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Abstract
Candida albicans is the most medically significant fungal pathogen of
humans, causing severe systemic disease with a high mortality rate in those with
compromised immune function. Fully understanding the organism requires
learning how it changes during the process of evolution in the laboratory and the
clinic. This has been hindered by the lack of tools to easily observe what is
happening across the scale of the entire genome. My work develops a series of
tools to examine the structure and changes in the C. albicans genome at
increasingly fine levels of resolution. I developed a reliable flow cytometry
protocol to analyze the genome size of C. albicans strains, and developed
software tools to translate the resulting raw data into simple numerical ploidy
estimates. This allowed the discovery of the previously unknown haploid state of
the C. albicans life cycle. I developed a single microarray design to assess copy
number variations and loss of heterozygosity across the genome with one
experiment, as well as a software tool to convert the raw array data into simpleto-interpret graphical cartoons that convey the biologically meaningful
interpretations of the data. This allowed the observation of the progressive loss of
genetic information through the central lineage of laboratory strains of C.
albicans. I extended the array analysis software to process raw data from the
ever-improving sequencing technologies which are becoming more and more
available to researchers, then developed a web-interface to make it publically
accessible. Using these tools has allowed the detailed analysis of the evolution of
drug resistance in a patient and revealed the diversity of genomes to be found in
laboratory and clinical isolates. Together, these studies represent an
improvement in the ability to understand C. albicans, as well as the potential to
improve our understanding of other organisms.
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1. Introduction
Candida albicans: What it is and why it is important
Candida albicans is a typically-diploid eukaryotic commensal yeast found
in the gastrointestinal tract in roughly 50% of human adults (Clayton 1966). C.
albicans is also the most common fungal pathogen of humans, taking advantage
of immune systems compromised by age or by other medical treatments and
conditions such as HIV, implanted skin-disrupting devices like catheters,
chemotherapy treatment for cancer, or the use of broad-spectrum antibiotics
which interfere with the normal functioning of the gut bacteria populations. It is
commonly the cause of superficial infections of the skin and mucus membranes
known as ‘thrush’, but can also cause the more serious invasive candidiasis (IC)
that is spread to multiple sites via the bloodstream. Even with intensive
treatment, systemic infections have a mortality rate approaching 50%
(Gudlaugsson 2003; Pfaller 2007; Moran 2009). This mortality rate has been
stable for two decades, resulting in approximately 0.4 to 0.7 deaths per 100,000
individuals (Pfaller 2007; Laupland 2005). In the United States, the current
population estimate of 318.6 million people (http://www.census.gov/popclock/)
implies approximately 1,274 to 2,124 people are expected to die from systemic
infections of C. albicans during this year. This is comparable to the estimated
1,460 people expected to die from all bone and joint cancers in the same time
frame (www.cancer.org 2014), illustrating the pressing need for increased
understanding of C. albicans biology, why medical treatment fails, and how to
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reduce mortality rates in the future.
Anti-fungal drugs for treating C. albicans infections
A difficulty in treatment of invasive candidiasis is the limited range of antifungal drugs available for treatment. The first drug approved for internal use as
an anti-fungal in the USA was the polyene drug Amphotericin B in 1966 (FDA
2014). The drug is effective for superficial skin or mucosal infections, but required
intravenous administration for invasive candidiasis and shows a high level of
severe side-effects including liver and kidney toxicity (Laniado-Laborin 2009).
Amphotericin B binds to ergosterol, the major sterol in fungal cell membranes
(analogous to cholesterol in mammalian cell membranes), and forms
transmembrane pores through which ions and other small cytoplasmic contents
can leak (Andreoli 1968) eventually killing the cell.
The second antifungal drug approved for internal was a pyrimidine
analogue, 5-flucytosine (Flucytosine, 5-FC) in 1971 (FDA 2014). The mechanism
of action is import into the fungal cell, then conversion to 5-fluorouracil (5-FU)
inside susceptible cells. The 5-FU is then serially converted into 5-fluorouridine
monophosphate, 5-fluorouridine diphosphate, and 5-fluorouridine triphosphate
(FUTP) that is incorporated into RNA and interferes with protein translation
(Waldorf 1983). 5-FU is also converted into 5-fluorodeoxyuridine monophosphate
(FdUMP) that inhibits thymidylate synthetase, critical for producing thymidine for
DNA synthesis (Diasio 1978). The same mechanism that results in toxicity to
2

fungal cells also results in toxic side-effects to actively dividing human cells, such
as those in the bone marrow (Kauffman 1977) or liver (Vermes 2000), limiting its
medical use.
The most numerous category of antifungal drugs used to treat Candida
infections are the azole drugs. Since 1974, the FDA has approved sixteen azole
drugs for the treatment of fungal infections such as C. albicans. Of these, eleven
are approved only for external use (Miconazole in 1974; Clotrimazole in 1975;
Econazole in 1982; Tioconazole in 1983; Sulconazolein 1985; Terconazole in
1987; Oxiconazole in 1988; Butoconazole in 1995; Sertaconazole in 2003;
Luliconazole in 2013; Efinaconazole in 2013), leaving five approved for internal
use (Ketoconazole in 1981; Fluconazole in 1990; Itraconazole in 1992;
Voriconazole in 2002; Posaconazole in 2006) (FDA 2014). Ketoconazole was
later found to show significant liver toxicity (Sugar 1987) and has since had its
previous approval for internal use restricted (FDA 2013). Itraconazole has activity
against a wide range of Candida species (Haria 1996), but is highly lipophilic,
leading to low levels in blood/serum/CSF and relatively high levels in
skin/lung/kidney/liver/adipose/spleen/brain/muscle/bone (De Beule 1996).
Fluconazole is well tolerated with few side effects and often used prophylactically
before surgeries (Ho 2005) or in patients with compromised immune systems
(CDC 2002). The newest azole drugs, Voriconazole and Posaconazole appear to
have stronger anti-fungal activity than Fluconazole (Canton 2013), but also have
seem to have a higher risk of side-effects (Cornely 2007) and drug interactions
3

(Johnson 2003).
Most azole drugs contain an imidazole ring composed of two non-adjacent
nitrogen atoms (at ring positions 1 and 3), three carbon atoms (at ring positions
2, 4, and 5), and two double-bonds, forming a five-membered aromatic ring. A
few azole drugs (Fluconazole, Itraconazole, Voriconazole, and Posaconazole)
contain a triazole ring composed of three nitrogen atoms (at ring positions 1, 2,
and 4), two carbon atoms (at ring positions 3 and 5), and two double-bonds,
forming a five-membered aromatic ring. The presence of the azole ring, in
addition to another aromatic ring, is required for the azole drugs to be imported
into C. albicans and other pathogenic fungi cells via facilitated diffusion
(Mansfield 2010). Once the azole drugs get into the cell, they interfere with fungal
growth by inhibiting the ergosterol biosynthesis pathway. In particular, the azole
drugs inhibit the enzyme Lanosterol 14-a-demethylase (product of C. albicans
gene ERG11), a member of the cytochrome P450 family of degradative
enzymes, via an azole nitrogen (N-3 in imidazole and N-4 in triazole) binding to
the Iron atom of the enzyme’s central heme moiety at its active site (Hitchcock
1990). The higher inhibitory activity levels of azole drugs with larger N-1
substituent groups (Yoshida 1987) is likely to be caused by the larger molecule
reducing the mobility of the azole in the heme-group crevice of the cytochrome,
suggesting it is the fine fit of the azole drugs to the C. albicans enzyme vs. similar
human cytochrome enzymes which determines the relative significance of antifungal effects vs. toxic side-effects in humans. The azole drugs, Fluconazole in
4

particular, remain the most commonly used anti-fungal for acute medical and
prophylactic use (Rex 2001; Ship 2007).
Another class of anti-fungal drugs, the allylamines, was introduced in 1996
with the approval for topical infections of Butenafine and for internal infections of
Terbinafine (FDA 2014). Naftifine was later introduced (in 1998), but it too was
limited to external use (FDA 2014). The mechanism of action of the allylamines is
inhibition of the enzyme squalene epoxidase (product of C. albicans gene ERG1)
that is responsible for an early step in ergosterol biosynthesis (Ryder 1984). A
relatively high incidence of side effects, including hepatotoxicity (Ajit 2003) and
taste disturbances (Doty 2005), has limited the use of the allylamine anti-fungals.
The most recently developed class of anti-fungal drugs are the
echinocandins, with three types approved for internal use (Caspofungin in 2001;
Micafungin in 2005; Andulafungin in 2006). The mechanism of action of the
echinocandins is disruption of the action of b-(1,3)-glucan synthase (Sucher
2009), resulting in weakened cell walls that are more sensitivity to osmolysis
(Petraitiene 1999) and presumably to immune assault. The side effects of
echinocandin treatment are minimal and the drugs are often used as second-line
treatments for use if the azole drugs fail (Pappas 2009).
Anti-fungal Drug Resistance
At the very basic level, C. albicans responds to anti-fungal drugs the same
way it responds to any other stress it experiences. The drug stress causes some
5

of the cells to perish and those that survive keep reproducing and go about their
business. If the survivors got by with more than just random luck, then the next
time around, the drug won’t kill so many of them and that resistance will spread.
This basic evolutionary process happens every time we treat a candida infection.
Over time, the evolution of drug resistance reduces the limited number of
available drugs and increases the difficulty clinicians face in treating lifethreatening invasive candidiasis infections.
The polyene drug Amphotericin B depends on the interaction with sterols
(ergosterol in particular) in the fungal cell membrane. Any process that reduces
the amount of ergosterol or changes the sterol complement in the membrane
should then cause reductions in drug effectiveness, or increases in drug
resistance. The correlation of increasing polyene resistance with earlier and
earlier ergosterol precursors has been observed in Saccharomyces cerevisiae
(Fryberg 1974). In this case, the resistance mechanism was rapidly lost once
polyene selection was ceased, with the development of progressively more
normal sterol compositions in the cell membrane over subsequent cultures. A
similar result was observed in clinical C. albicans samples, where three polyeneresistant strains were isolated, one each from three of the 70 patients examined
(Dick 1980). Each polyene-resistent strain was found to have markedly lower
than wild-type levels of ergosterol.
Anti-fungal treatment with the pyrimidine analogue 5-Fluorocytosine is
rapidly limited by the evolution of drug resistance (Polak 1975). This is partly
6

caused by the limited anti-fungal character of the drug, as there is less growth
inhibition to be overcome than with some other drugs (). There is also primary
resistance (resistance before exposure to the drug) in 3% of clinical isolates that
are found in multilocus sequence type clade I (Barchiesi 2000; Hope 2004; Pujol
2004). Homozygosis of the mating type locus (MTL) is also strongly associated
with increased resistance (Odds 2009).
Numerous mechanisms of azole resistance have been characterized.
Point mutations of ERG11 can interfere with the binding of azole drugs, resulting
in increased azole resistance (White 1997). Overexpression of ERG11 and
resulting increased azole resistance can be driven by hyperactive alleles of
UPC2, a transcription factor controlling ERG11 expression (Dunkel 2008;
Heilmann 2010; Hoot 2011). Successful inhibition of ERG11 results in the buildup
of toxic ergosterol derivatives, which can be rescued by the secondary deletion
or inactivation of ERG3 (gene responsible for producing C-5 sterol desaturase, a
later step in ergosterol biosynthesis) (Sanglard 2003) or overexpression of
YPT31 (a protein providing resistance to toxic sterol analogs) (Xu 2007).
Overexpression of drug efflux pumps CDR1, CDR2, and MDR1 increase rates of
azole export, resulting in a reduction of internal azole drug level and concomitant
increase in azole resistance (White 2002; Sanglard 1995). Overexpression of
TAC1 (Coste 2004) and MRR1 (Morschhäuser 2007), both transcription factors,
result in increased azole resistance indirectly by driving expression of
CDR1/CDR2 and MDR1 respectively.
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Larger scale events can also lead to increases in azole resistance. Loss of
heterozygosity (LOH) encompassing loci with hyperactive alleles of several
genes (e.g. ERG11, TAC1, and MRR1) can lead to increases in azole resistance.
(Coste 2007; Morschhäuser 2007; White 2002). Duplications change the copy
number of genes over large regions of the genome. The duplication of the left
arm of chromosome 5 results in an increased azole resistance because that
region contains TAC1 and ERG11 (Selmecki 2006, 2008, 2009). Increased
copies of TAC1 drive higher membrane efflux from CDR1 and CDR2. Increased
copies of ERG11 titrate down the drug level in the same way that overexpression
of ERG11 does. This mechanism of aneuploidy-associated resistance relies on
the clustering of genes that separately impact resistance in a consistent way.
An interaction between allylamine drugs and the drug transporter CDR1
has been noted (Sanglard 1996), suggesting that alterations in the efflux pump
system can affect resistance to these drugs. An isolate of Candida glabrata has
been found that shows resistance to azoles mediated partly by increased activity
of squalene oxidase (vanden Bossche 1992) and also showed increased
resistance to allylamine drugs. Because of the clinical limitations and low use of
the drug, clinically important resistance has generally not been noted.
Echinocandins are the most recently introduced family of anti-fungal drugs
and so far there has been limited incidence of drug resistance in C. albicans. All
examples of echinocandin resistance observed in clinical isolates have correlated
with mutations in the drug target, FKS1 (GSC1, orf19.2929). The mutations tend
8

to fall within two hotspot (HS) regions, between amino acid 641-649 and 13451365 for HS1 and HS2, respectively (Perlin 2007; Keunsook 2011). The hotspot
locations fall at the edge of transmembrane alpha helices adjacent to the glucansynthesis domain (Okada 2010), as predicted using HMMTOP (Tusnády 1998;
Tusnády 2001) and TMHMM (Krogh 2001) from FKS1 protein sequence
downloaded from www.candidagenome.org (Arnaud 2005). The position of the
resistance-causing mutations, paired with the lipophyllic nature of echinocandin
drugs, is suggestive of a mechanism where the glucan-synthesis domain is
pushed away from the membrane, thus moving the glucan synthase domain
away from the membrane-localized drug and reducing the interaction between
the drug and the drug target (Figure 1-1). In vivo, elevated chitin has been
observed to produce increased echinocandin resistance (Keunsook 2011), but
this has not yet been seen in a clinical setting. Another aspect of candidal
resistance to echincandins is a stress response mediated by activation of the
Hsp90/Calcineurin pathway following membrane damage (Cruz 2002). When
Hsp90 function is impaired, a reduced tolerance to echinocandins is observed
(Singh 2009), suggesting a potential mechanism of increased echinocandin
resistance by increased activation of Hsp90.
There remains a final concept important in the discussion of candidal drug
resistance mechanisms. Different infectious Candida species can show different
basal levels of resistance to drugs, due to the complex and subtle differences in
biology between the species. C. parapsilosis has been noted to have a relatively
9

