase-triggered pathway signatures (43). The reason for
excluding these types of approaches is that a dependence on previous knowledge can be fickle

(44). Both in the uncertainty of the knowledge being correct, but also, of fully being aware
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under which circumstances it is valid. Under certain cellular conditions some signature profiles

could be correct while under others they are no longer recognized.

Another point worth discussing is the biological information actually revealed by the current
methods. As example of how detailed the findings are. Methods like PCA and K-mean
clustering both generate a small number of gene expression profiles, which potentially explain
the discrete expression characteristics discerned in the data. But what they don’t do is to give
pairwise gene expression dependencies. Thus, the results provide indications of how groups of
genes behave similarly but they lack how these genes are related to each on a gene-to-gene
level. To this end, Pearson correlation, Euclidean distance, and mutual information are
proficient, but studies harvesting this type of information are sparse. In general, the latter are
used to produce a similarity matrix, which in turn, is further analyzed by generalizing methods,
such as PCA or clustering. By following such a procedure, valuable biological information is
lost. Firstly, if a few vital gene pair interactions happens to be associated with a large group of
weak and semi-random gene interactions, they would fail to be detected in generalizing
methods, such as PCA, as such a vector would be weakly loaded. Secondly, the ranking of the
detected gene pair interactions is lost, thus a dimension of importance on the gene-to-gene
level is absent. A ranking of the gene pair associations would provide further information of
which interactions are strongest in the cell state, thus in which biological processes high

expression calibration is found and by which genes it is personified.

A gene pair association can be interpreted as the degree of dependence two genes
demonstrate, which presently has been translated into the degree two-gene expressions deviate

from a mathematical condition of probabilistic independence. This, also called similarity
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measurement, is defined slightly different by correlation, Pearson or Spearman, Euclidean

distance, and mutual information, but their foundation in mathematical independence is the
same. Thus there exists a wide range of approaches for interpreting biological relationships and
sifting out the pertinent ones. Their foundation in divergence from mathematical
independence is a statistical sound and well-founded philosophical argument. But what if the
association defining of a gene pair is approaches differently? What biology would be revealed if
you would deviate from the norm of mathematical independence and instead analyze gene
expression data based on gene pairwise predictability? Simply put, a strong gene pair
association is one where the two genes can be predicted by each other, such that their
expression ratios across the samples are stable. Thus, the mathematical independence is of no
importance, only the degree of predictability. This distinction might appear as slim but it will

turn out to be of major importance shown in later chapter of this thesis.

The approach invented and developed in this thesis, called the Ratiometric method (RA),
comprises one of the simplest conceptions of a gene pair association, namely the ratio of the
two genes. It evaluates and ranks each gene pair .4 and B based on the stability of the ratio of
their expression values ~4/B and B/.A across samples. The more stable the ratio is, the more
highly scored association is reported. The beauty of evaluating ratios is, once it has been
calculated the two original gene expression values are irrelevant. This renders RA unaffected
by the genes expression ranges, thus no specific degree of expression variation across the
samples is required for detection. Thus RA can potentially analyze a single cellular state and
extract biologically relevant gene pairs independently of the presence other cell conditions,

distinguishing RA from standard analytical methods.
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The introduction of RA and its potential is discussed in this thesis both as a straightforward

explanation of the RA approach but also, and mainly, as a comparison to commonly used
methods. As RA file under gene pair association-defining methods, the comparison will be
made with these, more specifically with Pearson correlation and mutual information. These
two classical approaches give a wide general inclusion of most current methods. RA will be
explored mathematically in chapter 2, followed by its biological implications in chapter 3, and

finally the future directions are discussed in chapter 4.

Common analytical methods

There is a multitude of methods for analyzing gene co-expression. The measure of association
most often applied is based on, or a derivate of, correlation coefficient, squared correlation
coefficient (R®) or mutual information. They have been the basis for the commonly used
clustering techniques (77), network motif and inference algorithms ((38, 42, 45) and references
therein). There is a current effort in constructing new alternative approaches in defining gene
expression relatedness and how to measure it. Even if newcomers have been presented, there
is often a following debate of their originality relative to standard approaches and the degree of
new biological information they actually extract (45, 46). The exclusiveness of current
approaches in producing unique results, is even more so under debate as a new study indicates
that the correlation coefficient and mutual information generally generate the same findings in

numerous types of analysis (47).

There is a wide range of existing methods for analyzing and interpreting large amounts of gene
expression data. The classic aim is to simplify the originally immense quantities of information

by extracting the most prominent expression profiles and the cohorts of genes that constitutes
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them (77). In doing so, biological process and mechanisms currently active in the samples

become more apprehensible. These include studies examining time series, for example, cell
cycle progression (37) and cell differentiation (48), between two cellular conditions be it tissue
samples (49), cell lines (50, 57), or disease and control samples (52). The gene groupings from
the generated expression profiles can further serve as a first step in of identifying the biological

role of genes with currently no known function.

Here follows a short description of the most commonly used approaches. Their strengths are
discussed through the kind of biological inferences that have been drawn from applying them.
The following described methods can be divided into two categories:

1. Gene pair association defining

2. Gene group clustering

The first group defines what a gene pair association is and give the degree each gene pair
conforms to that criteria. This group includes Euclidean distance, Pearson and Spearman
correlation, regression models, and mutual information. The second type of methods uses
those association scores and precipitate out the simplified expression profiles, which are
presumed to describe the biological processes currently effective in the data. Examples
described here are hierarchical clustering and k-mean clustering and principal component
analysis. Before describing these, one commonly applied approach, average fold-change, will
be discussed. While not exactly conforming to the above-mentioned categories as no pairwise
evaluation of the gene expressions is executed, it is regularly used to precipitate out

differentially expressed genes and thus is worth addressing.
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Average fold-change analysis

This approach aims to identify individual genes that are differentially expressed in two or more
cell conditions. The strategy entails to calculating the fold-change of the expression levels per
gene between two cellular states. When more than one biological replicate is available, the
expression mean or median is used for each state. Genes are considered differentially
expressed if the fold-change exceeds the pre-set cut-off. As a result candidates are identified as
possible differentiators between the cell states. Identifiers of a perturbed cell state were, for
example, reported in a human melanoma cell line by determining genes differentially expressed
in the cell line before and after introduction of a normal human chromosome 6 (76). The
authors successfully identified several previously reported cancer related genes, among them,
the key mediator of tumor suppression by p53, WAF1 (P21), validating the results as relevant
to cancer biology. In one of the first cDNA microarray studies, Heller et al. both confirmed
the imperative role played by TINF as an early key player in the course of rheumatoid arthritis
and identified four new gene candidates, HME, IL-3, ICE, and Groa not previously known to
actively participate in the inflammation process (79). A more recent study analyzed the
differentially expressed genes comparing erythropoietic, granulopoietic, and megakaryopoietic
cells further improving our understanding of hematopoietic differentiation (50). Differentially
expressed genes were observed in cellular processes such as cell motility, immune system
development and cell signaling, which are expected and of interest during the maturation of
these cell types. The average fold-change approach is powerful in its simplicity, both regarding
its application and in understanding what is tested. The simplicity comes though with some
costs that under certain circumstances can lead to complications. These are addressed and

discussed in the Discussion below.



13
Correlation methods

There are several types of correlation approaches; here Pearson and Spearman will be
discussed, as they are preferred in biological studies. In general, correlation can be seen as the
divergence from two variables being independent of each other. In the case of Pearson
correlation the dependence is required to be of a linear form while as for Spearman correlation
even non-linear relationship are accepted. Another difference is the nonparametric nature of
the Spearman correlation, which renders it useful when no prior knowledge about the data

population is obtainable or preferred.

Pearson correlation py y is calculated by

_cov(X,Y)

Pxy =
' Ox Oy

where cor(X,Y) is the covariance of the two variables X and Y and oy gy is the product of the
two variables” standard deviations, 0. Covariance is the measure of the degree two random
variables fluctuate together. The better the high values of the first variable correspond to the
high values of the second variable, and the same with the smaller values; the two variables’
behaviors are comparable, giving a positive covariance. A negative covariance comes from the
larger values of one of variables being comparable with the smaller values of the other variable

and vice versa.

Spearman correlation assesses the dependence between the two variables by using a

monotonic function (53). A function is termed monotonic if, when the two variables’ data
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points are ordered and the given order is preserved, so for all x and y that x < y ones has f{x) =

10), and f preserves the order (in this case a monotonically increasing, increasing or non-
decreasing function). Simply put, if all the values for x are ordered and all the values for y are
ordered, the order, in reference to the data points, is the same. The difference between an
ascending monotonic function (Spearman) and calculating the covariance (Pearson) is that, in
the case of an increasing function, the increase/decrease going along the ordered data points
does not need to be proportional. The absence of the requirement of proportionality in the

Spearman correlation renders it accepting non-linear relationships.

