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Abstract

It has become common to produce genome sequences for organisms of scientific or
popular interest. Although these genome projects provide insight into the gene and protein
complements of a species including their evolutionary relationships, it remains challenging
to determine gene regulatory behavior from genome sequence alone. It has also become
common to produce “expression atlas” transcriptomic data sets. These atlases employ
high-throughput transcript assays to survey an assortment of tissues, developmental
states, and responses to stimuli that each may individually elicit or inhibit the transcription

of genes.

Although genomic and transcriptomic data sets are both routinely collected, they
are seldom analyzed in tandem. Here I present a novel approach to combining these
complementary data with a software package called BranchOut. BranchOut uses genomic
information to construct gene family phylogenies, and then attempts to map gene
expression activity onto this phylogeny to allow estimation of ancestral expression states.
This allows the identification of specific innovations due to gene duplications that resulted

in fundamental diversification in the roles of otherwise closely related genes.

As a proof of concept, the BranchOut technique is first applied to a tangible small-
scale example in Apis mellifera. Subsequently, the power of BranchOut to analyze complete
genomes is shown for two mammalian genomes, Sus scrofa and Bos taurus. The
transcriptomic data sets for these two mammals employ microarray and RNAseq
platforms, respectively, for expression analysis, demonstrating BranchOut’s applicability to
both future and historic expression atlases. Potential refinements to the approach are also

discussed.
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Chapter 1: Introduction - Sporks, Soups and
Sausages

The work presented in this thesis addresses a specific aspect of evolutionary
biology: the evolution of novel function at the gene family level. Biological
organisms are capable of remarkably complex activities, and all this functionality is
somehow encoded in the organism’s genomic complement. In order to discuss the
evolution of function - broadly, how an organism can become capable of “new”
activities - it is important first to establish a working understanding of a few key
concepts. First, I will describe the features and activities of a gene that make it a
functional unit in the cell. Next, [ will cover the means by which new genes can
arise, and what it means for a gene to be part of a family. Lastly, I will describe what
[ define as a “novel function”, and how novelty can be introduced into the genome
through the process of gene origination and duplication.
1.1Defining the gene as a functional unit

This work will focus on genes as fundamental units of inheritance and
evolution. There are some intriguing examples of inheritable adaptation that do not
require changes at the genetic level (RNA interference, for example (Spracklin,
Fields et al. 2017)), but they will lie outside the scope of this discussion. The
“Central Dogma of Biology” - that DNA genes encode (messenger) RNA molecules,
which are in turn translated to form proteins - remains a powerful explanatory tool,
and my research will make a similar assumption about the central role genes play in

biological activity and inheritance.



A gene is a string of information in the genome with two main parts: the
coding sequence and its regulatory control (MacCarthy, Bergman 2007). The
coding sequence of a gene provides a blueprint for the construction of an active
biomolecule - typically a protein, but sometimes an RNA molecule with catalytic
properties (ribozyme). Because the number of building blocks for these
biomolecules is limited (4 nucleotides or approximately 20 amino acids), the
sequence and arrangement of these components is the fundamental characteristic
that determines a biomolecule’s role. Consequently, when the coding sequence is
the focus, the Central Dogma can be restated as follows: (nucleotide) sequence
directs (biomolecule) structure, which in turn directs function. Changes to the
coding sequence can fundamentally alter the structure of the encoded biomolecule
and may impact the biological capability of the resulting product.

A first draft for the definition of “gene function” might stop there. For
example, consider the following statement:

Gene Z is a protein coding gene. When translated, the resultant Z protein is a
biomolecule that disrupts the integrity of cell membranes.
This action is a consequence of the protein’s structure, which is a consequence of its
sequence. We could then infer that other genes with similar sequences encode
proteins with similar functions, and we could come up with a category of
“membrane disruption” genes. This strategy is commonly applied to transfer
annotation from well-studied genes to genes with unknown function (Sjolander

2004).



This definition of function is workable, but it is perhaps too coarse. Suppose
we collected several genes that seemed to carry out the “membrane disruption”
function and then studied them more closely. Here are two hypothetical variations
on the statement that could ensue:

“Gene Z1 is a protein coding gene. It is translated specifically during mitosis,

and the resultant Z1 protein is a biomolecule that disrupts the integrity of cell

membranes.”
Contrast the previous statement with the following:

“Gene Z2 is a protein coding gene. Itis only expressed in the venom gland, and

the resultant Z2 protein is a biomolecule that disrupts the integrity of cell

membranes.”
Although the fundamental activity of the biomolecule is consistent for these two
cases, the extra details included now suggests two very different functions. The
added information indicated “when” or “where” the gene was expressed. This
fundamentally alters our perspective on the encoded protein - the former, being
involved in mitosis, is likely to be ancient, essential, and precise. The latter, by
contrast, suggests a more recent origin in a complex multicellular organism, and an
encoded protein that will be made most effective by being active under a very broad
range of conditions and on a variety of substrates. These disparate roles suggest
that while the fundamental activity may be the same, there may be subtleties to the
structure of the two proteins that encourage specificity versus generality.

For this reason the function of a gene is also investigated and defined by its

regulatory control. If structure encodes the “what” and “how” of a gene, regulatory
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control dictates the “when”, “where”, and “why” (and “how much”). The regulatory
control is also a consequence of nucleotide sequence, but most of the key elements
lie outside of the coding sequence elsewhere in the genome. Peripheral genomic
structure can alter the availability of a gene for transcription either directly (i.e. via
cis-regulatory elements) or indirectly (i.e. via genome folding and/or gene
accessibility in proximity to histones (Schoenfelder, Fraser 2019)).

In summary, for the purposes of this work, gene function is an aggregate
term. The term is used to describe the activity of a gene not only in terms of its
(physical, biomechanical) interactions, but also in terms of its cellular regulation
and control. Changes to either of these two aspects of a gene may affect the gene’s
function, and in cases where one aspect remains unchanged in a retained duplicate,
the other is often different (Semon, Wolfe 2008, Arnaiz, Gout et al. 2010, Ren, Fiers
et al. 2005). Hence, these two aspects of gene function are fundamentally linked,
and both are subject to evolution through random mutation. They differ, however,
in their ease of accessibility to researchers, which has often resulted in the two
aspects being examined separately (Daugaard, Rohde et al. 2007). This has made
the study of gene function, and the evolution thereof, a much more difficult task, and
it is the specific goal of this work to reunite these two aspects into one framework.
1.2 Where do genes come from, and what does it mean to be in a member of a

“gene family”?

Genomes expand or contract their genetic complement through a process of

gene birth and death. The vast majority of gene births are the result of a duplication

event, meaning that each gene has a “parent” from which it is derived, and this



ancestry that can be traced back to a distant precursor. Various duplication
mechanisms are reviewed in (Woody, Doxey et al. 2008).

Despite the gene’s unclear origin, the subsequent flow of genetic information
through the tree of life is well understood. Following a duplication event, both the
template (original) gene and its copy will be subject to random mutation and
selection, producing two genome elements that are often broadly similar but
distinct. As these two genes are subsequently and serially duplicated, a collection of
genes that share a common ancestor will end up co-existing within the genome.
This collection of related genes is commonly referred to as a gene family. Some
well-studied gene families include the globin gene family (Storz, Opazo etal. 2011),
and the FOXO family of transcription factors (Wang, M., Zhang et al. 2009). When
the focus of a study is a particular species, the extent of the family is limited to the
member genes that occur in its genome. It is also possible to consider the breadth of
a family across multiple species (Khaitovich, Weiss et al. 2004, Whitehead, Crawford
2006a, Whitehead, Crawford 2006b, Nuzhdin, Wayne et al. 2004, Huminiecki, Wolfe
2004), but in this case the processes of gene duplication and speciation
(analogously, species duplication) are conflated and analyses are more challenging.

The mechanism of duplication and the ultimate fate of duplicated genes are
both intimately related to functional evolution. To help make this process tangible, I
will use an analogy based on a human utensil: the “spork”.

1.3 The story of the “spork”, a utensil that was not meant to be
As a thought experiment, consider the “spoon” as a functional protein

encoded by a gene. The spoon is ideally suited for soups, where it can serve as a



ladle, and is capable of assisting the ingestion of small food chunks. The spoon is not
well-suited for cutting or skewering. Broadly, its function can be described as “the
spoon is produced at meal times (regulatory control), and aids the ingestion of
liquids (activity)”. We can think of the regulatory control broadly as the conditions
for expression.

Consider a genome carrying only a single “spoon” gene (and no other
utensils). There are two ways in which the single gene could mutate: through
alterations to either its regulatory control, or to its activity. Many alterations would
be obviously bad. For example, introducing a pore in the well of the spoon would
compromise its function and be detrimental to the host. Similarly, disruption of
regulatory control could make the spoon unavailable as a “response” to mealtime,
which is also a negative result. For single-copy genes, the majority of these negative
changes are eventually purged by natural selection (Cvijovic, Good et al. 2018). Ifa
gene duplicate undergoes this loss of function and becomes essentially inactive, the
process is called nonfunctionalization.

There can be changes that are neither harmful nor beneficial. If a change to
regulatory control caused spoons to be also available during times of play, the net
result in fitness could be near neutral. Similarly, mild alterations to the stem/grip of
the spoon are likely to be neutral.

Lastly, as a hypothetical example of a beneficial, “gain-of-function” mutation,
consider the addition of prongs to the end of the spoon, resulting in a “spork”. This
is an alteration to the structure that impacts the activity of the utensil in two ways.

The spork has acquired the ability to skewer, which increases its potential



functionality as an ingestion tool (e.g., now the host can eat sausages). However, the
prongs on the front introduce an inter-prong space that is incapable of holding
liquid; the ‘original’ function from the spoon has been compromised (but not lost).
These function-altering events are particularly exciting to researchers, and the
process of acquiring a new function this way is referred to as neofunctionalization
(Tirosh, Barkai 2007).

Depending on the nutrient sources available, selective pressure could
promote one function over the other: if there are no soups, the prongs could
eventually overtake the well, and if there are no sausages, the prongs are likely to be
lost to restore the integrity of the well. If both resources are available, the hybrid
spork may be the best option.

Next, let us re-examine these three outcomes, but introduce the new element
of gene duplication events. For now, we’ll assume that duplicates retain both the
regulatory control and activity of their templates (though this is not always the case
in practice).

First, let us return to the debilitating mutation - the introduction of a pore in
the well of the spoon - but let’s precede this event with a gene duplication event.
Now the host genome (which was previously viable with a single copy of the spoon
gene) has two copies, but one of these copies has acquired a debilitating mutation
that renders it incapable of its ancestral purpose. In this case, the pre-duplication
state is restored - the genome returns to its ancestral configuration of having a
single functional spoon - and the nonfunctionalized duplicate is no longer subject to

natural selection. Itis free (and likely) to acquire further debilitating mutations, and



will eventually lose the signals that drove its regulatory control. It will be no longer
expressed, no longer functional, and in all senses dead. As it turns out, most
duplicates are adaptively deleterious (Qian, Liao et al. 2010) and this process of
duplicate loss is widespread in genomes, making nonfunctionalization (or non-
viability) the most common outcome of gene duplication events. However, in the
absence of deleterious outcomes, gene duplicates tend to persist for some time even
in the absence of functional diversification (Skamnioti, Furlong et al. 2008).

Next, let us examine the case of the spork, and consider the potential
outcomes of a duplicated spork gene. Prior to duplication, the spork served a dual
role - both as skewer and ladle - and mutations that enhanced one aspect generally
came at the expense of the other. Following duplication, this is no longer the case -
if one “spork” subsequently loses its prongs and reverts to the ancestral “spoon”
phenotype, the skewer-capable spork remains. Moreover, the remaining spork is
under far less pressure to maintain the integrity of its well - the tines could indeed
extend all the way to the shaft of the spork, producing a fork, without limiting the
host’s access to soup nutrients (thanks to its perfectly functional spoon). This
process, termed subfunctionalization, best encapsulates the central role gene
duplication can play in the evolution of function by providing a means of escaping
from adaptive conflict between two competing goals (Barkman, Zhang 2009,
Johnson, D. A, Thomas 2007, Freilich, Massingham et al. 2006).

This example focused on the evolution of gene activity, but gene regulation
can also play a complementary role in the process of gene duplication and retention.

While our example gene has a fairly broad regulatory condition - make the utensil



when food is available - one could imagine a finer, more modular set of rules
producing this behavior. For example, this overall behavior could be the sum of
three individual regulatory controllers acting in unison - one directing breakfast
expression, one directing lunch expression, and one for dinner (the biological
implementations of gene regulation are often similarly modular). Were a spork
gene to duplicate, initially retaining identical regulatory control, the loss of the
“make sporks available for breakfast” module on one copy would not be deleterious
to the host genome - the other spork gene would still direct the production of the
utensil. But suppose this intact spork gene then subsequently lost its “lunch”
module - again, not immediately deleterious, as our “not for breakfasts” spork will
still guide production of sporks for lunchtime. However, the status quo has now
been changed in a subtle way - both copies of the ancestral template are now
necessary, as they have non-overlapping sets of regulatory instruction. Loss of one
gene will result in loss of spork production for at least one meal, so now both genes
are subject to natural selection. This diversification of function into two (or more)
broad categories within a single gene family has been noted in various studies
(Viaene, Vekemans et al. 2010, Goettel, Messing 2010, Jarinova, Hatch et al. 2008,
Johnson, D. A, Thomas 2007, Des Marais, Rausher 2008, Wang, R., Chong et al.
2006), and mining for these events on a large scale is one of the primary goals of the
presented work.

We can summarize the ideas illustrated by this analogy of functional
evolution as follows:

¢ Gene duplication events often precede mutations in gene activity



¢ Duplicates that differ in regulation are exposed to different environments
but may or may not be under selection for similar activity
% Duplicates with identical activity are unlikely to have identical regulation
(for long)
1.4 Mechanisms and scales of duplication events

There are several mechanisms by which gene duplicates can arise. Although
duplication and mutation are indispensable aspects of evolution, they nonetheless
are the consequence of errors in the (DNA) replication and maintenance process.
Any introduced deviations in the DNA genome are propagated to cellular offspring
following cell division. Variations that occur in the germline have the ability to
impact the entire genome of progeny.

There are a few mechanisms by which the ancestral template DNA genome
can become altered to introduce gene duplicates. These mechanisms differ in their
scope dramatically. At one extreme, the duplicate gene may involve a single new
short coding strand being inserted into a more-or-less random location in the
genome. Intermediate-scale duplications can result from unequal crossing-over
during meiosis (Redon, Ishikawa et al. 2006). Tandem duplications, where
sequence regions containing a gene are duplicated in series, produce genes that tend
to have conserved function (Wang, Z., Dong et al. 2010). At the other end of the
spectrum, the duplication could affect the entire genome, duplicating every
chromosome and all genes therein (Van de Peer, Maere et al. 2009, Blanc, Wolfe

2004, Vision, Brown et al. 2000). Whole genome duplications seem particularly
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common in various plant species (Lockton, Gaut 2005). Duplications of individual
chromosomes also happen, but they tend to be more destabilizing.

Large-scale duplications will duplicate the coding strand as well as any
preceding and proceeding DNA strings. Any “nearby” regulatory control sequences
will be included in the duplication (Cannon, Mitra et al. 2004). This can preserve
almost all regulatory control, with a few exceptions (for example, those that depend
on the folding of the chromosome to bring sequences into proximity). Depending on
the fidelity and extent of the copied region, duplicates may begin by sharing both
activity and regulatory control (Woody, Doxey et al. 2008).

There are, however, mechanisms that preserve the coding sequence but little
to none of the regulatory control (Brenner, Johnson et al. 2000). As an extreme
example, consider the process of reverse transcription. Reverse transcription
involves editing the DNA genome by using an RNA template, a ‘violation’ of the
Central Dogma that is employed by some viruses. The point of insertion used by
DNA-editing enzymes does not depend on the RNA’s origin. When duplicating a
gene, these enzymes may introduce duplicates that are distantly separated, or on
completely different chromosomes. Depending on the processing stage of the RNA
molecule, very little of the original (transcriptional) regulatory sequences may
remain (Wang, Z., Dong et al. 2010). Mature mRNA molecules, for example, will
have completed intron/exon processing and will only contain regulatory sequences
that guide translation. As a result, it is possible for some duplicates to retain few, if
any, of their former regulatory control sequences. Regulation of these new genes

will be completely dependent on whatever sequences happen to be located near
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their point of insertion (Richardson, Salvador-Palomeque et al. 2014, Ohshima
2013).

For the purposes of this study, we can summarize the possible outcomes of
duplication in terms of their impact on gene function. While the activity (coding
sequence) is almost always preserved, the extent to which regulatory control is
preserved varies from full conservation to none (Guan, Dunham et al. 2007). In the
case where regulatory control is not preserved, the gene will be completely
dependent on pre-existing regulatory sequences that occur near the point of
duplicate insertion, and will not necessarily be “silenced”.

1.5 Protein biomechanical functions are determined by coding sequences,
which mutate slowly and follow patterns

Genes are rarely produced de-novo, so most extant genes must either be
descended directly from a precursor gene or be related to another gene via
duplication (Ruiz-Orera, Hernandez-Rodriguez et al. 2015). Changes to coding
sequence may introduce mutations, and if these mutations lead to adaptive
characteristics the gene will retain these characteristics that distinguish them from
their ancestor. To some extent, this process follows a set of rules that can be
summarized into a model of sequence evolution. These models are used in the
process of sequence alignment, which in turn is used to measure the degree of
sequence dissimilarity (and therefore evolutionary distance) between sequences.
There are a number of ways to use sequence distance to support hypotheses of
homology, the property of common sequence ancestry (Saripella, Sonnhammer et

al. 2016).
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Most models of gene families depend on sequence similarity directly. Since
sequence also determines function (through the central dogma), gene activity and
ancestry are closely linked. In other words, genes in the same family typically
expected to have similar (biochemical) gene activity by definition (Rajashekar,
Samson et al. 2007). Changes to coding sequences can lead to changes in
biomolecular function, allowing functional adaptation and diversification to occur
(Turunen, Seelke et al. 2009, Panchin, Gelfand et al. 2010).

1.6 Regulatory control is determined by non-coding sequence elements, which
mutate quickly and unpredictably

Members of a gene family do not necessarily share common regulatory
control. Although some newly duplicated genes will retain their regulatory control
sequences as well, others may not, and very closely related genes (new duplicates)
may not share any regulatory similarity whatsoever, as with reverse transcription.
Regulatory elements can be discrete and observable (Huang, H. Y., Chien et al.
2006). For example, the binding site for a transcription factor may have a
recognizable sequence motif. However, it is not as easy to model mutations to these
elements, as changes to a single element of a regulatory element may be sufficient to
turn the module “on” or “off”. Gain or loss of a single regulatory module may not be
detrimental to the gene’s function, so these regulatory domains are subject to more
“churn”, and may appear and disappear rapidly on evolutionary time scales
(Casneuf, De Bodt et al. 20064, Chain, Evans 2006). A change in regulatory control

may itself be sufficient to generate evolution of function, should changes to either
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dosage or regulatory triggers generate adaptive cellular behaviors (Des Marais,
Rausher 2008).

In addition to these discrete elements, other genome features affecting
regulation are less tangible. Spacing, broadly encapsulating the physical (3d)
location of regulatory elements relative to genes, can affect gene regulation in a way
that is not readily quantifiable by observing a complete genome sequence alone
(Tsankov, Thompson et al. 2010). This spacing could also change in unpredictable
ways as a result of sequence mutations.

In summary, the regulation of a gene does not evolve according to a pattern
that can be easily modeled. Gene regulation is unreliable for determining common
ancestry, and similarity of regulation is not indicative of similar ancestry.
Nonetheless, regulation stands out as one of the two key aspects of gene function,
and gene regulation is intimately connected to gene activity. Changes in one aspect
can be supportive of changes in the other.

1.7 Genome sequences offer complete access to gene complement, and can be
used directly to infer gene family membership and activity

Genome sequences are quickly becoming routine, lower-cost, “first-step”
features in studies of biological organisms. Genome sequences expose the complete
gene complement of an organism to study. Since sequence directly determines gene
activity and can be used to hypothesize homology, a single complete genome
sequence is sufficient to provide extensive information about which gene families

are present, and the broad biomechanical activities these genes perform. This
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stands in contrast to studies of gene activity, where each additional assay can yield
additional insight into regulatory control.
1.8 Gene regulation is complex but can be observed empirically

Genome sequences reveal the positions of some recognizable regulatory
elements, but their impact on nearby genes is unclear, and often conflated with a
number of other influencing factors that are not easily quantified (Beer, Tavazoie
2004, Jarinova, Hatch et al. 2008, McClintock, Kheirbek et al. 2002, Wang, D., Sung et
al. 2007). For example, the 3D-archictecture of the genome itself may restrict or
prohibit access to regulatory regions (Tsankov, Thompson et al. 2010). Conversely,
distantly separated regulatory elements may be brought into close proximity
through contortions around histones and other structure-imposing elements
(Huang, P., Keller et al. 2017). The field of systems biology tries to address this
regulatory complexity through mathematical modeling, but the accuracy of these
models depends on extensive research (Jarinova, Hatch et al. 2008, Beer, Tavazoie
2004). At present, it is not feasible to rely on such models for genome-wide
prediction of gene regulation (Comelli, Gonzalez 2009, Akitaya, Tsumoto et al.
2003).