higher basal resistance to echinocandin drugs (Reboli 2007). C. krusei is
described as having a higher basal resistance to azole drugs (Orozco 1998). C.
lusitaniae has a higher basal resistance to amphotericin-B (Young 2003). The
cumulative impact of the use of antifungal drugs targeted against C. albicans has
been the increasing incidence of infections by other species with higher basal
resistance levels (Garcia-Effron 2012; Pfaller 2014).
Evolutionary Fitness Landscape
The “Fitness Landscape” (Wright 1932) is a conceptual model to describe
how differences in phenotype relate to differences in fitness of an organism.
Phenotypes with higher fitness are represented as peaks, while phenotypes with
low fitness are represented as valleys. An organism’s position on the landscape
is then changed by mutation. Depending on the mutation, the organisms may find
itself at a higher or lower position on the landscape. A population of clonal
organisms will explore the landscape by small- and large-effect mutations that
will result in small and large changes in landscape position, respectively. Those
organisms that move to higher fitness areas of the landscape will reproduce
more effectively, resulting in the population as a whole shifting towards higher
fitness phenotypes.
Changes in the environment from external influences (like the medical
intervention of prescribed anti-fungal drugs), or internal influences (like increased
population density), result in changes to the fitness landscape. As the
10

environment is continuously changing by small and large degrees, the fitness
landscape representing the interaction of phenotype and environment is also
continuously changing. A phenotype that rested near the global fitness peak
under one condition (excess glucose) may represent a deep well under another
condition (antifungal drugs). For a population to survive in the long-term, it has to
develop a strategy for living through all the changing conditions it is likely to
encounter. Eventually, there may be some environmental change so drastic that
the population is exterminated from the system being considered.
A population starting at very low fitness area of the landscape
experiencing only small-effect mutations will explore a small region of the local
fitness landscape, finding only minimal improvements in fitness. A similar
population experiencing only large-effect mutations will explore a large region of
the fitness landscape, quickly finding some phenotype with improved fitness
because most of the fitness landscape is higher than the starting point. Each
successful large-effect mutation will sweep through the population and will, on
average, result in a change in fitness halfway to the maximum (Kaufman & Levin
1987). The consequence is that early evolution under strong selection stress will
be characterized by a few large-effect rather than many small-effect mutations.
A population with a position midway up some fitness peak that
experiences only small-effect mutations will explore a small region of the local
fitness landscape, finding paths that climb higher towards the top of the fitness
peak. A similar population which only experiences large-effect mutations will
11

explore a large region of the fitness landscape and most new phenotypes will be
completely isolated from the original fitness peak. The result of this is that late
evolution under strong selection stress will be characterized by small- rather than
large-effect mutations as the population fine-tunes its adaptation to the new
stress condition.
The early large-effect positive mutations are likely to be rather blunt
changes with secondary impacts on the organism, including costs unrelated to
the primary agent of selection. The later positive small-effect mutations can
represent fine-tuning that compensates for the secondary costs introduced in the
early stage, in addition to climbing to higher positions on the fitness peak. This
sequential combination of early-large and later-small mutations has been
described as, “the hatchet before the scalpel” (Rando 2008), in reference to the
adaptive evolutionary process by which C. albicans responds to the deletion of
MYO1, a conserved cytokinesis motor (Rancati, 2008).
C. albicans evolutionary dynamics.
C. albicans is highly tolerant of large-scale genomic changes, including
loss of heterozygosity (LOH) events and whole chromosome copy number
changes (aneuploidy). These large-scale changes shift the allelic ratios of
numerous open reading frames (ORFs; average of ~777 ORFs per chromosome)
and alter the physiology of the organism in complex ways. A duplication or loss of
a whole chromosome represents a very large-effect mutation, generating a large
12

phenotypic leap and placing the organisms at distant locations within the fitness
landscape. The generation of an isochromosome 5L in Candida albicans results
in such a large leap and results in increased fitness under the conditions of azole
drug stress (Selmecki 2009).
C. albicans is has an incomplete life cycle, being unable to undergo
meiosis and generate gametes. The lack of a sexual cycle puts strong limits on
the ability of an organism to generate diversity. Each clonal line has to
independently find advantageous mutations and will only be able to lose
disadvantageous mutations via gene conversion or reverse mutations. Over time,
the level of disadvantageous mutations would increase (referred to as “Meuller’s
Ratchet”) and potentially lead to the extinction of sub-populations (Gabriel 1993).
C. albicans has a way to get around this limitation, however, by undergoing a
simplified mating and reduction cycle called a parasexual cycle (Forche 2008). In
the parasexual cycle of C. albicans, diploids first undergo a loss-ofheterozygosity event at the mating type locus (MTL). This LOH converts the MTL
from heterozygous (‘aa’) to homozygous for one of the mating types (‘aa’ or ‘aa’)
and can encompass just the local region around the MTL, a large region of a
chromosome arm, or the entire chromosome. Once the cells are mating type
homozygous, they can undergo phenotypic switching known as ‘white-opaque
switching’. The ‘white’ phase cells have the typical appearance of C. albicans
yeast form cells. The ‘opaque’ phase cells, however, have a narrower and
elongated shape with an altered cell wall composition (Si 2013). In addition to the
13

visually obvious phenotypic changes, the ‘opaque’ cells are also mating
competent (Morschhäuser 2010). The mating competent cells of each mating
type express mating hormones, which induce the opposite mating type
competent cells to grow towards each other. When the two mating type cells
make contact with each other, they fuse to form a tetraploid. The tetraploid is
now heterozygous for the mating type locus and will cease to respond to the
mating hormones. The parasexual cycle is completed by the disordered loss of
half of the chromosomes, resulting in near (or perfectly) diploid progeny. This
alternate to a meiotic cycle is less ordered, but it allows the organism to discard
collected disadvantageous alleles and is quite capable of introducing genomic
and phenotypic diversity by producing a range of progeny with aneuploid
chromosomes or chromosomes.
Small-scale genome changes: Point mutations, indels.
Small-scale mutations have been studied in great detail, starting from
viruses and bacteria and continuing to modern studies of mutation rates in
animals and human lineages. Single or few base-pair changes can be silent
(synonymous substitutions) or change a protein in a way that impacts the
phenotype. Single base-pair mutations that result in a new stop codon will
terminate a protein early (nonsense mutations) and likely completely interfere
with its function. A mutation can also remove a stop codon and let protein
synthesis continue past where it would normally stop. Short insertions and
deletions (indels) of one or two base-pairs will result in a frame-shift, with every
14

subsequent amino-acid being changed. Other indels of multiples of three basepairs will simply add or remove amino-acids from the resulting protein. All of
these categories of mutations happen routinely and generate some of the
diversity which selection acts upon.
Early Sequencing Technology
The first technology available to routinely detect small changes in genetic
sequence was Sanger sequencing (Sanger 1977). This technique relied on DNA
polymerase primer-extension with random incorporation of dideoxy-nucleotides
to terminate chain-extension. To sequence a specific section of DNA, a locationspecific primer was first synthesized and bound to sample DNA. The sample
DNA was split into four reaction wells, each with all four deoxy-nucleotides
(dATP, dTTP, dGTP, and dCTP) and only one of the radioactively- or
fluorescently-labeled dideoxy-nucleotides (ddATP, ddTTP, ddGTP, or ddCTP).
The DNA extension reaction is then initiated. The random incorporation of the
dideoxy-nucleotides would result in random termination of synthesized DNA
fragments at a base-pair corresponding to the added dideoxy-nucleotide. After
the reaction has completed, the DNA samples are denatured and run out on a
gel where the bases of the sequenced DNA can be simply read off by the
positions of the resulting bands in each of the four reaction lanes (A, T, G, and
C). This technique was soon supplanted by automated variations using dyelabeled dideoxy-nucleotides that could be performed in a single reaction well and
read off a single gel. The Sanger sequencing method was limited to short DNA
15

regions and maxed out at approximately 300-1000 bp per sequencing
experiment.
Large-scale genome changes: LOH, Aneuploidy, ploidy variation.
Large-scale genomic changes cannot be observed with the early
sequencing technologies. The scale of such alterations is orders of magnitude
larger than the few hundred bases that could be routinely achieved. Identifying a
loss of heterozygosity (LOH) of a whole chromosome would first require realizing
there was heterozygosity spanning the chromosome. Then you would have to
sequence small overlapping regions along the length of the chromosome
spanning a million bases and identify where alleles had been lost. The perchromosome variation in copy number found in aneuploid strains or the whole
genome variations in copy number found in ploidy-shifted strains would simply be
invisible to early sequencing methods.
Modern Sequencing Technology
Different high-throughput sequencing technologies have been developed
which are collectively referred to as “Next-generation” (Next-gen) sequencing
technologies. What they all have in common is using the “shotgun sequencing”
approach (Messing 1981), where the target DNA is randomly sheared into
smaller fragments that are then separately sequenced.
The first next-gen technology to be commercialized was 454 sequencing.
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In this system, the template DNA was immobilized and solutions of
pyrophosphate (PPi) conjugated dNTPs (dATPaS is used to not interfere with
measurement) are sequentially added and removed from the reaction. DNA
polymerase incorporates only the correct complementary dNTPs during the
washes and a pyrophosphate from the previous incorporated base is released.
The PPi was then converted into ATP by the enzyme ATP sulfurylase and the
resulting ATP is used to fuel a firefly luciferase conversion of luciferin to
oxyluciferin with the generation of light. A camera measures the light and the
base is identified by which dNTP wash was being performed. This method was
limited to DNA fragments of approximately 300-500 bases long, but because it
was mechanized in a highly parallel manner, several million nucleotides could be
sequenced in a day.
Solexa (later purchased by Illumina) introduced the second commercial
next-gen technology. Their technology relied on fluorescent-labeled nucleotides
bound at each step. Fluorescence photographs after each reaction step could
then be analyzed to determine which nucleotide had been added to a sequence.
Subsequent improvements in the Illumina sequencing technology have raised the
number of nucleotides which could be sequenced in a run from over a billion to
upwards of 500 billion.
The principle of shot-gun sequencing is that among the sequenced DNA
fragments, there will be enough that overlap so the researcher could reconstruct
the original sequence of the DNA before it was fragmented. With modern
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technology producing sequences for billions of fragments, significant
development in computational hardware and software was needed.
Data Visualization Tools
The visualization of large datasets requires processing using specialized
algorithms to simplify them into a form that can be more easily interpreted. Many
tools have been developed to display genomic data, with design decisions driven
by the goal of displaying specific aspects of the genomic data.
Some tools are designed to visualize genomic rearrangements like
deletions, inversions, and translocations. Circos (Krzywinski 2009) is a
visualization system designed to illustrate the similarities and differences
between two datasets in circular arcs. It provides great flexibility to the user to
display multiple data channels and how they compare between two datasets.
Figure 1.2A shows an example Circos generated figure illustrating the
relationship between the chromosomes of Candida albicans reference strain
SC5314 and the supercontigs of C. albicans strain WO1, with chromosome 2 of
SC5314 being homologous to supercontigs 5 and 9 of WO1. Circos requires a
great deal of pre-processing of raw data before it is ready to display. Raw
sequence or other data has to be translated into the precise custom format that
Circos accepts as input, requiring auxiliary programs like CIRCUS (Naquin 2014)
or custom programming work by the user.
In contrast to Circos, Gremlin (O’Brien 2010) is a visualization system
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using a linear presentation that allows multiple data channels to be compared
without introducing the visual biases intrinsic to the concentric circles of Circos.
The Gremlin tool processes input whole-genome paired-end read sequence data
to extract signals of genomic rearrangements. Figure 1.2B shows an example
Gremlin output from the paper (O’Brien 2010) illustrating a cancer genome
dataset with deletions in green, inversions in brown, translocations in cyan, copy
number decreases in blue, copy number increases in red, and a focus region in
grey that is interactively displayed in closer detail. The improvements over Circos
in displaying biological data are significant, but it still doesn’t display raw CNV
and/or SNP data, leaving users to rely on the results of the processing
algorithms.
Other tools are designed primarily to identify copy number variations
and/or changes in allelic ratios across genome regions. One of the early tools
was called ChARM (Myers 2004), which was a statistical visualization system for
analysis and discovery of CNVs in genome datasets. The analysis could be
performed on expression or CGH data, as well as read depth from wholegenome sequence datasets, once it had been converted into the special input
format required by ChARM by user-programmed tools. Figure 1.2C shows an
example figure from the ChARM paper (from Myers 2004) illustrating the analysis
of paired CGH and expression datasets for one chromosome of one strain. Data
is drawn upwards in red and downwards in green from the baseline for the
genome. Below each raw data plot, automatically estimated regions of increased
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(or decreased) copy number are represented by colored bars in red for a CNV
increase or green for a CNV decrease. This tool was limited in only being able to
examine one data channel per dataset at a time, but the simple comparison
between raw data and the results of the tools analysis lets the user get a feel for
its reliability.
A series of tools have been developed to analyze CNVs and SNP ratio
changes in heterogeneous cancer sequencing datasets. ASCAT (Van Loo 2010)
was implemented as functions in the Matlab and R programming languages,
requiring precise user control of the analysis. The package outputs a large tabdelimited text file that can then be processed into final visualizations by userprogrammed tools. The more recent CLImAT (Yu 2014) and TITAN (Ha 2014)
packages use integrated hidden Markov models (HMM) to make inferences
about copy number and allelic ratio changes. Figure 1.2D shows an example
from the CLImAT paper (Yu 2014) that illustrates the style of output from CLImAT
and TITAN, with multiple parallel subfigures to convey copy number estimates,
allelic fractions, read depth, and HMM scores along the genome.
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FIGURES