Comparing the Pearson and Spearman correlation, the latter has a better built-in capacity to
handle outliers. Spearman does not report to the same extent, false positives produced by a
tew large outliers, which can drive Pearson correlation to report a high false dependence. By
the same capacity, Spearman detects true dependence even if a few outliers would distort the
Pearson correlation reporting a low dependence. One important thing to note for both these
correlation methods is that a pair of independent (non-linear for Pearson and non-monotonic
for Spearman) variables has correlation 0, but the contrary is not always the case: zero

correlation does not automatically entail independence.

Both Pearson and Spearman correlation are commonly used in biological studies to determine
gene pair expression relationship strength, which often is followed by clustering. The biological
information extracted by such studies is plenty. For example, in a study from Alizadeh et al.
they identify two molecularly distinct forms of diffuse large B-cell lymphoma (DLBCL) (25). By
analyzing global similarities in gene expression patterns among 96 normal and malignant

lymphocyte samples, they found expression ‘signatures’, which conformed to characteristics of
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either germinal center B-cells or 7z vitro activation of peripheral blood B cells. While

investigating seven alveolar rhabdomyosarcoma (ARMS) all exhibiting the PAX3-FKHR
fusion gene, Khan et al. found 37 genes forming a gene expression ‘signature’ of this type of
cancer (54). Furthermore, the Pearson correlation managed to cluster (hierarchical clustering)
all seven ARMS samples as a single cluster among other non-ARMS tumor samples. In an
analysis of bone marrow plasma cells from patients with multiple myeloma and healthy
subjects, hierarchical clustering of the Pearson correlation matrix produced a dendrogram with
two major branches: healthy subjects and disease-affected, where the latter was divided further
into four subgroups (55). In a study from Bittner et al. they discern a subgroup (by hierarchical
clustering) of malignant neoplasm samples having an aberrant gene expression profile
enrichment with genes, differentially expressed in invasive melanomas involved in primitive
tubular networks iz vitro (44). Regarding Spearman correlation there are studies showing its
capability of capturing similar biological information. For example, a study in rats, where gene
expression data from spinal cord development was compared to spinal cord injury, the gene
pair association across tissue condition was studied (56). Fifteen percent of the genes were
found in at least one pair that was correlated in both conditions, which the authors concluded
strengthened the hypothesis that those gene pair relationships are of biological interest for

tissue repair mechanisms.

Euclidean distance

Besides correlation as a similarity measure, Euclidean distance is commonly applied in biology
to assess gene pair’s association strength. Euclidean distance is as the name suggests, the
distance between two points, x and y, that ‘a bird would fly’, simply x-y. For higher dimensions,

for n subjects, the Euclidean distance 4(x,y) is equal to



16

d(x,y) = /(1 — y1)%+.. + (0 — yn)?

. Buclidean distance is often used in biological studies as the measure for expression similarity
between genes. An example is the study from Keuschnigg et al. (50). They studied plasticity of
blood- and lymphatic endothelial cells to discover that the two commonly used cell lines
HMEC-1 and TIME do not represent the phenotype of microvascular blood vascular as
previously assumed. Instead, they are hybrid cells with characteristics from both vascular and
lymphatic cells. Euclidean distance is often used to determine how similar a diverse group of
samples are. For example, Luo et al. could for the first time show a distinct widespread
differential gene expression pattern comparing benign and malignant growth of the prostate
gland by performing Euclidean distance analysis of both conditions (57). One of the first
studies of batch gene expression analysis using RT-PCR of 112 genes in rat cervical spinal cord
showed that the expression pattern for neurotransmitter receptors depends more on the

receptor ligand class than the gene sequence homology (40).

Mutnal information

Information theory, first described by Shannon in 1948 (5§), quantifies the amount of
information in a random variable by calculating its entropy. In the field of gene expression
analysis, the derivate, mutual information, is more commonly used, which gives a general
measurement of the dependence between two variables. In other words, the mutual
information for a gene pair measures how much information one gene’s expression level gives
about the other gene’s expression level. Non-randomly associated gene pairs have a high

mutual information score. Butte et al. showed that by calculating the mutual information
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between every possible gene pair combination in a data set from S. cerevisiae, they extract 22

relevant gene expression clusters (59). The largest cluster included genes of the large and small
ribosomal subunits and translation initiation factors. In another elegant study, information
theory was used to calculate the association strength between all possible gene pairs in a data
set consisting of a panel of different B cell phenotypes, ranging from normal, transformed to
experimentally perturbed cells related to the germinal center (60). After additional analytical
steps, gene clusters emerged with interesting hub characteristics. In other words, the results
indicated that there are a few genes that interact with most other genes under these cell

conditions, with MYC being the largest hub of them all.

Clustering

When clustering gene expression data, pre-calculated gene pair associations (variable distances)
are sorted and grouped. Thus the interpretation of the association itself is not defined,
calculated or altered, rather, clustering attempts to display the intrinsic relativeness among the
variables by sorting the variables according to the set criteria. The two most commonly used

clustering approaches in biology is hierarchical and K-mean clustering.

Hierarchical clustering groups the genes by iteratively merging the closest pair of genes,
expression wise, until all genes are included (67). The choice of gene pair to merge is
determined by the gene pairwise distances, which can be reported as complete linkage, average
linkage, and single linkage. Hierarchical clustering has proven to successfully extract gene
clusters in which the gene members share similar roles in the cell. For example, in a study of S.
cerevisiae one of the clusters contained 126 genes, which were strongly down-regulated in

response to stress and co-varied in the cell cycle (77). This cluster included previously known
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genes from both the ribosomal complex and genes involved in translation, among others.

Core processes vital to a functional cell repeatedly show up as clusters, another example is the
clustering observed by Whitfield et al. during cell cycle progression, which included DNA

replication, chromosome segregation, and cell adhesion (37).

The second frequently applied clustering method is K-mean clustering. This method takes a
pre-set number of clusters, given by the user, and tries to assign each data point to one of
them. First the assighments are random but for every iteration thereafter, the overall fitness of
the previous assignments is calculated and based on that adjustments of the new cluster rosters
are generated, until a steady solution has been reached or the maximum number of iterations
wanted by the user has been reached. An example of how k-mean clustering can provide
insight into previously unknown genes’ function is the study of Plasmodium falciparnm (malaria
producing parasite) by Le Roch et al. (62). By clustering expression profiles from human and
mosquito stages of the malaria parasite’s life cycle, they ascribed possible functionality to the

parasite’s genes.

Principal Component Analysis

Principal component analysis (PCA) strives to simplify the description of data containing large
numbers of variables by finding orthogonal vectors, principal components (PCs), extracting
the most important information from the observations (63). The principal components are
calculated by eigenvalue decomposition of the correlation matrix. The first component exhibits
the largest possible variance, inertia, and thus describes the strongest observation in the data.
The remaining components are calculated such that they are orthogonal to the preceding
vectors and explain the maximum portion of the remaining inertia. The proportion of variance

each component shows dictates its importance. The PCA results can be summarized in two
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parts: the factor scores and the loading scores. The factor scores denote how strongly each PC

describes an observation, gene expression. The loading score gives the influence each data
point, gene, had on the PC. The characteristics of each component are determined by
examining which genes load on it. For example, if the first component is heavily enriched in
genes regulating cell cycle processes, the likely conclusion is that the strongest gene expression
pattern in the data stems from cell cycle activities. Once the PCs are described, their factor
scores for each gene describe how much each one of them influences the gene’s observed
expression pattern. Furthermore, unknown genes’ role in the cell can be studied by observing

which PCs load strongly on them.

The approach is appealing as it compresses large data sets into a smaller new set of variables
that captures the strongest gene expression trends in the sample group. In a study re-analyzing
gene expression data from wild type mice and heat-shock transcription factor 1 (HSF1) mutant
mice, Jonnalagadda et al. reports that the first PC, capturing 42.12% of the inertia, responds to
up-regulated genes during the stress response (64). The second PC (24.75% of the inertia)
described the down-regulated genes, giving two broad general expression profiles occurring
during the first 8 hours after the initial heat shock. In another study, Strakova et al. show that
there is a general agreement of the expression profiles between the larger PCs of mRNA and
protein levels during germination in S. coelicolor (65). Principal components of gene expression
data can also be used as input to a second analysis, where large number of unique genes would
simple not be manageable. Khan et al. calculate PCs describing the largest expression patterns
seen in cancer samples compared to controls. These PCs are then input to an artificial neural
network that extracts, in this case, 96 genes, which can successfully diagnose the existence of

cancer in test samples (66).
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It should be added that PCA is closely related to factor analysis (FA) with the difference of FA
being based on regression modeling of the components, in this case called factors, which

produce an additional error term per factor.