As aresult of this challenge, the present state of the art in studying gene
regulation is to use high-throughput assays to observe the state of the cell directly
(Ranz, Machado 2006). The goal of these assays is to provide information about the
activity of a cell in response to a stimulus. In essence, the cell’s instruction set (i.e.,
when, where, why genes should be expressed) can be studied by observing the

outcome of these instructions and then trying to infer what the guidelines were.
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Under the assumption that genes are only active (or activated) when they are
needed, this information can additionally be used to infer the functional purpose of
genes. For example, if a gene with unknown function is expressed at the same time
(and under the same circumstances) as a suite of genes with a known association
with a particular pathway, it may be reasonable to assume that this gene is also a
component of this broad system response (Xing, Ouyang et al. 2007).

In summary, because gene expression cannot be readily predicted from
genome sequence information alone, assays are used to query the cellular state to
essentially witness genes in action. A gene’s activation under a particular set of
stimuli can be used as circumstantial evidence of gene function, and through this
information a gene’s regulatory control may be inferred.

1.9 The evolution of gene regulation is similarly unpredictable

The regulatory control of a gene can be modeled in a number of ways. At the
biological level, gene function is the outcome of several discrete, countable events.
Specifically, within a given time period a gene within a cell is transcribed a number
of times. These transcripts are translated a number of times, and then a number of
the protein products are relocated. Each of these events has a “how many?”
associated with it that will influence the transcription/translation rate, and thus the
effect of the gene in the cell.

Each of these events is directly or indirectly driven by instructions encoded
in the genome, and are thus subject to the process of evolution (Drummond, Bloom
et al. 2005). To model this process, simplifying assumptions are often made. Two

broad approaches are possible.
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1.9.1 Binary models of gene function

A considerably simplified model of gene activity would be to treat it like a
light switch with two fundamental states: on (active) or off (inactive). If there were
some threshold copy number that could be taken as evidence of gene activation, the
state of each gene could be summarized in terms of whether it was active or not.
This model could be expanded to include additional discrete states as appropriate.

While this model may seem overly simplistic, there is some empirical
evidence suggesting that in many cases it is a reasonable choice. Because gene
activity levels (this process of multiple discrete copying steps) are subject to
evolution, it is biologically useful for the cell to have some buffering capacity so that
small variations in gene product level do not impact cell function. This can be seen
as an example of canalization. Canalization broadly refers to the phenomenon
whereby a genome is able to evoke the same phenotype in spite of environmental
changes and stresses (Sato 2018). If we consider the gene’s activity state to be the
phenotype, then canalization suggests this activation state should be somewhat
robust to small changes both in the expression environment and in the genome
itself.
1.9.2 Continuous models of gene function

For modeling reasons, it is sometimes useful to consider gene expression as a
continuous value. This allows gene expression evolution to be estimated using a
number of standard scientific models. Small changes in gene activity can be
modeled using Brownian motion as a baseline, for example. This provides a “null

hypothesis” background for evolution. If a gene’s activity is not under selective
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pressure, it should drift around some idealized value “at random”. If a series of
changes result in a shift away from this former ideal, to the point where the
Brownian motion model seems improbable, one could instead infer that the activity
of the gene had changed (Gu, X. 2004).
1.10 Mechanisms of gene duplication

There are several biological mechanisms that can result in the duplication of
partial or complete genes. This is important for the evolution of novel function for
one key reason: the extent to which regulatory control is duplicated differs
considerably from one mechanism to the next. The following sections describe
some of the mechanisms and the extent to which they preserve regulatory control.
1.10.1 Whole genome duplication

Failure to properly separate sets of chromosomes during meiosis can result
in germ cells with an additional copy of the complete genome. As long as “gene
stoichiometry” is preserved (Coate, Song et al. 2016), these gametes can produce
viable offspring (Birchler, Veitia 2019). These events are hypothesized to have
happened multiple times within several evolutionary lineages, and are believed to
be important drivers of evolution (MacKintosh, Ferrier 2017). Each duplicate gene
retains its full regulatory control structure, but is under weak selective pressure
(and thus at some liberty to explore functional or non-functional intermediates).

As is the case for duplication events involving a single gene, the loss of
function of one gene from the duplicate pair often restores the genome to a state
similar to its pre-duplication ancestor. For whole genome duplications, however,

this process is occurring on a genome-wide scale. A large number of duplicate pairs
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are ultimately reverted to a “single-copy” state as genes are rendered dysfunctional
by deleterious mutations. The rate at which this process happens varies with the
organism’s capacity and tolerance for excess genomic baggage. Plants, for example,
retain relics of genomic duplications over large scales of time (Qiao, Li et al. 2019).
1.10.2 RNA-mediated gene duplication

There are genetic mechanisms that allow RNA molecules to be reverse-
transcribed as insertions back into the genome (Schacherer, Tourrette et al. 2004).
When this machinery uses an mRNA transcript (in some state of processing) as a
template to edit the genome, it can result in the creation of a duplicate sharing the
general character of the gene from which the mRNA template was derived.
Duplicates that arise in this way share a few interesting characteristics owing to
their origin as an mRNA molecule. mRNA molecules do not typically retain any of
the genomic features required to attract, initiate, or terminate transcription. They
may also exclude introns, depending on the extent of cellular processing applied to
the mRNA molecule. In the case of genes with multiple splicing arrangements, this
also means the newly introduced duplicate will be “frozen” with a particular
selection and arrangement of exons.
1.11 Gene expression is quantitative but its outcome is non-linear

Most genes must be translated into protein before they can affect the state of
the cell. Accordingly, measuring the presence and quantity of a protein product is
often a reasonable proxy for the progenitor gene’s involvement or activation.
However, protein abundance is historically less experimentally accessible than RNA

abundance (Zhao, Fang et al. 2017), so mRNA transcript abundance is often studied
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in its place. Because mRNA transcripts represent an intermediate stage in the
protein manufacturing process, it is often assumed that mRNA abundance can serve
as a proxy for gene activity.

There are reasons to doubt this assumption. In particular, mRNA transcripts
are not translated once and only once. They may not be translated at all, and a
single mRNA molecule can be translated multiple times to generate several copies of
the encoded protein (Vogel, Marcotte 2012). It is reasonable to assume that an
increase in transcript production would result in an increase in protein production,
but the rate and ratio is not uniform and can be gene-specific (Vogel, Marcotte 2012,
Maier, Guell et al. 2009, Mehdi, Patrick et al. 2014).

There have been studies comparing mRNA and protein abundance from the
same samples. Many showed low correlations in abundance (Nie, Wu et al. 2006,
Mehdi, Patrick et al. 2014) . These studies are challenging because mRNA and
protein abundance are evaluated with completely different experimental platforms,
and it is extremely difficult to attribute differences in measured quantity to true
biological effects alone.

In summary, it is worth keeping in mind that studies using protein
abundance offer a distinct and often complementary perspective on experiments
focusing on mRNA abundance.

1.12 Both expression and sequence are necessary but neither is sufficient

Because it must be the case that all the guidelines for when, where, and why
to express a gene are encoded (in some form) in the genome, algorithms for

predicting gene expression have yet to achieve the accuracy required to render
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expression assays obsolete. For the foreseeable future, a complete and accurate
genome sequence will still be insufficient to describe all aspects of gene activity.

Acknowledging this, several recent genome projects have included a
complementary expression atlas. These atlas resources are constructed by
conducting tens to hundreds of gene expression assays. These assays are also
dependent on the genome sequence; microarray probes and RNAseq use the
genome sequence as a template, and sequencing-based approaches can only confirm
the existence of genes expressed in a particular sample (with most samples being
unlikely to involve every gene). To get a complete picture of the inner workings of
an organism, both aspects - genome sequence and the gene-expression assays -
must be included.

Because it has become standard practice to parcel genome sequences and
expression atlas projects together, there are relatively few tools available that
exploit both these channels of information in a complementary way. The software
presented in this thesis research, “BranchOut”, provides a novel approach for
combining this information.

1.13 Goals of this dissertation

My dissertation is intended to help researchers who seek meaning from
large-scale quantitative biomolecular assays by helping them mine them for new
hypotheses to explore. While gene expression will often be used as an example, the
concepts apply to protein abundance (and other biomolecular markers) as well. The
tools and algorithms I discuss provide novel perspectives on gene expression

projects by making creative use of existing complementary information.
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Following a further background discussion of preprocessing methodology
included in Chapter 2, Chapters 3 and 4 will lay the groundwork for BranchOut, a
suite of analysis tools prepared in R that integrate the results of a large-scale (gene)
expression project with phylogenetic analyses. This integrated perspective will help
identify changes in gene function that have been of pivotal importance to the
evolution of functional diversity at the level of a gene family. Chapter 3 describes
specific software implementation and interface details. Chapter 4 shows the
BranchOut concept applied to a small-scale case study. Chapter 5 applies BranchOut
to the entire Sus scrofa genome using a microarray-based expression atlas. Chapter
6 applies BranchOut to the entire Bos taurus genome using a transcriptomic
sequencing-based expression atlas. Lastly, Chapter 7 will cover closing thoughts

and future directions for similar work.
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Chapter 2: Preprocessing Methodology for
Genomic and Transcriptomic Data

This chapter will focus on some fundamental issues common to quantitative
biomolecule analysis platforms. Because some decisions made in BranchOut (and
elsewhere in this dissertation) will make assumptions about the way data has been
pre-processed and standardized, I feel it worthwhile to discuss these issues in a

second preliminary chapter here.

More specifically, this chapter describes the decisions and options involved
with preparing the two streams of data that are broadly required for my software to
work. The first stream is composed of sequence data, including gene sequences,
gene families, and gene phylogenetic trees. The second stream is composed of gene
activity records, which will be measures of gene expression behavior from

microarrays or RNA sequencing data for most of this study.

A discussion of various prior efforts to study the evolution of gene expression

can be found in a previous review article (Woody, Doxey et al. 2008).

2.1 Preparing gene expression data

Both microarray data and high throughput sequencing data have sources of
noise and error that need to be accounted for through normalization. For
microarrays, for example, the robust multiarray average (RMA) algorithm (Bolstad,
Irizarry et al. 2003) is commonly used for probe signal processing. RMA has a

history as a reliable and publishable standard with well-known strengths and
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weaknesses (Irizarry, Wu et al. 2006). Among the strengths, RMA is very quick to
compute, which is a useful feature for genome level investigations of gene function.
Foremost among the weaknesses is a tendency to introduce bias to extreme signals
(Irizarry, Wu et al. 2006). A popular variant of RMA, GC-RMA (Seo, Hoffman 2006),
attempts to additionally model GC-content as a biasing factor in probe signal
intensity. GC-RMA would also be a reasonable choice, but recent microarrays have
been designed with GC-content compensation in mind, causing GC-RMA to expend
effort fitting a model parameter that ideally should have greatly reduced influence

in modern arrays.

Depending on the ultimate goal, it is worth considering whether to use
expression values directly (i.e. a numerical expression value), a binary
presence/absence call (Yang, Su et al. 2005), or a summary that indicates a general
trend in expression behavior (e.g. membership to an expression cluster, on/off
designations, presence/absence calls) (Doxey, Yaish et al. 2007a, Sahoo, Dill et al.

2007, Woody, Doxey et al. 2008).

2.2 Associating gene sequences into families

In order to establish an evolutionary history, genes are first organized into
families. Ideally, a gene family consists of genes that share a common ancestor, with
all family members being the consequence of gene duplication events. Typically, a
proxy for family membership based on sequence similarity is used. One such family
assignment scheme is maintained by the PFAM database, which assigns all

sequences one (or more) identifiers based on conserved domains (Punta, Coggill et
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al. 2012). PFAM uses a hidden Markov model-based approach (Potter, Luciani et al.
2018) to determine family affiliation, but this is just one of many possible sequence

similarity indices that could be used.

2.3 Methods for inferring family relationships (Phylogenetic trees)

Once family membership is determined, the next step is to construct a
hypothetical evolutionary history depicting the relatedness of sequences from the
family. This process has two main steps: multiple sequence alignment, a process
which attempts to align conserved regions of family members, and then
phylogenetic tree construction, which attempts to transform this sequence
alignment-based relatedness into a phylogenetic (typically bifurcating) tree. The
question of which algorithms work best for each of these stages is still open to
debate. However, the two dominant methods for phylogeny estimation, maximum
likelihood and Bayesian inference, produce reasonably similar hypotheses when

provided with high-quality data (Anisimova, Gil et al. 2011).

2.4 Models for transforming expression into hypotheses of function

There are a number of reasonable ways to interpret gene expression values
(be they sequencing abundance or microarray signal intensity) as evidence of gene
activity. The direct use of raw abundance counts has the greatest potential
accuracy, but relies on a detailed understanding of systems biology for the organism
in question to be easy to interpret.

Gene expression atlas projects often make use of a cartoon diagram of the

organism. This diagram provides a visual map that can be annotated with the
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expression activity of a gene. For example, the BAR resource center hosted by the
University of Toronto provides a tool for Arabidopsis gene expression (Toufighi,
Brady et al. 2005). Once a gene is selected, diagrams depicting the various organs of
the plant (as well as several developmental stages) are colored using heatmap
colors to show relative expression levels of the selected gene scaled against that
gene’s mean expression level across all tissues. This provides a quick and effective
means of identifying tissues where the gene in question is under active regulation,
and whether that regulation is promoting or inhibiting production of the associated
protein product.

This approach works well for individual genes but cannot be readily scaled up
to include a set of genes. To compare the expression behavior of two related genes,
the user would have to toggle between two different visualizations and identify
(color) differences. Although this could readily identify a number of tissues where
the behavior may differ, this approach requires a fair amount of user interaction and
interpretation.

It is also worth asking whether a gene’s expression behavior is best
interpreted in isolation. A more systems-aware perspective might strive to include
a number of related genes in the study of gene expression. There are two obvious
candidates for relatedness in this context.

First, the relatedness could be determined by shared involvement and/or
participation in a biological system. For example, genes affiliated with the same
biological process (as determined through gene ontology notation or otherwise)

could show similar patterns of activation/inhibition across an expression atlas
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(Ashburner, Ball et al. 2000, Gu, X., Zhang et al. 2005). This provides some context
for interpreting the behavior of a single poorly understood gene. If its behavior is
unknown but well-correlated with a set of genes involved in a specific biological
process, it seems reasonable as a first guess to assume a similar involvement for the
gene in question (Gu, Z., Nicolae et al. 2002). On the other hand, if a set of genes
involved in a process show highly correlated behavior with the exception of one
member whose behavior is largely consistent but different in a few conditions, this
could be indicative of genetic novelty (in the form of a new function or re-purposed
role) (Casneuf, De Bodt et al. 2006b, Ha, Li et al. 2007). For collections of genes that
share some but not all of their expression characteristics, an approach more akin to
biclustering, i.e., identifying related genes and expression triggers together, may be

more appropriate (Prelic, Bleuler et al. 2006).

2.5 Inferring ancestral expression/function

Another category of summarization techniques employ some form of
clustering to associate genes with similar expression profiles. Consider a set of
genes selected based on either shared ancestry or inferred participation in some
biological role. If the expression information for these genes were arranged in a
matrix, with one row per gene, one column per expression assay, one could treat
each row of the matrix as a profile, and then define a distance measure that could
be used to establish pair-wise measures of similarity with each other profile
included in the set. Clustering methods take these dissimilarity scores and attempt

to group profiles with a high degree of similarity into a cluster. These clusters have
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a tangible interpretation - if the distance measure reports that two expression
profiles are quite similar, then the genes that generated these profiles are regulated
in a similar fashion. This would presumably mean they share regulatory control
signals, and are turned on and turned off by similar stimuli. From here, it is a
relatively small step to suggest that the genes may be involved in a similar pathway
and be deployed to accomplish a similar function (Okamura, Obayashi et al. 2015).
Genes that fall into different clusters, by contrast, would exceed a threshold
dissimilarity measure and have profiles that do not suggest a shared function. There
are a few variants on clustering that differ in the distance metric used and/or in the
type of clustering applied. Approaches that do not employ clusters are also
available but will not be pursued here (Gu, X. 2004, Gu, X., Su 2007, Oakley, Gu et al.

2005, Rossnes, Eidhammer et al. 2005).

2.6 Decisions made for BranchOut Preprocessing

For microarray expression data, BranchOut uses RMA normalized scores.
For sequencing-based expression, BranchOut uses normalized read counts
produced by the “cuffnorm” program (Trapnell, Williams et al. 2010). In
determining gene family membership, BranchOut makes use of an identifier
mapping table provided by the PIRSF website (Nikolskaya, Arighi et al. 2007), which
includes PFAM assignments together with a number of other transcript, gene, and
protein identifiers. In some circumstances, PFAM identifiers were available through
other more closely related annotation sources, but ultimately PFAM identifiers were

the criteria by which gene family membership was determined.
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Following member identification, each gene family was then subjected to
multiple sequence alignment by MUSCLE (Edgar 2004) then used to construct a tree
using the PhyML (Guindon, Dufayard et al. 2010, Guindon, Gascuel 2003) software
package with default settings. Although PhyML was the default for most large-scale
analyses, early versions of BranchOut used trees produced by MrBayes instead, and
ultimately either tool is acceptable as a source of trees. One tree was generated per

gene family.

BranchOut employs a novel scheme for converting expression assay
measurements into clusters denoting gene activity. For each gene family, a
clustering approach is used on a tissue-by-tissue basis to determine which genes
seem to show elevated expression when compared to other members of the family.
By applying this process sequentially to each individual tissue, it is possible to
identify specific gene family/tissue divergences in behavior that might otherwise be
overlooked if expression behavior were clustered based on expression across all
tissue samples simultaneously (a common approach with its own merits (Doxey,

Yaish et al. 2007b)).

The process for assigning expression categories is detailed in Chapter 3. In
brief, the categorization of normalized expression values into expression states is
done by the MCLUST (Scrucca, Fop et al. 2016) software package. MCLUST treats a
set of values as having been drawn from a mixture of an (unknown or specifiable)
number of normal distributions, and uses a machine learning approach to assign

values into their most probable parent distributions. There are a number of
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parameters to the MCLUST software that are of particular relevance to this study.
For example, by fixing the number of distributions at 2, the implied biological states
are “low” and “high”. Fixing the number of distributions at 3 would naturally

o«

encourage “low”, “medium” and “high” configurations.

Reconstruction of ancestral states was conducted using the “Analyses of
Phylogenetics and Evolution” (APE) package (Paradis, Claude et al. 2004a) for R (R
Development Core Team 2010). A maximum likelihood criterion was used where

ancestral states were inferred based on descendant nodes only.
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Chapter 3: BranchOut Software Specifications

This chapter provides describes the development of the BranchOut software,
which decisions were made, and focus exposition on the statistics, summarizations,

and visualizations developed specifically for this software.

The software used to implement my approach is called “BranchOut” to reflect
both the tree-based nature of the approach and the focus of the software on
identifying subsets of the tree (ideally monophyletic subclades) that seem to have
distinguished themselves from the remainder of the family by adopting a new
function within the host organism. BranchOut is a collection of scripts for use in the
R software (R Development Core Team 2010). BranchOut has several dependencies,
most of which are other packages available either through R’s public package
repository or through the Bioconductor suite of bioinformatics-oriented R packages
(Gentleman, Carey et al. 2004) owned and maintained outside the primary R
database (Bioconductor release 3.2). Some additional software packages were used
for multiple sequence alignment and phylogenetic tree estimation, but these
software packages reflected particular analysis decisions and could be swapped out

as necessary depending on the user’s preferences.
3.1 Outline of software

The BranchOut software can be considered as the sum total of three separate
components: Input, Processing, and Output. Input, the first component, deals

with reading in, organizing, and pre-processing the raw biological assay metrics
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being used. This first component is the least rigid by design, because users will be
“jumping in” to the software at sometimes different starting points. The design
philosophy for this component was to encompass a very broad approach (described
below) but the software is not overly laborious to customize for small-scale

applications (like the one shown in Chapter 4).

BranchOut assumes that the user is interested in a gene expression atlas that
was completed on a single assay platform (by default, a microarray platform is
assumed). The platform specification is important because it provides a guideline
by which the genes to be examined can be filtered; genes with no associated
expression data cannot contribute informatively to any immediate depictions of

gene family function or any reconstructions thereof.

Following the selection of a platform, the Bioconductor package associated
with that platform is accessed and current, researcher-curated associations between
probe sequences and genome targets are collected into an association table. This is

typically done at the “normalized probe-set summary” stage.

3.2 Gathering sequence information

Microarray sample data is typically stored in a file format that contains only a
bare minimum amount of annotation information. To associate each probe-set
record with an associated host gene (and its many database identifiers), an
additional annotation file or package is required. R-compatible microarray
annotation files are routinely produced by the Bioconductor team (Gentleman,

Carey et al. 2004). BranchOut uses these annotation files to establish a mapping
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between probe-sets and single genome features. Specifically, Unigene accessions,
which try to associate a single label with each individual gene (Benson, Cavanaugh
etal. 2017), are used in an effort to maximize the number of one-to-one matchings
between probe-sets and PFAM (Punta, Coggill et al. 2012) annotation records. In
circumstances where multiple probe sets map to the same Unigene identifier,
BranchOut arbitrarily selects one of the two probe sets. This decision is potentially
controversial, but there is often little reason to trust one probe set over another. A
mixed-measures approach, like averaging the expression summaries for the probe
sets, might make better use of the available data but risks making the aggregate

gene metric as (un)reliable as the most poorly designed probe set.