Figure 1-1. Model of interaction between echinocandin anti-fungal drug Caspofungin
(highlighted in green) and drug target in C. albicans (FKS1). Transmembrane helices are
scaled relatively to illustrate different helix lengths predicted using HMMTOP (Tusnády
1998; Tusnády 2001) and TMHMM (Krogh 2001) from FKS1 protein sequence
downloaded from www.candidagenome.org (Arnaud 2005). The “Regulatory Domain” is
involved in regulation of glucan synthesis, while the “Glucan Synthase Domain” is
involved in synthesizing the beta-(1,3)-glucan cell wall components (Okada 2010). The
red “HS1” and “HS2” labels are hotspots for mutations that impart strong resistance to
echinocandin anti-fungal drugs (Perlin 2007; Keunsook 2011). The molecular structure
of Caspofungin is shown interacting with the phospholipid bilayer by its lipophilic
hydrophobic tail and the “Glucan Synthase Domain” of FKS1. A potential mechanism for
the hotspot mutations to increase drug resistance is by pushing the synthase domain
away from the membrane, leaving behind the membrane-localized drug and restoring
glucan synthesis function of the enzyme.
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Figure 1-2. Example output figures from different genomic data visualization tools. A)
Circos (Krzywinski 2009) figure illustrating homology between chromosomes of Candida
albicans reference strain SC5314 and supercontigs of C. albicans isolate WO1. B)
Gremlin (O’Brien 2010) figure illustrating the analysis of a human cancer sample. CNV
increases and decreases are indicated at the bottom in red and blue. Deletions are
indicated in green. Inversions are indicated in brown. Translocation end points are
indicated in cyan, with arcs drawn above to indicate the loci involved in the translocation.
C) ChARM (Myers 2004) figure illustrating paired CGH and expression array data for a
single chromosome. Lines drawn downwards in green, or upwards in red, represent
variations in raw data from the baseline. Below each raw data profile, a red rectangle
represents the automated identification of a region of increased values. D) CLImAT (Yu
2014) and TITAN (Ha 2014) share the common scheme of this example CLImAT figure.
Subfigures illustrating copy number estimates, B-allele-fraction (BAF), read depth (RD),
and Hidden Markov Model score.
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2. CHAPTER I: Development of flow cytometry method
for ploidy analysis and discovery of haploid stage of
Candida albicans.
INTRODUCTION
Large-scale genome changes, such as whole genome duplications
(polyploidy) or the loss or gain of individual chromosomes (aneuploidy), are
common over evolutionary time. Genome duplications have been observed
widely (fungi, Albertin 2012; protists, McGrath 2014; plants, Hughes 2014 &
Bomblies 2014; fish, Berthelot 2014; amphibians, Uno 2013) and the resulting
irregularities posed by incompatible sets of chromosomes during mating can be
important in speciation (Vickery 1995; Chao 2012). Aneuploidy is commonly
associated with disease in humans (cancer, Potapova 2013; developmental
disorders, Pavelka 2013), as well as during normal function (liver, Duncan 2013;
nervous system, Rehen 2005). It is also important in the production of selectable
phenotypic diversity (Cryptococcus neoformans, Ni 2013; Aegilops speltoids,
Belyayev 2013).
A meiotic cycle has not been observed in Candida albicans. The species
is able to generate ploidy variation via a parasexual cycle (Forche 2008), where
two mating competent diploids with opposite mating types fuse to form a
tetraploid (Bennett 2005). Over time, the tetraploid cell’s progeny lose
chromosomes via a loosely defined process called concerted chromosome loss
23

(CCL). This eventually regenerates diploid or near diploid progeny with
potentially different homolog composition than the original parent diploids.
Determining the genome size of a strain of interest is most simply done by
comparison to a well-studied reference strain. In many eukaryotic species,
metaphase cells can be disrupted and spread to visualize the condensed
chromosomes found in that phase of the cell cycle (Deng 2003) using a
microscope. Individual chromosomes can be identified by consistent staining
patterns (Giemsa staining, Rosolowsky 1998) or by the use of chromosomespecific fluorescent probes (spectral karyotyping, Padilla-Nash 2007). Aneuploidy
or polyploidy is observed as an increased count for some or all of the identified
chromosomes relative to the euploid count for the reference strain. In C.
albicans, there is no condensation of chromosomes during metaphase and so
none of the microscopy-based techniques are useful.
The typical method of generating a karyotype in C. albicans is to separate
chromosomes by size using gel electrophoresis techniques, such as pulsed-field
gel electrophoresis (PFGE) (Snell 1986) or contour-clamped homogenous
electric field (CHEF) gel electrophoresis (Klempp-Selb 2000). CHEF gel analysis
can reveal when single or a few chromosomes have elevated counts relative to
the rest of the genome (Bouchonville 2009), but because the techniques
aggregate the DNA from many cells, they can’t be used to identify whole ploidy
changes. A technique that measures the DNA content of each cell separately,
rather than in aggregate, is needed to observe shifts in ploidy.
24

Flow cytometry is a technique to examine large numbers of cells as
individuals, measuring the amount of fluorescence produced from experimentspecific staining. For the case of determining genome size, cells are fixed and
then stained with a nucleic acid stains such as propidium iodide (PI) or SYBR
Green (SG). The fluorescence observed from each cell in a population will
correspond to the amount of DNA in each cell. Cells in the G1 phase of the cell
cycle will have the lowest DNA content, while those in the G2 phase of the cell
cycle will have the highest DNA content. Cells in the S phase of the cell cycle will
have intermediate DNA contents depending on how much of the genome they
have replicated at the time of fixation. The position of the G1/G2 peaks relative to
a known ploidy control can then be used to determine the ploidy of experimental
strains.
Flow cytometry protocols for determining genome size are well
established for Saccharomyces cerevisiae and Schizosaccharomyces pombe
(Hutter 1979), producing a cell count histogram with distinct G1 and G2 peaks.
The same protocols don’t work well for C. albicans, instead often producing
broad peaks or even a single very broad peak. I developed a modified protocol
that produces improved peak resolution and can be performed in a highthroughput manner to analyze hundreds of strains at a time, as well as Matlabbased software to streamline the analysis of the raw data to produce ploidy
values for examined strains.

METHODS
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High-throughput flow cytometry preparation.
Initial cultures were started from glycerol freezer stock or from single
colonies on plate media, with cells transferred to 200 µl of YPAD + glucose in a
96 deep-well culture block. Diploid and tetraploid controls were cultured at the
start and end of each culture block. Culture blocks were incubated overnight in
plate shaker at 30°C. Secondary cultures are prepared by transferring 50 µl from
primary culture into new block with 250 µl of YPAD + glucose and incubated in
plate shaker at 30°C for six hours. Ensuring good mixing and thus high
oxygenation and growth is critical for producing high quality data.
200 µl of secondary culture was transferred into a round-bottom 96-well
microwell plate, along with diploid and tetraploid control strains. The plates were
centrifuged at 1000 rpm for 5 minutes and the supernatant was removed using a
multi-channel pipettor, with care being taken to not disturb the cell pellets. Pellets
were re-suspended in 20 µl of 50:50 TE (50 mM Tris, pH 8 : 50 mM EDTA) and
fixed with 180 µl of 95% ethanol. The plates were then incubated overnight at
4°C after sealing with foil. The next day the plates were warmed to room
temperature before uncovering and centrifuged at 1000 rpm for 5 minutes.
Supernatant was removed using multi-channel pipette and pellets were resuspended with 50 µl of 50:50 TE by low speed vortexing. After the pellets were
re-suspended, they were diluted with 150 µl of 50:50 TE. Plates were centrifuged
at 1000 rpm for 5 minutes. After removal of supernatant, the pellets were resuspended by low speed vortexing in 50 µl of a 1mg/mL RNAseA solution in
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50:50 TE. Cells were digested with RNAseA solution at 37°C for one hour. Plates
were centrifuged at 1000 rpm for 5 minutes. After removal of supernatant, the
pellets were re-suspended by low speed vortexing in 50 µl of a 5mg/mL
ProteinaseK solution in 50:50 TE. Cells were digested with ProteinaseK solution
at 37°C for 30 minutes. After digestion was complete, plates were centrifuged at
1000 rpm for 5 minutes and supernatant was removed. Pellets were resuspended by low speed vortexing in 50 µl of SYBR-Green solution (1:85 dilution
of SYBR Green 1 in 50:50 TE) and incubated at room temperature for one hour
(or at 4°C overnight) in the dark. After staining, centrifuge pellet and remove
supernatant then resuspend in 50 µl of 50:50 TE before analyzing on the
FACScalibur flow cytometer.
The most important variation in this method when compared to other
protocols is the high EDTA level found in the 50:50 TE buffer used throughout.
EDTA acts to chelate out divalent cations (such as Ca2+ and Mg2+) (Wilson 1955)
that are required for the normal function of many cellular proteins. Chelating
these cations out of solution helps to ensure that any endogenous nucleases that
successfully refold after ethanol fixation are unable to be active and degrade
genomic DNA. Many C. albicans strains will fail to produce good data when
processed by protocols with lower EDTA levels, such as those used for S.
cerevisiae.
The second most important variation in this method when compared to
other protocols is the relatively large amount of stain used. For the most
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consistent staining results, there should be visible stain in the final supernatant
removed after the staining step. This acts as an indication that cellular DNA is
fully stained. Under-staining results in final G1/G2 peak locations shifting
leftwards, which interferes with the ability to detect changes in genome size.
Flow cytometry.
FACScalibur settings were defined such that the diploid and tetraploid
controls have both G1 and G2 peaks visible and were not changed through the
analysis of the experimental samples. Control pairs were run at the beginning
and end of each plate, to allow later isolation of potential machine issues by
comparing early and late control pairs. Data for the fluorescence channels was
saved in linear scale.
Data analysis.
Whole-genome ploidy estimates are calculated by fitting the raw
experimental DNA content histogram with a multi-Gaussian cell cycle model (as
described in Fig 2.1 and in figs. 1 & 2 of Watson 1987), where the G1 and G2
phase peaks are modeled as typical Gaussian curves and the S phase
distribution is modeled as a Gaussian-broadened rectangle, then comparing the
fit function to that for control datasets. The software begins by asking the user for
the directory where experimental data to be analyzed is found. It then asks the
user to define the types of figures that are to be generated. Starting with the data
processing, the software asks the user to identify the diploid and/or tetraploid
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control datasets. For each dataset, starting with the controls, the software then
guides the user through generating a fitting function and producing figures. The
software first asks the user how many cell-cycle model fittings to perform
concurrently on a histogram. The software then asks the user for initial guesses
for the position of the G1 peak and the relative heights of the G1 and G2 peaks,
for as many fittings as were requested. This helps the fitting algorithm reach a
reasonable minimum error more quickly and reliably than if the software decide
on initial fitting guesses. The user provides the initial guesses by clicking the
mouse cursor on the peaks of each sequentially displayed raw data histogram.
The cell-cycle model assumes the G2 peak has twice the fluorescence of the G1,
unlike a more general multi-Gaussian fitting algorithm where the second major
peak might have any relationship to the first. The widths of the Gaussian curves
are scaled to fluorescence intensity of the peak, because moving a Gaussian
along the X-axis mathematically results in such a scaled-width. Again, in a more
general multi-Gaussian fitting algorithm, there doesn’t necessarily need to be
such a simple relationship between position and curve width. The fitting algorithm
minimizes the impact of S-phase data to the overall error function because of the
observed diversity of S-phase data distributions that are not well modeled by the
simplified fitting model used. The Watson-pragmatic cell-cycle model (Watson
1987) provides better fitting to the diversity of S-phase distributions, but this
enhancement has little impact on the fitting of the G1 and G2 peak locations.
Ploidy values are calculated for each experimental sample by comparing the ratio
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of peak locations to those of the diploid and tetraploid controls a follows: Ploidy
EXP

= 2*G1EXP/((G1DIP+G1TET/2)/2). After each cell-cycle model fitting is

performed, the software asks the user if they agree with the found fitting or if they
want to re-perform the fitting with different initial guesses.

RESULTS
Basic analysis of flow cytometry data.
For each data file processed, the software generates the requested
figures in a new subdirectory within the chosen data directory. The fitted curve
figures are generated with ploidy estimates displayed above the main figure. The
numerical ploidies are also output into a text file (“results.txt”) in the data
directory. Figure 2-2 shows raw data and fitted figures for a near-triploid strain.
The numerical ploidy estimate calculated by comparing the experimental fit curve
to the control fit curves for this dataset was 3.0564N. Figure 2-3 shows raw data
and fitted figures for a culture that shows two distinct subpopulations, evident as
doublet peaks instead of simple sharp peaks. The numerical ploidy estimates
calculated for the dual fit curves were 2.0529N and 2.3607N. Figures 2-2 and 2-3
don’t show numerical ploidy estimates because they were removed to ease
interpretation of the reduced-size figures.
Limit of resolution to flow cytometry analysis.
Through developing this protocol and using it heavily, a general rule of
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thumb was established for discernable precision in ploidy estimate values as
±5% of a target. For example, without additional information, ploidy estimates on
the range of 1.9-2.1 would be considered to be not distinct from 2. With this ruleof-thumb, the dataset displayed in Fig. 2.2 would be considered indistinguishable
from triploid. The first fitting in the dataset displayed in Fig. 2.3 would be
considered indistinguishable from diploid, while the second fitting would be
consistent with an aneuploid strain.
In certain cases, a higher precision can be inferred. A selectable marker
was placed on one copy of the right arm of chromosome 5. Selection against the
marker was followed by flow cytometry analysis of multiple single colonies. After
the resulting data was analyzed by cell-cycle curve fitting, two large clusters of
ploidy estimates are seen (Fig. 2.4). The first cluster overlaps a ploidy of 2.0N
and this estimate is consistent with a local gene conversion or break-induced
replication (BIR) event that resulted in no change in genome size. The second
cluster is distinctly separated from the first and overlaps a ploidy of 1.95N. This
estimate is consistent with the loss of the left arm of chr5, without subsequent
BIR, resulting in a predicted reduction in total genome size of 0.05N. Because
multiple single colonies were isolated for analysis and the loss of a single
predetermined chromosome arm was an expected result of the selection, the
resolution that can be inferred in this circumstance is less than ±5%, approaching
±2%.
Haploid laboratory isolate of C. albicans.
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An experiment performed to examine the loss of heterozygosity (LOH) at
multiple independent loci by Anja Forche produced the unexpected discovery of
a haploid C. albicans isolate derived from the reference strain SC5314. A
multiply-marked derivative of SC5314 was first selected for a LOH event at the
GAL1 locus by growth on 2-deoxygalactose (2-DOG) and then screened for
additional LOH events at four other heterozygous loci. Roughly 2500 GALisolates were screened and one was found to be homozygous for all four
additional markers. This isolate was subsequently analyzed by SNP/CGH
microarray (described in detail in the next chapter) and found to be entirely
homozygous (Fig. 4.8D). Two alternative explanations for this immediately came
to mind: 1) This strain was homozygous, or 2) This strain was recently
homozygous. To test between these two explanations, we quickly analyzed the
strain by flow cytometry and found it to be haploid with a ploidy estimate of 1.057
N (Fig. 2.5A and 2.5B). Another single colony derived from the strain was found
to be slightly larger than haploid with a ploidy estimate of 1.2103 N (Fig. 2.5C
and 2.5D).
Haploid clinical isolate of C. albicans.
Previously we had analyzed a diverse large collection of clinical isolates
(Castanheira 2010; strains received from P. T. Magee), in part to characterize the
genome diversity found in C. albicans. Most isolates were diploid or near diploid,
with a small scattering at larger sizes up to near pentaploid (Fig. 2.6A). One of
the ploidy results was very near haploid. At this time we had not yet identified the
32