Conclusion

Classical gene co-expression analyses have been shown to generate highly similar results in
biological settings. Furthermore, they require a certain degree of expression variation across
samples, traditionally meet by including multiple cellular conditions in the analysis, for
successful detecting of gene pair associations. This leaves gene pairs exhibiting little or no
expression variation undetected and potentially part of the cellular processes underrepresented.
The RA approach developed in this thesis aims to capture this group of gene pairs additionally
to the gene pairs already being detected. RA measures the gene pair association based on the
stability of the ratio between the two genes’ expressions. Thus RA is conceptually different
from standard methods both in its definition of a gene pair association but also in that it can

be applied to a single cellular state.
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Chapter I1

MATHEMATICAL DISCUSSION OF THE RATIOMETRIC METHOD

Abstract

The Ratiometric method (RA) is based on measuring the variation of the ratio between two
genes’ expressions. When compared to current methods such as Pearson correlation (PE),
Spearman correlation (SP) and Mutual information (MI), it is shown that narrowing
expression ranges does not impair RA. This particular nature of ratiometricity is first
demonstrated by a residual analysis of ratiometrically generated data and data produced by a
linear relationship. Furthermore, by measuring the ratio of two expressions, the expression
values themselves are removed from the RA assessment with following beneficial
consequences. Outliers are treated after their degree of deviation from the average ratio and
their influence on the score does not depend on the size of their expression value. In
conclusion, RA has built-in characteristics of treating all biological samples as equally

important when evaluating a gene pair’s association strength to a higher degree than PE and

MI.

Introduction

A common basis for global gene expression analyses today is measure of association,
including the most prominent methods such as the squared Pearson correlation coefficient
(R?, often used in hierarchical clustering (7), and Mutual Information (with mutual
information statistic I). As the effort of designing new approaches to discover gene pair

expression relatedness continues, the propositions made are many times questioned as of
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how distinctive they are from present methods (2, 3). At the same time the uniqueness,
between already established methods, especially the correlation coefficient and mutual
information, is debated regarding their comparable results in biological studies (4). The
sensation that the main body of analytical tools available gives, in essence the same results,
promotes the search for alternative methods. For even if the current strategies have shown
to be efficient in identifying substantial numbers of important classes of gene relationships
(5-15), there is a possibility that they fail to identify all types of relationships present in
biological samples. One such type of undetected gene pair relationships relates to the often
unappreciated effect variability has on the measure of association (76), rendering gene pairs

reported as not co-expressed when they are.

This advocates for a search for alternative methods of gene expression analysis that is to a
smaller extent focused on measure of association, and rather centers on less explored
statistical approach in the biological field, such as variability. Here, the new approach RA
ranks each gene pair (genes .4 and B) based on the stability of the ratios of their expression
values (A/B and B/.A)) across the sample data. From a biology viewpoint, the objective is to
appreciate each gene pair relationship based on their two genes’ relative stability, regardless

of their absolute expression levels’” dispersion rates across the samples.

The Ratiometric method

RA evaluates the dependency between two gene expressions, gene .4 and B, based on how
. . A B . A
stable the expression ratios, 3 and —> Are across the samples, such that a stable ratio, of > for

4 hypothetical samples is
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where 4; is the expression value for gene A and 4, is the expression value for gene B in
sample 7 The stability of ratio, 7, is measured by calculating the coefficient of variation (CV),

the standard deviation divided by the mean, of the gene pair’s ratios

stdev(ry, 13, 13,14)

CV(r) =
) mean(ry, 1y, 73,74)

. . a; . . .
where 7; is the ratio b—l in sample z The lower the CV(7) the less the ratio fluctuates among
i

the samples and thus the higher prediction power does that particular gene pair combination
has for predicting one of the genes in the pair using the other gene. One important point to
be made here is the relationship between a ratiometric regime and a linear regime (high
squared Pearson correlation), PE. At a first glance the proposed approach could appear as an
analysis of a linear regime. A gene pair displaying a linear regime can exhibit a low CV(7) and
thus be of high prediction power. But the opposite is not by default true: a gene pair having
a low CV(7) does not automatically have to a high Pearson correlation, in other words follow
a linear regime. To schematically demonstrate how RA differs from PE, a hypothetical case

with 5 subjects (A-E) and 4 genes (7-4) is drawn out (Figure 1A).
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Figure 1: (Previous page) Schematic of the differences between RA and correlation
metrics. A) For five samples (A-E), the expression levels of genes 1-4 are measured (top
graph). The box on the right shows the results of an analysis of expression relationships
using a Pearson correlation. Only gene pair 1:2 is identified as a significant interaction, with
> = 0.99. In contrast, the ratiometric method (box on the left) identifies both gene pairs 1:2
and 3:4 as significant. The PE method does not capture the second relationship (gene pair
3:4) as the FPKM ranges of the two genes are too narrow for a regression line to be stable.
On the other hand, the RA model assesses only the FPKM fold-change across samples, is
thus much less sensitive to narrow FPKM ranges, and identifies both gene pairs. B) Shown is
simulated expression data for two hypothetical genes, A and B. The expression levels of .4
were generated from those of B using the following equation: a@; = 2b; + u;. For each
dataset, the expression range of B was varied by increasing C17(B) from 0 to 25% of the
mean expression level of B(ug, = 500). The expression level of B is thus normally
distributed following B ~ N(500,%B). For each value of C1/(B), 10 datasets with 100
samples each were generated. The Pearson and Spearman 1, the entropy, mutual
information as well as the C1/(A4/B), CV/(B/A) and A¢y= |CV(A/B) — CV(B/A)| = 0.02
values were calculated for each dataset and the mean and standard error are shown. Note
that the gene pair association does not change along the x axis and the expression level of
gene B can be used to predict the expression level of gene A equally well in all runs. As the
expression range for B narrows, the Pearson and Spearman t*-values decrease, along with the
mutual information index. In contrast, the ratiometric CV is constant and the relationship
between the expression levels of the two genes is always recovered.

The gene pair combinations, plotted as the expression levels of gene A versus gene B, are
analyzed with PE (right box) and the coefficient of determination, R? reveals only one gene
pair, 7:2, is highly correlated. On the other hand, when the pairwise combinations are
evaluated with RA, both gene pairs 7:2 and 3:4 pass as observing a RA expression pattern
and having stable ratios. Thus the second gene pair, 3:4, is not detected as mathematically

dependent according to PE but yet it has a high prediction power, very similar to the 7:2

pair, which is also picked up and reported by RA.

The Ratiometric association is defined as a function of the relative dispersion of the two
. A B . . o .
ratios — and w calculated by their Cl7s. For further explanation and motivation of this

choice see appendix 1 generated by Dr. Kenneth McCue. For evaluating a gene pait’s
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expression pattern, two criteria are used. The first is the stringency of fit to a ratiometric

relationship given by A¢y as
Acy=1|CV(r) — CV ()|

. A 7. B . . ..
, where 7 is Eand s " The better the fit the closer to 0 the Acyis. As Acyis explicitly

modeling the variability in the expression values, the possible convoluting affects caused by
variability seen in traditional methods, is averted. This distinction is most prominent when
variability is lowered caused by the range of gene expression being restricted. This is further
investigated and analyzed in Expression range effect. Once the selected gene pairs passing the
stringency of fit, Acy, are selected, the second criterion is applied: the strength of the
association. This is based on the C17(4/B) and C1/(B/A), where the lower value the more
stable ratio. The two CV:s are given as CV, as they are approximately the same when the

Ac is set close to 0. For the remaining of this thesis, the application of RA corresponds to

the two-step combination of the A¢y and CV.

Results

Expression range effect
To demonstrate the sensitivity to the expression range exhibited by RA compared to PE,

MI, and SP, a simulation was performed where the expression range of one hypothetical
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gene was varied and each method’s reported score was determined (Figure 1B). For two
hypothetical genes, .4 and B, their expression levels were generated as followed:
a; = 2b; +u;

where u; ~ N(0,50). The expression range of B was stepwise altered by increasing the
standard deviation of B, from 0 to 25 percent of the mean expression level of B. This gives,
when E[B] =500 , the expression level of B normally distributed following
B ~ N(500, s2), with s being the standard deviation. Ten iterations per run with » = 100. It
is important to notice that throughout the different expression ranges of gene B, the
prediction power was maintained. Thus for any of the runs either of the two genes can be
used to predict the other one with the same precision. This was captured by RA as its
scoring is unchanged across all runs, and thus the underlying relationship is always
recovered. The same is not true for PE, MI or SP, where their scoring is changing as the
expression range of gene B is decreasing. All reports the gene pair association as weakening

the narrower the expression range becomes.