Once a table of gene-relatable expression measures has been collected, the
next task is to assign genes to gene families. Although the idea of a gene family is
well-founded, the task of assigning family membership is complicated by a number
of factors. Just as this project is focused on finding genes with similar ancestry with
different functions, there are many cases of genes with similar functions but
different ancestry. The task of assigning a gene to a family involves making a
hypothesis about its ancestry based on the sequence of the gene and this sequence’s
relatedness to other believed members of the family. These hypotheses are typically
based on some form of sequence alignment. For example, a multiple sequence
alignment of known family members could be compared to a second multiple
sequence alignment (MSA) that includes the gene to be classified, and some measure
of distance could be used to gauge whether the candidate gene appears to be a good
fit.
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There are a number of databases compiling these hypotheses of ancestry.
The default used by BranchOut is PFAM, a database organized by gene family that
reports all sequences that associate with a family irrespective of their species of
origin. The entirety of the database can be downloaded as a plain text file

(ftp://ftp.pir.georgetown.edu/databases/pirsf/).

3.3 Processing Details

To make things easier for BranchOut, | have prepared a helper scriptin R
that reads the large database text file (>2GB) and returns only gene sequences that
are related to an input species. This intermediate file is available for a small number
of model organisms on PFAM'’s website, but there is no webtool for focusing on a

specific organism.

The sequences (and families) present in this filtered text database are then
compared to the list of sequences available on the analysis platform (microarray)
being used. BranchOut will then generate one intermediate sequence file per gene
family containing the sequence information for all members of the family that are
present in both the gene family database and analysis platform.

Because BranchOut will want to reconstruct gene activity records on a
phylogenetic tree, two further intermediate preprocessing steps are required. To
obtain phylogenetic trees that reflect the gene- (and platform)-availability of gene
family members, each family sequence input file is used to generate a multiple
sequence alignment (MSA), and each of these is in turn used to generate a gene-

family phylogenetic tree. By default, BranchOut invokes the standalone executable
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form of the multiple sequence alignment program MUSCLE (Edgar 2004) to
construct the multiple sequence alignments using default parameters. These
multiple sequence alignments are then used as input (unedited and as-is) in the
phylogenetic tree estimation software PhyML (version 3), which constructs
hypothetical phylogenetic trees using the maximum likelihood reconstruction
framework (Guindon, Dufayard et al. 2010, Guindon, Gascuel 2003). Again, for
pragmatic reasons, the default program settings were used here as well.

Next, BranchOut internally creates an object for each gene family composed
of its component sequences, multiple sequence alignment, phylogenetic tree, and
associated expression values. If there are replicates for any tissues, a separate guide
file can be used to direct BranchOut to take means of replicates from the same tissue
to obtain a summary expression measure for each tissue/condition. Following log-
transformation (base 2) and row-standardization, gene expression levels should be
centered around zero. This means an expression value of 0 corresponds to the
average expression level for the gene across all the conditions being examined. In
order to make it somewhat easier to determine whether assigned expression states
correspond to “activation” or “inactivation”, median subtraction is used in place of
mean subtraction. Median subtraction is less affected by outliers than mean
subtraction. Additionally, for mean subtraction, if half the conditions had the gene
“off” state and half had the gene “on” state, the mean expression level would lie in-
between and a corrected value of 0 would correspond with an expression state that

is not ever observed in practice.
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Values different from the 0 reference value correspond to upregulation or
downregulation relative to that specific gene’s median across tissues. For purposes
of exposition, let us introduce arbitrary positive and negative thresholds at +1 and -
1 (so, keeping the logarithm base 2 transformation in mind, 2-fold up and 2-fold
down from the median, respectively). These can correspond to new states:
“upregulated relative to the average” and “downregulated relative to the average”.
Gene expression values that surpass these thresholds would be assigned
“upregulated” and “downregulated” status, respectively, to be contrasted with the
“neutral” state assigned to values sufficiently close to 0.

It is worth noting that, because expression values are typically log-
transformed, positive or negative expression scores represent fold changes up or
down over the average, respectively. Suppose a gene were being transcribed at a
rate that generated 100 units of activity on an assay. If this activity level were
shifted down by 100 units (to zero), the resulting log difference would be negative
infinity. An increase of 100 units would result in a log (base 2) fold change of +1. In
practice, assay values near zero are not encountered in microarray studies, but they
are common in RNA sequencing platforms. In the latter case, expression values of 0
may need special care, such as special assignment of an alternative minimum value

that is within the domain of the logarithm function.

Next, for each of set of expression records associated with a gene family,
MCLUST (Scrucca, Fop et al. 2016) is invoked once per tissue/condition to assign
the expression values into categories. There are a couple of parameters to the

MCLUST software that can be toggled within BranchOut that affect the number of
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modes MCLUST can assign (and how likely it is to do so). The ideal values for these
two parameters are unlikely to be consistent across all gene families being studied,
so an option to toggle these values is available. Furthermore, the software can be

set to adaptively toggle these values itself if it detects a poor reconstruction.

Following the assignment of expression values to categories, the APE
(Paradis, Claude et al. 2004b) package is used to invoke a general parsimony-based
ancestral character estimation protocol to infer the “cluster membership” state of
ancestral nodes in the tree (where each cluster membership transition is treated as
an equally likely event). At this point the processing of the gene family is done and

the program switches to output.

To provide a rudimentary indicator of the “surprise value”, or deviation from
expected values based on a random model, of each hypothesized state
reconstruction, a simple score is calculated using a method based on reshuffling.
Using the MCLUST-assigned expression category labels as input, BranchOut first
performs a traditional reconstruction and counts the number of category transitions
that occur for the true, observed state of labels on the tree. To then gauge how
uncommon this number of state changes is (given the number of states and their
distribution on the true tree), BranchOut shuffles the labels on the leaves and then
repeats the reconstruction step using these labels as an alternative input. As before,
the number of state transitions required is counted and recorded. This process is
then repeated a large number of times, generating a distribution of reconstruction

scores based on the reshuffled labels. BranchOut then produces a score by taking
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the ratio of the average number of state changes in the reshuffled trees to the

number of state changes in the true tree.

Since the objective of the BranchOut software is to locate gene families that
appear to have members involved in new function(s) (against a background of a
shared common ancestral function), reconstructions based on the actual expression
categories should require comparatively fewer state transitions compared to
reconstructions based on shuffled states. Thus, the BranchOut score should be high

for families where the number of required state changes in lower than chance.

3.4 Output

For each gene family, a set of output files is produced in a folder named after
the family identifier. This set is composed of four primary separate PDF files, as

follows, where the gene family name appears in place of <family_name>:

<family_name>_cluster assignments heat map.pdf

This PDF is a single image showing the heatmap of expression values based
on median-standardized expression values only. Each column corresponds to a
gene in the gene family, and each row corresponds to a sample
(condition/microarray/tissue/stimulus). Colors map the magnitude of the
expression assay measurements relative to the average, with increasingly vibrant
blue colors assigned to expression groupings below the average and increasingly
vibrant yellow colors assigned to groups with above average expression. This

perspective is useful for determining whether a gene family is active for the
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conditions being examined, and it indicates sub-groups that show coordinated

expression behavior. Figure 3.1 shows an example heatmap.
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Figure 3.1: An example of an “all conditions” heatmap from BranchOut. The set
of expression assays (corresponding to tissues) are displayed along the vertical axis.
Transcripts from the selected gene family are displayed along the horizontal axis.
Blue colors correspond to low/reduced expression cluster membership. Black (and
dark colors) are used for near-average expression membership, and increasingly
yellow colors are used for high expression group membership. Example taken from
Sus scrofa results (see chapter 5). Transcript identifiers have been truncated to omit
the prefix “ENSSSCT”.
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<family_name>_major_reconstruction_categories.pdf

For each set of hypothesized ancestral functions, the change in behavior
occurring on a branch can be interpreted as a change in category (0 - no change, -1 -
category dropped, +1 - category raised). Thus, the history of expression changes for
a given expression category can be summarized as a vector of -1s, 0s, and 1s as long
as it has at least two expression categories. For this output file, the number of times
each pattern of expression changes appears is recorded. For each pattern, starting
from the most frequently occurring to the least, the associated heatmap is shown
(depicting the changes at the expression level), the tissues/conditions/samples for
which this pattern was observed are reported, and the individual reconstructions
are listed subsequently. The underlying hypothesis behind these graphs is that a
user may be interested to see which reconstruction patterns apply to which
categories. Figure 3.2 shows an example reconstruction block and the associated

subset of the heatmap.
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Figure 3.2: A reconstruction block produced by BranchOut. For the gene family
in question, a subset of three tissues were found to share the same overall ancestral
state reconstruction pattern. The subset of the heatmap for these tissues and genes
is shown, colored as in Figure 3.1. Selected figure is taken from the Bos taurus
analysis (ligand-binding domain of nuclear hormone receptor family, see chapter 6).
Transcript identifiers have been truncated to omit the prefix “ENSBTAT”.
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<family_name>_MCLUST _results.pdf

All the MCLUST category assignments are depicted here against the backdrop
of an empirical density function showing the distribution of MSFCs for the given
tissue/category. This can be used to perform a quality check on the cluster
assignment, and to identify gene families that could benefit from re-analysis using
an alternative pair of MCLUST parameter settings. Figure 3.3 shows an example

cluster assignment plot.
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Figure 3.3: An example state assignment diagram. State assignments
corresponding to the coloring of leaves on the BranchOut reconstruction trees
illustrate how the clustering algorithm split observed expression indices into
clusters. One such diagram is produced for each tissue/gene family combination.
Selected diagram taken from stomach tissue as part of the Sus scrofa analysis (see

Chapter 5).
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<family_name>_individual_reconstructions.pdf

This document includes one phylogenetic tree for each expression condition
included in the input experiment. These trees are annotated with BranchOut's
hypothesized ancestral expression states, and optionally include the BranchOut

score described above. An example is shown in Figure 3.4.
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Figure 3.4: An example BranchOut single-condition reconstruction. Colors on
the leaves of the tree indicate the expression categories assigned by MCLUST, with
internal node colors reflecting the inferred ancestral states. Diagram selected from
the output of the Bos taurus analysis, ligand binding domain of nuclear hormone
receptor family in the rumen (see Chapter 6). Transcript identifiers have been
truncated to omit the prefix “ENSBTAT".
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3.5 Availability

BranchOut is available publicly on GitHub at the following URL:

https://github.com/owoody/BranchOut

3.6 Conclusions

The BranchOut software produces a folder of images for each included
family. Each of these folders consists of a self-contained analysis, highlighting
reconstructions that seem to have a strong phylogenetic signal for functional
diversification. These folders can be examined as the user specifies, but several
summary tables are also available that attempt to direct the user to tissue/family
pairings of particular noteworthiness (see Chapters 5, 6, Appendices B, C). To help
illustrate the nature of the analysis possible within each of these folders, the
subsequent chapter will show an example case of a gene family analysis in Apis
mellifera which was produced as a proof-of-concept using an early, single-family

variant of the BranchOut software.
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Chapter 4: Small-scale Application Involving
the Honeybee, Apis mellifera

4.1 Introduction

Apis mellifera, the western honeybee, has some evolutionary characteristics
that make it an interesting test case for the BranchOut software. For example,
honeybees have a stinger fed by a venom gland. The venom complement includes
an assortment of weaponized proteins. From an evolutionary perspective, all these
venom proteins must have been derived from ancestors with presumably benign
purposes; the existence of the venom gland is a derived characteristic unique to the
aculeata subclade (Tang, Vogler 2017) including wasps, ants, and bees. Therefore,
most venom genes must have undergone some form of functional adaptation, being
at least examples of neofunctionalization through expression in a novel tissue. This
could be the case were something like a digestive protein redirected to venom, for

example.

The honeybee is a eusocial organism. In eusocial organisms, there is a
pronounced division of labor, including cooperative care and rearing of offspring,
with reproductive activities being restricted to a limited number of individuals,
(Queller, Strassmann 2003). Though all members of a colony share a common
genome, the phenotype this genome produces is pliable and can produce several
distinct morphs known as castes. Eusociality is a complex evolutionary trait, and

there is an ongoing effort to determine the adaptations underlying a transition to a
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eusocial lifestyle at the genetic level (Quinones, Pen 2017). Hymenoptera, the order
of insects to which Apis mellifera belongs, uses a sex determination system known as
haplodiploidy, where sex is determined by ploidy level (rather than through sex
chromosomes)(Foster, Wenseleers et al. 2006). In this system, unfertilized eggs
typically develop into haploid males, whereas fertilized eggs develop into diploid
females. This system affects the relatedness of siblings (based on proportion of
shared genetic material) and has been suggested to be a strong supportive element
for the evolution of a eusocial lifestyle. Adoption of a eusocial colony structure is
believed to have multiple (>9) independent origins in the Hymenoptera (Foster,

Wenseleers et al. 2006).

4.2 The honeybee as a eusocial organism

Despite sharing a common genome, the ultimate developmental fate of bee
larvae is somewhat malleable, with several distinct phenotypical outcomes.
Depending on the conditions under which the larva develops (fertilized vs
unfertilized, and depending on nutritional complement -- see 4.3 below), bees can
be born into one of several castes (Barchuk, Cristino et al. 2007). These castes
determine the role taken by the bee in the hive. Males are haploid, carry out no
work in the colony, and serve as a disperser class. Most fertilized eggs develop into
diploid worker females, who carry out colony maintenance and gather food
resources. If, however, a fertilized (diploid) egg is exposed to a specific complement
of nutritional supplements during development, it will develop into a queen, a caste

dedicated to reproduction that founds hives and carries out the vast majority of the
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reproductive activity for the hive of individuals. This is in stark contrast to worker
females, which only rarely attempt to rear eggs of their own and serve entire lives as
caretakers (Johnson, B. R. 2010). The female workers are not uniform in their
activities, with some having roles predominantly within the hive as maintainers and
caretakers, and others serving outside the nest as scouts and gatherers. A worker’s
current role is also somewhat plastic even in adulthood, and physiological traits
(such as fat reserves) can vary considerably depending on what role a worker is

currently undertaking (Lattorff, Moritz 2013).

Queens have a “mating flight” where they mate with several males, and they
then retain a stock of sperm that are kept viable and used to fertilize eggs through
the queen’s tenure as the reproductive font of the colony. As a result, most of the
female workers in the colony will share a large proportion of their genetic material.
Specifically, they inherit one of the two sets of chromosomes possessed by their
mother (the queen), but (assuming the sperm are from the same male) they share
100% of the chromosomal complement from their father. One consequence of this
is that worker females are more related to their sisters than they would be to their
own daughters. The implications this has on kin selection and the development of

eusociality have inspired an active field of research (Hughes, Oldroyd et al. 2008).

4.3 The yellow protein family

The yellow protein family is common to most insects and includes genes that
typically play a role in early development (Ferguson, Green et al. 2011). The family

has relatively ancient origins and is usually present in modest numbers in insect
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genomes (~25 blastp hits in Apis mellifera and ~10 in Anopheles gambiae, based on

blastp search, 2016).

The yellow family is an interesting test case for the evolution of novel
function for one particularly salient reason: a subset of the yellow proteins have
evolved to hold a central role in caste determination and have come to be known as
the “major royal jelly proteins” based on how their role is carried out (Drapeau,
Albert et al. 2006). In addition to this prominent novel role, yellow proteins have
been implicated in taking roles in other tissues in adult Apis mellifera (Foret,

Kucharski et al. 2009).

The major royal jelly proteins are produced and excreted from the
mouthparts of colony workers inside the hive. The jelly serves a dual role, serving
as both a foodstuff and as a type of hormone. The hormone effect is particularly
pronounced on developing larva. Indeed, the ultimate developmental fate of the
larva is determined in large part by the quantity of major royal jelly proteins
(MR]Ps) that the larva is fed, with heavy investment tilting the path of development

towards that of a new queen (Buttstedt, Muresan et al. 2018).

To investigate the evolutionary origins of this subset of royal jelly proteins,
BranchOut was applied to the yellow protein family. This application simplifies two
aspects of the standard BranchOut pipeline. First, only a single gene family is
examined in this pilot. Second, the gene atlas (Foret, Kucharski et al. 2009) is of a
relatively small scale, including only 7 to 9 tissues (some samples do not correspond

exactly to a single organ). The benefit to having a small-scale pilot is that the results
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can be examined manually. Similarly, the single gene family is an established
participant in insect development, and is thus likely to show changes reflecting the

unique traits of the honeybee species.

4.4 Expression data

Microarray expression data was obtained from the supplementary
information from a study on the role DNA methylation plays in regulating
invertebrate genes (Foret, Kucharski et al. 2009). The expression atlas here was
produced on custom-made cDNA arrays. The microarray design used 12,915 unique
oligomer probes that matched sequences from the honeybee. They also included
some repeat probes and a number of controls for testing the quality of the
hybridization. The samples for hybridization mostly corresponded to tissues: the
antennae, the hypopharyngeal gland, the brain, the thorax, the ovary, and the larvae.
Most tissues had four unique samples (biological replicates), but some had only
three. Each sample was hybridized to a separate microarray. The expression
measures used for this study were taken from the publication itself without any

modification or alternative analysis.

4.5 Methods

A modified, small-scale version of the BranchOut software was used to
analyze the data. As this experiment is intended to illustrate the reasoning behind
the approach, the following explanation will focus on the interpretation of the
analysis steps. The steps described below were followed once per gene in the

yellow gene family.
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First, the normalized expression values for a gene were transformed using a
logarithm (base 2) transform and then scaled by subtracting the median
transformed expression value based on this gene’s expression across all tissues to
obtain a set of “median-scaled fold changes” (MSFCs). After this process, an MSFC
value of 0 corresponds to a gene being expressed at a level exactly matching the
median. Values of +1 would correspond to a doubling of this expression level, and -
1 would correspond to having the gene be expressed at half the level of the median.
A histogram of MSFCs is typically centered close to zero, though this is not strictly

necessary.

A set of all gene-specific MSFCs for a given tissue were then used as input to
MCLUST (Scrucca, Fop et al. 2016), the clustering software package used by
BranchOut. MCLUST assumes the observed MSFCs are drawn from a set of one or
more (normally distributed) expression distributions; the software can infer both
the number of distributions and their properties (mean, variance) directly. For this
study, the number of distributions was not specified in advance and MCLUST
decided on the number to model for each tissue on a case-by-case basis. The

number of categories varied from 2 (most common) to 7.

For each tissue, the number of distributions was likened to a set of possible
expression states, and each state was assigned a color corresponding to the ordering
of the mean intensity level of the category (lowest: red, through blue, yellow, violet,
orange, green, to highest: white). These colors were assigned for display purposes

in summary graphs.
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To put these categories in a framework that depicts their evolutionary
relatedness and history, a phylogenetic tree was built using the corresponding gene
sequences. Following multiple sequence alignment with MUSCLE (Edgar 2004), The
MrBayes software (Ronquist, Huelsenbeck 2003) was used to construct a Bayesian

phylogenetic tree.

The colors assigned to the categories were used as labels for the leaves of the
phylogenetic tree, generating one tree per tissue included in the study. Then, for
each of these trees, the ancestral expression states were estimated using the ACE
(“Ancestral Character Estimation”) algorithm included in the ‘ape’ (Paradis, Claude
et al. 2004a) package for the R statistical software (R Development Core Team
2010). ACE applies a parsimony approach to reconstruction, with transitions
between states scored by the number of states separating them. For example, if
MCLUST suggested that the MSFCs were drawn from three distinct distributions,
these could be conceptually related to the states of “downregulated”, “typical
regulation”, and “upregulated”, and a switch from “downregulated” to “upregulated”
would pass through one intermediate step and thus be scored with a distance of 2
units. The ancestral state estimation procedure sought to minimize the total
number of units of change required to explain the extant expression states on that
tree for each tissue. In cases where two rival reconstructions had an equivalent

cost, one of the two possible reconstructions was selected at random.
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4.6 Results

A heatmap showing the relative distribution of expression signals is shown in Figure
4.1. Note that in this traditional analysis it is clear that there are many genes with
elevated expression in the hypopharyngeal gland, but not whether these genes

share a common phylogenetic origin.
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Figure 4.1: Heatmap showing gene expression behavior for the yellow gene
family in Apis mellifera. Darker colors correspond to greater expression levels.
HPG is an abbreviation for the hypopharyngeal gland; the secretory gland near the
mouthparts. Genes are indexed using NCBI “Gene” identifiers; all genes from Apis
mellifera. Alternative identifiers are listed in Appendix A.

Figure 4.2 shows an illustration of the MCLUST output for several tissues.
The assignment of expression values to clusters was mostly well done, though the
distribution of values in the ovary tissue caused the algorithm to determine that a

large number of clusters were appropriate. This behavior could have been avoided
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by adjusting the parameters for MCLUST, but a common MCLUST parameter setting

was kept for all tissues instead (for consistency and repeatability).
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Figure 4.2: MCLUST results for the yellow protein family in Apis mellifera.
Gene expression levels were standardized to the median (for each gene across
tissues), and then MCLUST was used to classify the standardized values into
expression categories (distinguished by color). The categories were then used as
labels for reconstruction on a phylogenetic tree (Figures 4.4 & 4.5). The line above
the colored bars shows the estimated density function, and can be used to infer
where MCLUST thought to split the measures into different sample distributions.

The MrBayes phylogenetic tree, using the default parameters, is shown in

Figure 4.3. This tree represents a hypothesis of the evolutionary path taken by the
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yellow protein family, with splitting branches in the tree representing gene
duplication events that led to the present day diversity of yellow proteins in the

honeybee genome.