haploid state in C. albicans and so this result was considered spurious and not
followed up on. After we identified the SC5314 derived C. albicans haploid, we
took another look at the apparently haploid result from this early data. The strain
that produced the early spurious-haploid result was struck to a plate and 58
single colonies were processed by flow cytometry. Some of the single colonies
appeared to be diploid, but most were near haploid (Fig. 2.6B) and a few were
indistinguishable from haploid (Fig. 2.6C).
Analysis of aneuploidy.
Though the specific aneuploidy seen in the second fitting of Fig. 2.3B can’t
be inferred, we can make some more general inferences about it. Calculating the
impact on total ploidy of a single chromosome increase from a diploid state
(+0.1601N, +0.2232N, +0.1563N, +0.1260N, +0.1123N, +0.0834N, +0.0724N,
+0.0665N for chrs R, 1, 2, 3, 4, 5, 6, 7, respectively) shows that all such
possibilities fall below the ±5% and ±2% ranges around the fitted ploidy estimate
(2.3607±5% = 2.2427 to 2.4787). This indicates that the observed aneuploidy is
not due to a single-chromosome increase. The likely number of extra
chromosomes needed to produce the observed ploidy change can be determined
by calculating the impact on ploidy of all possible combinations (with repetition) of
up to eight additional chromosomes, then counting the number of those
possibilities which fall within the ±5% range around the fitted ploidy estimate.
There are 36, 120, 330, 792, 1716, 3432, and 6435 possible combinations
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of 2, 3, 4, 5, 6, 7, and 8 extra chromosomes (with repetition), respectively. 17
combinations for 2 extra chromosomes (47.22% of 36), 95 combinations for 3
extra chromosomes (79.17% of 120), 152 combinations for 4 extra chromosomes
(46.06% of 330), 108 combinations for 5 extra chromosomes (13.64% of 792), 40
combinations for 6 extra chromosomes (2.33% of 1716), and 3 combinations for
7 extra chromosomes (0.09% of 3432) fall in the ±5% range around the observed
ploidy estimate (Fig. 2.7A).
The numbers are reduced for the ±2% range, but the pattern is the same
(Fig. 2.7A). For eight and larger numbers of extra combinations, there are no
possible combinations that fall in the ±5% or ±2% ranges, The highest probability
of the observed ploidy estimate being found among the possible combinations of
different numbers of extra chromosomes is found for three extra chromosomes,
but the specific chromosomes found in increased copy number cannot be
inferred from this result. The alternative assumption of the observed aneuploidy
being caused by chromosome loss as well as chromosome gain results in many
more possible combinations and an even less precise interpretation of the ploidy
estimate.
The near-haploid aneuploidy seen in Fig. 2.5D is a simpler case than that
seen in Fig. 2.3B. Since we can be confident that there are no lost
chromosomes, we can be certain the aneuploidy only represents an increase by
some number of chromosomes. Examining the possible combinations of extra
chromosomes in the ±5% range around the ploidy estimate of 1.2103 N is
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performed as described above. 3 combinations for 1 extra chromosomes
(37.50% of 8), 19 combinations for 2 extra chromosomes (52.78% of 36), 18
combinations for 3 extra chromosomes (15.00% of 120), and 1 combination for 4
extra chromosomes (0.30% of 330) fall in the ±5% range around the observed
ploidy estimate (Fig. 2.7B). The numbers are reduced for the ±2% range, but the
pattern is again the same (Fig. 2.7B). For five and larger numbers of extra
combinations, there are no possible combinations that fall in the ±5% or ±2%
ranges, The highest probability of the observed ploidy estimate being found
among the possible combinations of different numbers of extra chromosomes is
found for two extra chromosomes, but the specific chromosomes found in
increased copy number cannot be inferred.

IMPLEMENTATION and USER-INTERFACE
The flow cytometry analysis tools consist of an integrated set of Matlab
scripts utilized by running the main script (‘Ploidy_analysis_5.m’) from within the
Matlab environment. Upon running, the script asks the user for the location of a
working directory where it can find a set of flow cytometry datasets in FCS2.0
format for analysis. The script then presents a series of dialogs to define what
figures are to be generated and what data channels in the FCS files are to be
used for cell-cycle model fitting and to define which datasets belong to the diploid
and tetraploid controls. If only one ploidy control is available, the other control
input can be bypassed by hitting the ‘Cancel’ button. The script loads the FCS
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files for the control datasets and presents the user with a histogram. Prompts
drawn on the figure describe requested inputs, such as the position of G1 peak,
which are entered by clicking the cursor on the figure. After collecting initial
information, the cell-cycle model fitting is performed. The script then asks the
user if the fitting is correct and provides the opportunity to reenter the initial
information for re-performing the fitting operation. After fitting is complete on both
controls, the script proceeds to load and process all the other data sets in the
working directory. Figures defined in earlier dialogs are automatically
constructed. Cell-cycle model fittings are then performed in the same way as was
done for the controls. During the processing of each dataset, a line is added to a
text file (‘results.txt’) in the working directory with text descriptions of the
numerical ploidy estimates calculated from the cell-cycle model fittings.
A separate Matlab script (‘Analyze_Aneuploidy.m’) is used to perform the
calculations of probabilities of the number of extra chromosomes found in an
aneuploid strain with a numerical ploidy estimate. This script requires header
lines to be edited in order to adjust how it runs. The key variables are the
‘ploidy_estimate’ produced by earlier cell-cycle model fitting, ‘euploid_ploidy’
indicating the starting genome size to add simulated chromosomes to, and
‘additional_chrs’ indicating the number of additional chromosomes to be added.
The script will output a series of lines for each combination examined. The line
starts with a string indicating the chromosomes added, followed by the calculated
resulting ploidy, and then ‘±5%’ or ‘±2%’ strings if the resulting ploidy falls within
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the ±5% or ±2% ranges around the input ‘ploidy_estimate’. Three summary lines
are then output, showing the total number of combinations (with repetition) and
the number of combinations that fell within the ±5% or ±2% cutoffs.

DISCUSSION
Candida albicans readily tolerates dramatic changes to its genome.
Duplications or losses of single chromosomes are common and whole-genome
duplications are not rare. These alterations change the ratios of numerous genes
and can have dramatic consequences for the evolution of drug resistance or
pathogenicity. Small-scale aneuploidy or large-scale ploidy-shifts can be
transient events in the evolution of C. albicans when exposed to stressful
environments. Analyzing these changes thus requires the ability to rapidly
analyze large numbers of isolates so as to observe the changes when they
happen. Here we describe a detailed protocol for the high-throughput ploidy
analysis of C. albicans strains by flow cytometry, as well as software designed to
help analyze the raw data produced from the protocol.
The most critical improvement in the protocol, when compared to similar
protocols designed for the analysis of ploidy in Saccharomyces cerevisiae, is the
use of a very high concentration of EDTA in all buffers and wash solutions used.
The higher concentration of EDTA chelates divalent cations (such as Ca2+ and
Mg2+) (Wilson 1955) out of solution and thus prevents the action of many cellular
enzymes. We assume this action is interfering with endogenous nucleases that
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would otherwise degrade the nuclear DNA and result in noisy and unreliable flow
cytometry data. Similar enzymes are found in S. cerevisiae, but are adequately
inhibited by the EDTA levels in pre-existing protocols. It is not clear what
difference between the species is responsible, but an increased population of
endogenous nucleases or a decreased reliance of those endogenous nucleases
on divalent cations for function are theorized as possible explanations. The
second most critical improvement in the protocol is the relatively large amount of
DNA stain used. This ensures the prepared cells won’t be under-stained and
show the reduced signal intensity characteristic of a ploidy reduction as a
preparation artifact. The resulting consistent staining is what allows the
identification of genome size changes of ±5% or less. A final critical improvement
is ensuring very high oxygenation during all culture steps. This results in a very
consistently growing population and very sharp G1 and G2 peaks in the final flow
cytometry data. It isn’t clear how this oxygenation effect interacts with the EDTA
effect discussed earlier at the biological level, but they have similar impacts on
the raw data that results from analysis.
The improvement in the flow cytometry technique protocol for C. albicans
has changed how we do experiments with the organism. With the computational
tool designed to smooth the transition from raw data to numerical ploidy
estimates, we can reliably track increases or decreases in whole genome content
during an experiment. With the high-throughput nature of the protocol, we can
analyze hundreds of samples over a few days with the expenditure of effort that
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formerly only let us analyze some few tens of samples. This has allowed us to
dissect populations in detail to grasp at what is happening at the cellular level, a
dramatic improvement from the vague population summaries we could get with
the initial flow protocols.
The identification of the first laboratory haploid isolate of C. albicans relied
on the experimental reduction of numerous possibilities by selecting for
something we didn’t realize we were selecting for. The identification of the first
clinical haploid isolate of C. albicans relied instead on examining all of the
possibilities we had access to. It was well-prepared luck that found us the first
haploid, but we needed no luck at all to find the last. We now know that haploids
are likely to be a normal, if rare, constituent of the C. albicans life cycle. This
knowledge will impact the mathematical modeling of C. albicans evolutionary
dynamics and help inform how the species evolves resistance to the drugs we
use to combat it.
Where we once could only look at populations of cells as a whole, or in the
abstract sense, the new flow cytometry protocol allows us to dissect a population
down to numerous individual colonies for basic genome analysis. Going forward,
we will be better able to observe the impact of our experimental interventions in
the lab as well as improve our intuition of what happens in a patient in the clinic.

ATTRIBUTIONS
Darren Abbey performed the optimization of the flow cytometry protocol
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for genome size analysis of C. albicans. Meleah Hickman performed the
microarray analysis of strains selected by Anja Forche, which led to the
identification of the first haploid laboratory C. albicans. Darren Abbey performed
the confirmatory flow cytometry. This haploid and others later found were
published and discussed in detail in Hickman 2013. The flow cytometry protocol
was used, and described in short-form, in Gale 2009, Hickman 2013, and
Harrison 2014.
Darren Abbey identified the clinical haploid in a screen of stored clinical
isolates. Darren Abbey designed and implemented the software used in analyses
of flow cytometry data and in characterizing likely chromosomal contributions to
observed aneuploidy. Neither of these aspects has been published elsewhere at
this time.

AVAILABILITY and REQUIREMENTS
Project name: Ploidy Analysis
Project home page: https://sourceforge.net/projects/ploidyanalysis/
Operating systems: Platform independent.
Programming languages: Matlab R2012a (v7.14.0.739).
License: MIT license (http://opensource.org/licenses/MIT)
Any restrictions to use by non-academics: None.
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FIGURES

Figure 2-1. Multi-Gaussian cell-cycle model fitting curve construction. A) A
representation of idealized flow cytometry data for an actively-growing culture. The G1and G2-peaks are of even height and the S-phase region is flat. B) Gaussian broadening
of the idealized profile components results in the blue shaded curves, drawn overlapping
the idealized flow profile. C) The cumulative sum of the Gaussian curves in red, showing
a potential cell-cycle model curve fitting, drawn overlapping the individual profile
component curves. In this final curve, the S-phase contribution would not be obvious
without comparison to the profile component curves. This illustrates how cell-cycle
modeling could extract meaningful ploidy data out of even very broad and diffuse raw
data.
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Figure 2-2. Basic flow cytometry figure analysis. X-axis is fluorescence intensity or DNA
amount. Y-axis is number of cells A) Experimental raw data histogram is displayed in
red. Diploid and tetraploid control histograms are displayed in green and blue,
respectively. B) Cell-cycle model curve fittings to experimental, diploid control, and
tetraploid control data histograms are colored in red, green, and blue, respectively.
Ploidy estimate for experimental strain is calculated by comparing peak positions in
experiment vs. controls as in: Ploidy EXP = 2*G1EXP/((G1DIP+G1TET/2)/2). Ploidy estimate
for this dataset is calculated to be 3.0564 N.
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Figure 2-3. Multiple subpopulation analysis by flow cytometry. X-axis is fluorescence
intensity or DNA amount. Y-axis is number of cells. A) Experimental raw data histogram
is displayed in red. Diploid and tetraploid control histograms are displayed in green and
blue, respectively. B) Two curve fits in red and magenta are overlaid on a complex
profile showing doublet peaks representing two ploidy subpopulations as well as control
fit curves (diploid control in green, and tetraploid control in blue). Ploidy estimates for
experimental strain are calculated by comparing peak positions in experiment vs.
controls as in: Ploidy EXP = 2*G1EXP/((G1DIP+G1TET/2)/2). Ploidy estimate for this dataset
are calculated to be 2.0529 N and 2.3607 N.
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Figure 2-4. Limit of resolution for the flow cytometry protocol. Each green square
represents a single ploidy estimate calculated by flow cytometry analysis of a single
colony after selection for the loss of a marker on the left arm of chromosome 5. The Xaxis is ploidy, with the main population being indicated as 2.0N (diploid). A secondary
population is observed at 1.95N, consistent with the loss of a single copy of the left arm
of chromosome 5.