In summary, the expression level range has a pivotal effect on the reported association
strength by PE, MI and SP but not RA. This is due to the fact that as the expression range
narrows the two expression profiles deviate less and less from the statistical definition of
mathematical independence. As it is the deviation from the latter that PE, MI, and SP report
they by default score the gene pair relationships worse and worse. On the other hand, RA is
not derived from mathematical independence but is based on prediction strength, which is
not altered by the narrowing of the expression range in this case, and thus RA scores all of

the gene pair relationships as equally strong.
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Average fold-change study

Analyzing gene expression profiles by calculating average fold-change between two
conditions, e.g., controls and disease, is one of the most simple and straightforward
approaches for discovering differential expression patterns between two cellular states. As it
analyzes each gene as a separate entity, it cannot extract information about gene pair
interaction and thus neither generate general co-expression profiles characteristic of the
samples. Therefore, it is not easily comparable to more elaborate methods aimed towards co-
expression analysis such as PE, MI, and SP. But as it is still commonly practiced, a brief
demonstration of its limitations, here compared to RA but which conclusion can be

extrapolated to co-expression methods in general, is given.

The schematic case, figure 2A, depicts expression levels for one gene in 4 control subjects
and 4 altered subjects (this example, disease affected). The average and standard variation for
the two conditions are the same, Figure 2B, which would indicates this is a gene that has an
unaltered expression between the two conditions and in accordance with the average fold-

change analysis would be of little interest.
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Figure 2: Average fold-change versus the ratiometric approach. A. The expression levels
[fpkm] for 4 control and disease affected subjects for gene A. Their average and variation of
expression is the same, B. In C, the same gene A expression values as in A, with a second
gene B added. D, the average and variation show no difference between controls and
disease-affected subjects. But the expression ratio between gene A and B is stable in the
control group but not the disease-affected group. Thus the RA method detects the
difference between control and disease state concerning the two genes while the average
fold-change method does not.

But if the first gene is observed in reference to a second gene, Figure 2C, it becomes clear
that in the control subjects the two genes are maintained in a perfect ratio of 2:1, Figure 2D.
While in the disease group the ratio is no longer stable and fluctuates between the subjects.
The loss of the stable ratio could either be the cause, or the side effect of the disease state,

thus being of interest for further investigation. In conclusion, when average fold-change is

used these two genes would not be reported as altered between the two conditions. While a
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RA analysis would detect the loss of the stable ratio and report the gene pair as possible

candidate of interest.

As average fold-change is such a crude method, not emphasizing co-expression patterns, it is

of no interest for the following method comparisons in this thesis.

A comparison of the ratiometric equation and a linear relationship

As a first step in elaborating on how the mathematical and statistical foundation of RA is
distinct from current methods, its definition of a pairwise expression relationship is
compared to what could be seen as its ‘closest’ relative: a linear relationship. Thus how the

general ratiometric equation

A f—

E =T
where A4 and B are expression values of two genes (A and B), with ratio r, differs from a
linear equation

A=B=xc

where A4 and B are again expression values of the two genes (A and B), with the linear
constant ¢. For this discussion the intercept is set to 0. It is not immediately obvious why RA

would produce different results compared to methods based on linear equations as the

ratiometric equation can be given as the linear equation when » = ¢ by

A=rxB=c*B
. But when the relationship is measured in more than one replicate, the fit of the applied

equation can be observed. To this end the error term is introduced, defining the individual
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fluctuation in each sample from the norm of the entire sample group. Such that the
ratiometric equation becomes
4

=77+ul
i

for sample 7, where 4,45 gene A’s expression, b;is gene B’s expression, T is the average ratio in
the sample group, and # is the error term or the individual deviation from the norm. In the
same fashion the linear equation becomes

a; = bi *C + Uu;
for sample 7, where 4,5 gene A’s expression, b, is gene B’s expression, c is the constant
(slope), and #, is the error term. Now if the transformation of the ratiometric equation into

the linear is intended, the discrepancy is revealed:

a;
—=r+t+uy
b;

a; = (T +u)* b
+

a;=(b;*xc)+ u;
it ¢ = r. Therefore, there should be a difference between data sets generated by a ratiometric
equation compared to a linear equation. To determine this, a simulation was performed
where two data sets were generated and analyzed using a ratiometric and a linear approach
separately, figure 3. The ratiometrically generated data set, (RATIO, left column) was
produced with the ratiometric equation A = (r + #,) * B, where r = 2, B ~ N(50, 10), and #,
~ N(O, 0.2). The data set generated from a linear relationship (LINEAR, right column)
followed A = ¢* B + u, where ¢ = 2, B ~ N(50, 10), and #, ~ N(0, 10). Both data sets consist
of 10.000 data points. First, the fit to a linear relationship was tested by a residual analysis

applying a linear regression on both data sets, figure 3A.
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Figure 3: Data simulated with a linear equation versus a ratiometric equation. The data
in the left column was generated with the ratiometric equation .4 = (r + #) * B, where r = 2,
B~N(50, 10), and error #~N(0, 0.2).The data in the right was generated with the linear
equation A = ¢* B + #u, where ¢ = 2, B~N(50, 10), and error #~N(0, 10). Both data sets
have an N=10.000. A. The residuals plotted against B, calculated as the orthogonal residual
using a linear regression. B. The residual ratio plotted against B, calculated as residual, = r,— 7.
C. Gene A plotted against gene B, illustrating the narrowing of the data points at the lower
end of the expression ranges in the RA data set.

When plotting the residuals against the expression value of gene B, the behavior of the error

term can be observed, in other words, the noise in the data remaining once a linear approach
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has been applied. If the applied equation completely describes the expression pattern, the

noise should exhibit a normal random distribution, which is, not surprisingly, the case for
the LINEAR data set. In the case of the RATIO data set, the noise takes the form of an
increasing cone, thus displaying heteroskedasticity, implying that the linear equation does not
capture all the information present in the data. Similar but reverse behavior was seen when
the residuals of the individual ratios where plotted against gene B’s expression value, figure
3B. Here the noise from the RATIO data set, non-surprisingly, displays a normal random
distribution, while the ILINEAR data set exhibits a ‘flipped’ heteroskedasticity. For lower
expression values of gene B, the ratio-residuals are greater. Thus the ratiometric approach
cannot fully explain all the information in the LINEAR data set. These results suggest that
there would be a distinction between the RATIO and LLINEAR data sets when the two
genes are plotted against each other for each set, figure 3C. This is confirmed as the RATIO
graph displays a narrowing at the lower end of the expression ranges, forming a slight cone-
shaped expression pattern. This is intuitive if the data points’ positions are interpreted in the
light of how their ratio is affected by their absolute values. If the ratio, 4/B=2, is varying by
50%, its measured value could range from 1 to 3, thus if gene B has an expression of 100,
the expression of gene A could be 100 or 300, and if gene B has an expression of 1, the
expression of gene A can be 1 or 3. Therefore gene .4 can only vary in expression between
1-3 if gene B is 1 (lower end of the expression range), but if gene B has a higher expression
value, in this example 100, gene A’s expression can vary between 100-300 and still be within
the given ratio fluctuations. The consequence is a cone-shaped expression profile, not

observed in the LLINE.AR data set.
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Outlier study

To continue exploring how the magnitude of an expression value effects gene pair

relationships strengths, following example was constructed using outliers, figure 4.
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Figure 4: The effect of outliers on reported relationship. A. Starting with two genes, A
and B, with the expression depicted by group 1 (light gray), with the linear relationship
shown by the black line. The two additional 4 data points: group 2 (black) is in the lower end
of range of the expression range for both genes and group 3 (dark gray) is in the higher end
of the range. Note that the two additional groups exhibit the exact same internal position
pattern of the 4 data points. The kernel densities of the orthogonal residuals (B) and the
multiple of the average ratio (C) for the three groups: group 1, group 1 + 2, and group 1 + 3.
D. Illustration of how the RA method contrasts in evaluating data points based on the
position of the latter. E. Three real examples of gene pairs, where WBP11:USP10 exhibits a
strong cone shape, ASXL2:MYST3 displays an even band across the entire expression range,
and SRSF3:RBBP7 is in between the two types.

Starting with a larger data set that exhibits a linear behavior, two sets of outliers were
applied: 4 highly expressed data points (HIGHs) and 4 lowly expressed data points (LOWs).