Figure 4.4 shows some example reconstructed trees for the tissues included
in this study, contrasting one annotated BranchOut tree for a tissue with clear signal

(HPG) to a tissue where the active genes were more distributed (brain).
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Figure 4.3: MrBayes tree for the yellow protein family in Apis mellifera.
Branches are colored brown with the exception of the major royal jelly proteins,
which are shown with pink branches. Posterior probabilities are shown at internal
nodes throughout the tree.
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HPG (hypopharyngeal gland) brain

Figure 4.4: Hypothetical expression states of ancestral yellow gene family
members from two Apis mellifera tissues, hypopharyngeal gland (left) and the
brain (right). Expression categories are depicted as colors and correspond to the
clusters assigned in Figure 4.2. The hypopharyngeal gland shows a strong
association between the upregulation category (blue) and the subtree associated
with the major royal jelly proteins, whereas the brain does not.
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The most interesting finding is in the hypopharyngeal gland. This gland is
associated with the mouthparts of the honeybee. Here, the MCLUST algorithm has
split the MSFCs into two categories roughly corresponding to “low” and “high” levels
of expression. Many members of the yellow protein family show little-to-no activity
in this tissue, but a subset show activation. Intriguingly, this subset of expression
levels is clustered together in the phylogenetic tree, suggesting they share common
ancestry. In this case, common ancestry is in the sequence-similarity sense - the
subgroup of genes all share a common ancestor gene located midway up the tree,

and together form a largely monophyletic group.

A further interesting result can be obtained by contrasting this subgroup
with common function against the remainder of the gene family tree. In Figure 4,
the “low/off” state has been selected for all the other members of the gene family,
and the inferred ancestral expression patterns suggest that the ancestor of the
entire family should also have been inactive in the hypopharyngeal gland. This is
the exact sort of scenario that BranchOut was designed to highlight and present to
the user: a gene family tree where a majority follow an ancestral expression
pattern, but with a minority that seem to have adopted a novel expression pattern in

at least one tissue.

4.7 Discussion

This small test case has shown potential BranchOut approach. In the
software’s favor, we have been able to identify a tissue where the yellow protein

family seems to have undergone an event of functional innovation - that is to say, a
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subset of the yellow protein family has been adapted to a new role in the
mouthparts, where the remainder of the gene family (and all its ancestors) appear

to have had no expression activity there.

This subset of the yellow protein family includes almost all of the members
who have the particular additional designation of being “major royal jelly” proteins.
These are the members of the yellow protein family that are known to be produced
in the mouthparts of worker bees so that they can in turn be fed to developing
larvae in the hive. As mentioned earlier, the ultimate developmental trajectory of
honeybee young is determined by the quantity of MR]Ps allocated to them during
larval development. In this case, the BranchOut approach has revealed a key facet of
yellow protein evolution that has been characterized previously (Foret, Kucharski et
al. 2009) providing proof of concept that the BranchOut approach is effective at

identifying function innovations.
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Chapter 5: Application of BranchOut to Sus scrofa
Microarray Expression Atlas

5.1 Introduction

Sus scrofa (the domesticated pig) has become established as a model
organism for mammalian biology. In addition to its long history as a livestock
animal and food source (Caliebe, Nebel et al. 2017), the pig is sufficiently similar
physiologically to humans that several research groups are striving to establish a
safe xenotransplantation protocol which would allow pigs to serve as organ donors
to address medical demand (Ekser, Rigotti et al. 2009). Pigs are also used as models
for a number of human diseases (Cullen, Lu et al. 2018, Bailey, Carlson 2019).

Due to its importance, the Sus scrofa genome was first sequenced relatively
early (circa 2007) (Fan, Gorbach et al. 2011). This was followed up with a first
effort at a full-tissue expression atlas project in 2012 (Freeman, Ivens et al. 2012).
With both these primary streams of data publicly available it was possible to
perform an analysis using BranchOut on the entire pig genome/transcriptome.

5.2 Methods

Gene expression (microarray) data were downloaded from the ArrayExpress
(Kolesnikov, Hastings et al. 2015) web portal
(https://www.ebi.ac.uk/arrayexpress/, Accession # E-MTAB-1183). Both the
normalized expression values and the “snowball” Affymetrix array definition file (a
custom-designed Affymetrix microarray that included a number of probes from the
most recent cDNA sequence database, many of which were absent from previous

generations of Affymetrix pig arrays) were downloaded from this resource. The
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ADF also included each target’s transcript, gene, and protein accessions (when
available), which facilitated matching microarray probes to various coding
sequences.

The expression atlas contains expression values from 105 tissue samples,
with most tissues being present in duplicate with one sample from each sex (65
unique tissues). This custom-designed of the Sus scrofa Affymetrix array has 47,846
probe sets (including controls) (Freeman, Ivens et al. 2012).

Gene sequence information was downloaded from the Ensembl database
(Hunt, McLaren et al. 2018). A complete list of Sus scrofa coding sequences was
obtained as a fasta file from (ftp://ftp.ensembl.org/pub/release-
75/fasta/sus_scrofa/cds/). Each probeset in the microarray dataset had a
corresponding transcript identifier, and these transcript identifiers were matched to
corresponding gene sequences in this fasta file. These sequences were used as the
input for the phylogenetic component of the BranchOut analysis.

Gene Family affiliation was determined using an identifier mapping table
provided on the “Protein Information Resource” (Nikolskaya, Arighi et al. 2007)
website (https://proteininformationresource.org/). As discussed in methods, the
PIRSF database was queried to identify all Sus scrofa records affiliated with known
evolutionarily related structure families. In all instances where a probe identifier
from the ADF could be associated with a PIRSF record, coding sequence information
was obtained and paired with the associated protein family and gene expression
records. In order to focus on families where novel functions could be readily

distinguishable, very small (and a few very large) families were excluded from
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further processing. Any gene families that contained at least 7 or at most 120
members with full sequence, expression, and family annotation were kept for
subsequent analysis.

For each family, the cDNA sequences for all fully annotated sequences were
exported from R and subjected to multiple sequence alignment using MUSCLE
(Edgar 2004) with default parameters. Resulting sequence alignments were
converted to PHYLIP format (Retief 2000) and input into PhyML for phylogenetic
tree construction (using default parameters including an HKY85 sequence evolution
model)(Guindon, Gascuel 2003). This tree was then collected and associated with
its gene family record in R. The multiple sequence alignments and tree
reconstructions took 8 hours and 24 hours, respectively, on a standard desktop
computer.

BranchOut then performed an analysis on each family, clustering member
gene expression on a tissue-by-tissue basis allowing up to nine possible clusters.
The expression cluster with expression levels closest to the median was assigned a
black color, and then clusters with higher/lower expression medians were colored
progressively brighter shades of yellow/blue, respectively. The cluster
memberships were then displayed on the leaves of the gene family phylogenetic
tree, colored accordingly. Cluster reconstruction (as a discrete character) was then
performed using the ace function in the ape package in R.

A total of 350 gene families were successfully processed by the BranchOut
software. The expression clustering and reconstruction were completed within

approximately 3 hours on a standard desktop computer.
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BranchOut provides a basic index of phylogenetic signal for prioritizing gene
families for inspection. This index is based on the number of expression cluster
changes, or “color changes”, required to reconstruct the evolutionary history of the
gene family. One index is computed for each family/tissue combination. The index
itself is the ratio of the estimated number of state changes required in the observed
history and the average number required when the same distribution of leaf cluster
assignments are randomly reassigned to leaves and subjected to reconstruction.
For large subtrees that share a unique expression cluster assignment
(corresponding to a sub-family that shares a unique function within the broader
gene family tree), the true number of changes should be smaller than the number
obtained by shuffling these labels across the entire gene family proper.
Correspondingly, large differences should correspond to families with a potentially
promising phylogenetic signal.
5.3 Results and discussion

The BranchOut software produces a collection of plots and images for each
individual protein family. In addition to this low-level analysis, the software’s
output can be collated to make some high-level inferences about the tissues and
proteins showing signs of functional specialization in the organism as a whole.
Three high-level summaries are provided in the following tables.

The first summarization strategy is to identify the tissues with the highest-
scoring family reconstructions and to rank-order the findings based on these most
prominent results. This approach has the potential advantage of narrowing the

search to those findings most likely to correspond to tissue-specific functional
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evolution. As a preliminary ranking scheme, each tissue was ranked based on the
average of the top three reconstruction scores for all protein families. An
abbreviated subset of this list (highlighting the top 20 tissues) is shown in Table 5.1.
Alternatively, instead of focusing on the “interaction” between tissues and
protein families, these two axes can be examined in isolation. Table 5.2 shows a
subset of a list indicating the frequency at which each tissue category was observed
in the set of most-significant BranchOut scores (top 1547 scores). Based on
resampling statistics obtained by taking random samples of 1547 tissue labels from
the complete output without replacement, a score of 22 or higher is rather
uncommon (being the next whole number past the mean plus twice the standard

deviation).
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Table 5.1: Sus scrofa tissues with many high-scoring BranchOut signal scores
and a summary of findings.

Tissue

Largest BranchOut

Second Largest

Third Largest Score

Score Score
. ABC transporter MORN repeat Cytochrom.e b$ I|k.e
Fallopian tube P3 F [40](4.625) [91(4.6) Heme Steroid binding
' ) domain [10](2.85)

Testis adult M

Disintegrin [24](4.083)

ADAM cysteine rich
[22](3.867)

Eukaryotic aspartyl
protease [7](3.35)

Abdominal aorta

X3 5 cyclic nucleotide
phosphodiesterase

ARID BRIGHT DNA
binding domain

Cysteine rich
secretory protein

P3F [11](5.85) [11](2.95) family [10](2.025)
Hind Brain . . ADAM cysteine rich Reprolysin family
medulla P4 M Disintegrin [24](3.95) [22](3.85) propeptide [31](2.7)

Spinal cord lower

Disintegrin [24](3.7)

ADAM cysteine rich

TIR domain [8](2.65)

P2F [22](3.6)
Spinal cord upper ADAM cysteine rich Disintegrin G protein alpha
P2F [22](3.9) [24](3.75) subunit [10](2.25)

Mesenteric lymph
node P3 F

PCl domain [10](5.3)

Myosin N terminal
SH3 like domain
[71(2.35)

Clqg domain [18](2.25)

Kidney medulla P4
M

Myosin N terminal SH3
like domain [7](3.75)

Frizzled Smoothened
family membrane
region [7](3)

NHL repeat [7](2.9)

Jejeunum P4 M

Aminotransferase class
| and 11 [13](4.25)

Myb like DNA
binding domain
[241(2.7)

Class |
Histocompatibility
antigen domains

alpha land?2
[10](2.683)

Stomach fundus
P3F

Cyclin Cterminal
domain [8](3.85)

Amino acid
permease [17](2.9)

Thyroglobulin type 1
repeat [12](2.8)

Trachea P4 M

Zinc carboxypeptidase
[16](3.95)

Eukaryotic aspartyl
protease [7](3.05)

NAD dependent
epimerase
dehydratase family
[8](2.45)

Jejeunum P3 F

Cullin family [7](3.5)

MIR domain
[71(3.05)

PAP2 superfamily
[11](2.9)
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Type |
phosphodiesterase

Serpin serine

Liver P3 F nucleotide Cl[ﬁsollfzmsa)m protease inhibitor
pyrophosphatase ’ [25](2.58)
[71(3.85)
Elongation factor Tu Sodium ion .
Blood 1 GTP binding domain transport associated PAPZ[E;]F()Er;m”y
[15](3.65) [71(2.9) '

Cerebellum P4 M

G protein alpha subunit
[10](3.25)

Cyclophilin type
peptidyl prolyl cis
trans isomerase CLD
[15](3.15)

RecF RecN SMC N
terminal domain
[8](2.625)

Pancreas P4 M

PAP2 superfamily
[111(3.2)

Eukaryotic aspartyl
protease [7](3.15)

Myosin N terminal
SH3 like domain
[71(2.65)

Penis P4 M

Annexin [8](3.6)

Elongation factor Tu
C terminal domain
[9](2.775)

Gelsolin repeat
[91(2.6)

Trachea P3 F

Annexin [8](4)

Cysteine rich
secretory protein

uDENN domain

family [10](2.65) [12](2.3)
lleum P4 M Methyltransferase MAM domain ABC transporter
domain [10](4.45) [9](2.6) [40](1.875)

Note: Numbers in square brackets indicate the number of transcripts assigned to the
corresponding family. Numbers in round brackets provide the BranchOut signal
score (ratio of expected state transitions to estimated number of state transitions).
M and F designations indicate whether a given tissue sample was from a male or

female specimen.

Table 5.3 indicates the frequencies at which various protein families

appeared in the top 1547 results. Based on resampling statistics obtained by taking

random samples of 1547 protein family labels from the complete output without

replacement, a score of 8 or higher is rather uncommon (being the next whole

number past the mean plus twice the standard deviation).

Complete versions of tables 5.2 and 5.3 can be found in Appendix B.
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Table 5.2: Rank-ordered list of Sus scrofa tissues that contained a large number
of high-scoring BranchOut reconstruction signals.

Representation
Tissue Sample in High-Scoring

Reconstructions
Thymus.P3.F 29
Jejeunum.P3.F 26
Cortex_.prefrontal..P3.F 25
Jejeunum.P4.M 25
Blood_1 23
Hind_Brain_.medulla..P4.M 23
Liver.P3.F 23
Cerebellum.P4.M 22
Cortex_.prefrontal..P4.M 22
Placenta.F 22
Tongue_.dermal_layer..P4.M 22
Caecum..apical..P4.M 21
Colon_.distal..P3.F 21
Spinal_cord_.lower..P2.F 21
Testis_.adult..M 21
Colon_.distal..P4.M 20
Colon_.proximal..P3.F 20
Fallopian_tube.P3.F 19
Gall_bladder.P3.F 19
Kidney_.medulla..P4.M 19
Lung_Parenchyma.P3.F 19
Rectum.P4.M 19
Skeletal _muscle_.leg..P3.F 19
Tongue_.dermal_layer..P3.F 19
Blood_2 18
Duodenum.P4.M 18
Hind_Brain_.medulla..P3.F 18
Pancreas.P4.M 18
Rectum.P3.F 18
Spinal_cord_.lower..P3.F 18

Note: The entry in the right column indicates the number of times the indicated
tissue contained a high-scoring protein family reconstruction. Roughly 1547 high-
scoring reconstructions were present across all tissue/family combinations; a
representation of 22 is the next whole number after the expected mean count plus
twice the standard deviation of counts (assuming random sampling of 1547 tissue
labels). A complete list is shown in Appendix B.
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Table 5.3: Rank-ordered list of Sus scrofa gene families that contained a large
number of high-scoring BranchOut reconstruction signals.

Representation
Protein Family Identifier and Description in High-Scoring

Reconstructions
PF02736: Myosin.N.terminal.SH3.like.domain 34
PF00386: C1lg.domain 32
PF00026: Eukaryotic.aspartyl.protease 26
PF00244: X14.3.3.protein 25
PF06512: Sodium.ion.transport.associated 21
PF00175: Oxidoreductase.NAD.binding.domain 19
PF00503: G.protein.alpha.subunit 18
PF00030: Beta.Gamma.crystallin 17
PF00160: Cyclophilin.type.peptidyl.prolyl.cis.trans.isomerase.CLD 17
PF00188: Cysteine.rich.secretory.protein.family 17
PF00010: Helix.loop.helix.DNA.binding.domain 15
PF01582: TIR.domain 15
PF02463: RecF.RecN.SMC.N.terminal.domain 15
PF0O0040: Fibronectin.type.ll.domain 14
PF00191: Annexin 14
PF01569: PAP2.superfamily 14
PF01534: Frizzled.Smoothened.family.membrane.region 13
PF00022: Actin 12
PFO0055: Laminin.N.terminal..Domain.VI. 12
PF00086: Thyroglobulin.type.l.repeat 12
PF00629: MAM.domain 12
PF0O0735: Septin 12
PF01266: FAD.dependent.oxidoreductase 12
PF01436: NHL.repeat 12
PF01462: Leucine.rich.repeat.N.terminal.domain 12
PF01576: Myosin.tail 12
PF03062: MBOAT.family 12
PF03114: BAR.domain 12

Note: The entry in the right column indicates the number of tissues in which that
family had a high-scoring reconstruction. Roughly 1547 high-scoring
reconstructions were present across all tissue/family combinations; a
representation of 8 is the next whole number past the mean count plus twice the
standard deviation of counts (assuming random sampling of 1547 family labels). A
complete list is shown in Appendix B.
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Although these high-level summaries suggest “low-hanging fruit” for analysis,
examining the visual output of BranchOut can also be informative. Several examples

are highlighted in the following sections.

5.3.1 PF00200 - The Disintegrins

The disintegrins are cell receptors. They largely serve as anti-coagulants and play a
prominent role in venoms in other species (Giebeler, Zigrino 2016). There were 24
transcripts associated with the disintegrin protein family in Sus scrofa. According to
BranchOut summary scores, the tissues with the strongest evolutionary signals
were the testis, spinal cord, hind brain/medulla, and prefrontal cortex. A summary

of the expression classification can be found in Figure 5.1a & b.
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(Figure continues on next page)
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Figure 5.1a &b: Map of Expression Clustering Assignments for the Disintegrin
protein family in Sus scrofa. Yellow coloring was used to indicate up-regulation of
a transcript relative to the protein family-average in a given tissue. Blue indicates
down-regulation, and black indicates membership to the cluster closest to the
median. Transcript order (right-to-left) matches the ordering in subsequent tree
figures (top-to-bottom). Transcript identifiers have been truncated to omit the
prefix “ENSSSCT”.
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In the Sus scrofa expression atlas, we can see a monophyletic subgroup of genes that
diverge from the expression of the remainder of the family via evidence of
expression in the central nervous system. These three genes showed elevated
expression in the cortex, cerebellum, medulla and spinal cord (prefrontal cortex
shown in Figure 5.2). These three genes showed only limited expression in other

tissues.

PF00200 _Disintegrin_[24] Cortex_.prefrontal..P3.F
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00000010842
00000017212
- 00000025294
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- 00000007354
00000002584
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- 00000002579
00000002588
00000002583

N 00000032619
00000010573
00000010572
00000010574

-
- 00000011758
| 00000007155
1 00000018565
N 00000033889

00000018885
00000017564
00000016668

Figure 5.2: BranchOut reconstruction of the Disintegrin protein family in the
prefrontal cortex. Dark and bright yellow colors correspond to “moderate-" and
“highly-above average expression” classifications for nodes. Transcript identifiers
have been truncated to omit the prefix “ENSSSCT”.
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Intriguingly, the diagram suggests that this subgroup is nestled within a set of genes
that are otherwise expressed exclusively in blood cells. The ancestral character
estimation proposes that this role in blood may be ancestral to the entire sub-group

(see Figure 5.3).

PF00200_Disintegrin_[24] _Blood_1
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00000017212
L 00000025294
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| 00000007354
00000002584
00000010632

. 00000002579
00000002588
00000002583

B 00000032619
00000010573
00000010572
S 00000010574
B 00000011758
(- ] 00000007155
5 ] 00000018565
] 00000033889
00000018885

00000017564
00000016668

Figure 5.3: BranchOut reconstruction of the Disintegrin protein family in a
blood sample. Bright yellow coloring corresponds to a “above average expression”

classification for nodes. Transcript identifiers have been truncated to omit the
prefix “ENSSSCT”.
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The majority of the remainder of this family is exclusive to a single tissue: the
testes. The entire monophyletic group occupying the top half of the tree showed

expression almost exclusively within this gender-specific tissue (see Figure 5.4).

PF00200_Disintegrin_[24] Testis_.adult..M

] 00000010845
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00000017212
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00000002584

00000010632

] 00000002579
00000002588
00000002583

L 00000032619
00000010573
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L]
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| 00000033889

00000018885
00000017564

00000016668

Figure 5.4: BranchOut reconstruction of the Disintegrin protein family in the
testis. Bright yellow coloring corresponds to a “above average expression”
classification for nodes. The subgroup shown at the top of the figure is composed of
mostly yellow nodes, and is one of the most highly scoring BranchOut signals in the
Sus scrofa data set. Transcript identifiers have been truncated to omit the prefix
“ENSSSCT”.
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The remaining genes showed sporadic expression throughout the digestive system
(not shown).

It is tempting to speculate about the potential roles these disintegrin-like
members play in the pig. There appear to be some instances of disintegrin-like
proteins playing a role in the myelin sheath of nervous tissue (Giebeler, Zigrino
2016); perhaps some of the brain-localized transcripts play a similar role here. The
large group showing preferential expression to the testis may play a role in arming
sperm with proteins that influence membrane integrity (Kim, Park et al. 2009).
Through BranchOut’s results, it is easy to note that these roles appear to be largely

restricted to specific sub-groupings within the gene family phylogeny.

5.3.2 PF00005: ABC transporters

The ABC-transporters are trans-membrane ATP-driven transport proteins. They are
known to play a role in the handling of foreign biological material in the gut
(Mercado-Lubo, McCormick 2010). There were 40 members of this family included
in this analysis. According to BranchOut summary scores, the tissues with the
strongest evolutionary signals were the fallopian tubes, thymus, and ileum. A

summary of the expression classification can be found in Figure 5.5a & b.
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(Figure continues on next page)
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Figure 5.5a & b: Map of Expression Clustering Assignments for the ABC
transporter protein family in Sus scrofa. Yellow coloring was used to indicate up-
regulation of a transcript relative to the protein family-average in a given tissue.
Blue indicates down-regulation, and black indicates membership to the cluster
closest to the median. Transcript order (right-to-left) matches the ordering in
subsequent tree figures (top-to-bottom). Transcript identifiers have been truncated
to omit the prefix “ENSSSCT”.
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The subgroup consisting of transcripts 10416, 10411, 10415, 10414, and
10412 all show elevated expression throughout the duodenum, jejeunum, ilium,

caecum, colon, and rectum (ileum shown in Figure 5.6).
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Figure 5.6: BranchOut reconstruction of the ABC transporter protein family in
the ileum. Bright yellow coloring corresponds to a “above average expression”
classification for nodes. The tight subgroup in the middle of the figure is composed
of closely related paralogs that share some exons (and perhaps some regulatory
control). Transcript identifiers have been truncated to omit the prefix “ENSSSCT”.
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The same genes also show elevated expression in the thymus and thyroid glands, in
addition to the fallopian tubes in females. At least two of these transcripts represent
alternative splicings of the same core genetic sequence; 10412 and 10414 share
four exons but vary substantially over the remainder of their coding sequence

(Figure 5.7). All five genes are in the same immediate region on the same

chromosome.
Ensembl version ENSSSCG00000009497.3
Gene type Protein coding
Annotation method Annotation produced by the Ensembl genebuild.