44

Figure 2-5. Identification of haploid laboratory isolate of C. albicans by flow cytometry.
X-axis is fluorescence intensity or DNA amount. Y-axis is number of cells. Red indicates
experimental raw data or curve fits. Green and blue indicate diploid and tetraploid
controls raw data or curve fits, respectively. A) Raw data histograms for YJB12353. B)
Cell-cycle curve fittings for YJB12353. Ploidy estimate for this dataset is calculated to be
1.057 N. C) Raw data histograms for YJB12352. D) Cell-cycle curve fittings for
YJB12352. Ploidy estimate for this dataset is calculated to be 1.2103 N.
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Figure 2-6. Identification of haploid clinical isolate of C. albicans by flow cytometry.
Violin plots where X-axis is ploidy, vertical black lines represent individual ploidy
estimates, and filled curves represent smoothed probabilities of finding a ploidy estimate
at that value by relative height and total count of dataset by area. A) Initial ploidy
estimates from clinical isolate collection, showing a wide ploidy range. Most strains are
near diploid, but one (YJB11796) appears haploid. B) Flow estimates from single
colonies of YJB11796. Most colonies appear near haploid. C) Flow profiles of diploid
control, tetraploid control, and three separate single colonies of YJB1179.
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.
Figure 2-7. Analysis of likely chromosome contributions to aneuploidy. The x-axes
indicate the number of extra chromosomes examined. The y-axes indicate the proportion
of all possible combinations of extra chromosomes (with repetition) that fall within the
ranges defined by the ploidy estimate ±2% and ±5%. A) Analyzing the second cell-cycle
model fitting in Fig 2-2B. These probabilities indicate the aneuploidy likely represents
three additional chromosomes. B) Analyzing the cell-cycle model fitting in Fig. 2.5D.
These probabilities indicate the aneuploidy likely represents two additional
chromosomes.
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3. Chapter II: Progressive Loss of Heterozygosity in lab
strains of Candida albicans.
INTRODUCTION
Genome changes, such as loss of heterozygosity (LOH) or copy number
variations (CNV), result in rapid and dramatic large-effect changes in phenotypic
diversity. To understand relationships between genotype and phenotype, one
must determine the types of changes that arose within clonal subpopulations.
This includes measuring gene copy number by array comparative genome
hybridization (aCGH) (Hughes 2000) and determining allele frequencies by using
single nucleotide polymorphism–restriction fragment length polymorphism (SNPRFLP) analysis (Forche 2009b) or using hybridization to microarrays that can
distinguish SNP alleles by their differential hybridization properties (Forche 2005;
Gresham 2010).
We use the heterozygous diploid yeast, C. albicans, as a model system to
study genome dynamics. C. albicans is a harmless commensal of the
gastrointestinal, genitourinary tract and skin; in hosts with immune deficiencies, it
can become a mucosal and/or systemic pathogen. Resistance to fluconazole, the
most commonly used antifungal drug, can appear rapidly (Marr 1998; Marr 1997)
and poses a serious challenge to the successful treatment of candidal infections
(Arendrup 2008; Brion 2007; Ruping 2008; Sun and Singh 2010). Point
mutations, homozygosis of specific resistant alleles, and aneuploidies can give
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rise to fluconazole resistance (reviewed in Niimi 2010).
Homozygosis of alleles through LOH occurs much more frequently (~10-6
generations) than point mutations (~10-9 generations) (Lang and Murray 2008).
LOH events arise through recombination, repair, and/or chromosome
segregation mechanisms (Andersen 2008). In C. albicans, rates of LOH increase
when cells are exposed to the stress of growth in the host (Forche 2009a) or to
physiologically relevant stresses in vitro (Forche 2011). Despite the fact that LOH
causes a decrease in allelic diversity at the individual cell level, it facilitates
adaptation by revealing recessive alleles that might provide a selective
advantage under stress conditions. For example, homozygosis of hyperactive
alleles of several genes (e.g. ERG11, TAC1, and MRR1) significantly enhances
the ability of C. albicans to grow in the presence of fluconazole (Coste 2007;
Morschhauser 2007; White 2002). Notably, adaptive gene combinations are
predicted to form more frequently when recombination (and thus LOH) rates are
higher under stress and lower in the absence of stress (Hadany and Beker
2003).
C. albicans laboratory strains are primarily derived from clinical isolate
SC5314 (Gillum 1984). As the first C. albicans isolate with a complete genome
sequence (Jones 2004), it is the reference strain used to assemble genome
sequences of other isolates (Butler 2009). It includes, on average, one SNP
every 270 bp distributed through ~81% of the genome. Approximately 19% of the
genome, primarily long telomere-proximal domains, is composed of long tracts of
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homozygosity (Butler 2009; Jones 2004).
Strain construction in C. albicans often incurs unintended alterations in
chromosome copy number. A major breakthrough in C. albicans genetics was
the construction of strain CAI-4, which lacks both copies of the counterselectable marker URA3. However, most CAI-4 isolates carry at least one
aneuploid chromosome (Chr1 and/or Chr2 trisomy) (Chen 2004; Selmecki 2005).
The RM series of strains (Alonso-Monge 2003), in which both alleles of HIS1
were sequentially deleted, underwent a deletion of the terminal ~40 kb of Chr5R
distal to the HIS1 locus (Selmecki 2005). Strains that no longer carry these
aneuploidies were derived from RM1000 #2, a euploid strain that is homozygous
for the distal ~40 kb of Chr5R (Selmecki 2005).
Molecular genetics manipulations, including transformation with DNA and
strong counterselection for the excision of markers (e.g. URA3), changes levels
of aneuploidy in laboratory strains (Bouchonville 2009). Furthermore, in C.
albicans, aneuploidy is found in clinical strains: 50% of fluconazole-resistant
strains carry at least one aneuploid chromosome. Furthermore, aneuploidy can
provide a strong selective advantage with clinical consequences: isochromosome
(5L) arose in several different clinical and in vitro evolution isolates and confers
drug resistance through increased numbers of two genes on Chr5L (Selmecki
2006, 2008, 2009). Thus, aneuploidy appears to be a rapid and efficient
mechanism used by C. albicans to generate a specific selective advantage in the
face of strong selective pressure.
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To follow large-effect genome changes such as LOH and aneuploidy, it is
critically important to efficiently detect genomic changes at high resolution. SNPRFLP and PCR-based methods follow LOH using a small number of SNP
markers on each chromosome arm (Arbour 2009; Forche 2011, 2009b). In
previous work, we established a hapmap with 150-170 markers linked specific
alleles to chromosomal homologs and identified some LOH events in strains that
underwent the parasexual cycle or that were passaged through a mammalian
host (Forche 2008, 2009a).
Here, we constructed a microarray that combines ~39,000 SNP alleles (2
SNP alleles/locus) plus ~20,000 CGH (non-SNP) loci to simultaneously assess
LOH and CNV events in C. albicans using commercially available microarrays.
Use of this SNP/CGH array, together with strains carrying homozygous or
trisomic heterozygous chromosomes, allowed us to assemble a hapmap that
distinguishes alleles on each homolog of all eight C. albicans chromosomes.
Using the SNP/CGH array, we first determined copy number as a function of
chromosome position and then used that information to analyze allele ratios
across the genome in commonly used C. albicans laboratory strains. Importantly,
we identified LOH events that accumulated sequentially within this series of
strains. It appears that, like aneuploidy, increasing degrees of homozygosity
incur small, but detectable, fitness costs.

MATERIALS AND METHODS
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Strains and growth media
C. albicans strains used in this study are listed in supporting information,
Table 3-S1. We used strains previously shown to be homozygous for one or
more chromosomes and/or carrying trisomies (Forche 2008; Legrand 2008)
(Figure 3-1 and Figure 3-S1, A–H). All strains were grown in rich medium (YPAD)
(Guthrie and Fink 1991) at 30° with shaking.
SNP/CGH microarray design
All probes were designed to be 19 to 33 nt long with melting points (Tm)
near 55°C (Gresham 2010). Initially, probes were designed for 43,658 SNP loci
and 28,563 non-SNP loci (including regions that do not have high frequencies of
SNPs). SC5314 is homozygous for much of ChrRR, Chr3R, and Chr7L as well as
for distal portions of Chr1R, Chr2R, Chr3L, Chr5L, and Chr7R (Butler 2009;
Jones 2004); thus we did not include SNP probes from these segments. Probes
were eliminated if they had more than one significant alignment (e-value , 0.001)
with the reference genome using BLAST analysis (Altschul 1997). The
acceptable Tm range was reduced to optimize the number of probes to the
Agilent 8x60K microarray format (41,616 SNP allele probes (2 probes per SNP
locus, representing the 2 SNP alleles) plus 20,363 non-SNP (CGH) probes (1 per
locus)). Quality control of the final array design resulted in a usable SNP allele
probe count of 39,222. A total of 19,016 SNP loci (97% of usable SNP loci, Table
3-S2) were informative and were mapped to one of the two homologs. A total of
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595 SNP loci (3% of the usable SNP loci, Table 3-S3) were not informative and
remained unresolved upon analysis of 24 additional strains (data not shown).
These loci likely represent sequences found more than once in the genome or
short regions of sequence that differed from the published genome sequence.
Analysis of the final microarray data was performed for the two types of
probes separately. First, the CGH probe ratios (experimental relative to diploid
reference SC5314) were mapped across the genome (Figure 3-3), providing
copy number data. Segmentation of CGH data into regions with a common copy
number was done manually or using ChARM (Myers 2004). Distribution of ratio
data within each region approximated a normal curve, with the position of the
peak indicating copy number. Ratios of ~1.5 (3:2) or ~0.5 (1:2) were considered
trisomic (Figure 3-3, Chr5 and Chr6) or monosomic, respectively. Second, SNP
allele data for experimental strains were normalized to data for the heterozygous
diploid reference strain SC5314. Comparison of the hybridization of SNP alleles
was used to determine the allelic fractions for each SNP locus. For a disomic
heterozygous locus, the theoretical allelic fraction is 0.5 (1:1 ratio), and for a
homozygous locus, the theoretical allelic fraction is zero or 1 (0:2 or 2:0 ratio,
respectively) (Forche 2005). In practice, the disomic homozygous SNP ratios
diverged from theoretical values by a small degree (Figure 3-2B). Allelic fractions
were called heterozygous (“ab”) or homozygous (“aa” or “bb”) if they were within
one standard deviation of the relevant peak (Figure 3-2, A vs. B). These calls
were then mapped as a function of genome position and used to determine the
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fill color behind the CGH figures. Homozygous regions were displayed as
magenta (“aa”) or cyan (“bb”) (Figure 3-3, Chr2, Chr3, Chr4, and Chr7). Disomic
heterozygous regions were displayed as gray (“ab”). For heterozygous
chromosomes that were determined to be trisomic by CGH analysis, the
theoretical allelic fractions are 0.33 or 0.67 (1:2 or 2:1 ratios, respectively). In
practice, the allelic fractions diverged from theoretical values by a small degree
(Figure 3-2C) but were found at the expected 0.33 and 0.67 between the
homozygous SNP ratios. Allelic fractions were called as heterozygous (“aab” or
“abb”) if they were within one standard deviation of the relevant peak (Figure 32C). These calls were then mapped as a function of genome position and used to
determine the fill color behind the CGH figures (Figure 3-3, Chr5 and Chr6).
Trisomic heterozygous regions were displayed as purple (“aab”) or blue (“abb”).
Chromosome segments with no known SNPs and/or no SNP probe data remain
uncolored.
DNA isolation, labeling, and microarray hybridization
Genomic DNA was prepared from overnight cultures and labeled with Cy3
or Cy5 thymidine, using Klenow polymerase described in (Selmecki 2005).
Labeled DNA concentrate was diluted to 16 ml with deionized water. An amount
of 4.5 ml of Agilent 10x blocking agent and 22.5 ml of Agilent 2· hybridization
buffer were added. Each mixture of Cy3- and Cy5-labeled DNA was treated
according to Agilent standard protocols with incubation for 24 hr at 65°C. After
incubation, arrays were washed using wash buffers and acetonitrile solutions per
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Agilent standard protocols.
Microarrays were scanned as 16-bit TIFF images and analyzed using
“BlueFuse for Microarrays” (BlueGnome, Cambridge). Data were normalized
using Block Lowess method and then analyzed at two levels of stringency (one
with no data excluded; the second, data excluded when “Quality less than 1;
Confidence less than 0.4; PON Ch1 or Ch2 less than 0.6”). In-house scripts,
organized into a data analysis pipeline, were used to load, process, and display
the data and are available upon request.
Fitness assays
Cells were grown at 30°C to saturation in liquid YPAD media, diluted
1:1000 in fresh YPAD media and grown for 18 hr at 30°C in a microplate reader
(Sunrise model, Tecan). OD600 was measured every 15 min and used for
doubling time calculations. Each experiment included a minimum of six biological
replicates for each strain, and each experiment was repeated independently at
least twice. Error bars reflect the standard deviation from the mean and P values
were determined by Student t-test (Figure 3-5).