The two outliers groups were constructed such that they have identical internal positions and

distances among themselves and the regression line. They only differences was that the
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LOWs are at the low end of the expression range of the starting data set and the HIGHs are

at the top end of the expression range, figure 4A. From these, three data sets could be
composed: 1) starting group, 2) starting group + HIGHs, and 3) starting group + LOWs.
To begin with, the distributions of the residuals for the three data sets were examined, figure
4B. Markedly, the HIGHs and LOWs are completely overlapping, which is to be expected as
they have the same orthogonal distance to the regression line. Then the outliers’ ratios were
determined and the distributions of the ratios for the three data sets were compared, figure
4C. There is a clear distinction between the ratios belonging to the HIGHs and the LOWs.
The HIGHs are closer to the starting group’s distribution curve then the LOWSs, which are
much further away. Thus more lowly expressed data points are seen as major outliers when
they are positioned off the average ratio line, as their actual ratiometric value then is very far
from the average ratio. Highly expressed data points can appear to the naked eye to be very
much outside the ‘mainstream data group’ but their ratios are not altered to any larger extent
and thus RA does not see them as major outliers. This is to say that in a regression the data
points are equally treated along parallel lines (green lines) of the regression line (yellow
dotted line), figure 4D. While in a RA approach, the data points along the sides of a cone
(red lines) would be equally treated. Finally, just to demonstrate that such behaviors are
observed in real gene expression data 3 gene pairs are shown, figure 4E. The cone-shaped
expression pattern can be seen with WBP11:USP10, meanwhile ASXT.2:MYST?3 displays an
even band across the entire expression range, and SRSF3:RBBP7 is in between the two
types. Noteworthy is also the evaluations each of RA, PE, and MI reports for the 3 gene
pairs. A strong cone shape has a strong RA score, while both PE and MI are giving such a
gene pair a very low score. The ‘even band’-expression shape produces high PE and MI

scores while RA even rejects it completely as not conforming to the ratiometric definition.
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Thus RA evaluates gene pair relationships differently than PE and MI, which can be

observed in the shape of and distribution within the expression profiles.

Gene expression stability generating false positives

There is a general concern regarding the use of ratio stability for evaluating gene pair
relationships, which is that two biologically completely unrelated genes invariantly expressed
would generate a high RA-scoring per automatic. To test for such false positive reporting by
RA, a simulation was performed where two genes, 4 and B, expressions were generated
independently of each other according to a normal distribution A~N(u,0) and B~N(u,0), u
=11, 2, 5, 10, 20, 50, 100, 500, 1000] and ¢ = u% where % = [0, 5, 10, 15, 20, 25], see Figure

5.
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Figure 5: (Previous page) How gene’s expression stability influences scoring of ratio
stability. Two genes, .4 and B, expressions were generated independently of each other
according to .4~N(u,0) and B~N(u,0), « = [1, 2, 5, 10, 20, 50, 100, 500, 1000] and o = You
where % = [0, 5, 10, 15, 20, 25]. Each run included 10 iterations and each iteration had an »
= 462 (the number was chosen to mirror the dataset size used in chapter 3). The runs are
colored according to the CV(FPKM),. A. A, versus CV(FPKM), when varying
CV(FPKM)g, demonstrating that A, both increases in value and fluctuation as the
CV(FPKM) increases. Pink area indicates the Ay -cut-off used in chapter 3. B. CV(Ratio)
versus CV(FPKM), when varying CV(FPKM),, demonstrating that CV(Ratio) increases as
the CV(FPKM) increases. Green area indicates the CV(Ratio)-range plotted in the KEGG-
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analysis in chapter 3. C. The percent of accepted gene pairs for the different CV(FPKM)-
values tested (given over each peak as the CV(FPKM),:CV(FPKM);) at A= 0.01. Plotting
only curves demonstrating at least one peak =1%. The striped area indicates the chosen cut-
offs used for the B-cell dataset in chapter 3. Red color indicate CV(FPKM) potentially in the
risk zone of producing false positives. The dashed red lines are the subgroup of the latter
exhibiting a CV(FPKM) not present in the B-cell dataset. The solid red line is the only
scenario of CV(FPKM)s presenting a possible risk of introducing false positives in the B-cell
dataset. Out of 2430 possible gene pairs with 0.1:0.1, only five were reported by RA, thus an
error rate of 0.2%. The gray curves are outside the cut-off levels.

Each run included 10 iterations and each iteration had an » = 462 (the number was chosen
so to mirror the dataset size used in chapter 3). As the results indicate the determining factor
for reporting a false positive gene pair is the size of the expression variation of its two genes,

and not the expression levels themselves, see Figure 6.
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Figure 6: Ay relates to CV(FPKM). A, B, and C, have a mean expression level of 1, 100,
and 1000, respectively. They all have CV(FPKM) = 0.15 for both their genes thus
demonstrating the expression spread at different expression levels generating a A, < 0.01.

As the variation increases the both the reported A.y-value increases but also the range of A
reported. Thus by setting the A, to close to zero the false positive rate is lowered.
Furthermore, the CV(Ratio) is similarly affected by the CV(FPKM) of the two genes, Figure

6B. The higher the CV(FPKM) the higher the CV(Ratio). Thus depending on the chosen

Acy and the stability of the genes’ expression in a dataset, the false positive yield might vary.
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For example, a scenario such as the B-cell dataset in chapter 3, the ~ 3000 top-ranked genes
(cut-off at CV(FPKM) = 0.13) would possibly include false positives generated from gene
pairs where both genes have CV(FPKM) < 0.75 (green area). The average of false positives
reported in this simulation, Figure 6C, display an extremely small false positive rate when the
Ay is set stringent and the CV(Ratio)-range includes the top-ranked genes. For example, for
the B-cell data set in chapter 3, there is an estimated 0.2% false positive rate among the ~

3000 top-ranked genes (again with a cut-off at CV(FPKM) = 0.13).

Discussion

The proposed approach, RA, to gene expression analysis is based on a simple mathematical
expression of A/B = ratio for the two genes .4 and B. It can at first appear as just a simple
rewrite of the linear relationship of A = B * ratio where ratio can also be termed ¢ (the
slope of a linear equation with the intercept of 0). If only a single value for gene .4 and gene
B, respectively, are used, the ratiometric equation is ergo equivalent to the linear equation.
But once there are multiple values for genes .4 and B, an error term is introduced depicting
how well each pair of 4, and 4, fit to the relationship. Thus when applying the equations to
empirical data it becomes clear that they are distinct and as a result conceivably could
generate divergent results when evaluating gene pair relationships. By plotting the error
terms, the noise, generated from implementing one of the equations, the extent to which the
applied equation describes the data can be observed. An equation that fully describes the
expression relationship in the data would produce noise, which exhibits a normal random
distribution for both variables. This would be exhibited by a uniform spherical pattern, see

figure 3A right graph, for example, called random noise. As the results depict a data set



44

generated by a linear equation will, when analyzed using a linear relationship, produce
random noise. While when the data is created by a ratiometric equation, the noise generated
from a linear analysis is no longer random but feature heteroskedasticity. The same
reasoning holds true when the residuals of the individual ratios are plotted. The
ratiometrically generated data set display a random noise pattern, while the noise from the
linearly produced data set still exhibit some degree of dependence on gene B. In conclusion,
a ratiometric equation is not fully interchangeable with a linear equation, and vice versa,

when it comes to evaluating a gene pair relationship.

There is a multitude of approaches currently available for gene expression analysis, each one
implementing their definition of how a gene pair relationship should be evaluated. There are
two venues for discussing how RA differs from the currently available methods, mainly

correlation and mutual information-based analyses.

The first venue focuses on the interpretation of dependence between two gene expressions.
In contemporary methods, such as correlation and mutual information-based approaches,
dependence has been translated as the degree two gene expressions deviate from a
mathematical condition of probabilistic independence. The implication of such translation is
worth contemplating, as the reverse is not automatically true: mathematical independence
does not necessarily have to imply biological independence. Two genes that are both
constantly expressed, are said to be mathematical independent, but their jointly calibrated
expression could be imperative for the cell; they just do not fluctuate under the observed

condition or the tested sample group.
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The second venue involves measure of association versus variability, which here will be a
summary of Dr. Kenneth McCue’s work presented in the supplementary text and methods
found in the accompanying article to this thesis. Association is the definition used by a
method to define the pairwise expression relationship, while variability is the dispersion of
expression values within the sample group. Methods, such as PE, include both components
of association and variability, and therefor there is a risk of convoluting effect of the latter
altering the degree of association reported. This has been discussed in the statistical
community by Bland and Altman (76), by addressing how range restrictions in the expressed

genes may lead to reduced correlation coefficient;

Correlation coefficients are a property of the variables and also the population in which they
are measured. If we look at a restricted population, we should not conclude that there is

little or no relation between the variables because the correlation coefficient is small.