‘==r = Goto Region in Detail for more tracks and navigati

options (e.g.

102.57 kb Forviard strand pm
——
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Genes (Merged

Ensembl/Hayvana). ENSSSCTO0000010412 >

protein coding

ENSSSCT00000010414 >
protein coding

Contigs.
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e Reverse strand 192.57 kb

£4.600Mb 64.625Mb

Figure 5.7: Screenshot of Ensembl exon/intron model for selected ABC-
transporters. Two overlapping transcripts are shown here. Other transcripts in the
immediate subgroup colored in yellow on the tree (see Figure 5.6) are located near
this immediate sequence and show similar overlap.

In summary, a large number of closely related transporters are expressed
throughout the entirety of the extensively sampled pig digestive system. Given the
known role of these proteins in handling xenobiotics, it is tempting to suggest the
proliferation of highly specialized forms of these genes could be a response to
challenges imposed by domestication. Being restricted to close quarters with many
conspecifics could put the domesticated pig at greater risk of contracting parasites.
Similarly, the diets of domesticated pigs may include unique challenges when

contrasted to what would be encountered foraging in the wild. BranchOut makes it

easier to note that these transcripts are not only closely related paralogs, but seem
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to be derived from variations on a duplicated region, to the point of even sharing
exons. This suggests that splice variation may have been exploited to generate

subtle variants that respond to different antagonists.

5.3.3 PF00067: Cytochrome P450

The cytochrome P450 protein family serves a variety of purposes throughout
the body. In the liver and digestive tract, they play a role as detoxification enzymes
(Ahalawat, Mondal 2018). In this analysis, 37 transcripts were associated with the
cytochrome P450 protein family. According to BranchOut summary scores, the
tissues with the strongest evolutionary signals were the surface of the tongue,
fallopian tubes, and kidney cortex (from summary file in style of Table 5.1, not

shown). A summary of the expression classification can be found in Figure 5.8a & b.
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Figure 5.8a & b: Map of Expression Clustering Assignments for the Cytochrome
P450 protein family in Sus scrofa. Yellow coloring was used to indicate up-
regulation of a transcript relative to the protein family-average in a given tissue.
Blue indicates down-regulation, and black indicates membership to the cluster
closest to the median. Transcript order (right-to-left) matches the ordering in
subsequent tree figures (top-to-bottom). Transcript identifiers have been truncated
to omit the prefix “ENSSSCT”.

In the output of BranchOut, a subgroup composed of highly similar

sequences shows coordinated expression in both the liver (not shown) and kidney
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(below). Interestingly, this subgroup clusters together with the cytochromes found
in the optic nerve, despite having a presumably different biological function

(indicative expression shown in Figure 5.9, for the kidney cortex tissue).
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Figure 5.9: BranchOut reconstruction of the cytochrome P450 protein family
in the cortex of the kidney. Bright yellow coloring corresponds to a “above
average expression” classification for nodes. Transcript identifiers have been
truncated to omit the prefix “ENSSSCT”.

86



Several members from the family from the second broad subtree show
elevated activity in kidney and liver together with the closely related group situated
near the top of the tree. Interestingly, these cytochrome genes are nested within a
subgroup that is otherwise active in the digestive tract, but in stomach, duodenum,
and colon, all outside the specific vicinity of the kidney/liver.

It would be interesting to examine the extent to which members of
subgroups of the cytochrome family are able to “trade roles” and migrate into other
active tissues. Having multiple tissues where cytochrome P450 members are active
allows diverse selective pressures to act on these genes, perhaps allowing some to
pursue evolutionary paths that lend them to adoption in other roles. The BranchOut
software helps identify this potential subfunctionalization role by making it clear
that the genes active in the kidney and liver are not, on the whole, immediate
paralogous siblings, but they may have functionality that is useful in multiple tissue
types.

5.4 Summary of Sus scrofa BranchOut analysis

The Sus scrofa microarray data set provides expression for most tissues in
pairs, with one sample taken from each sex. Although there are probably some sex-
specific expression patterns, it seems likely that for the majority of shared tissues
there should be relatively little sex-specific expression. If one is willing to make this
assumption, the coincidence of both male and female tissues in ranking schemes
may be suggestive of the reproducibility of BranchOut findings.

It is perhaps reassuring to see both upper and lower spinal cord together in

the top scoring findings (Table 1), and to also see both male and female trachea

87



tissues showing up together in the list. They do not, however, have any high-scoring
tissue reconstructions in common, which may suggest that BranchOut analyses
must be treated with caution in isolation.

Certain protein families show up high in the ranking tables far more often
than expected by chance. To some extent, this appears to be an interaction between
features of some phylogenetic trees and the scoring scheme used in this analysis.
Specifically, for families with a single outlying gene that often shows divergent
expression behavior, reshuffled labels are far more likely to produce
reconstructions that push this behavior up the tree than the actual estimated tree
itself.

Nonetheless, these results provide a new perspective on the evolution of
gene regulatory behavior within Sus scrofa. By comparing and contrasting
expression profiles within a gene family, it is easier to determine whether the
functions of genes within a family have become diversified, and in what ways these
diversifications diverge from the expression behavior shown in other members of

the family.
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Chapter 6: Application of BranchOut to High-
Throughput Sequencing: Bos taurus Data Set

6.1 Introduction

The domesticated cow (Bos taurus) is an economically important livestock
animal. The initial bovine genome assembly was published in 2009 (Tellam, Lemay
et al. 2009), and a preliminary expression atlas was published in 2010 (Harhay,
Smith et al. 2010). The analysis in this chapter uses a more recent expression atlas

made available on the Bovine Genome Database.
6.2 Methods

As a second trial run of the BranchOut suite, an RNA-seq expression atlas
data set was collected from the Bovine Genome Database (Hagen, Unni et al. 2018).
This expression data set does not appear to have a specific associated publication,
but can be accessed in its entirety via the NCBI sequence read archive (Kodama,
Shumway et al. 2012)(https://www.ncbi.nlm.nih.gov/sra?term=SRP049415). This
dataset included 92 tissues, the vast majority of which were sampled from
Dominette (the same animal used to produce a bovine genome assembly). The data
was produced using an Illumina HiSeq 2000. The processed and normalized
sequence read counts were queried from the Bovine Genome Database using its

“Query Builder” tool, selecting all tissue expression records without any restrictions.

Normalized read counts (output of cuffnorm (Trapnell, Williams et al. 2010)

as provided by Bovine Genome Database) were used as the primary expression data
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input for BranchOut. One of the 92 tissues, spinal cord, had an expression profile
that was vastly different from the remaining samples (including roughly only 10%
the transcript diversity of other tissues) and was excluded from this analysis. To
maximize ease-of-interpretation (but perhaps at some cost to biological richness
and accuracy), the study was restricted to transcripts that showed evidence of
expression in all of the remaining 91 tissues. A total of 25332 transcripts met this

criterion for inclusion.

Gene sequence information was downloaded from the NCBI ftp server as
suggested by the Bovine Genome Database
(ftp://ftp.ncbi.nlm.nih.gov/genomes/refseq/vertebrate_mammalian/Bos_taurus/lat
est_assembly_versions/GCF_002263795.1_ARS-UCD1.2/). The complete coding

sequences (CDS) file was used to obtain all sequences.

Gene Family affiliation was determined using an identifier mapping table
provided on the “Protein Information Resource” website
(https://proteininformationresource.org/). The PIRSF database (Nikolskaya, Arighi
et al. 2007) was queried to identify all Bos taurus records affiliated with known
evolutionarily related structure families. This mapping table did not include the
transcript labels used to annotate the sequencing data, so a tool made available by
UniProt was used to map transcript records to uniprot IDs. A total of 58,077
transcript identifiers were mapped (many-to-many) to a total of 14,311 unique

uniprot identifiers.
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For each family, the cDNA sequences for all fully annotated sequences were
exported from R and subjected to multiple sequence alignment using MUSCLE
(Edgar 2004) with default parameters. Resulting sequence alignments were
converted to PHYLIP format (Retief 2000, Felsenstein 1988, Felsenstein 1997) and
input into PhyML (Guindon, Gascuel 2003) for phylogenetic tree construction (using
default parameters including an HKY85 sequence evolution model). This tree was
then collected and associated with its gene family record in R. The multiple
sequence alignments and tree reconstructions took 2 hours and 9 hours,

respectively, on a standard desktop computer.

Many sequences produced in this data set could not be easily matched to
protein families. Often it was the case that a single transcript would map to multiple
PFAM protein families, and conversely a single (protein) member of a PFAM group
often mapped to multiple transcripts. An effort was made to keep as many
unambiguous matches as possible, minimizing the number of arbitrary exclusions.
In total, 154 PFAM protein families contained a sufficient number of transcripts

(>=7) for BranchOut to constructively analyze the associated family.

The normalized read count measure included a number of expression levels
that were very low, with some near machine precision. A histogram of normalized
read counts was examined and it appeared as though most expression values were 1
or greater. Prior to a log-transformation for subsequent analysis, any expression

values below 1 were set to a minimum value of 1 (log-value of zero).
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6.3 Results and Discussion

As before (see chapter 5), three high-level summary tables were generated to
provide some insight into active tissues and protein families within the Bos taurus
data set. Table 6.1 shows the result of ranking each tissue based on the average of
the top three reconstruction scores for all protein families. The 20 highest scoring
tissues are shown. Table 6.2 shows a subset of a list indicating the frequency at
which each tissue category was observed in the set of most-significant BranchOut
scores (top 737 scores). Based on resampling statistics obtained by taking random
samples of 737 tissue labels from the complete output without replacement, a score
of 13 or higher is rather uncommon (being the next whole number past the mean

plus twice the standard deviation).

Table 6.1: Bos taurus tissues with many high-scoring BranchOut signal scores
and a summary of findings.

Tissue Largestsfc::\:chOut Second Largest Score Third Largest Score
Mesenteric Immunoglobulin C1 Thioredoxin [7](3.5) TPR repeat [28](2.45)
lymph node set domain [7](4.05)

Super bull Zinc finger C3HC4 Acyltransferase Cyclin N terminal

testis type RING finger [71(3.15) domain [9](3)

[71(3.65)
Gall bladder Tubulin C terminal Tubulin FtsZ family Leucine Rich repeats 2
domain [13](3.45) GTPase domain copies [13](2.8)
[14](3.2)

Internal Zinc knuckle [8](3.85) | Mitochondrial carrier NHL repeat [7](2.35)

tongue protein [21](3.1)

muscle

Jejunum Immunoglobulin C1 Adaptor complexes von Willebrand factor
set domain [7](3.55) | medium subunit family | type A domain [8](2.8)
(81(2.9)
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Adrenal

Immunoglobulin C1
set domain [7](3.9)

Thioredoxin [7](2.65)

EF hand [8](2.45)

Lymph nodes

Immunoglobulin C1
set domain [7](3.9)

EF hand [8](2.8)

von Willebrand factor
type A domain
[8](2.15)

Atrium

EGF like domain
[12](4.5)

Histone like
transcription factor
CBF NFY and archaeal
histone [7](2.175)

LSM domain [12](2.05)

Left lung

Immunoglobulin C1
set domain [7](3.75)

Guanylate kinase
[10](3.15)

KH domain [12](1.65)

Infraspinatus

(top blade or

flat iron from
shoulder)

von Willebrand factor
type A domain
[8](4.05)

RNA recognition motif
a.k.a. RRM RBD or
RNP domain [8](2.075)

BTB And C terminal
Kelch [17](2.067)

Vas deferens

Tubulin C terminal
domain [13](3.4)

Tubulin FtsZ family
GTPase domain
[14](2.65)

X7 transmembrane
receptor rhodopsin
family [12](2)

Infundibulum
(ipsilateral to

UBX domain [7](3.95)

Zinc finger C4 type
two domains

Ligand binding domain
of nuclear hormone

CL) [13](2.075) receptor [13](2)
Ascending Cofilin tropomyosin EF hand domain pair Variant SH3 domain
colon type actin binding [9](2.5) [19](2.05)
protein [8](3.45)
Rumen Zinc finger C4 type Ligand binding domain | Ets domain [9](2.575)
two domains of nuclear hormone
[13](2.75) receptor [13](2.6)
Caecum Immunoglobulin C1 Tubulin C terminal Tubulin FtsZ family

set domain [7](3.9)

domain [13](2.05)

GTPase domain
[14](1.8)

Salivary gland

Immunoglobulin C1
set domain [7](3.95)

EF hand domain pair
[26](2)

Snf7 [8](1.775)

Ampula Calcineurin like Leucine Rich repeats 2 | Aminotransferase class
(contralateral phosphoesterase copies [13](2.65) land Il [11](1.9)
to CL) [10](3.15)
Spleen Immunoglobulin C1 X7 transmembrane NUDIX domain

set domain [7](3.8)

receptor rhodopsin
family [12](2.125)

[14](1.717)
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Midbrain

Regulator of G
protein signaling
domain [7](3.2)

Leucine Rich repeats 2 | Aminotransferase class
copies [13](2.4) land 1l [11](1.867)

Anterior Eye

Sulfotransferase
domain [7](2.75)

von Willebrand factor | Regulator of G protein
type A domain [8](2.55) signaling domain
[71(2.1)

Note: Numbers in square brackets indicate the number of transcripts assigned to the
corresponding family. Numbers in round brackets provide the BranchOut signal
score (ratio of expected state transitions to estimated number of state transitions).

Table 6.2: Rank-ordered list of Bos taurus tissues that contained a large
number of high-scoring BranchOut reconstruction signals.

Representation
Tissue Sample in High-Scoring

Reconstructions
ampula (contralateral to CL) 15
Pineal Gland 14
Ascending colon 13
Anterior Eye 12
Atrium 12
Cerebellum 12
infundibulum (ipsilateral to CL) 12
Internal Tongue Muscle 12
mesenteric lymph node 12
Posterior Pituitary 12
vas deferens 12
Cerebral cortex 11
follicle 2 11
Jejunum 11
Omasum 11
Super bull Testis 11
Thalamus 11
Ventricle 11
Gall Bladder 10
isthmus (contralateral to CL) 10
isthmus (ipsilateral to CL) 10
Liver 10
Midbrain 10
Spleen 10
Temporal Cortex 10
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Bone Marrow

Caecum

Corpus Luteum (if present, estimate d of cycle)
Infraspinatus (top blade or flat iron from shoulder)
Infundibulum (contralateral to CL)

Longissimus dorsi (ribeye/loin)

Rumen

Sub-cutaneous Fat

uterine endometrium - caruncular (contralateral to
CL)

Note: The entry in the right column indicates the number of times the indicated
tissue contained a high-scoring protein family reconstruction. Roughly 737 high-
scoring reconstructions were present across all tissue/family combinations; a
representation of 13 is the next whole number past the mean count plus twice the
standard deviation of counts (assuming random sampling of 737 tissue labels). A
complete list is shown in Appendix C.

OV |LV|WL |

Table 6.3 indicates the frequencies at which various protein families
appeared in the top 737 results. Based on resampling statistics obtained by taking
random samples of 737 protein family labels from the complete output without
replacement, a score of 9 or higher is rather uncommon (being the next whole

number past the mean plus twice the standard deviation).

Complete versions of tables 6.2 and 6.3 can be found in Appendix C.
The visual output of BranchOut was again searched manually for results to

highlight. Three such examples are highlighted in the following sections.
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Table 6.3: Rank-ordered list of Bos taurus gene families that contained a large
number of high-scoring BranchOut reconstruction signals.

Representation in
Protein Family Identifier and Description High-Scoring

Reconstructions
PF00134: Cyclin..N.terminal.domain 28
PF0O0063: Myosin.head..motor.domain. 20
PF00102: Protein.tyrosine.phosphatase 19
PF00013: KH.domain 16
PFO0615: Regulator.of.G.protein.signaling.domain 16
PF01553: Acyltransferase 16
PF07654: Immunoglobulin.Cl.set.domain 16
PF00149: Calcineurin.like.phosphoesterase 15
PF00153: Mitochondrial.carrier.protein 14
PF00125: Core.histone.H2A.H2B.H3.H4 13
PF00105: Zinc.finger..C4.type..two.domains. 12
PF00226: Dnal.domain 12
PFO0501: AMP.binding.enzyme 12
PFO7719: Tetratricopeptide.repeat 12
PF12937: F.box.like 12
PFO0091: Tubulin.FtsZ.family..GTPase.domain 11
PF02214: BTB.POZ.domain 11
PF07645: Calcium.binding.EGF.domain 11
PF13516: Leucine.Rich.repeat 11
PF07525: SOCS.box 10
PFO0097: Zinc.finger..C3HC4.type..RING.finger. 9
PF00104: 9
Ligand.binding.domain.of.nuclear.hormone.receptor
PF03953: Tubulin.C.terminal.domain 9
PFO5773: RWD.domain 9
PF08205: CD80.like.C2.set.immunoglobulin.domain 9
PF13637: Ankyrin.repeats..many.copies. 9

Note: The entry in the right column indicates the number of tissues in which that
family had a high-scoring reconstruction. Roughly 737 high-scoring reconstructions
were present across all tissue/family combinations; a representation of 9 is the next
whole number past the mean count plus twice the standard deviation of counts
(assuming random sampling of 737 family labels). A complete list is shown in
Appendix C.
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6.3.1 PF00397: WW-domain family

The WW-domain family, so-named based on the inclusion of a distinctive pair
of consecutive tryptophan amino acids (WW), is known to mediate various protein
ligand interactions (Dodson, Fishbain-Yoskovitz et al. 2015). Ten members of this
family were included in this BranchOut analysis. According to BranchOut summary
scores, the tissues with the strongest evolutionary signals were the omasum,
duodenum and tongue. A summary of the expression classification can be found in

Figure 6.1a & b.
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(Figure continues on next page)
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Figure 6.1a & b: Map of Expression Clustering Assignments for the WW-
domain protein family in Bos taurus. Yellow coloring was used to indicate up-
regulation of a transcript relative to the protein family-average in a given tissue.
Blue indicates down-regulation, and black indicates membership to the cluster
closest to the median. Transcript order (right-to-left) matches the ordering in
subsequent tree figures (top-to-bottom). Transcript identifiers have been truncated
to omit the prefix “ENSBTAT".

In cows, one WW-domain family member, PIN1, has been shown to play a

role in ovarian follicles (Shimizu, Tetsuka et al. 2007). In contrast to expectation,
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only one gene, MAGI3 (ENSBTAT00000061528, 6.2), showed consistent expression
elevation exclusive to ovarian follicles (and did so across all follicle tissue samples).
Moreover, this gene was not restricted to these tissues; it showed elevated

expression across a number of various tissue types and samples.

PF00397_WW follicle 2

_r- 00000022592.3

mm  00000020791.6

00000024513.6
E 00000020867.6

—]  00000061528.3

mm  00000002017.6
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= 00000016846.5

= 00000061039.3

Figure 6.2: BranchOut reconstruction of the WW protein family in an ovarian
follicle sample. Bright yellow coloring corresponds to an “above average

expression” classification for a node. Transcript identifiers have been truncated to
omit the prefix “ENSBTAT”.
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However, an alternative role for the WW gene family in reproduction is
possible based on the behavior of transcript ENSBTAT00000022592 (Figure 6.3, at
top). This is a transcript derived from the PIN1 gene (Shimizu, Tetsuka et al. 2007).
This gene shows elevated expression in two expression theaters: lactating
mammary glands and fat deposits. Its immediate neighbor in the tree, transcript
20791, is also expressed in these two tissues, but is also expressed throughout the

brain.
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Figure 6.3: BranchOut reconstruction of the WW protein family in a lactating
mammary gland. Bright yellow coloring corresponds to an “above average
expression” classification for a node. Transcript identifiers have been truncated to
omit the prefix “ENSBTAT”.

Intriguingly, some WW-domain proteins have been implicated in breast
tumors in mammals (Jamous, Salah 2018).

6.3.2 PF00091 Tubulin FtsZ family: GTPase.domain

The tubulin domain is known best for its role in the cytoskeleton. Orthologs

of tubulins exist in bacteria, where the protein family is known as FtsZ. This family
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is defined by presence of the GTPase domain in this overall structure. A total of 14
members in this family were included in this analysis. According to BranchOut
summary scores, the tissues with the strongest evolutionary signals were the gall
bladder, ovarian follicle and vas deferens. A summary of the expression

classification can be found in Figure 6.4a & b:
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(Figure continues on next page)
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Figure 6.4a & b: Map of Expression Clustering Assignments for the Tubulin
FtsZ family: GTPase domain protein family in Bos taurus. Yellow coloring was
used to indicate up-regulation of a transcript relative to the protein family-average
in a given tissue. Blue indicates down-regulation, and black indicates membership
to the cluster closest to the median. Transcript order (right-to-left) matches the
ordering in subsequent tree figures (top-to-bottom). Transcript identifiers have
been truncated to omit the prefix “ENSBTAT".