RESULTS
Construction of a SNP/CGH microarray for efficient, high-resolution
detection of LOH and CNVs Detection of LOH is facilitated by accurate
genotyping of SNP alleles. Recently, isothermal melting temperature probes
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were shown to maximize discrimination of SNP alleles (Gresham 2010), making
them ideal for high-resolution analysis of LOH events. To quickly, efficiently, and
simultaneously detect large numbers of LOH and CNV events in C. albicans, we
designed and constructed a custom microarray including ~39,000 SNP alleles (2
SNP alleles/locus) plus ~20,000 CGH (non-SNP) loci (see Materials and
Methods for details) using the Agilent custom array format, which enables
simultaneous analysis of eight sets of 60,000 probes. In initial calibration
experiments, we found that the non-SNP oligonucleotides accurately reported
chromosome copy number and that the SNP allele probes accurately
distinguished chromosomes that were known to be heterozygous (Figure 3-2A)
from those known to be homozygous (Figure 3-2B) (Forche 2008).
To assign all SNP alleles on each chromosome to a specific homolog (“a”
or “b”), we used lab strains that are homozygous (“aa” or “bb”) or trisomic
heterozygous (“aab” or “abb”) for specific chromosomes (Figure 3-1) (Forche
2008; Legrand 2008). A total of 97% (38,032) of the SNP alleles were assigned
to a specific homolog. The remaining 3% (1190) remained unmapped, either
because the SNP was not present in the strains analyzed or because the strains
carried multiple SNPs within the locus.
First, we analyzed the CGH loci to determine copy number of whole
chromosomes. Disomic (~1:1 ratio) and trisomic (~2:1 ratio) chromosomes were
readily distinguishable. We then assigned the SNP alleles to a given homolog.
SNP allele identity (initially arbitrary) was reassigned to the appropriate homolog
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using data from disomic homozygous (“aa” and “bb”) and/or trisomic (“aab” and
“abb”) chromosomes. For disomic homozygous chromosomes, allelic fractions
close to 0 or 1 were generally observed, although there was slight variation with
each array experiment (Figure 3-2B). The threshold was set at 50% of the
distance between the homozygous and heterozygous values (Figure 3-2, A and
B, green lines). For chromosomes previously identified as homozygous “bb,” the
SNP alleles were reassigned to “bb” if their ratio fell in the “aa” region, and vice
versa. For Chr1, no disomic homozygous strain was available. Thus, a strain
trisomic and heterozygous for Chr1 (Ss2-l, Figure 3-1) was analyzed with the
allelic fractions shifted (0.33 or 0.67) (Figure 3-2C), and the threshold was set at
50% of the distance between the two peaks (Figure 3-2C, red lines). SNP alleles
were assigned to a homolog using similar logic to that described above.
SNP/CGH array data collected from eight parasexual progeny isolates (Figure 31) were used to assign SNP alleles (Figure 3-2). For each strain, data was
plotted as a function of chromosome position, and regions of the chromosomes
that were informative were shaded to indicate their allelic content (Figure 3-3 and
Figure 3-S1; see Materials and Methods).
Analysis of a series of related laboratory strains
Hapmaps are primarily useful for the study of strains that are closely
related to one another. The degree to which C. albicans lab strains undergo
recombination during transformation and subsequent selection steps has not
been determined. Thus, we analyzed the multiply marked strains BWP17 (Wilson
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1999) and SN76 (Noble and Johnson 2005), as well as several intermediate
strains used in their construction from reference strain SC5314. All strains
ultimately were constructed from CAI-4 (Figure 3-4), which lacks both copies of
the counter-selectable marker URA3. CAF2 (Fonzi and Irwin 1993), an
intermediate in the construction of CAI-4, is a ura3Δ/URA3 strain derived from
SC5314 by transformation (Fonzi and Irwin 1993).
Our analysis of LOH and CNVs in related strains revealed the history of
changes that arose during strain construction. In brief, approximately 20% of the
SC5314 genome is homozygous (Figure 3-4A) (Butler 2009; Jones 2004). In
CAF2, SNP/CGH analysis detected an additional 50 kb LOH on Chr7L, which
extended the preexisting region of homozygosity (Figure 3-4A). In CAI-4, an
additional region of Chr3R (64 kb) was homozygosed (Figure 3-4A). In both
CAF2 and CAI-4, the LOH event occurred within 12–25 kb of the centromere.
Both of these LOH events are found in all derivatives of CAI-4. Furthermore, as
noted previously (Selmecki 2005), some CAI-4 isolates (e.g. CAI-4 F2, Figure 34A) have one trisomy (Chr2), whereas others (e.g. CAI-4 F3, Figure 3-4A) have
two (Chr1 and Chr2).
RM10 (his1Δ/HIS1, ura3ΔΔ) was derived from a CAI-4 isolate by
transformation and subsequent FOA selection; it acquired an LOH event that
spans most of the left arm of trisomic Chr2 (Figure 3-4A, 1330 kb). RM100 #13
(his1Δ/his1Δ::URA3, ura3ΔΔ) lost one copy of Chr2, retaining the Chr2R “a” and
“b” alleles, and it also lost a portion (~40 kb) of the Chr5R “a” homolog distal to
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HIS1 (Figure 3-4A) (Selmecki 2005). These changes were retained in strains
RM1000 #6 (Figure 3-4B, his1ΔΔ, ura3ΔΔ) and BWP17 (Figure 3-4B, arg4ΔΔ,
his1ΔΔ, ura3ΔΔ). The Chr5R distal, hemizygous region became homozygous
disomic (“b” alleles) in transformant RM1000 #2 (Figure 3-4C, ura3ΔΔ, his1ΔΔ)
(Selmecki 2005), and this was retained in its derivative SN76 (Figure 3-4C,
ura3ΔΔ, his1ΔΔ, arg4ΔΔ). Both BWP17 and SN76 underwent two
transformations and two counterselections on 5-FOA to delete both copies of
ARG4. BWP17 acquired an additional LOH on the terminal 30 kb of Chr4R
during one of these stages, whereas the SN76 genotype is indistinguishable from
that of RM1000 #2. Taken together, these results indicate that LOH, like
aneuploidy, often arises during strain constructions involving DNA
transformation. These LOH events generate lab strains that are more
homozygous than SC5314.
Fitness consequences of LOH and aneuploidy
Ultimately, accumulated genomic changes have the potential to affect the
cellular fitness of an organism. Fitness in asexual microorganisms such as C.
albicans is often determined by population doubling time, although the maximum
number of doublings in a population also plays an important role (Addinall 2011).
In yeasts, aneuploidy often causes reduced fitness (reviewed in Torres 2008),
although specific aneuploidies can also confer fitness advantages under
selective as well as nonselective conditions (Dunham 2002; Gresham 2008;
Pavelka 2010; Selmecki 2006). To distinguish between the effects of aneuploidy
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and LOH on fitness, we measured the doubling times for SC5314 and its
derivatives (Figure 3-5) under standard laboratory conditions. Sets of strains with
similar degrees of LOH and different ploidies, as well as sets of strains with
similar ploidies and different degrees of LOH, were compared. Overall, doublingtime measurements mirrored fitness measurements that incorporate the
maximum number of doublings in a population (Figure 3-S3).
Strains harboring extra copies of large chromosomes had significantly
increased doubling times compared with a euploid strain with a similar degree of
LOH (Figure 3-5A, blue). Even very small changes in ploidy (e.g. truncation of 40
kb from Chr5R) resulted in longer doubling times (Figure 3-5A, green).
Importantly, these strains have essentially identical genome content: RM1000 #6
is hemizygous and RM1000 #2 is homozygous for the terminal portion of Chr5R.
A similar difference in Chr5R and a similar decrease in fitness distinguished
BWP17 from SN76 (Figure 3-5A, red), although we cannot rule out contributions
from the small Chr4R LOH present in BWP17 but not in SN76.
The effects of LOH on fitness are not as well documented, because highresolution methods to measure LOH have not been widely available. Here, we
compared the fitness of strains with similar ploidies and different degrees of LOH
[SC5314 and CAF2 (Chr7L); RM100 #13 and SN76 (Chr2L, Chr3R, Chr5R, and
Chr7L)] under replete growth conditions that should neutralize the contributions
of any auxotrophic markers. Interestingly, larger tracts of homozygosity
correlated with increased doubling time (Figure 3-5B), but small increases in
60

homozygosity did not. It is very likely that this is due to the specific alleles
involved in the LOH tracts rather than the size of the LOH tract per se.
In C. albicans, ura3Δ/ura3Δ strains exhibit altered morphogenesis and reduced
virulence (Bain 2001; Chen 2003; Noble and Johnson 2005). Yet in vitro fitness
costs have not been determined for ura3Δ/ura3Δ isolates. Comparison of in vitro
growth of two sets of strains that differ in URA3 status, yet have similar ploidy
(SC5314 and CAF2; SN76 and SN95), revealed no significant change in
doubling time (Figure 3-5C). Thus, under standard lab conditions, using YPAD
medium supplemented with uridine, the URA3 genotype has no significant effect
on fitness. In general, aneuploidy and LOH both reduce fitness in vitro.
Importantly, this is likely due to multiple allele-specific effects in both cases.
Furthermore, the degree to which they affect fitness likely differs under different
growth conditions.

DISCUSSION
Long-range chromosomal changes such as LOH and CNVs confer largeeffect phenotypic variation. Here we describe microarrays that perform both highresolution SNP and CGH analysis simultaneously. When used together with
strains that are homozygous or trisomic, this technology reveals a high-resolution
hapmap that allows homolog phasing of the largely heterozygous C. albicans
genome. In addition, analysis of lab strain construction history revealed
increasing levels of LOH with increasing strain manipulation. We assume that
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stresses involved in transformation, as well as the stress of growing on
counterselection medium, increases the frequencies of LOH as it increases
aneuploidy (Bouchonville 2009).
Aneuploidy is dynamic and reversible. For example, trisomies can be lost
via nondisjunction, restoring the original genotype or resulting in wholechromosome homozygosis. Recombination between trisomic chromosomes and
subsequent chromosome loss can result in large segmental LOH tracts (e.g.
Chr2 in RM10 and its derivatives, Figure 3-4). Shorter segmental monosomies
(e.g. Chr5R terminus in RM100) can be restored to disomy, but the alleles
remain homozygous. Thus, while aneuploidies can appear and disappear
relatively quickly, they can affect the degree of homozygosity. Thus, aneuploidies
can cause transient or permanent genome changes.
If LOH events occur in aneuploid or euploid strains, the loss of allelic
diversity cannot be reversed without events involving mating or mutagenesis.
Accordingly, lab strains that underwent more manipulations generally have
accumulated more LOH events. These LOH events and aneuploidies do not
confer a selective advantage under standard laboratory conditions. In contrast,
aneuploidies and LOH events found in azole-resistant clinical isolates can
provide a clear selective advantage in the presence of the drug due to specific
gene contributions (Coste 2007; Selmecki 2008). This is reminiscent of the
situation in S. cerevisiae, where aneuploidies are usually detrimental to growth in
standard conditions (Pavelka 2010; Torres 2007) but can provide a selective
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advantage under some stress conditions (Pavelka 2010; Rancati 2008) and in
some genetic backgrounds (Hughes 2000).
Paradoxically, despite the stable accumulation of LOH tracts with
sequential exposure to stress, most clinical isolates are largely heterozygous.
This implies that parasexual mating between non-sisters must occur at a high
enough frequency to restore the observed heterozygosity. Alternatively, selection
forces in vivo strongly favor the survival of strains with more heterozygosity.
Heat shock, which is used to isolate transformants, clearly promotes
aneuploidy (Bouchonville 2009; Hilton 1985). This may be due to depletion of
HSP90 and its cofactor Sgt1, which in Saccharomyces cerevisiae is required for
assembly and stability of centromere/kinetochore and centrosome complexes
(Bansal 2009; Zhang 2008) and may influence the incidence of aneuploidy in that
organism. Elevated temperature, such as that in febrile patients (e.g. 39°C), also
results in increased frequencies of LOH (Forche 2011), and thus, the heat shock
step in DNA transformations may promote recombination that leads to LOH as
well. However, it should be noted that transformation by electroporation also
results in increased aneuploidy (Bouchonville 2009).
Strong selection pressure applied to identify rare transformants also
promotes the appearance of aneuploidy [e.g. on 5-FOA, (Wellington and
Rustchenko 2005)]. LOH rates also increase under the stress of growth in vivo
(Forche 2009a) and in response to fluconazole or oxidative stress applied in vitro
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(Forche 2011).
The effects of large aneuploidies, especially extra copies of Chr1 and
Chr2, which increase ploidy by ~20%, had a more dramatic effect on doubling
time and fitness than the most extensive cumulative LOH (Figure 3-5, BWP17
and SN76, homozygous for almost ~35% of the genome). However, because
SC5314 is already homozygous for ~20% of the genome, there may be less
dynamic range available to detect effects of LOH on fitness. Importantly, the
effect of LOH and aneuploidy on fitness is likely to vary, depending upon the
specific genes and alleles involved, as well as on the growth conditions being
used to measure fitness.
In summary, we designed and demonstrated the utility of a combined
SNP/CGH array for high-resolution, rapid, and accurate detection of large-effect
genome changes, including both LOH and CNV events. This array, together with
its analysis pipeline, is a useful and cost-effective tool for characterizing
laboratory as well as clinical strains. Furthermore, this study highlights that
whole-genome analysis of engineered mutants should be performed prior to
using such mutants in critical experiments. This will facilitate the identification of
strains with the desired levels of ploidy and heterozygosity. In addition, the
hapmap alleles provided here will greatly facilitate the phasing of SNPs in
commonly used laboratory strains. This is essential for optimal appreciation of
allele specificity found within next-generation sequencing data. Clearly, once
high-throughput sequencing and data analysis becomes affordable and
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accessible to all researchers, it will obviate the need for array analysis. However,
until that time, this technology and the data pipelines for its analysis are
important and useful tools for the Candida albicans research community.

ATTRIBUTIONS
This chapter represents the publication of Abbey 2011. Darren Abbey
designed and implemented the software to construct the microarray design,
using probe design methodologies developed by David Gresham (Gresham
2010). Darren Abbey designed and implemented the software for analysis of raw
microarray data. Meleah Hickman performed the analysis of relative fitness
between strains with varying levels of LOH or the presence of URA3.
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FIGURES

Figure 3-1. Homolog identity of strains used for hapmap (haplotype map) construction.
Strains derived from a parasexual cross (Forche 2008) contained homozygous (“aa” or
“bb”) homologs for most or all of ChrR and Chr2–Chr7 and heterozygous trisomies
(“aab” or “abb”) as indicated. Chromosomes indicated with “aab“ or “abb“ were trisomic;
chromosomes designated “ab” were heterozygous along the entire length of the
chromosome. Chromosomes indicated in color were informative for hapmap
construction. Chr2 in strain P1 (“**”) was homozygous for each homolog along different
sections of the chromosome. Color schemes for allelic fractions are consistent in Figures
3-1 through 3-4.

66

Figure 3-2. Assignment of SNPs (single nucleotide polymorphisms) from allele
hybridization ratios. Allelic fractions were calculated from SNP array hybridization data
for each chromosome in each strain used to construct the hapmap. In each case,
unassigned alleles (left panels with only gray data) were plotted with the X-axis as the
allelic fraction [b/(a+b)] and the Y-axis as the number of SNP probes, scaled to
maximum height of the peaks. (A) For unassigned alleles on heterozygous
chromosomes, a = b and b/(a+b) = 0.5 (dark black vertical line); probes that fall between
the boundaries (right panel, green lines, values determined as described in Material and
Methods) are considered heterozygous (gray); probes outside these loci are considered
homozygous. (B) For unassigned alleles on homozygous chromosomes, the allelic
fractions were close to either 0 or 1 (left panel). For alleles on chromosomes previously
designated “aa”, SNP pairs with fractions that fell in the “bb” peak were reassigned to
“aa” (magenta, middle panel), and vice versa for “bb” alleles (cyan, right panel) using
boundaries that were 50% of the distance between the two peaks in the unassigned data
and the heterozygous peak location (green lines). (C) For unassigned alleles on trisomic
heterozygous chromosomes, the allelic fractions were close to ~0.33 or ~0.67 (“aab” or
“abb,” respectively, left panel). SNP pairs with fractions that fell in the “abb” peak were
reassigned to “aab” (purple, middle panel), and vice-versa for “aab” alleles (blue, right
panel). The boundary between the two regions was set at 50% of the distance between
the two peaks (red lines).