This is known as truncation and results from the statistical literature demonstrate how such
alteration of the data can alter the correlation coefficient of the bivariate normal (77). While
truncation insinuates an alteration of the data, causing the measured data points to not
completely represent the actual population, and consequently the report correlation
coefficient is ‘modified’, narrow expression ranges can arise naturally. Maybe the most
straightforward condition is when the data consists of a rather homogeneous sample group.
Such convoluting effects are not seen in RA, as it is not a measure of association. It analyzes
relatedness by measuring directly and solely the variation in ratios rendering it insensitive to

expression dispersion.
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Every new method presents a challenge in understanding how it relates and complements
established methods. RA is not a new approach to, per se, increase the detection success rate
under the regime of using a correlation coefficient or mutual information. Even if there is a
high likelihood that RA will overlap to some extent in its detection of gene pairs with PE
and MI, it should not be perceived that RA functions under the same premises as PE and
MI. For a proper application and appreciation of RA in future studies it is imperative to have
an understanding of how the alternative statistical approach presented in RA affects the type
of findings it generates from biological data. Thus it is important to have an awareness of
how the mathematical difference of RA, compared to PE/MI, affects which biological
questions can be answered and how they should be phrased to not misinterpret results or
impede the full potential of RA. By analyzing the measured stability of a ratio, by calculating
CV/(ratio), the absolute expression values of such a ratio have no longer any influence on the
scoring of the gene pair relationship in question. Thus RA is not under same constraints as
PE/MI, where the latter require a certain degree of variation of the absolute expression
values across the samples to be able to detect the relationship. Philosophically this is an
interesting aspect of RA, as there is nothing in biology that would indicate that all gene pair
relationships of interest have to vary across samples. Consequently, if you then apply a
method that has variation as a requirement for successful detection, you impose such an
assumption. This is not always incorrect, as the investigation might concern gene pairs that
remain in relationship despite expression fluctuations across samples. Then methods such as
PE and MI are more than sufficient for such detection. But if the question of interest is to
obtain an, as comprehensive as possible, roster over gene pair relationships present in a
certain sample group, then it is of value to use a method that is not limited to detect only

gene pairs with variation present in them.
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Another interesting aspect of RA is the equal weight it gives each sample in the analysis
regardless of their absolute expression values. When applying a linear relationship on
expression data, it can be seen as testing for a constant fold-change (if the intercept is 0); a
linear expression with a slope of 2 can also be perceived as there is a 2-fold-change between
the two variables. Assuming that all the samples have expression values over experimental
noise levels, each one of their measured fold-change should thus be equally important for
determining if a fold-change is present in the sample group or not. This follows from the
fact there are no indications that samples with higher expression values, per se, depict a truer
form of the observed biological relationship than samples with very low expression values
(keep in mind that all expression values are above noise-level). When applying methods such
as PE to expression data, the samples will be given different weight to the final scores
depending on their absolute expression values. Highly expressed samples are influencing the
results to a larger extent than the lowest expressed samples. Thus, the use of PE produces
gene pair relationships, which are by the scientist perceived, as universal in the sample group,
but in reality might be solely present, to reported precision, in high-expressed samples. The
lowest expressed samples could exhibit a much higher spread of fold-change-values among
themselves than displayed by the highest expressed samples. But as PE gives less weight to
the samples in the lower end of the expression range, this incoherency is not detected. As
RA only analyzes the ratios (fold-changes) among the samples there is no bias towards
neither highly nor lowly expressed samples, thus not giving either of them a
disproportionally large influence on the resulting relationship score. In other words, those
samples with lower expression values also need to have the ratio for the relationship to be

reported by RA. In the end, the importance of how each method treats samples at varying
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points in the expression range, goes back to what question the researcher is interested in. If
there is a risk that the expression data originate from experimental set-ups where a lot of
inherent noise and uncertainty were inevitable, then caution should be taken as RA might
reject gene pair relationships that are biologically interesting but due to data quality are
deemed not expression-related. On the other hand, if it is more important to be able to say
that the gene pair relationships reported are present in all samples, regardless of absolute
expression values, and with the same ratio/fold-change variation in the lower end of the
expression range as in the higher end, then RA is suitable. The view of a gene pair
relationship being present as a fold-change/ratio might not be very common but it has been
studied before. Recent findings showed that there are biological decisions made based on

fold-change detection of gene product concentrations and not their absolute concentrations

(78).

Another aspect of RA worth reflecting upon is how a ratio or fold-change restricts the value
of the intercept. This discussion revolves around the subgroup of accepted RA gene pair
relationships where the expression pattern exhibits larger expression dispersions such that
the data points are stretched out in a cone-shape manner, for example, see figure 4E left
graph. In these cases an imaginary line can be drawn through the data points giving an
intercept of 0. Note that by its nature RA only accepts expression patterns where the
‘observed’ intercept is 0. This is only observed when the expression pattern has a stretched
out feature as expression patterns with a spherical shape has no ‘observed’ single unique
intercept. There are implications of an intercept of 0 in a cellular setting pertaining to what
type of expression relationships are captured. Theoretically, an intercept of 0 could be seen

as if there is an amount of gene .4 there is always an amount of gene B present in the cell.
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There are no cells, in the studied cellular condition, where only one of the two genes is
observed. In comparison, an expression relationship where the intercept is, for example, 4
(a =4+ b = slope), would theoretically imply there could hypothetically be cells where
there is no RNA from gene B present but from gene .4. The conclusion from this is, as
before more in the aspect of how the different methods answer the questions asked by the
researcher. RA will not detect gene pair expression patterns where the intercept is not 0,
while PE would. In contrast, RA will only report gene pairs where both genes are required to

be represented in RNA in the cells possibly indicating a more mutual co-expression.

Finally, the number of false positive reported by RA was estimated using a simulated model
where expression data for two independent genes were generated according to normal
distributions. From the simulation three findings could be seen:
1) The degree of expression variation, measured in CV(FPKM), determines the
likelihood of a false positive reporting.
2) The more invariantly expressed genes are, the lower A, and CV(Ratio) they
exhibit in the relationships.
3) Depending on the expression variation distribution of a dataset, it is possible to
select a Acy-level and a range of CV(Ratio) such that there is close to zero false

positive reported.

The first finding dictates that the A, and CV(Ratio) are independent of the genes’ individual
expression-levels and are only correlated with the genes’ CV(FPKM). Thus a highly
expressed gene is equally likely to produce a false positive with another highly expressed

gene if both of them exhibit extremely small fluctuations in their expressions across samples.
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The second finding is that only highly invariantly expressed genes generate Ay = 0 and very

low CV(Ratio). This implies that when RA is applied to a dataset the number of false
positives reported can be estimated by determining the portion of the analyzed gene
population exhibiting highly invariant expression, thus very low CV(FPKM)s. The larger the
portion the more caution should be observed when drawing conclusions from the data
analysis. The third and possibly the most interesting finding is that as the number of
reported false positives depends on how stringently the A.y-cut-off is set and what range of
the CV(Ratio) is analyzed, these two parameters can be calibrated to lower the number of
false positives reported to the minimum level possible for each dataset. Depending on the
expression variation distribution in a dataset the cut-offs can be set such that the number of
false positives reported is close zero. For example, from the simulation it is estimated that,
for a dataset where the CV(FPKM)s are >0.10, setting the A, = 0.01 and studying the gene
and gene pairs reported within the CV(Ratio)-range of 0 to 0.13, would put the estimated
portion of false positives being detected at ~0.015% (for the gene pairs). For any study using
RA, it is recommended that the distribution of the expression variations is determined. Then
by simulating a series of individually expressed genes with varying expression variation
(lowest set to the lowest found in the dataset), the false positives can be estimated for
varying A, and CV(Ratio)-ranges, which in turn can guide the researchers in the choice of

cut-off-levels.

Conclusion
The RA method is not impaired by the effects of narrowing expression ranges that affect
common methods, such as PE, SP, and MI, which for the latter leave gene pair relationships

undetected. This is achieved by using the variability of the expression ratio between two
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genes for evaluating gene expression pair relationships, conceptually different from
traditional methods. The comprehension of RA compared to current methods, can both be
discussed in the form of predictability versus that of probabilistic independence, and the
degree of association versus variability. Regardless of which one is a more ‘correct’ venue in
pursue of the exact uniqueness of RA, the concluding point is that RA is an analytical
approach that statistically differentiates itself from extant methods which, in turn, calls for a

continued study of how such an approach carry itself when analyzing biological data.

Methods

Expression range effect

The simulation includes expression data for two hypothetical genes, .4 and B. For each run
the expression level of B is normally distributed following B~N (500, %B), with an » = 100,
and there is 26 runs for which the %B is ranging from 0% to 25%. The expression levels of
A are generated from those of B exercising the following equation: a; = 2b; + u;. Each run
is reported as the mean score with standard errors showing the spread from 100 iterations
for the Pearson and Spearman t°, the entropy, mutual information as well as the C1/(A/B),
ClV(B/A) and A¢y. The simulation was design such that the gene pair association, prediction
strength, does not change along the x axis and thus the expression level of gene B can be

used to predict the expression level of gene A equally well in all runs.