A group located in the middle of the BranchOut tree diagram shows elevated

activity in several regions of the brain, including the temporal lobe, hippocampus
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and diencephalon. The temporal cortex specifically brings together elevated
expression across all three prominent sub-groups in the phylogenetic tree (see
Figure 6.5), and is the only tissue in which the bottom-most genes, based on the

orientation in the figure, show differential regulation.

PF00091_Tubulin Temporal Cortex
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Figure 6.5: BranchOut reconstruction of the Tubulin protein family in the
temporal cortex. Dark and bright yellow colors correspond to “moderate-" and
“highly-above average expression” classifications for nodes, respectively. This
distribution was typical of several related brain and nervous tissues. Transcript
identifiers have been truncated to omit the prefix “ENSBTAT”.
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The transcripts in the top group often show elevated expression, together with
transcripts near the base of the middle sub-group particularly in brain-proximate
glands, like the pineal gland and the pituitary gland. However, a pair of transcripts
in the top subgroup, ENSBTAT00000024663 and ENSBTAT00000003192, instead

show elevated expression exclusively in muscle tissue (see Figure 6.6).

PFO0091_ Tubulin Supraspinatus
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Figure 6.6: BranchOut reconstruction of the Tubulin protein family in the
supraspinatus. Bright yellow coloring corresponds to an “above average
expression” classification for a node. Transcript identifiers have been truncated to
omit the prefix “ENSBTAT".

i
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Transcripts including this region split into multiple phylogenetically distinct
subgroups. Given that the unifying expression trend seems to be in endocrine-
related, excretion-driven systems, it is somewhat surprising to see the structural
role of tubulin (and its plausible relationship with musculature) relegated to a pair
of genes nestled within a subgroup that seems to show no bias towards supportive
tissue. For large mammals like cows, it may be possible that tubulin proteins play a
role in maintaining very elongated (nerve) cells and tissues (Strocchi, Brown et al.

1981).

6.3.3 PF00104: Ligand binding domain of nuclear hormone receptor

The nuclear hormone receptor family is involved in differential gene
regulation, playing a key role in development, homeostasis and metabolism. A total
of 13 members of this family were included in the Bos taurus analysis. According to
BranchOut summary scores, the tissues with the strongest evolutionary signals
were the rumen, ovarian follicle, infundibulum, and pituitary gland. A summary of

the expression classification can be found in Figure 6.7a & b:
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(Figure continues on next page)
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Figure 6.7a & b: Map of Expression Clustering Assignments for the Ligand
binding domain of nuclear hormone receptor protein family in Bos taurus.
Yellow coloring was used to indicate up-regulation of a transcript relative to the
protein family-average in a given tissue. Blue indicates down-regulation, and black
indicates membership to the cluster closest to the median. Transcript order (right-
to-left) matches the ordering in subsequent tree figures (top-to-bottom). Transcript
identifiers have been truncated to omit the prefix “ENSBTAT".
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Elevated expression behavior in the rumen covers nearly the entire “central
core” of the BranchOut tree (figure 6.8) (transcript ENSBTAT00000016154 did not

show differential regulation in any of the tissues in this study).

PF00104_Ligand Rumen Papillae
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Figure 6.8: BranchOut reconstruction of the ligand binding domain of nuclear
hormone receptor family in the rumen. Bright yellow coloring corresponds to an
“above average expression” classification for a node. Blue indicates down-
regulation, and black indicates membership to the cluster closest to the median.
Transcript identifiers have been truncated to omit the prefix “ENSBTAT”.
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Two of the remaining exceptions, ENSBTAT00000000648 and
ENSBTAT00000016154, showed specific evidence of transcript suppression in this
otherwise active tissue. Further exploration revealed that these two transcripts

instead seem to play a role in the endocrine system (see Figure 6.9).

PF00104_Ligand Anterior Pituitary
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Figure 6.9: BranchOut reconstruction of the ligand binding domain of nuclear
hormone receptor family in the pituitary gland. Bright yellow coloring
corresponds to an “above average expression” classification for a node. Transcript
identifiers have been truncated to omit the prefix “ENSBTAT".
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This same split (pulling in the bottom-most transcript for elevated
expression) was also present in the pineal gland and posterior pituitary gland. The
bottom-most transcript is the only member of this family to show elevated

expression in other brain regions as well.

Intermediate to these two extremes, we can see elevated expression across

the transcript family in the salivary gland (Figure 6.10).

PF00104_Ligand Salivary Gland
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Figure 6.10: BranchOut reconstruction of the ligand binding domain of nuclear
hormone receptor family in the salivary gland. Dark and bright yellow colors
correspond to “moderate-" and “highly-above average expression” classifications for
nodes. Transcript identifiers have been truncated to omit the prefix “ENSBTAT".
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This tissue shows elevated activation both for the pair of transcripts that
were silenced in the rumen, but also for another pair of transcripts that show

elevated expression in the endocrine-associated infundibulum (Figure 6.11).
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Figure 6.11: BranchOut reconstruction of the ligand binding domain of nuclear
hormone receptor family in the infundibulum. Bright yellow coloring
corresponds to an “above average expression” classification for a node. Bright blue
coloring corresponds to “below average expression”. Transcript identifiers have
been truncated to omit the prefix “ENSBTAT”.

114



Duplications within this family allowed the production of paralogous genes
that, although sharing a common overall metabolism function, include some
members that are highly specialized towards specific tissues (that also happen to be
most closely related) while also often retaining a function in a standard milieu

(rumen/nutrient detection).

6.4 Summary of Bos taurus BranchOut analysis

The large quantity of missing data inherent to high-throughput sequencing
data presented a unique challenge for BranchOut in this analysis. Whereas
microarrays will always produce a residual background signal for every probe
included on the assay, absent transcripts generate no records of transcription
whatsoever. In the data set examined, “missing” transcripts seemed to have been
handled variably; sometimes absent transcripts were assigned a 0, sometimes they
were assigned a value near machine precision (1.0x10”-30), and sometimes they
were not included at all. In this analysis, BranchOut was coded to use a minimum
expression value of 1 as a minimum value, and only a core set of transcripts present
across most tissues were included in the analysis. This may have contributed to the

smaller number of families and the lower BranchOut scores observed overall.

Closer inspection of the expression cluster assignment revealed that
undesired behavior in families where a large number of values were imputed to the
minimum value of 1. Because the cluster assignment is based on modeling a
mixture of normal distributions, clusters of values at the floor seem to have zero

apparent standard deviation, raising the threshold to an unachievable standard for

115



all expression data above the floor. As a result, in a small number of circumstances

no productive reconstruction was possible.

Although there may be room for improvement in the handling of high-
throughput sequencing data, the examples shown here suggest that BranchOut
produces hypotheses about the evolutionary refinement of gene function in the cow.
From Table 6.1 it is reassuring to see a relationship between lymph nodes and
immunoglobulins. Similar to the pig analysis, the testes also ranks highly as a tissue
subject to functional specialization. The relatively high ranking of tongue muscle in
both Table 6.1 and Table 6.2 may suggest adaptations to an alternative diet through
domestication, as may the high-ranking interaction between immunoglobulin and

the salivary gland.
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Chapter 7: Conclusions and Future Directions

7.1 The Future of the BranchOut Approach: Potential Refinements

When designing BranchOut, I was initially unsure about how many
expression categories to expect for a given gene family/tissue combination. In
deference to this uncertainty, I left the number of possible cluster categories largely
open-ended, with a seldom-reached maximum of nine possible categories. In
practice, the number of assigned categories rarely exceeded three, and in
circumstances where more than three categories were assigned, the gain in
precision seldom seemed informative. In the future, I might be inclined to
experiment with a smaller number of possible clusterings (i.e. at most “UP”,
“DOWN”, and “NEUTRAL"); this might be adequate given the exploratory nature of
the software. The parameters of the clustering itself can be adjusted to make the
software more- or less-inclined to split a set of expression values into separate
clusters based on their relative proximity. It might be worth exploring the interplay
between the number of possible clusters and the sensitivity of the software to
clustering by focusing on a gene family for which a known history of sub- and/or

neo-functionalization has been well-established.

BranchOut also assumes, by default, that all expression category changes
should be treated as equally probable. In other words, the advent of a new
expression profile (early) in a phylogenetic tree is treated as being as likely as the
subsequent loss of that function, and transitions from “down-regulated relative to

the median” to “up-regulated relative to the median” are regarded as equally
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plausible as a shift from one up-regulation category to another. When considering
these events at the genomic level, this assumption seems implausible - the
acquisition of regulatory elements that would direct expression in a novel tissue
seems like a far less probable event that the loss of such a characteristic, particularly
when one considers that the loss could be considered a reversion to an expression
paradigm (and biochemical role) that has a comparatively long evolutionary history.
Moreover, the importance of distinguishing between being “slightly upregulated”
and “highly upregulated” is not obvious, particularly in circumstances where the
ultimate role of the encoded protein could be quite different from one tissue to the
next. In most of the cases examined in this work, such a distinction does not appear
to have been necessary (as most findings correspond to a mostly-monophyletic
origin at some point in the tree), but this may reflect the settings of the analysis

more than it does biological reality.

In this iteration of BranchOut, a maximum-likelihood algorithm was used to
determine the ancestral expression states of each protein family. It may be
interesting to explore other character reconstruction algorithms, including
parsimony and variants thereof. Given that one of the primary goal of BranchOut is
to elucidate innovation of gene function, an implementation using Dollo parsimony
(where novel departures from the ancestral expression state are only allowed once,
though reversion is allowed) might apply a stringency to the protein family analysis
that could bring major functional changes to the foreground (Rogozin, I. Wolf et al.

2006).
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The greatest challenge to using BranchOut comes from the preprocessing
step. Depending on the platforms used to collect expression and sequence data, it is
often not easy to compile a tissue expression profile that is uniquely and
unambiguously mapped to a single protein product with a well-established
genetic/genomic locus. This may become easier over time as bioinformatics
continues to mature as a field, but for now these annotation efforts require a great
deal of project-specific code that is not easily re-used. It is my hope that efforts like
the work presented in this dissertation will encourage stewards of expression
atlases to present expression information not just by gene (or by expression

cluster), but also by family.

There is some uncertainty about the implications of treating all expressed
transcripts as unique evolutionary entities. One alternative approach would be to
include only one translated product per locus, in an effort to make the gene family
phylogeny a construct where all leaves were, in some sense, “comparable”. For
purposes where the phylogeny/phylogenetic tree must be as exact as possible, more
triage could be done to ensure all “leaves” have unique genomic origins. This would
require considerable manual effort at present, however, so I chose instead to focus

on the ability to process a whole transcriptome with minimal assumptions.

There is also room for improvement in how BranchOut handles missing data,
particularly in the case of high-throughput sequencing data sets. The cow
expression atlas was somewhat inconsistent in how it reported the absence of

transcription, with effectively-off transcripts variably getting scores of zero,
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machine precision (i.e. 1.0x10"-60) or being excluded from the results entirely. In
this analysis, the results were restricted to the set of transcripts that were present in
all tissue samples because a) this set was still quite large at 25000+ transcripts and
b) because it is not immediately obvious how to impute a “off” score for the missing
data. In particular, there is some risk in the expression clustering step: if a large
number of transcripts are all assigned a floor/off expression state, these transcripts
will encourage the construction of a normal distribution with mean equal to the
floor value and with zero apparent standard deviation. This in turn raises the bar
for all subsequent cluster definition assignments, resulting in undesired behavior
(e.g. all transcripts to one cluster regardless of distribution, or each transcript being
its own cluster). One possible workaround would be to apply the clustering only to
those transcripts that are clearly above the signal detection threshold (1 in this
analysis), and then to assign all noise/absent transcripts to the lowest generated
expression category (corresponding to the best available “off” state). This would
ensure that any fitted normal distributions would be based on the signal variation

present in the reliable data with minimal impact from floored, identical values.

BranchOut also operates under the assumption that the multiple sequence
alignment and associated phylogenetic trees are trustworthy. This may not always
be the case, particularly when the entire transcriptome is subjected to a largely
unsupervised analysis (here by MUSCLE and then PhyML) using only program
defaults. Moreover, even with these settings, PhyML can provide indices of branch
support which could be used to annotate the tree, making it potentially easier to
identify which BranchOut findings are likely to be the consequence of arbitrary
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decisions made in tree construction. Moreover, it may be possible to build the
branch support values into the character reconstruction process itself, either by
preferring some state assignments over others (based on the trustworthiness of a
subtree to its parent) or by having the scoring scheme used to identify analysis
highlights apply a punitive measure to reconstructions that cross very poorly

supported branches.

In the analyses included in this dissertation, [ went to great lengths to include
as many gene families and tissues as possible while constraining the analyses to use
a common set of preprocessing programs and analysis parameters. Realistically,
any users of the software who detect a potentially interesting finding will later
revisit these decisions with much more care. For example, it is common practice to
examine the output of multiple sequence alignment software with the intent of
pruning out regions that are likely to be uninformative. This level of care is not
feasible when a transcriptome is being considered at scale, but could be warranted
as a first step toward following up on a BranchOut finding. It is difficult to predict,
on a case-by-case basis, how modifying the preprocessing decisions made by
BranchOut will impact the results of the analysis overall. It is possible, however, to
examine the effects when toggling these preprocessing decisions on the entire

transcriptome.

To explore the potential for multiple sequence alignment and phylogenetic
tree algorithmic decisions to impact BranchOut performance, several additional

runs of the BranchOut software were conducted on a slightly restricted set of 249

121



protein families from Sus scrofa (selected for small size, see Appendix D for a
complete listing of families). Two additional algorithms were introduced as
candidates: Clustal Omega (Sievers, Higgins 2014) v1.2.2 (for Windows) as an
alternative multiple sequence alignment program, and BAli-Phy (Suchard, Redelings
2006) v3.4.1 (for Windows) as an alternative phylogenetic tree algorithm. For each
of the 249 families included in this supplementary analyses, each possible
combination of multiple sequence alignment and phylogenetic algorithms was
carried out. MUSCLE, PhyML and Clustal Omega were run with default parameters.
BAli-Phy was directed to trust its multiple sequence alignment input (as it would
otherwise iteratively modify both the alignment and the tree), to use a
“gtr+Rates.gamma[4]+inv” sequence model, to run 1200 iterations, and then build a
greedy consensus tree based on the last 1000 iterations (discarding the first 200 as
“burn-in”). It was assumed that 1200 iterations was sufficient to achieve

convergence in tree topology for each family.

The BranchOut scores from each run were collected and compared pairwise.
Pearson correlation coefficients varied from a high of 0.834 (Clustal Omega
sequence alignment, PhyML vs BAli-Phy trees) to a low of 0.407 (MUSCLE + PhyML
vs Clustal Omega + BAli-Phy). The correlation scores are high (.834, .670) when the
comparison keeps the multiple sequence alignment constant but varies the
phylogenetic analysis. The scores are more moderate (.407-.426) when different
multiple sequence alignment programs are compared. Based on these results, the
choice of multiple sequence alignment program seems to have a large influence on

the robustness of the results, but with the caveat that families that achieve high
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BranchOut scores tend to do so irrespective of pre-processing decisions. The impact
of phylogenetic tree software, by contrast, is relatively low, despite PhyML using a
maximum likelihood framework and BAli-Phy using a Bayesian approach. Pairwise

scatterplots annotated with Pearson correlation scores are shown in Figure 7.1.
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Figure 7.1: Pairwise comparisons of BranchOut scores with varying input
sources. Unity line is shown in red. Pearson correlations of BranchOut scores are
reported in the subtitles.
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The results of these algorithmic comparisons seem to indicate that users who
wish to evaluate the robustness of their BranchOut findings should focus more on
the multiple sequence alignment step than on the subsequent development of the
phylogenetic tree. Consider, for example, that the BAli-Phy software encourages its
users to monitor the output of the program on a tree-by-tree basis, as it is not
possible to determine a-priori how many runs will be required before iterations of
the program converge on a common topology. Instead, this follow-up study simply
assigned a common, fixed number of iterations to each tree estimation task. In spite
of this, the results were comparable to the output of PhyML, a program that requires
no user interaction, allowed to run to completion. Even under these conditions, the
choice of tree estimation software seemed to have a comparatively minor impact,
suggesting that a user attempting to validate a BranchOut finding would get more

out of their time by scrutinizing the multiple sequence alignment first and foremost.

The robustness of BranchOut scores to preprocessing decisions provides an
early indication of how the trustworthiness of BranchOut-derived hypotheses could
be determined. Itis, as of yet, unclear whether this additional work would be a
valuable first step, or whether BranchOut findings are sufficiently trustworthy to be
followed up directly (e.g. with wet-lab studies, or analyses involving ancestral
sequence reconstruction to determine a hypothetical evolutionary history to the

overall function of the protein scaffold in question). It would be very interesting to
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see the results of several such confirmatory studies, but the feasibility and protocol

for these follow-up studies remains to be determined.

Lastly, the signal score produced by BranchOut, which is based on the ratio of
state changes in “real” versus “scrambled” transcript cluster assignments, has some
potential room for improvement. While a score of 1.5 was generally found to exceed
the distribution of “null” scores, it was possible to generate a score of 1.5 in gene
family/tissue pairings that included only a single off-mode signaling label on a long
branch. Many reconstructions would place the outlying label on the shorter of two
sibling branches, leading BranchOut to infer that the altered state was ancestral.
This situation always generated a state change score of “2” versus the true
assignment’s score of “1”. Even though the scrambled score is an average of many
repeated trials, certain tree shapes were highly susceptible to this score inflating

pattern.

7.2 Closing Thoughts on BranchOut as a tool for Data Mining and Visualization

The BranchOut approach has a lot of merit as an exploratory data analysis
tool. Being able to explore gene function and sequence evolution in tandem opens
up a new avenue for hypothesis generation. Moreover, the manner in which
BranchOut explores these hypotheses on a tissue-by-tissue basis avoids some of the
common pitfalls of cluster-based functional analysis. Specifically, clustering the
expression table as a whole unites genes based on common expression, often at the

expense of noting unique deviations from common patterns restricted to a limited
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number of tissues. BranchOut brings these unique patterns to the forefront, making

it a valuable analytical tool for this purpose.
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Appendix A: Alternative identifiers for Apis mellifera

Table A.1: Alternative identifiers for yellow genes (Chapter 4)

Gene Identifier | Database Identifier AIternatlve. mRNA
accession
mrjp-1 GB14888 NM_001011579.1
mrjp-2 GB16246 NM_001011580.1
mrjp-3 GB16459 NM_001011601.1
mrjp-4 GB11768 NM_001011610.1
mrjp-5 GB10622 NM_001011599.1
mrjp-6 GB13789 NM_001011622.1
mrjp-7 GB11022 NM_001014429.1
mrjp-8 GB14639 ACD84799.1
mrjp-9 GB16324 NM_001024697.1
yellow-y GB19464
yellow-e3 GB18089 ADWS82101.1
yellow-h GB18654 XM_006558929.2
yellow-e GB17225 XM_003249378.3
yellow-x1 GB18300 XM_006564945.2
yellow-f GB17489
yellow-b GB16705
yellow-g GB10842 XM_006558944.2
yellow-g2 GB18218 XM_006558943.2
yellow-x2 GB19132
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Appendix B: Summaries of Sus scrofa Analysis through BranchOut

Table B.1: Complete listing of tissue repesentation amongst most strongly
scoring BranchOut reconstructions.

Representation

Tissue Sample in High-Scoring
Reconstructions

Thymus.P3.F 29
Jejeunum.P3.F 26
Cortex_.prefrontal..P3.F 25
Jejeunum.P4.M 25
Blood_1 23
Hind_Brain_.medulla..P4.M 23
Liver.P3.F 23
Cerebellum.P4.M 22
Cortex_.prefrontal..P4.M 22
Placenta.F 22
Tongue_.dermal_layer..P4.M 22
Caecum..apical..P4.M 21
Colon_.distal..P3.F 21
Spinal_cord_.lower..P2.F 21
Testis_.adult..M 21
Colon_.distal..P4.M 20
Colon_.proximal..P3.F 20
Fallopian_tube.P3.F 19
Gall_bladder.P3.F 19
Kidney _.medulla..P4.M 19
Lung_Parenchyma.P3.F 19
Rectum.P4.M 19
Skeletal_muscle_.leg..P3.F 19
Tongue_.dermal_layer..P3.F 19
Blood_2 18
Duodenum.P4.M 18
Hind_Brain_.medulla..P3.F 18
Pancreas.P4.M 18
Rectum.P3.F 18
Spinal_cord_.lower..P3.F 18
Cerebellum.P3.F 17
Heart.P4.M 17
Oesophagus_.lower_third..P3.F 17
Oesophagus_.lower_third..P4.M 17
Penis.P4.M 17
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Stomach_.antrum..P3.F 17
Bladder.P2.F 16
Gall_bladder.P4.M 16
Liver.P4.M 16
Stomach_.fundus..P3.F 16
Uterus.P3.F 16
Vas_deferens.P4.M.1 16
Bone_marrow.P4.M 15
Duodenum.P3.F 15
Mesenteric_lymph_node.P4.M 15
Alveolar_macrophage_2 14
Kidney_.cortex..P3.F 14
Optic_nerve.P3.F 14
Ovary.P3.F 14
Pancreas.P3.F 14
Retina.sclera.P3.F 14
Retina.sclera.P4.M 14
Spinal_cord_.upper..P3.F 14
Stomach_.fundus..P4.M 14
Trachea.P3.F 14
Trachea.P4.M 14
Abdominal_aorta.P4.M 13
Caecum..mid..P3.F 13
Kidney_.cortex..P4.M 13
Kidney_.medulla..P3.F 13
Lung_Parenchyma.P4.M 13
MD_macrophage_7h_LPS 13
Mesenteric_lymph_node.P3.F 13
Pylorus_.smooth_muscle..P3.F 13
Pylorus_.smooth_muscle..P4.M 13
Spleen.P4.M 13
Testis_.juvenile..P4.M 13
Thymus.P4.M 13
Thyroid.P4.M 13
Ureter.P4.M 13
Abdominal_aorta.P3.F 12
Adrenal_gland_.cortex..P4.M 12
Alveolar_macrophage_1 12
Caecum..mid..P4.M 12
Cornea.iris.P3.F 12
lleum.P4.M 12
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Optic_nerve.P4.M 12
Skin_.head..P4.M 12
Spleen.P3.F 12
Thyroid.P3.F 12
Vagina.P3.F 12
Adrenal_gland_.cortex..P3.F 11
BMD_macrophage_unstimulated 11
Bone_marrow.P3.F 11
Caecum..apical..P3.F 11
Cervix.P3.F 11
lleum.P3.F 11
Inferior_vena_cava.P4.M 11
MD_macrophage_unstimulated 11
Spinal_cord_.upper..P2.F 11
BMD_macrophage_7h_LPS 10
Pituitary.P1.F 10
Salivary_glands_.submandibular..P3.F 10
Salivary_glands_.submandibular..P4.M 10
Bladder.P4.M 9
Oesophagus_.upper_third..P3.F 9
Oesophagus_.upper_third..P4.M 9
Epididymis.P4.M 8
Ureter.P3.F 8
Snout_tendon.P4.M 7
Colon_.proximal..P4.M 6
Stomach_.antrum..P4.M 6
Skeletal_muscle_.leg..P4.M 4
Vas_deferens.P4.M 4

Note: A reconstruction was considered “high-scoring” if the state-change ratio
(comparing the randomized assignments to observed label assignments) was 1.5 or
over.
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Table B.2: Complete listing of gene family representation amongst most
strongly scoring BranchOut reconstructions.