67

Figure 3-3. Visualization of SNP/CGH array data. Data for each strain analyzed by
SNP/CGH array was visualized as illustrated for strain Ps8 (and in Figure 3-S1 and
Figure 3-S2 for all other strains). Each chromosome is illustrated to scale, with its
centromere position indicated by an indentation and major repeat sequence (MRS)
positions indicted by a black square below the chromosome. CGH data were calculated
as ratios, converted to chromosome copy numbers, displayed as black histograms along
the length of the chromosome, and summarized with a large numeral to the right of the
chromosome. For SNP alleles, allelic fractions for each chromosome are plotted in the
left panels. SNP data were calculated and colored as described in Figure 3-2. Regions
that were homozygous in the reference strain or were not informative were not colored.
CGH, comparative genome hybridization; SNP, single nucleotide polymorphism.
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Figure 3-4. Genome changes acquired during laboratory strain construction. Summary
of SNP/CGH analyses of laboratory strains derived from SC5314 with chromosome copy
number illustrated as black histograms and homolog identity colored as in Figure 3-3.
Each strain is illustrated horizontally. Strain construction steps proceed from top to
bottom. RM100#13 (bottom of A) was the parent for strain lineages in B and C. Genome
changes with successive transformation and counter-selection steps are enlarged and/or
highlighted: new aneuploidies are highlighted with green borders; new LOH events are
highlighted with yellow borders. Genome changes that were maintained in subsequent
strains are highlighted with black borders. Subfigures for strains with italicized names
were simulated from available data and SNP/CGH analysis of additional CAI-4-derived
strains. CGH, comparative genome hybridization; LOH, loss of heterozygosity; SNP,
single nucleotide polymorphism.
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Figure 3-5. In vitro growth of lab strains with different degrees of ploidy or LOH or with
different URA3 copy number. (A) Deviations from diploidy correlate with increased
doubling times. Doubling times (min) were measured for strains with similar degrees of
LOH and different degrees whole-genome ploidy. Blue: CAF2 (2N), CAI-4 F2 [2.16N (2N
+Chr2)] and CAI-4 F3 [2.38 (2N + (Chr1 + Chr2))] Green: RM1000 #2 (2N) and RM1000
#6 (1.997N) have identical genome content but are homozygous or hemizygous,
respectively, for the terminal $40 kb of Chr5R. Red: SN76 (2N) and BWP17 (1.997N),
like the RM1000 strains, are homozygous and hemizygous for the tip of Chr5R; in
addition, BWP17 acquired a small (30 kb) LOH on Chr4R. 0Within each group, all strains
are significantly different from each other (P , 0.05, Student t-test). (B) Increases in
percentage of the genome that is homozygous (as indicated on X-axis) correlate with
increased doubling times. SC5314 and CAF2 are not different from each other (+) but
are significantly different from RM100 #13 and SN76 (*P , 0.05, Student t-test). (C)
URA3 status does not affect in vitro doubling times in medium containing uridine. Pairs
of strains (teal and purple) with similar ploidies and similar degrees of LOH that differ by
one copy of URA3: SC5314 (URA3/URA3) vs. CAF2 (URA3/ura3Δ), or SN76
(ura3Δ/ura3Δ) vs. SN95 (URA3/ura3)) were not significant different in doubling time
relative to one another (+). LOH, loss of heterozygosity.
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Figure 3-S1. SNP/CGH of parasexual progeny strains used to construct the C. albicans
SC5314 hapmap. Each strain was analyzed by SNP/CGH array and visualized as
illustrated in Figure 3-3. A. Strain P1 (YJB9407). B. Strain P2 (YJB9408). C. Strain Ps7
(YJB10019). D. Strain Ps8 (YJB10020). E. Strain S3 (YJB9416). F. Strain S4
(YJB9417). G. Strain Ss2 (YJB10022), small colony. H. Strain Ss2 (YJB10022), large
colony.
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Figure 3-S2. SNP/CGH of related laboratory strains derived from SC5314. Each strain
was analyzed by SNP/CGH array and visualized as illustrated in Figure 3-3. A. Strain
CAF2 (YJB2101). B. Strain RM10 (YJB8648). C. Strain RM100#13 (YJB8661). D. Strain
RM1000#2 (YJB7617). E. Strain RM1000#6 (YJB7616). F. Strain SN76 (YJB10038). G.
Strain BWP17 (YJB3731).
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Figure 3-S3. Doubling time correlates with strain fitness. Plot of all 10 strains analyzed
in Figure 3-4 for fitness (X-axis) calculated as described (Addinall 2011) vs. doubling
time (Y-axis). The strong linearity indicates doubling time is the major contributor to
fitness in this set of strains and growth conditions.

73

Table 3-S1. Strains used in SNP/CGH array analysis.
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Table 3-S2. Informative SNPs in haplotype map. Complete table is available at:
“http://www.g3journal.org/lookup/suppl/doi:10.1534/g3.111.000885/--‐/DC1/TableS2.xls”.
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Table 3-S3. Uninformative SNPs in haplotype map. Complete table is available at:
“http://www.ncbi.nlm.nih.gov/pmc/articles/PMC3276171/bin/supp_1.7.523_TableS3.xls”.
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4. CHAPTER III: Yeast Mapping Analysis Pipeline (YMAP)
– Visualization of copy number variation and loss of
heterozygosity in eukaryotic pathogens.
INTRODUCTION
The collection of large, near-comprehensive genomic datasets of human
pathogens such as Candida albicans has become common due to the availability
of next-generation sequencing technologies. A major challenge is to represent
these large, complex datasets that probe a heterozygous diploid genome in a
manner that is biologically relevant and easy to interpret. In C. albicans, genome
changes of small scale (single nucleotide polymorphisms, short insertions, and
short deletions) and large-scale (duplications, deletions, loss of heterozygosity)
can have important consequences in the development of new clinical
phenotypes, most notably, drug resistance (Selmecki 2006, 2008).
The C. albicans genome has eight linear chromosomes that are highly
heterozygous (~70K SNPs between homologs), compact (0.9 - 3.2 Mbp) and are
not detectable via microscopy- based karyotyping methods. Contour-clamped
homogenous electric field (CHEF) electrophoresis provides information on
relative chromosome sizes but is time consuming, low throughput, and not
definitive without additional Southern-blot analyses of individual probes for
different chromosome regions. Thus, whole genome analyses via microarrays,
deep sequencing, or sequence sampling methods such as double-digest
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restriction-site associated DNA sequencing (ddRADseq) have the potential to
improve the speed and precision of genome analysis.
Mapping of small yeast genomes was pioneered in Saccharomyces
cerevisiae which has 16 very small chromosomes (0.2-1.5 Mbp), point
centromeres spanning only ~100 bp and short telomere repeats that span ~300400 bp, a single rDNA locus containing ~150 tandem repeats, and no other major
regions of repetitive DNA (Kobayashi 1998). C. albicans, like higher organisms,
has regional, epigenetic centromeres that are relatively small (3-5 Kbp compared
to 0.5-10 Mbp in humans) (Ketel 2009, Baum 2006), telomere repeats that span
several hundred bp (McEachern 1993) and a set of telomere-adjacent genes
(TLO1-TLO16) found at most chromosome ends (van het Hoog 2007, Anderson
2012). In addition to the single rDNA locus that includes 25-175 tandem repeats,
C. albicans chromosomes each carry one or two Major Repeat Sequences
(MRSs) composed of nested repeat units that span 50-130 Kbp (Rustchenko
1993, Lephart 2005). A number of different categories of transposons and LTRs
are also scattered throughout the chromosomes. In C. albicans, as in human
cancer cells and some normal human tissues, aneuploid chromosomes appear
frequently and in some cases specific aneuploidies or genome changes are
diagnostic of specific changes such as the acquisition of drug resistance
(Selmecki 2006, Janbon 1998). Thus, the ability to detect karyotype changes in
the C. albicans genome can facilitate informed choices regarding therapeutic
strategies.
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Most available tools for genome analysis were designed primarily to
analyze human genome sequence data and assist in disease diagnosis. Many
tools identify short-range variations in next-generation sequence datasets
(reviewed in Pabinger 2014 and Dolled-Filhart 2013). Most tools that produce a
visualization primarily represent one major aspect of a genome: rearrangements
(e.g., CIRCUS (Naquin 2014), inGAP (Qi 2011), Gremlin (O’Brien 2010)) or large
CNVs (WISECONDOR (Straver 2014), FAST-SeqS (Kinde 2012)). Few tools
provide a whole genome view of the calculated genome changes in a single
glance/figure. ChARM (Myers 2004) detects and visualizes copy number
changes in microarray datasets. CEQer (Piazza 2013) and ExomeCNV
(Sathirapongsasuti 2011) process and visualize copy number changes in exomeonly sequence data. One of the most versatile visualization tools, IGV (Robinson
2011, Thorvaldsdóttir 2013), can display different types of genomic variants (e.g.
CNV, SNP, LOH, sequence coverage, among others), but visualization is limited
to one genomic phenotype at a time, and thus it is not readily applied to time
series data. Further, when applied across the entire genome view, as opposed to
single chromosome views, other genomic features (i.e. centromeres, telomeres,
repetitive sequence elements) are not displayed.
Here we present YMAP, a genome analysis pipeline motivated by the need
to analyze whole genome data in a manner that provides an overview of the
entire genome including major changes in CNVs and allele ratios (LOHs) that it
has undergone. As such, YMAP utilizes and extends existing tools for both short79

and long-range genome analyses to provide a whole- genome view of CNVs and
LOHs in small genomes, using C. albicans as a test case. YMAP is designed to be
amenable to the analysis of clinical as well as laboratory isolates and to be
readily adapted for the study of genome organization in other pathogenic yeast
species. For genomes with known haplotypes, YMAP utilizes a color scheme to
visualize the allele specificity of segmental and whole chromosome LOHs. For
new genomes such as clinical isolates, it visualizes LOH events and, with
appropriate homozygosed derivatives, it facilitates the construction of haplotype
maps (hapmaps) (Legrand 2008). Originally designed to process microarray data
that includes both SNP and CGH data (Abbey 2011), YMAP accepts several types
of whole genome datasets. YMAP processes paired- and single-end whole
genome sequence, as well as paired- and single-end ddRADseq data, which
samples a sparse number of genomic loci at low cost per sample (Cromie 2013).
Dense histograms indicate DNA copy number and color schemes provide allele
status information with data plotted either vertically for an individual strain or
horizontally to facilitate comparison between individuals.
The YMAP website is available for use at http://lovelace.cs.umn.edu/Ymap/
and includes some example datasets as well as decision flow-diagrams to help
determine if the pipeline will be able to process your data (Figure 4-S1). The
source files and directory organization needed for installing the pipeline on your
own server can be downloaded from https://sourceforge.net/projects/ymap/.