A comparison study between a ratiometric equation and a linear equation
The simulation was performed with two generated data sets. The first data set was generated

using the ratiometric equation .4 = (r + #,) * B, where » = 2, B~N(50, 10), and error #,~N(0,
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0.2). The second data set was generated using the linear equation .4 = ¢* B + #, where ¢ = 2,
B~N(50, 10), and error #~N(0, 10). Both data sets have an N=10.000. The residuals were
calculated using a linear regression from which the slope and intercept was used to

determine the residual as:

residual; = preqictea — 4
Where ﬂprerlimd 18
Apredicted = Intercept + slope x b;

tor residnal; in sample 7. The ratio residnal;in sample 7 was calculated as residual

ratio residual; = r; - 7
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Chapter 111

BIOLOGICAL APPLICATION

Abstract

The ratiometric approach, RA, was tested and compared to Pearson correlation, PE, and
mutual information, MI, using a large homogenous sample group consisting of B-cell
lymphoblastoid lines from 462 human individuals (/). The RA gene and gene pair
rankings were substantially different from both PE and MI, which in turn were largely the
same. The RA top-ranked genes were enriched in core biological processes, such as the
ribosome, spliceosome, and mRNA transport. PE and MI exhibited a degree of
enrichment but it both involved fewer pathways and yielded often a weaker enrichment.
A correlation was found between pathways being strongly detected by RA and weakly
detected by PE and MI, and the gene expression dispersion range among the pathways’
gene populations. The narrower the expression dispersion was, the weaker the detection
of PE and MI. This finding is in agreement with the simulation results (Chapter 2), where
PE and MI scoring were shown to depend on the expression dispersion range of the
simulated gene in such a manner that the more invariant expression the lower rating was

reported.

Introduction
The underlying concept of the RA approach to transcriptome analysis is rather simple
from a biological perspective. To evaluate the strength of a gene pair’s relationship based

on its ratiometric qualities is similar to studying fold-change in its most simple form. The
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fluctuations of a ratio between two genes’ expressions from one sample to the next, is the

same as the fold-change of those expression values from one sample to the next. Giving
that, the smaller the difference in fold-change is between samples, the more stable that
ratio is. The additional criteria that the RA method applies, limits the gene pairs of
interest to only those that exhibit a ratiometric expression profile (see chapter 2 for details
and justification). Thus, RA focuses on the gene pair relationships that have ratiometric
characteristics instead of studying all possible gene pairs, as in the more classical form of

analyzing fold-changes in expression data (2-4).

The notion of the cellular mechanisms utilizing fold-changes, or ratios, as their modus
operandi for regulating appropriate gene expression levels has been studied recently, for
example, in the Wnt-signaling pathway (5). It was shown the expression levels of the
target genes, thus the output of the Wnt-signaling pathway, can be robust to expression
level fluctuations. Specifically, they studied the expression levels of the pathway
regulator, B-catenin. As long as the fold-change of the B-catenin expression levels
remained unchanged before and after Wnt stimulation, the output also remained the same.
Thus the fold-change, ratio, of B-catenin is pivotal and not its absolute expression levels.
The possible benefits of operating under a fold-change/ratio regime are, both the
resilience against cellular fluctuations in gene expression and quickly varying noise in
their activity levels (6). It could be seen as a buffering mechanism against fluctuations

arising from stochasticity, genetics, and/or environmental variation.
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RA is well suited for detecting the occurrences of ratiometrically conformed gene pair

relationships as it solely evaluates the ratios between two genes and thus without taking
into account their absolute expression levels and the expression ranges. This enables a
fair comparison of ratio stability between gene pairs, not biased by one pair’s expression
ranges compared to the others (see chapter 2 for further details). Thus, RA complements
current methods since it identifies gene correlations independently of variability of a
gene’s expression across a sample cohort. A gene exhibiting the same absolute
expression value in all samples can still be involved in interactions with other genes that
require its expression level to be jointly calibrated with the interaction partners. Thus it
would be preferable if these genes would not be automatically excluded merely on the

based that they do not fluctuate enough between samples.

To evaluate how RA performs, it was compared to the two most common general
approaches for global gene expression analysis: Pearson correlation, PE, and mutual
information, MI. By comparing with these two methods, the vast majority of analytical
approaches currently available are considered, as most of them are derivatives of PE or

MI.

RA was applied to a publically available dataset containing RNA-seq data from 462
individual human lymphoblastoid cell lines (7). This particular dataset was chosen as it
has a large sample number, N, thus decreasing the risk of results becoming skewed
unintentionally by non-random sampling of the biological population. Additionally, it is a

rather homogenous sample group compared to, for example, fresh tissue samples. The
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fact that these samples are all from the same type of cells and have gone through

immortalization process to become a cell line and then are grown in as identical
conditions as possible, further removes confounding variation commonly present in

biological data.

Results

Data and gene selection

The downloaded raw sequencing reads were processed by uniform expression
qualification using eXpress (7) (See Methods for further details). A gene selection was
perform such that only genes with FPKM values > 1 in at least 95% of samples were

included (Figure 1), in total 9752 genes.
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Figure 1: Gene set selection. The gene set analyzed includes all genes with a FPKM > 1
for at least 95% of the samples. To explore the effect of FPKM cut-off used, we analyzed
a cut off at 0.1 and 5 FPKM. A) Each set was analyzed according to the RA, PE and MI
reporting how many gene pairs and genes found at each stringency level, RA [0-1], PE
[1-0] and MI [1-0]. B) An example of the difference between the gene sets for the 3
methods. Here is shown, the difference (in percentage) of gene pairs and genes included
for gene set > 1 FPKM and > 0.1 FPKM, at the same stringency level that gives ~5000
incorporated genes for gene set > 5 FPKM. The RA method shows a lower degree of
variation across the three gene sets than PE and MI.
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To determine the effect the FPKM cut-off has on the analysis, the data selection is

performed with two additional cut-offs: one stricter (FPKM > 5) and one more lenient
(FPKM = 0.1) cut-off. The distributions of scored gene pairs across the coefficient
ranges, RA: CV[0-1], PE: ’[1-0], and MI: 1[2-0], for each method are reported to
determine to what degree they vary for the three FPKM cut-offs. What is of highest
interest is how much the pair distribution changes at the most stringent end of the
coefficient range as it is generally those gene pairs that are chosen for further empirical
testing in studies. As indicated in Figure 1A, the FPKM cut-off has little effect on the
gene pair distribution along the RA coefficient range (CV [0-0.5]) while the distributions
for PE and MI display a higher fluctuation when the FPKM cut-off is changed. This is
further demonstrated in Figure 1B, where the differences of gene pairs and genes for the
gene sets created by > 1 FPKM and > 0.1 FPKM are shown, at the same stringency cut-
off for which ~5000 genes are detected when the FPKM cut-off > 5 FPKM. In detail, at
the given stringency cut-off PE includes 225,093 gene pairs as being correlated from the
most stringent FPKM cut-off (= 5 FPKM), PE reports 410,168 gene pairs for the most
lenient FPKM cut-off (= 0.1 FPKM), an increase of 82%. The same 82% increase is seen
for MI with the same parameter settings. On the other hand, RA only reports an increase
of 12%, same parameter settings. Thus RA is more robust against inclusion and/or

exclusion of genes with low expression.

Summarizing, RA shows a lower degree of variation across the three gene sets than PE

and MI. Thus the conclusions drawn in this report will not heavily change if a different
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FPKM cut-off is chosen and the small changes observed will be less pronounced than the

changes occurring in the results from PE and MI analyses.

Acy cut-off analysis

In theory a gene pair conforming to a ratiometric expression profile has a Acy = 0 (see
chapter 2 for further details). To allow some wiggle room for empirical noise, the Acy in
this biological study is set to 0.01. Thus any gene pair having a Acy lower or equal to
0.01 is included. To determine the effect the chosen Acy cut-off has on the reported gene
pair distribution, the Acy cut-off is varied, 0.005, 0.01, 0.02, 0.03, and the results

compared, Figure 2.

A B
10000- /M—._——‘—'—’ 3-
8000+ ~
S,
@ 6000- P
S 0
S 4000+ =
a 11
2000+
0 ; ; ; ; . 0 — . . ,
60 02 04 06 08 1.0 00 02 04 06 08 1.0
CV(ratio) CV(ratio)

Figure 2: Connectivity trends in RA graphs at different Acy cut-offs. Analyzing the
effect of Acy cut-off has on the inclusion rate per stringency level by plotting A) the
number of unique genes and B) the number of gene pairs found at every CV level ranging
from 0 to 1. The Acy has no noticeable effect on the rate of gene inclusion to the cluster.
The effect can be seen in the number of gene pairs found, though first after ~50% of the
genes are already included. As the interest of most gene expression analysis focus on the
top ranked interactions the effect of Acy is minimal.

The differential effect between the different Acy cut-offs is close to none regarding the

number of unique genes included along the stringency range CV [0-1], Figure 2A. There
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is a noticeable higher number of gene pairs reported along the CV-range, Figure 2B. The

difference in inclusion rate for the gene pairs is though first observed when ~50% of the
genes are already included. Thus the Acy cut-off has little effect on the top-ranked genes
and as it is those that most often are of interest for further investigation, the used Acv cut-

off is not pivotal within the tested range of Acy [0.005-0.03] for this data set.