Protein Family Identifier and Description

Representation
in High-Scoring
Reconstructions

PF02736: Myosin.N.terminal.SH3.like.domain 34
PF00386: Clg.domain 32
PF00026: Eukaryotic.aspartyl.protease 26
PF00244: X14.3.3.protein 25
PF06512: Sodium.ion.transport.associated 21
PF00175: Oxidoreductase.NAD.binding.domain 19
PFO0503: G.protein.alpha.subunit 18
PFO0030: Beta.Gamma.crystallin 17
PF00160: Cyclophilin.type.peptidyl.prolyl.cis.trans.isomerase.CLD 17
PF00188: Cysteine.rich.secretory.protein.family 17
PF00010: Helix.loop.helix.DNA.binding.domain 15
PF01582: TIR.domain 15
PF02463: RecF.RecN.SMC.N.terminal.domain 15
PFO0040: Fibronectin.type.ll.domain 14
PFO0191: Annexin 14
PF01569: PAP2.superfamily 14
PF01534: Frizzled.Smoothened.family.membrane.region 13
PF00022: Actin 12
PFO0055: Laminin.N.terminal..Domain.VI. 12
PF0O0086: Thyroglobulin.type.1.repeat 12
PF00629: MAM.domain 12
PFO0735: Septin 12
PF01266: FAD.dependent.oxidoreductase 12
PF01436: NHL.repeat 12
PF01462: Leucine.rich.repeat.N.terminal.domain 12
PF01576: Myosin.tail 12
PF03062: MBOAT.family 12
PF03114: BAR.domain 12
PF00474: Sodium.solute.symporter.family 11
PF00533: BRCAL1.C.Terminus..BRCT..domain 11
PF01421: Reprolysin..M12B..family.zinc.metalloprotease 11
PF02815: MIR.domain 11
PFO6747: CHCH.domain 11
PFO0038: Intermediate.filament.protein 10
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PF00249: Myb.like.DNA.binding.domain 10
PF00270: DEAD.DEAH.box.helicase 10
PF00324: Amino.acid.permease 10
PF00335: Tetraspanin.family 10
PF00888: Cullin.family 10
PF01823: MAC.Perforin.domain 10
PFO0003: X7.transmembrane.sweet.taste.receptor.of.3.GCPR

PFO0079: Serpin..serine.protease.inhibitor.

PF00149: Calcineurin.like.phosphoesterase

PF00225:

Kinesin.motor.domain

PFO0357

: Integrin.alpha.cytoplasmic.region

PFO0481:

Protein.phosphatase.2C

PFO0688

: TGF.beta.propeptide

PF01369:

Sec7.domain

PF01694:

Rhomboid.family

PF02798:

Glutathione.S.transferase..N.terminal.domain

PF03133:

Tubulin.tyrosine.ligase.family

PF03143:

Elongation.factor.Tu.C.terminal.domain

PFO4851:

Type.lll.restriction.enzyme..res.subunit

PFO7546:

EMI.domain

PFO0300:

Phosphoglycerate.mutase.family

PF00626:

Gelsolin.repeat

PF00690:

Cation.transporter.ATPase..N.terminus

PF01979:

Amidohydrolase.family

PF08242:

Methyltransferase.domain

PF00246:

Zinc.carboxypeptidase

PFO0313:

X.Cold.shock..DNA.binding.domain

PF00612:

IQ.calmodulin.binding.motif

PFO0644:

Poly.ADP.ribose..polymerase.catalytic.domain

PF00702:

haloacid.dehalogenase.like.hydrolase

PF01094:

Receptor.family.ligand.binding.region

PF01388

: ARID.BRIGHT.DNA.binding.domain

PF02932:

Neurotransmitter.gated.ion.channel.transmembrane.region
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PFO7562:

Nine.Cysteines.Domain.of.family.3.GPCR

PF07992:

Pyridine.nucleotide.disulphide.oxidoreductase

PF09279:

Phosphoinositide.specific.phospholipase.C..efhand.like

PF00029:

Connexin

PF00092

: von.Willebrand.factor.type.A.domain

PF0O0104:

Ligand.binding.domain.of.nuclear.hormone.receptor

PF00105:

Zinc.finger..C4.type..two.domains.
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PFO0147:
Fibrinogen.beta.and.gamma.chains..C.terminal.globular.domain

PFO0151: Lipase

PF00155: Aminotransferase.class.l.and.ll

PFO0167: Fibroblast.growth.factor

PF00200: Disintegrin

PF00271: Helicase.conserved.C.terminal.domain

PFO0530: Scavenger.receptor.cysteine.rich.domain

PF00569: Zinc.finger..ZZ.type

PF00648: Calpain.family.cysteine.protease

PFO0689: Cation.transporting.ATPase..C.terminus

PFO0899: ThiF.family

PF01023: S.100.1CaBP.type.calcium.binding.domain

PF01399: PCl.domain

PFO1535: PPR.repeat

PF01562: Reprolysin.family.propeptide

PF01759: UNC.6.NTR.C345C.module

PF02493: MORN.repeat

PF03826: OAR.domain

PF07525: SOCS.box

PFO7717: Domain.of.unknown.function..DUF1605.

PFOO005: ABC.transporter

PFO0031: Cystatin.domain

PFO0035: Double.stranded.RNA.binding.motif

PFO0043: Glutathione.S.transferase..C.terminal.domain

PFO0083: Sugar..and.other..transporter

PF00129:
Class.l.Histocompatibility.antigen..domains.alpha.1.and.2

(S2ERGRRC RRGRRG R RN REo RN RN RN R RN R RN R BT NN REo RN R NN R e)!

PFO0156: Phosphoribosyl.transferase.domain

PF0O0171: Aldehyde.dehydrogenase.family

PF00209: Sodium.neurotransmitter.symporter.family

PF00211: Adenylate.and.Guanylate.cyclase.catalytic.domain

PF00230: Major.intrinsic.protein

PF00250: Fork.head.domain

PF0O0388:
Phosphatidylinositol.specific.phospholipase.C..X.domain

(G ENC RN RNV RN, RO, RN, ]

PF00454: Phosphatidylinositol.3..and.4.kinase

PFO0777: Glycosyltransferase.family.29..sialyltransferase.

PF01390: SEA.domain

PF01433: Peptidase.family.M1

PF01490: Transmembrane.amino.acid.transporter.protein

(G RN NN, RO, R,
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PF01663:
Type.l.phosphodiesterase...nucleotide.pyrophosphatase

PF02191: Olfactomedin.like.domain

PF02214: K..channel.tetramerisation.domain

PF02338: OTU.like.cysteine.protease

PF02883: Adaptin.C.terminal.domain

PF02984: Cyclin..C.terminal.domain

PF03151: Triose.phosphate.Transporter.family

PF03372: Endonuclease.Exonuclease.phosphatase.family

PFO3765: CRAL.TRIO..N.terminus

PF03810: Importin.beta.N.terminal.domain

PF03953: Tubulin.C.terminal.domain

PF04408: Helicase.associated.domain..HA2.

PFO5739: SNARE.domain

PF07690: Major.Facilitator.Superfamily

PF08516: ADAM.cysteine.rich

PFO0017: SH2.domain

PFO0021: u.PAR.Ly.6.domain

PFO0050: Kazal.type.serine.protease.inhibitor.domain

PFO0060: Ligand.gated.ion.channel

PFO0070: Pyridine.nucleotide.disulphide.oxidoreductase

PFO0091: Tubulin.FtsZ.family..GTPase.domain

PF00100: Zona.pellucida.like.domain

PF00106: short.chain.dehydrogenase

PF00107: Zinc.binding.dehydrogenase

PF00110: wnt.family

PF00118: TCP.1.cpn60.chaperonin.family

PF00254: FKBP.type.peptidyl.prolyl.cis.trans.isomerase

PF00293: NUDIX.domain

PFO0413: Matrixin

PF00536: SAM.domain..Sterile.alpha.motif.

PFO0581: Rhodanese.like.domain

PFO0616: GTPase.activator.protein.for.Ras.like.GTPase

PF00619: Caspase.recruitment.domain

PF00625: Guanylate.kinase

PF00643: B.box.zinc.finger

PFO0650: CRAL.TRIO.domain

PF00656: Caspase.domain

PFO0754: F5.8.type.C.domain

PFO0788: Ras.association..RalGDS.AF.6..domain

PF00856: SET.domain
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PFO0884:

Sulfatase

PF01105:

emp24.gp25L.p24.family.GOLD

PFO1217:

Clathrin.adaptor.complex.small.chain

PFO1302:

CAP.Gly.domain

PFO1336:

OB.fold.nucleic.acid.binding.domain

PF01370:

NAD.dependent.epimerase.dehydratase.family

PF01404:

Ephrin.receptor.ligand.binding.domain

PF01839:

FG.GAP.repeat

PF02037:

SAP.domain

PF02178:

AT.hook.motif

PF049609:

CS.domain

PF08205:

CD80.like.C2.set.immunoglobulin.domain

PF08686:

PLAC..protease.and.lacunin..domain

PFO0012:

Hsp70.protein

PF00020:

TNFR.NGFR.cysteine.rich.region

PFO0025:

ADP.ribosylation.factor.family

PF00028:

Cadherin.domain

PFO0059:

Lectin.C.type.domain

PFO0076:
RNA.recognition.motif...a.k.a..RRM..RBD..or.RNP.domain.

WwWwwwwlw| bbb

PFO0085:

Thioredoxin

PFO0112:

Papain.family.cysteine.protease

PFO0178:

Ets.domain

PF00194:

Eukaryotic.type.carbonic.anhydrase

PF00219:

Insulin.like.growth.factor.binding.protein

PFO0373:

FERM.central.domain

PFO0431:

CUB.domain

PFO0498:

FHA.domain

PFOO505:

HMG..high.mobility.group..box

PFO0515:

Tetratricopeptide.repeat

PFO0531:

Death.domain

PFO0566:

TBC.domain

PFO0617:

RasGEF.domain

PFO0664:

ABC.transporter.transmembrane.region

PFO0795

: Carbon.nitrogen.hydrolase

PFO0999:

Sodium.hydrogen.exchanger.family

PF01007:

Inward.rectifier.potassium.channel

PF01145:

SPFH.domain...Band.7.family

PF01392:

Fz.domain

PF01412:

Putative.GTPase.activating.protein.for.Arf

PF01437:

Plexin.repeat
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PF01463:

Leucine.rich.repeat.C.terminal.domain

PFO1602:

Adaptin.N.terminal.region

PFO1753:

MYND.finger

PF01794:

Ferric.reductase.like.transmembrane.component

PF01825:

Latrophilin.CL.1.like.GPS.domain

PF02205:

WH2.motif

PF02210:

Laminin.G.domain

PF02225:

PA.domain

PF02820:

mbt.repeat

PFO3171:

X20G.Fe.ll..oxygenase.superfamily

PF03456:

uDENN.domain

PF05729:

NACHT.domain

PFO7647

: SAM.domain..Sterile.alpha.motif.

PF08240:

Alcohol.dehydrogenase.GroES.like.domain

PFO8736:

FERM.adjacent..FA.

PFO0004:

ATPase.family.associated.with.various.cellular.activities..AAA.

NIWWwwwwwwwww wjiwlwlw

PFO0009:

Elongation.factor.Tu.GTP.binding.domain

PFO0019:

Transforming.growth.factor.beta.like.domain

PFO0027

: Cyclic.nucleotide.binding.domain

PFO0045:

Hemopexin

PFOOO051:

Kringle.domain

PFO0057:

Low.density.lipoprotein.receptor.domain.class.A

PFO0058:

Low.density.lipoprotein.receptor.repeat.class.B

PFO0067:

Cytochrome.P450

PFO0090:

Thrombospondin.type.1.domain

PFO0093:

von.Willebrand.factor.type.C.domain

PFO0095:

WAP.type..Whey.Acidic.Protein...four.disulfide.core.

PF00125:

Core.histone.H2A.H2B.H3.H4

PFO0153:

Mitochondrial.carrier.protein

PFO0173:

Cytochrome.b5.like.Heme.Steroid.binding.domain

PF00233:

X3.5..cyclic.nucleotide.phosphodiesterase

PFO0397:

WW.domain

PFO0433:

Protein.kinase.C.terminal.domain

PF0O0439:

Bromodomain

PFO0452:

Apoptosis.regulator.proteins..Bcl.2.family

PFO0501

: AMP.binding.enzyme

PFO0567:

Tudor.domain

PF00610:

Domain.found.in.Dishevelled..Egl.10..and.Pleckstrin..DEP.

NINNINNINININDINDINDINININDINDINDINININDINDINDININININ

PFO0611:

Fes.CIP4.homology.domain
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PFO0618:

motif

PFO0632:

HECT.domain..ubiquitin.transferase.

PFO0641:

Zn.finger.in.Ran.binding.protein.and.others

PFO0652:

Ricin.type.beta.trefoil.lectin.domain

PFO0989:

PAS.fold

PF01049:

Cadherin.cytoplasmic.region

PFO1344:

Kelch.motif

PFO1477:

PLAT.LH2.domain

PF01485:

IBR.domain

PFO1585:

G.patch.domain

PF01833:

IPT.TIG.domain

PF02759:

RUN.domain

PF02770

: Acyl.CoA.dehydrogenase..middle.domain

PF02809:

Ubiquitin.interaction.motif

PF02828:

L27.domain

PF02931:

Neurotransmitter.gated.ion.channel.ligand.binding.domain

NININNINNININININDINDINININDINDINININ

PF04089:

BRICHOS.domain

PF05986:

ADAM.TS.Spacer.1

PFO7648:

Kazal.type.serine.protease.inhibitor.domain

PFO7885:

lon.channel

PFO7974:

EGF.like.domain

PFO8441:

Integrin.alpha

PFO8447:

PAS.fold

PFO0002:

X7.transmembrane.receptor..Secretin.family.

PFO0014:

Kunitz.Bovine.pancreatic.trypsin.inhibitor.domain

PFO0048:

Small.cytokines..intecrine.chemokine...interleukin.8.like

R IERERINININININDININ

PFOO053:

Laminin.EGF.like..Domains.lll.and.V.

PFO0098:

Zinc.knuckle

PF00102:

Protein.tyrosine.phosphatase

PF00122:

E1.E2.ATPase

PFO0134:

Cyclin..N.terminal.domain

PF00168:

C2.domain

PF00170:

bZIP.transcription.factor

PF00179:

Ubiquitin.conjugating.enzyme

PF00226:

Dnal.domain

PFO0387:

Phosphatidylinositol.specific.phospholipase.C..Y.domain

RIRIRIRR|RIRIR[R|R

PFO0415:

Regulator.of.chromosome.condensation..RCCl..repeat

[EEN

PFO0443:

Ubiquitin.carboxyl.terminal.hydrolase

PFO0514:

Armadillo.beta.catenin.like.repeat
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PF00520: lon.transport.protein

PFO0615: Regulator.of.G.protein.signaling.domain
PF00621: RhoGEF.domain

PF00627: UBA.TS.N.domain

PF00640: Phosphotyrosine.interaction.domain..PTB.PID.
PF00646: F.box.domain

PFO0651: BTB.POZ.domain

PF00685: Sulfotransferase.domain

PFO0787: PX.domain

PF00822: PMP.22.EMP.MP20.Claudin.family
PF01064: Activin.types.l.and.ll.receptor.domain
PF01403: Sema.domain

PF01471: Putative.peptidoglycan.binding.domain
PF01553: Acyltransferase

PF01762: Galactosyltransferase

PF01926: GTPase.of.unknown.function

PF02141: DENN..AEX.3..domain

PF02373: JmjC.domain

PF03144: Elongation.factor.Tu.domain.2
PF03455: dDENN.domain

PF06602: Myotubularin.related

PFO7719: Tetratricopeptide.repeat

PF08028: Acyl.CoA.dehydrogenase..C.terminal.domain
PF08659: KR.domain

RIRIRIRIR|IRIRIRIRR|IRIRIRIRIR|IRRIR(R|RIR(R|R|R

Note: A reconstruction was considered “high-scoring” if the state-change ratio
(comparing the randomized assignments to observed label assignments) was 1.5 or
over.
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Appendix C: Summaries of Bos taurus Analysis through BranchOut
Table C.1: Complete listing of tissue representation amongst most strongly
scoring BranchOut reconstructions.

Representation
Tissue Sample in High-Scoring
Reconstructions
ampula (contralateral to CL) 15
Atrium 14
Kidney Medulla 14
uterine endometrium - caruncular (contralateral to 14
CL)
Ascending colon 13
uterine endometrium - intercaruncular 13
(contralateral to CL)
ampula (ipsilateral to CL) 12
Super bull Testis 12
Anterior Pituitary 11
Biceps femoris (bottom/outside round) 11
Cerebellum 11
Cerebral cortex 11
Descending Colon 11
Duodenum 11
follicle 4 11
isthmus (ipsilateral to CL) 11
Midbrain 11
Pineal Gland 11
Thalamus 11
Trachea 11
vas deferens 11
Bone Marrow 10
caput epididymis 10
Internal Tongue Muscle 10
SME 10
Tongue Superficial 10
Ventricle 10
bladder 9
Caecum 9
cervical lining 9
Fornix vagina 9
Gall Bladder 9
lleum 9
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infundibulum (ipsilateral to CL) 9
isthmus (contralateral to CL) 9
Longissimus dorsi (ribeye/loin) 9
Lymph Nodes 9
mesenteric lymph node 9
prostrate 9
Urethra 9
uterine endometrium - intercaruncular (ipsilateral 9
to CL)

Adrenal

Aorta

Diencephalon

Frontal Cortex

Jejunum

KPH fat

Liver

Pigment Epithelium eye

Pons

Salivary Gland

Temporal Cortex

Ant. Eye

Hippocampus

Infraspinatus (top blade or flat iron from shoulder)

Infundibulum (contralateral to CL)

Kidney Cortex

Posterior Pituitary

Rectus femoris (center of the knuckle/sirloin tip)

Spleen

Sub-cutaneous Fat

Thyroid

Choroid plexus

Diaphragm

follicle 2

mammary gland fat

Nasal Mucosa

Omasum

Reticulum

Rumen

Rumen Papillae

Triceps brachii (shoulder clod)

uterine myometrium

DO || |0 |0 | NN |N VNN N NN [J[foo|oo|oo|oo|0o|00|00|00|00|00]|00
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white blood cells (wBC)

Abomasum

corpus epididymis

Esophagus

follicle 1

left Lung

Mammary gland

normal outer eye layer 1 cm from cancer eye
Supraspinatus (mock tender from shoulder)
255d lactating mammary gland

Corpus Luteum (if present, estimate d of cycle)
Gluteus medius (top sirloin)

Larynx Cartilage

Ureter

Cancer Eye

Semimembranosus (top/inside round)
Semitendinosus (eye of round)

lower tongue

NWWwwihhpldlPpPlOWLLIL|LWILW|LT|UT|ODO

Note: A reconstruction was considered “high-scoring” if the state-change ratio
(comparing the randomized assignments to observed label assignments) was 1.5 or
over.
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Table C.2: Complete listing of gene family representation amongst most
strongly scoring BranchOut reconstructions.