Gene pair relationship landscape across the stringency ranges

To determine the extent to which RA detects a different subgroup of gene pair
relationships compared to PE and MI, the number and identity of the pairwise
relationships detected at several stringency levels were established for each method. Each
ranking list was divided into a series of 100 steps in accordance to the method’s
stringency range, thus PE r’[1-0], MI I[2-0], and RA CV[0~1]. For each stringency step
or level, 7, the interactions can be drawn out as a graph, G;, with the genes as nodes and
the gene pair relationships as undirected edges. The set of edges is thus E(G;) and the
number of edges |E(G;)|. All genes with no interaction at a given stringency level, vertex
degree dy(v) = 0, are excluded and the remaining number of nodes are denoted as |V(G))|.

See figure 3 for schematics.
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Figure 3: (Previous page) Schematics of how the methods process a hypothetical
dataset. Using five fictive genes, which create 10 possible gene pair combinations, we
can construct a graph where the genes are nodes and the pairwise gene interactions are
edges. The processing of the expression data by Pearson correlation, PE, and mutual
information, MI, is relatively straightforward. By stepwise decreasing the stringency
level, for PE > and MI I, from most stringent, ? =0 and [=2, to least stringent, *=1and
[=0, and at each step count the number of nodes and edges (thicker lines), a continuous
reporting of how the graph increases is produced. Note that for both PE and MI all genes
and gene pair combinations will be counted at the lowest stringency level. For the
ratiometric method, RA, there is a pre-processing step to select for gene pairs that exhibit
a ratiometric expression pattern. Only these relationships are included in the analysis.
Then, the same approach is applied, where the stringency is measured in CV. The most
stringent level is CV = 0 and the least stringent level used is CV = 1. Notice that due to
the pre-processing step and the fact that CV goes to infinite, there is a possibility that not
all genes and all gene pairs are included in the analysis.

First, the rates of increase of |V(G;)|, number of unique genes involved in a relationship,

as a function of CV (RA), R? (PE), and I (MI) were calculated, Figure 4A solid lines.
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Figure 4: (Previous page) Connectivity trends in graphs built by each model.
Analyzing the increase of connectivity coverage as the stringency level (coefficient cut-
off) decreases. A and B, for every cut-off, the accepted portion of the graph is plotted as
the percentage of all genes (solid line, left y-axis) and the number of gene pair
connections (dashed line, right y-axis). All three graphs include >98% of the genes at the
lowest plotted stringency level, though the dynamics of how the graphs grow are
different, separating the RA method from PE and MI. Likewise in gene pair relationship
inclusion, with the additional distinction that as the ratiometric model does only consider
connections that exhibit a ratiometric profile it will have a smaller total number of
possible connections (24% of total gene pairs possible). The dashed black vertical line
marks the stringency level at which 95% of the genes are included, |V(G)| = 9244. B) The
overlap of genes and gene pairs between the three methods at different vertex sizes,
plotted against number of genes accepted (upper graph) or number of gene pairs accepted
(lower graph). For each size of the graph, the following fractions of the total number of
discoveries (genes or gene pairs) are given: RA, MI, PE, RA-MI, RA-PE, RA-MI-PE,
MI-PE, where RA = ratiometric method, PE = Pearson correlation and MI = mutual
information. PE and MI have a larger overlap compared to the RA method that differs
compared to both former ones.

As expected the number of genes increase as the stringency levels are relaxed for all three
methods. What differ between the methods are the characteristics of the increase. For RA,
there is a 2-step increase profile, where most of the genes are included during the first
short interval of high stringency. The inclusion rate then quickly levels off and the
remaining few genes are included over a much larger stringency range, demonstrated by
the gray filled curve in Figure 4A. On the contrary, the inclusion profile for PE is very
close to a bell-shaped curve, spread out across almost the entire stringency range. MI has

an inclusion profile in between the RA and PE, it is more bell-shaped than the RA

inclusion curve but still has a slight tail towards the lower stringencies as RA has.

Second, the inclusion rates of the pairwise interactions, |E(G;)|, across the stringency
range were plotted, Figure 4A dotted lines. Here the difference between RA and, PE and

MI on the other hand, becomes even more distinctive. Similar as with the gene inclusion



65
rate, RA has a steep inclusion followed by a leveling off. The observation made is that

when genes are incorporated into the RA graph, they do so by interacting with multiple
genes already included. In comparison, the PE and MI graphs demonstrate an exponential
increase of the inclusion rate, which starts at a rather low stringency level. The
exponential increase happens after the majority of the genes are already included, thus
describing a different scenario for PE and MI; as new genes are incorporated they do so
predominately by creating fewer interactions at first and often with other newly added
genes. This can be seen by the black vertical line in the graphs in Figure 4A, which
denotes when 95% of the genes (|V(G)| = 9244), are included in the graphs. At this
stringency level, RA reports ~5-fold, ~4-fold more gene interactions compared to the PE
and MI, respectively. Thus, the mass of the gene pair relationships are incorporated by
PE and MI after the majority of the genes are already detected, while for RA the bulk of

the relationships are discovered simultaneously as the most of the genes are included.

These findings are corroborated by an analysis conducted by Dr. Kenneth McCue, where
the distributions of the Pearson correlation coefficient 7, Rz, Acy, and I, were found to
have generally the same shape, appendix 2, with the exception of the correlation
coefficient. Despite the similar shapes, the co-variation between these measures displayed
another story, Table 3. I and R? were close to the same with a correlation coefficient of >
0.9. In turn, » was moderately correlated with I and R%. While, Acy was highly correlated

with CV(4/B) and CV(B/A), none of them was strongly correlated with r, R?, or 1.
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Even if the inclusion rates have been shown to be different between RA and, PE and MI,

the question remains if the ranking order of the genes is the same for the three
approaches. The different inclusion rates are of little interest if the ranking of the genes
remains the same. To determine this, Venn diagrams for same-sized graphs from RA, PE
and MI, genes (|V(G)ra| = |V(G)mil = |V(Gi)pe|) and gene pairs (|[E(Gi)ra| = |E(G)ai] =
|E(G))pE|) separately, were plotted at different graph sizes, Figure 4B. The graph sizes
used can be found in Table 1 for genes and Table 2 for gene pairs. As the results
demonstrate the RA order, both for gene and for gene pairs, is to a much higher extent

unique, while PE and MI are strongly overlapping.

It can be concluded from these analyses of the ranking orders generated by RA, PE, and
MI, that indeed RA detects a distinct set of gene pair interactions, unique both in nature
of gene identities and pairwise interactions, especially at the more higher part of the
stringency range. These findings are encouraging and implore further investigation into
what kind of relationships are uniquely discovered by RA and if they can reveal

biological information previously undetected.

GO category differential enrichment among top ranked genes

As a first step in shedding light on the biological relevance of the top-ranked genes by
RA, a GO category analysis was performed on the first 4 sets of same-sized graphs, G;
for i = I,..,4 (see Table 1 for graph sizes). Using DAVID, http://david.abcc.nciferf.gov
(8, 9), the GO category enrichment for each interaction graph was determined, with

following modifications. There are a number of GO categories with very similar
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functionalities; therefore a reduction of plotted GO categories was performed maintaining

the resolution of the biological information as much as possible. The condensation of the
GO categories involved smaller GO categories being absorbed into the next GO category
a level up until the resulting aggregated GO category contained no more than 200 genes
out of the 9752 genes included in this analysis. GO categories with a Bonferroni-

corrected p-value < 10 were considered enriched and plotted, Figure 5.
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Figure 5: (Previous page) GO category enrichment for the top vertex sets. The V(G)
sizes plotted for which, the aggregated GO categories (biological processes) have a GO
enrichment with a Bonferroni-corrected p < 10™*. The aggregated GO categories are
created by using the complete graph (|V(G)[=9752) and grouping all GO categories with
less than 200 detected genes together with its closest GO category upwards in the GO
tree hierarchy having a detected gene set of = 200.

A general grouping of the given GO categories is further given to elucidating the general
trends. The results indicate that genes involved in interactions detected by RA display a
higher number of GO category enrichments than PE and MI. The GO categories for
which all three methods show enrichment for is often detected earlier in the stringency
cut-offs by RA (i.e., smaller |V(G,)| thus lower i), than PE and MI. Stronger enrichments
for RA are seen among genes involved in transcription and RNA processing, translation,
and ubiquitination. Only the general grouping of ‘cell-cycle’ has a slightly stronger
enrichment for PE and MI. This observation is further discussed in Discover
subgroupings among sample population. The enrichments among the ‘ribosome’
grouping is confirmed by previously published findings, where a mutual information
analysis of S. cerevisiae expression data discovered several gene <ns1:XMLFault xmlns:ns1="http://cxf.apache.org/bindings/xformat"><ns1:faultstring xmlns:ns1="http://cxf.apache.org/bindings/xformat">java.lang.OutOfMemoryError: Java heap space</ns1:faultstring></ns1:XMLFault>