Protein Family Identifier and Description

Representation
in High-Scoring
Reconstructions

PF00134: Cyclin..N.terminal.domain 21
PF00102: Protein.tyrosine.phosphatase 20
PFO0063: Myosin.head..motor.domain. 17
PFO7654: Immunoglobulin.C1.set.domain 16
PFO0091: Tubulin.FtsZ.family..GTPase.domain 14
PF00104: Ligand.binding.domain.of.nuclear.hormone.receptor 14
PF00481: Protein.phosphatase.2C 14
PF00149: Calcineurin.like.phosphoesterase 13
PF00153: Mitochondrial.carrier.protein 13
PFO0789: UBX.domain 13
PF01553: Acyltransferase 13
PF12937: F.box.like 13
PF00013: KH.domain 12
PFO0098: Zinc.knuckle 12
PF00105: Zinc.finger..C4.type..two.domains. 12
PFO0373: FERM.central.domain 12
PFO0615: Regulator.of.G.protein.signaling.domain 12
PF01363: FYVE.zinc.finger 12
PF13516: Leucine.Rich.repeat 11
PF13923: Zinc.finger..C3HC4.type..RING.finger. 11
PFO0097: Zinc.finger..C3HC4.type..RING.finger. 10
PF00226: Dnal.domain 10
PFO5773: RWD.domain 10
PFO7645: Calcium.binding.EGF.domain 10
PF00025: ADP.ribosylation.factor.family 9
PF00625: Guanylate.kinase 9
PF00685: Sulfotransferase.domain 9
PF00808: 9
Histone.like.transcription.factor..CBF.NF.Y..and.archaeal.histone

PF00928: Adaptor.complexes.medium.subunit.family 9
PF03953: Tubulin.C.terminal.domain 9
PF13637: Ankyrin.repeats..many.copies. 9
PF00632: HECT.domain..ubiquitin.transferase. 8
PF07525: SOCS.box 8
PF00092: von.Willebrand.factor.type.A.domain 7
PF00125: Core.histone.H2A.H2B.H3.H4 7
PF00178: Ets.domain 7
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PFO0617: RasGEF.domain

PFO0651: BTB.POZ.domain

PF01436: NHL.repeat

PFO7719: Tetratricopeptide.repeat

PF13414: TPR.repeat

PF13833: EF.hand.domain.pair

PFO0001: X7.transmembrane.receptor..rhodopsin.family.

PFO0004:
ATPase.family.associated.with.various.cellular.activities..AAA.

DO |IN|IN|IN|IN|N |

PFO0046: Homeobox.domain

PFO0397: WW.domain

PFO0782: Dual.specificity.phosphatase..catalytic.domain

PFO0787: PX.domain

PF04212: MIT..microtubule.interacting.and.transport..domain

PF05347: Complex.1.protein..LYR.family.

PFO5739: SNARE.domain

PFO7717: Oligonucleotide.oligosaccharide.binding..OB..fold

PF13857: Ankyrin.repeats..many.copies.

PFO0009: Elongation.factor.Tu.GTP.binding.domain

PFO0085: Thioredoxin

PFO0169: PH.domain

PFO0777: Glycosyltransferase.family.29..sialyltransferase.

PF01284: Membrane.associating.domain

PF02214: BTB.POZ.domain

PF04408: Helicase.associated.domain..HA2.

PF07686: Immunoglobulin.V.set.domain

PF12799: Leucine.Rich.repeats..2.copies.

PF13405: EF.hand.domain

PF13424: Tetratricopeptide.repeat

PFO0017: SH2.domain

PF00076:
RNA.recognition.motif...a.k.a..RRM..RBD..or.RNP.domain.

AlpbhliniiiiILILIMILILTIOOOY) OO | OO|OO|Oh | OO

PFO0155: Aminotransferase.class.l.and.ll

PF00179: Ubiquitin.conjugating.enzyme

PF00241: Cofilin.tropomyosin.type.actin.binding.protein

PF00433: Protein.kinase.C.terminal.domain

PFO0501: AMP.binding.enzyme

PF01529: DHHC.palmitoyltransferase

PF01585: G.patch.domain

PF03372: Endonuclease.Exonuclease.phosphatase.family

PFO7707: BTB.And.C.terminal.Kelch

N R R R
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PF13202: EF.hand 4
PF13499: EF.hand.domain.pair 4
PF13893: 4

RNA.recognition.motif...a.k.a..RRM..RBD..or.RNP.domain.

PF13894: C2H2.type.zinc.finger

PFO0010: Helix.loop.helix.DNA.binding.domain

PF00160: Cyclophilin.type.peptidyl.prolyl.cis.trans.isomerase.CLD

PFO0168: C2.domain

PF0O0170: bZIP.transcription.factor

PF00240: Ubiquitin.family

PFO0270: DEAD.DEAH.box.helicase

PF00612: I1Q.calmodulin.binding.motif

PFO0899: ThiF.family

PF01485: IBR.domain

PF03144: Elongation.factor.Tu.domain.2

PF04969: CS.domain

PFO7653: Variant.SH3.domain

PF08205: CD80.like.C2.set.immunoglobulin.domain

PF13895: Immunoglobulin.domain

PF13920: Zinc.finger..C3HC4.type..RING.finger.

PFOO005: ABC.transporter

PFO0018: SH3.domain

PF00293: NUDIX.domain

PF00335: Tetraspanin.family

PFO0595: PDZ.domain..Also.known.as.DHR.or.GLGF.

PFO0622: SPRY.domain

PF00643: B.box.zinc.finger

PFO0753: Metallo.beta.lactamase.superfamily

PF01217: Clathrin.adaptor.complex.small.chain

PF01344: Kelch.motif

PF01423: LSM.domain

PF01926: X50S.ribosome.binding.GTPase

PF03357: Snf7

PF12697: Alpha.beta.hydrolase.family

PF13639: Ring.finger.domain

PF13849:

PF13855: Leucine.rich.repeat

PFO0008: EGF.like.domain

PF00023: Ankyrin.repeat

PFO0071: Ras.family

PF00106: short.chain.dehydrogenase

R IRIERIERINININININDINININININININDINININININIWWIWWWWIWIWWWW W WIwWw| w|p>
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PFO0130: 1
Phorbol.esters.diacylglycerol.binding.domain..C1l.domain.
PF00307: Calponin.homology..CH..domain

PF00443: Ubiquitin.carboxyl.terminal.hydrolase

PFO0581: Rhodanese.like.domain

PF00621: RhoGEF.domain

PF00627: UBA.TS.N.domain

PFO0641: Zn.finger.in.Ran.binding.protein.and.others
PFO0856: SET.domain

PF01391: Collagen.triple.helix.repeat..20.copies.
PF01399: PCl.domain

PF01437: Plexin.repeat

PF02023: SCAN.domain

PF02535: ZIP.Zinc.transporter

PF03810: Importin.beta.N.terminal.domain

PF07690: Major.Facilitator.Superfamily

PF14259:
RNA.recognition.motif..a.k.a..RRM..RBD..or.RNP.domain.

RIRIRRRIRIRIRRR|R[RIR|R|R

Note: A reconstruction was considered “high-scoring” if the state-change ratio
(comparing the randomized assignments to observed label assignments) was 1.5 or
over.

Appendix D: Sus scrofa Families Included in Study of Robustness
Table D.1: Families included in comparison of preprocessing algorithms

Protein

Family Protein Family Description Number
Identifier of Genes
PFO0003 | X7.transmembrane.sweet.taste.receptor.of.3.GCPR [12]
PFO0O009 | Elongation.factor.Tu.GTP.binding.domain [15]
PF0O0012 Hsp70.protein [10]
PFO0013 | KH.domain [16]
PFO0019 | Transforming.growth.factor.beta.like.domain [14]
PFO0020 | TNFR.NGFR.cysteine.rich.region [14]
PF00021 u.PAR.Ly.6.domain [7]
PFO0022 | Actin [18]
PFO0025 | ADP.ribosylation.factor.family [16]
PFO0026 | Eukaryotic.aspartyl.protease [7]
PF00027 | Cyclic.nucleotide.binding.domain [18]
PFO0029 | Connexin [10]
PFO0030 Beta.Gamma.crystallin [7]
PFO0031 Cystatin.domain [10]
PFO0035 Double.stranded.RNA.binding.motif [13]
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PFO0043 Glutathione.S.transferase..C.terminal.domain [10]
PFO0045 Hemopexin [13]
PFO0048 | Small.cytokines..intecrine.chemokine...interleukin.8.like [11]
PFOO050 | Kazal.type.serine.protease.inhibitor.domain [19]
PFO0O051 Kringle.domain [12]
PFO0O055 Laminin.N.terminal..Domain.VI. [9]

PFO0058 | Low.density.lipoprotein.receptor.repeat.class.B [9]

PFO0060 | Ligand.gated.ion.channel [11]
PFO0061 | Lipocalin...cytosolic.fatty.acid.binding.protein.family [23]
PFO0067 | Cytochrome.P450 [37]
PFO0070 | Pyridine.nucleotide.disulphide.oxidoreductase [8]

PFO0079 | Serpin..serine.protease.inhibitor. [25]
PFO0083 | Sugar..and.other..transporter [19]
PFO0085 | Thioredoxin [16]
PFO0086 | Thyroglobulin.type.l.repeat [12]
PFO0091 | Tubulin.FtsZ.family..GTPase.domain [16]
PFO0093 | von.Willebrand.factor.type.C.domain [13]
PFO0095 | WAP.type..Whey.Acidic.Protein...four.disulfide.core. [9]

PFO0098 | Zinc.knuckle [11]
PFO0100 | Zona.pellucida.like.domain [9]

PFO0105 | Zinc.finger..C4.type..two.domains. [23]
PFO0106 | short.chain.dehydrogenase [36]
PFO0107 | Zinc.binding.dehydrogenase [9]

PFO0110 | wnt.family [10]
PFO0112 Papain.family.cysteine.protease [8]

PFO0118 | TCP.1.cpn60.chaperonin.family [12]
PFO0122 | E1.E2.ATPase [13]
PFO0125 Core.histone.H2A.H2B.H3.H4 [15]
PFO0129 | Class.l.Histocompatibility.antigen..domains.alpha.l.and.2 [10]
PFO0134 | Cyclin..N.terminal.domain [16]
PF00147 | Fibrinogen.beta.and.gamma.chains..C.terminal.globular.doma | [17]

in

PFO0149 | Calcineurin.like.phosphoesterase [14]
PFO0151 Lipase [9]

PFO0153 Mitochondrial.carrier.protein [32]
PFO0155 | Aminotransferase.class.l.and.ll [13]
PFO0156 | Phosphoribosyl.transferase.domain [8]

PFO0167 Fibroblast.growth.factor [12]
PFO0170 bZIP.transcription.factor [15]
PFO0171 | Aldehyde.dehydrogenase.family [10]
PFO0173 | Cytochrome.b5.like.Heme.Steroid.binding.domain [10]
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PFO0175 Oxidoreductase.NAD.binding.domain [9]

PF00178 Ets.domain [12]
PFO0188 | Cysteine.rich.secretory.protein.family [10]
PFO0191 | Annexin [8]

PFO0194 | Eukaryotic.type.carbonic.anhydrase [11]
PF00200 Disintegrin [24]
PF00209 | Sodium.neurotransmitter.symporter.family [11]
PF00211 | Adenylate.and.Guanylate.cyclase.catalytic.domain [14]
PF00219 | Insulin.like.growth.factor.binding.protein [8]

PF00227 Proteasome.subunit [13]
PF00230 | Major.intrinsic.protein [7]

PF00233 | X3.5..cyclic.nucleotide.phosphodiesterase [11]
PF00240 | Ubiquitin.family [19]
PF00244 | X14.3.3.protein [7]

PF00246 | Zinc.carboxypeptidase [16]
PF00250 | Fork.head.domain [24]
PF00254 | FKBP.type.peptidyl.prolyl.cis.trans.isomerase [9]

PF00293 NUDIX.domain [10]
PFO0300 | Histidine.phosphatase.superfamily..branch.1. [7]

PFO0313 | X.Cold.shock..DNA.binding.domain [9]

PF00324 | Amino.acid.permease [17]
PFO0335 | Tetraspanin.family [15]
PFO0357 | Integrin.alpha.cytoplasmic.region [9]

PFO0378 | Enoyl.CoA.hydratase.isomerase.family [8]

PFO0386 | Clg.domain [18]
PFO0387 | Phosphatidylinositol.specific.phospholipase.C..Y.domain [10]
PFO0388 | Phosphatidylinositol.specific.phospholipase.C..X.domain [10]
PFO0413 Matrixin [15]
PFO0441 | Acyl.CoA.dehydrogenase..C.terminal.domain [10]
PFO0452 | Apoptosis.regulator.proteins..Bcl.2.family [10]
PFO0474 | Sodium.solute.symporter.family [8]

PF0O0481 Protein.phosphatase.2C [10]
PFO0498 | FHA.domain [15]
PFO0501 | AMP.binding.enzyme [15]
PFO0503 | G.protein.alpha.subunit [10]
PFO0514 | Armadillo.beta.catenin.like.repeat [16]
PFO0O530 | Scavenger.receptor.cysteine.rich.domain [13]
PF00531 Death.domain [14]
PF0O0533 BRCA1.C.Terminus..BRCT..domain [11]
PFO0535 | Glycosyl.transferase.family.2 [15]
PFO0561 | alpha.beta.hydrolase.fold [18]
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PFO0O566 Rab.GTPase.TBC.domain [21]
PFO0567 | Tudor.domain [8]
PFO0569 | Zinc.finger..ZZ.type [9]
PFO0571 CBS.domain [12]
PFO0581 Rhodanese.like.domain [9]
PFO0583 | Acetyltransferase..GNAT..family [13]
PF00610 Domain.found.in.Dishevelled..Egl.10..and.Pleckstrin..DEP. [10]
PFO0611 | Fes.CIP4..and.EFC.F.BAR.homology.domain [8]
PFO0615 | Regulator.of.G.protein.signaling.domain [19]
PF00616 GTPase.activator.protein.for.Ras.like.GTPase [9]
PFO0618 RasGEF.N.terminal.motif [15]
PFO0619 | Caspase.recruitment.domain [7]
PFO0625 | Guanylate.kinase [13]
PF00626 | Gelsolin.repeat [9]
PF00629 | MAM.domain [9]
PFO0640 | Phosphotyrosine.interaction.domain..PTB.PID. [13]
PFO0644 | Poly.ADP.ribose..polymerase.catalytic.domain [10]
PFO0648 | Calpain.family.cysteine.protease [7]
PFO0650 | CRAL.TRIO.domain [10]
PFO0652 | Ricin.type.beta.trefoil.lectin.domain [15]
PFO0656 | Caspase.domain [9]
PFO0685 | Sulfotransferase.domain [9]
PFO0688 | TGF.beta.propeptide [9]
PFO0689 | Cation.transporting.ATPase..C.terminus [11]
PFO0690 | Cation.transporter.ATPase..N.terminus [9]
PFO0735 | Septin [8]
PFO0754 | F5.8.type.C.domain [9]
PFO0777 | Glycosyltransferase.family.29..sialyltransferase. [10]
PFO0780 | CNH.domain [11]
PF0O0782 Dual.specificity.phosphatase..catalytic.domain [23]
PFO0795 | Carbon.nitrogen.hydrolase [7]
PF00822 PMP.22.EMP.MP20.Claudin.family [20]
PFO0855 PWWP.domain [12]
PFO0884 | Sulfatase [8]
PF00888 | Cullin.family [7]
PFO0899 | ThiF.family [8]
PFO0907 | T.box [11]
PFO0989 | PAS.fold [12]
PFO0999 | Sodium.hydrogen.exchanger.family [11]
PF01007 Inward.rectifier.potassium.channel [10]
PF01023 | S.100.ICaBP.type.calcium.binding.domain [8]
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PF01049 | Cadherin.cytoplasmic.region [10]
PF01064 | Activin.types.l.and.ll.receptor.domain [9]
PF01094 | Receptor.family.ligand.binding.region [19]
PF01105 | emp24.gp25L.p24.family.GOLD [9]
PF01145 | SPFH.domain...Band.7.family [10]
PF01217 | Clathrin.adaptor.complex.small.chain [8]
PF01284 | Membrane.associating.domain [20]
PF01302 CAP.Gly.domain [9]
PF01336 | OB.fold.nucleic.acid.binding.domain [10]
PF01369 | Sec7.domain [10]
PF01370 | NAD.dependent.epimerase.dehydratase.family [8]
PF01388 | ARID.BRIGHT.DNA.binding.domain [11]
PFO1390 | SEA.domain [12]
PF01392 Fz.domain [14]
PF01399 PCl.domain [10]
PF01404 | Ephrin.receptor.ligand.binding.domain [11]
PF01412 Putative.GTPase.activating.protein.for.Arf [14]
PF01423 | LSM.domain (7]
PF01429 | Methyl.CpG.binding.domain [7]
PF01433 | Peptidase.family.M1 [7]
PF01436 | NHL.repeat [7]
PF01454 | MAGE.family [23]
PF01471 | Putative.peptidoglycan.binding.domain [13]
PF01485 IBR.domain [10]
PF01490 | Transmembrane.amino.acid.transporter.protein [9]
PF01529 | DHHC.palmitoyltransferase [16]
PF01534 | Frizzled.Smoothened.family.membrane.region [7]
PF01535 PPR.repeat [7]
PFO1553 | Acyltransferase [9]
PF01569 | PAP2.superfamily [11]
PF01576 Myosin.tail [10]
PF01582 | TIR.domain (8]
PF01585 G.patch.domain [13]
PF01602 | Adaptin.N.terminal.region [10]
PF01663 | Type.l.phosphodiesterase...nucleotide.pyrophosphatase [7]
PF01694 Rhomboid.family [7]
PFO1753 | MYND.finger [11]
PF01759 | UNC.6.NTR.C345C.module [8]
PF01762 Galactosyltransferase [7]
PF01794 Ferric.reductase.like.transmembrane.component [8]
PF01823 MAC.Perforin.domain [8]
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PF01839 FG.GAP.repeat [15]
PF01852 START.domain [9]
PF01926 | X50S.ribosome.binding.GTPase [10]
PF01979 | Amidohydrolase.family [7]
PF02037 SAP.domain [11]
PF02141 DENN..AEX.3..domain [11]
PF02191 | Olfactomedin.like.domain [8]
PF02205 | WH2.motif [10]
PF02225 PA.domain [9]
PF02338 | OTU.like.cysteine.protease [9]
PF02463 RecF.RecN.SMC.N.terminal.domain [8]
PF02493 MORN.repeat [9]
PF02518 | Histidine.kinase...DNA.gyrase.B...and.HSP90.like.ATPase [12]
PF02736 | Myosin.N.terminal.SH3.like.domain [7]
PF02759 RUN.domain [11]
PF02770 | Acyl.CoA.dehydrogenase..middle.domain [12]
PF02793 Hormone.receptor.domain [16]
PF02798 | Glutathione.S.transferase..N.terminal.domain [11]
PF02820 mbt.repeat [7]
PF02828 | L27.domain (8]
PF02864 | STAT.protein..DNA.binding.domain [7]
PF02883 | Adaptin.C.terminal.domain [7]
PF02893 GRAM.domain [13]
PF02931 Neurotransmitter.gated.ion.channel.ligand.binding.domain [25]
PF02932 Neurotransmitter.gated.ion.channel.transmembrane.region [23]
PF02984 | Cyclin..C.terminal.domain [8]
PF02991 | Autophagy.protein.Atg8.ubiquitin.like [7]
PF03006 Haemolysin.lll.related [11]
PF03062 MBOAT..membrane.bound.O.acyltransferase.family [7]
PFO3114 | BAR.domain (8]
PF03133 | Tubulin.tyrosine.ligase.family [9]
PF03143 Elongation.factor.Tu.C.terminal.domain [9]
PF03144 Elongation.factor.Tu.domain.2 [14]
PF03151 | Triose.phosphate.Transporter.family [10]
PF03171 | X20G.Fe.ll..oxygenase.superfamily [10]
PF03372 Endonuclease.Exonuclease.phosphatase.family [18]
PF03455 dDENN.domain [11]
PF03456 uDENN.domain [12]
PF03765 CRAL.TRIO..N.terminal.domain [9]
PF03810 Importin.beta.N.terminal.domain [8]
PF03826 | OAR.domain [8]
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PF03953 | Tubulin.C.terminal.domain [15]
PF04089 BRICHOS.domain [7]
PF04408 | Helicase.associated.domain..HA2. [11]
PF0O4851 | Type.lll.restriction.enzyme..res.subunit [7]
PF04969 | CS.domain [9]
PF0O5729 NACHT.domain [7]
PFO5739 SNARE.domain [10]
PFO5986 | ADAM.TS.Spacer.1 [13]
PFO6512 | Sodium.ion.transport.associated [7]
PF06602 Myotubularin.like.phosphatase.domain [8]
PFO6747 CHCH.domain [7]
PF07525 SOCS.box [22]
PFO7546 | EMI.domain (8]
PFO7562 | Nine.Cysteines.Domain.of.family.3.GPCR [8]
PF07648 Kazal.type.serine.protease.inhibitor.domain [22]
PFO7654 | Immunoglobulin.Cl.set.domain [22]
PFO7716 Basic.region.leucine.zipper [17]
PFO7717 | Oligonucleotide.oligosaccharide.binding..OB..fold [10]
PF07992 | Pyridine.nucleotide.disulphide.oxidoreductase [11]
PF08028 | Acyl.CoA.dehydrogenase..C.terminal.domain [9]
PF08240 | Alcohol.dehydrogenase.GroES.like.domain [9]
PF08241 Methyltransferase.domain [13]
PF08242 Methyltransferase.domain [10]
PF0O8441 Integrin.alpha [14]
PF08447 | PAS.fold [15]
PFO8516 | ADAM.cysteine.rich [22]
PF08659 KR.domain [9]
PF0O8686 PLAC..protease.and.lacunin..domain [7]
PF08736 FERM.adjacent..FA. [8]
PF09279 | Phosphoinositide.specific.phospholipase.C..efhand.like [8]
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