IMPLEMENTATION
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The genome analysis pipeline is composed of three main components: a
module that performs raw sequence alignment and processing (Figure 4-1, steps
1-3), a module that performs custom copy number variation (CNV) and single
nucleotide polymorphism (SNP)/loss of heterozygosity (LOH) analyses, and a
module that constructs figures summarizing all completed analyses and then
displays them on the webpage. The implementation details for each of these
components are described in more detail in the following sections.
The first component of the central computation engine takes the user-input
data and attempts to correct some typical file errors before outputting corrected
FASTQ file(s) for use by later steps in the pipeline. Typical sequence data is
input as one or two (for paired-end reads) FASTQ format files, either raw or
compressed in the ZIP or GZ format. Depending on connection reliability, upload
of a 500 Mb compressed file can take from minutes to a few hours. The large
size of FASTQ files leaves them prone to file transfer errors that result in
corruption because the file format doesn’t have an internal error
correction/identification system. This corruption often results in the final read
entry being incomplete, which can cause analysis programs to crash, and
normally has to be dealt with on a case-by-case basis. The size of the uploaded
file is available in the “Manage Datasets” tab beside the dataset name. Users can
thus manually check whether the uploaded file size is equal to the expected file
size. The issue of transfer errors is partially dealt with internally by trimming the
FASTQ file to remove incomplete entries. Trimming the longer of the paired-end
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FASTQ files to the length of the shorter file is also done to deal with single-end
reads that are generated by some sequencing technologies. Both steps are done
through a in-house scripts (available at https://sourceforge.net/projects/ymap/;
incomplete entry removal: sh/FASTQ_1_trimming.sh or unbalanced reads:
sh/FASTQ_2_trimming.sh).
The second step in the central computation pipeline is to processes the
corrected FASTQ file into a final Binary sequence Alignment/Mapping (BAM) file.
The single- or paired-end reads are aligned to one of the installed reference
genomes using Bowtie2 with SAM output mode set to “very sensitive”
(Langmead 2012), resulting in a Sequence Alignment/Mapping (SAM) file.
SAMtools (Li 2009) is used to compress this into a BAM file. PicardTools
(Wysokar 2014) is used to standardize the read-group headers in the BAM files,
to resolve some formatting irregularities to the BAM file. SAMtools is then used to
sort the BAM file, which is required for efficient later processing steps. FastQC
(Andrews 2014) is used to identify the quality coding system used in the input
FASTQ files, as a prelude to defining the input parameters for processing by the
Genome Analysis ToolKit (GATK; McKenna 2010), which performs indelrealignment of the BAM files, removing spurious apparent SNPs around true
indels in the primary alignment. Settings for all outside tools can be found in the
source code on sourceforge (https://sourceforge.net/projects/ymap/) by looking at
sh/project.paired_*.sh and sh/project.single_*.sh shell scripts.
The third step in the sequence data processing component of the pipeline
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is to convert the BAM file into a simpler text file containing limited data for each
coordinate across the genome, which simplifies later processing. The SAMtools
function mpileup first processes the BAM file into a ‘pileup’ file, which contains
information about all of the mapped reads at each chromosome coordinate in a
simple format that facilitates subsequent processing by custom Python scripts
(available at https://sourceforge.net/projects/ymap/ in the “py” directory). The
Python scripts extract base call counts for each coordinate, discarding indel and
read start/end information. The raw read-depth data per coordinate is saved to a
text file [“SNP_CNV.txt] that is input into the CNV analysis section of the pipeline.
Any coordinates with more than one base call have that information saved to a
separate text file [“putative_SNPs.txt”] that is input into the SNP and LOH
analysis section of the pipeline. These two files can be downloaded after being
made in the “Manage Datasets” tab by selecting either “SNP_CNV data” or
“putative_SNP data” beside the relevant dataset name.
Detailed flow diagrams explaining the processes each file goes through
upon introduction to YMAP are available in Figures 4-S2, 4-S3, 4-S4, 4-S5.
CNV Analysis
CNV analysis of NGS data by the pipeline is based upon read depth
across the genome. Several biases can impact read depth and thereby interfere
with CNV analysis. Two separate biases, a chromosome-end bias and a GCcontent bias, appear sporadically in all types of data examined (including
microarray and whole genome sequence (WGseq) data). The mechanism that
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results in the chromosome end artifact is unclear, but the smooth change in the
apparent copy number increase towards the chromosome ends (Figure 4-2A)
suggests that some DNA preparations may release more genomic DNA as a
function of telomere proximity (Jane Usher, personal comm.). A GC-content bias
is due to strong positional variations in GC content in the C. albicans genome.
This, combined with the PCR amplification bias introduced during sequence
library or array preparation, results in a strong positional effect in local copy
number estimates (Figure 4-3A). In datasets produced from the ddRADseq
protocol, a third bias is associated with the length of restriction fragments. A
fourth bias, seen consistently in all ddRADseq data sets, appears as a high
frequency of short-range increases and decreases in read depth at specific
genome positions across all strains analyzed, and thus can be removed by
normalization to a control dataset from the reference genome. The YMAP pipeline
includes filters, which can be deselected by the user, for each of these biases to
correct the data before final presentation and to facilitate detection of bona fide
CNVs. The final presentation of the corrected copy number data is in the form of
a histogram drawn vertically from the figure centerline (Figures 4-2, 4-3, 4-4, AB).
The chromosome-end bias is normalized using locally weighted scatterplot
smoothing (LOWESS) normalization (Cleveland 1978) of average read depth vs.
distance to the nearest chromosome end, for 5000 bp windows tiled along each
chromosome (Figure 4-2C). The LOWESS fitting is performed with a smoothing
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window size determined for each dataset as that which produces the least error
between the fit and the raw data, using 10-fold cross-validation (Arlot 2010).
Dividing the raw data by the fit curve normalizes the bias (Figure 4-2D), allowing
an unimpeded view of the mapped genome (Figure 4-2B, a diploid with no
significant CNVs). Because this bias is sporadically present, the correction is
optional and is not performed by default.
The GC-content bias is normalized using LOWESS normalization of
average read depth vs. GC content, for 5000 bp windows tiled along each
chromosome] (Figure 4-3C). The LOWESS fitting is performed with a smoothing
window size determined for each dataset as that which produces the least error
between the fit and the raw data using 10-fold cross-validation. Dividing the raw
data by the fit curve normalizes this bias (Figure 4-3D) allowing an unimpeded
visual examination of CNVs across the genome. For example, it can distinguish
chromosome number for a near-tetraploid strain with a small segmental
duplication near the centromere of ChrR, three copies of chromosomes 4, 5R
and 6, and with 7 copies of the left arm of chromosome 5R (due to the presence
of 3 copies of whole Chr5 and 2 copies of an isochromosome (5 L) with 2 copies
of Chr5L per isochromosome) (Figure 4-3B). Because this bias is always present
to some degree in all data types examined, the correction is performed by default
unless deselected by the user.
The ddRADseq protocol generates high read depths at a sub-sampling of
genomic loci, resulting in a much-reduced total cost per strain sequenced. The
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protocol produces a library of restriction fragments digested with two different
restriction enzymes (in this case MfoI and MpeI). A strong bias exists in the read
depth vs. the length of each valid restriction fragment (obtained via a simulated
digest of the reference genome, followed by selecting fragments that have the
two restriction fragment ends), (Figure 4-4C). The fragment-length-bias is filtered
using LOWESS normalization of an average read depth vs. the simulated
fragment frequency. The LOWESS fitting is performed with a smoothing window
size determined for each dataset as that which produces the least error between
the fit and the raw data. Restriction fragments less than 50 bp or greater than
1000 bp show average read depths that exhibit a too much noise and are
considered unreliable. Where the LOWESS fit line drops below one read, the
fragments are considered unreliable due to the reduced dynamic range in the
data. These unreliable data are noted (red points in Figure 4-4D) and not used in
later steps of the analysis.
For ddRADseq analyses, first the chromosome-end and GC-content bias
corrections are applied using data per valid restriction fragment instead of the
standard-sized 5000 bp windows used in WGseq analysis. After these
corrections are performed, the remaining strong position-effect bias in read depth
that remains uncharacterized. This final bias is corrected by normalizing the
corrected read depths for each usable restriction fragment by the corrected read
depths from a euploid reference dataset. Because the earlier biases differ from
dataset to dataset, the reference-normalization is performed as the final
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normalization step. The result of these corrections is a pronounced reduction in
noise in the CNV data as seen by comparing the raw read depth (Figure 4-4A) to
the corrected read depth (Figure 4-4B) for an example dataset.
After these corrections are applied to the raw sequence read data, the
corrected copy number estimates are locally smoothed to reduce the impact of
high-frequency noise. The estimates are then multiplied by the whole genome
ploidy estimate that was determined by flow cytometry of DNA content and
entered during setup of the project. The corrected estimates are plotted as a
histogram along each chromosome, with the lines drawn vertically from the
baseline ploidy entered during project setup. Copy number variations are then
evident as regions with prominent black bars. A diagram summarizing the flow of
information during CNV analysis can be found in Figure 4-S6.
SNP/LOH analysis
SNPs are regions of a genome that have two different alleles at the same
locus on different homologs. The allelic ratio (0 or 1 for homozygous regions and
0.5 for heterozygous regions in a diploid genome) is used to determine whether a
region that had SNPs in the parent/reference strain has undergone LOH to
become homozygous. An allelic ratio is calculated for each coordinate by dividing
the number of reads with the more abundant base base call by the total number
of reads at each coordinate (resulting in values ranging from 0.5 to 1.0).
Three styles of analysis are performed, depending on user input during
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the project setup. The first style is the default option, which is used when no
reference strain or hapmap is available. In this case, the SNP distribution for the
strain of interest is displayed as vertical grey bars in the background of each
chromosome. Once analysis has completed, this strain can be used as the
‘parent’ for other related strains. In the second style of analysis, a parent strain is
chosen and the SNPs in common between that parent and the test strain being
analyzed are displayed as grey bars (as in the first style), while any SNPs in the
parent that have different allelic ratios in the test strain are displayed in red, if
allelic ratios approach 0 or 1, or in green, if ratios suggest unusual allele numbers
(often due to CNVs or aneuploidy). The third style of analysis can be chosen if a
hapmap for the parent strain background is available. SNPs that remain
heterozygous are again displayed in grey, while those that have become
homozygous are displayed in the color assigned to the homolog that is retained
(e.g., cyan for the ‘a’ allele and magenta for the ‘b’ allele).
For the default option, any coordinates with an allelic ratio near 0.5 (0.50
to 0.75) are considered heterozygous. More extreme allelic ratios are considered
to be homozygous, appearing in the dataset due to sequencing errors. The
density of heterozygous SNPS is presented as vertical lines spanning the height
of each chromosome cartoon, with the intensity of grey color representing the
number of SNPs in each 5000 bp bin. If there are fewer than 100 SNPs in a bin,
it is drawn with a lighter shade corresponding to the number of SNPs relative to
the 100 SNPs threshold. This results in white backgrounds for homozygous
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regions and increasingly dark shades of grey for regions with higher numbers of
SNPs (Figure 4-5A).
When a parental type strain of unknown genotype (e.g., a clinical isolate)
is selected for a project, the pipeline first calculates the distribution of SNPs
across the parental genome in the manner described above. For comparison of
the parental genotype to another related strain (e.g., another sample from the
same patient), every heterozygous SNP locus in the parent is examined in the
second dataset. If the allelic ratio changes from the 0.5 value observed in the
reference strain, the SNP is assigned a red color and the final color of each 5000
bp display bin is calculated as the weighted average of all the SNPs within the
bin (Figure 4-5B). An alternate presentation assigns red color only to coordinates
that have transitioned from heterozygous to homozygous (allelic ratio of 1.0) and
assigns the green color to coordinates that have unusual allelic ratios (allelic
ratios between 0.75 and 1.0, only excluding those with allelic ratios precisely at
1.0) (Figure 4-5C). Low SNP counts are factored into the presented colors, as
described above for the first style of analysis.
When a known hapmap is selected for a project, the pipeline loads SNP
coordinates from the map and examines the allelic ratios of the dataset at those
coordinates. For disomic regions of the genome, any SNP locus with an allelic
ratio near 0.5 (0.50 to 0.75) is considered heterozygous and assigned the color
grey. Any SNP locus with a more extreme allelic ratio is considered homozygous
and assigned the color corresponding to the homolog with the matching allele in
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the map. For regions that are monosomic, trisomic, or larger, colors are assigned
to SNPs based on the apparent ratio of homologs present. SNPs within each
5000 bp bin are gathered and the final presented color is determined as the
weighted average of the colors assigned to the individual SNPs (Figure 4-5D).
Low SNP counts are factored into the presented colors as in the cases previously
described.
The sparse datasets produced from the ddRADseq protocol introduce a
high sampling error to allelic ratio calls, increasing the uncertainty of SNP calls
and an increased incidence of coordinates that appear as a SNP in one dataset,
but not another. This sampling error in allelic ratio calls interferes with the direct
comparison of SNP loci between a dataset and a parental type dataset. If one
dataset is examined without comparison to a reference – producing a very noisy
CNV map – the allelic ratios are plotted as grey lines emanating from the top and
bottom of each chromosome cartoon inwards to the ratio calculated for each
coordinate (where the Y-axis ranges from 0.0 to 1.0 for the lines) (Figure 4-6A).
When a dataset is examined in comparison with a reference, the pipeline
produces a figure with allelic ratios for the reference strain drawn as grey lines
emanating from the bottom of the cartoon and allelic ratios for the test dataset
plotted as red lines drawn from the top of each chromosome (Figure 4-6B). Loci
with a read-depth lower than 20 are ignored, because the corresponding high
sampling error produces a high likelihood of spurious midrange allelic ratios that
can appear as heterozygous.
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If the user selects a hapmap while setting up an analysis, the higher
resolution data of the hapmap allows every SNP locus that appears in the
dataset to be examined. The allelic ratios coupled with the SNP homolog identity
information from the hapmap (Legrand 2008; Abbey 2011), allows coordinates to
be assigned colors by how consistent they are with either homolog or with the
heterozygous state. Lines are then drawn from the top to the bottom of each
chromosome for coordinates with allelic ratios less than 1.0, in the color
previously assigned (Figure 4-6C). Allelic ratios of exactly 1.0 are not drawn
because they often represent the sampling error found in low read depth areas of
the sparse dataset. Visual comparison between the allelic ratio plots for related
strains facilitates the identification of large regions of LOH (Figure 4-6D: magenta
at end of left arms of Chr1). A diagram summarizing the flow of information
during SNP/LOH analysis can be found in Figure 4-S7.

USER-INTERFACE
The YMAP user-interface is implemented in asynchronous Javascript and
PHP to ensure a responsive interface that automatically refreshes as aspects of
the central computation engine complete. The website allows the user to install
new reference genomes and to create “projects” to process raw data. A project in
YMAP is defined as the analysis of a single strain, relative to either a known
reference strain (already installed in YMAP) or relative to a user- installed
parental/reference genome. In addition, if allelic information is available (from
91

strains that are either haploid or that carry trisomic chromosomes) the website
allows construction of hapmaps of such strain backgrounds.
The main page consists of a series of selectable tabs containing different
functions (Figure 4-7). The main page consists of three distinct areas (Figure 47). The top-left presents the pipeline title and logo. The bottom is an “active area”
where dataset result figures are interactively displayed and compared. The topright area consists of a series of selectable tabbed panels containing the different
functions built into YMAP.
The “User” tab contains functions to add and delete users, as well as to
log in or out of the system. The “Manage Datasets” tab contains functions to
install new projects, as well as functions to display or delete existing projects.
Clicking “Install New Dataset”, a button located under the main toolbar, loads a
page requesting information to define a new project. Inputs required include the
name for the new project, the strain ploidy, the baseline ploidy for the generated
figures, if annotations are to be drawn in figures, and the data type.
Choosing a data type causes the window to refresh with additional options
depending on the data type selected. The data type “SNP/CGH microarray”
corresponds to the arrays defined in (Abbey 2011) and only has the option of
correcting for the GC-bias. This is a new feature in the analysis of this type of
array data. The other data types are all sequence-based and have additional
common input requirements; the format of the sequence read data, the choice of
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the reference genome, the hapmap information (if any) to be used, the parental
strain for comparison, and a set of bias-correction filters depending on the type of
sequence data. After information about the specific project has been provided on
the pop-up, the user must click the “Create New Dataset” button at the bottom of
the page. This returns the user to the main page. It is then necessary for the user
to reload/refresh the main page.
After a dataset has been defined, it is placed in a ‘Datasets Pending’ list at
the left side of the tab area. A note is presented below the list indicating the need
to wait for any current uploads to complete before reloading the page. To upload
the data into the project, the user then clicks on the “Add” button, which appears
under the project name as a dark grey colored button. The grey button includes
text indicating the expected data type. Selecting the grey upload button will open
a file dialog for choosing the file to be uploaded. For paired-end read sequence
datasets, a second grey button will appear after the first-end reads file is
selected. Once the files are all designated, a green “upload” button appears;
clicking this button initiates data upload and analysis. After data files have been
uploaded, the color of the dataset name will be changed from red to yellow to
indicate the pipeline is processing the data. When the pipeline has completed
processing the data, the dataset name will become green. If an unknown file type
is uploaded, an error message will be presented. If a dataset is taking longer to
process than expected, potentially due to server load or a dataset error, an error
message will be presented. Clicking the “Delete” button for a project irreversibly
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removes it from the site. To avoid inadvertent deletion of uploaded projects, a
confirmation is requested from the user.
The “Visualize Datasets” tab allows for the visualization of finished
projects in different formats and the window is separated into upper and lower
sections. The upper section displays the list of all projects in the user’s account,
with the same red/yellow/green color scheme to indicate status. The project data
itself is displayed in the lower section. Once a project is completed, the data can
be displayed by checking the checkbox adjacent to the project name, which
appears below in the order in which the data display was selected. When an
additional project is chosen, an entry for the project is added to the bottom of the
display section. The default format is a horizontal figure displaying CNVs and
SNPs. Alternate formats (e.g., chromosomes displayed horizontally, one above
the other) and options to display only CNVs or only SNPs are also available. A
displayed project can be removed from the viewing area by clicking the [“X”] at
the top-right of the entry in the lower section of the window. Visualized datasets
can be combined into one image by selecting the “Combine figures viewed
below” button found below the logo image in the title area at the top-left of the
page, then selecting one of the options presented below the button.
The “Reference Genome” tab contains functions to install a reference
genome or to delete an installed reference genome. Upon selecting the “Install
New Genome” button, a window requests the name of the new genome. The
genome name is then placed in the “Genomes Pending” list, with behavior similar
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to the interface for installing new datasets previously discussed. Selecting the
grey upload button opens a file selection dialog, where a FASTA format (or
compressed FASTA in ZIP or GZ format) file is to be selected. Importantly,
reference genomes should be installed prior to addition of relevant project data,
as the uploading/analysis process will ask for the relevant reference genome for
the analysis. During installation of a new genome, the loaded FASTA file is first
processed to identify the names of included chromosomes. Locations of
centromeres, rDNA, any other annotations, as well as any information about
open reading frame (ORF) definitions are then loaded and presented in the
space below the genome name.
The “Hapmap” tab contains functions for constructing or deleting hapmap
definitions. During construction of a new hapmap, the name for the new hapmap,
the reference genome, and the first datasets are defined in a window similar to
the dataset and genome interfaces. If the hapmap is being constructed from two
haploid/homozygous parents, the datasets for those parents are selected in this
step. If the hapmap is being constructed from a diploid/heterozygous parent, the
parent and a first partially homozygous progeny strain is chosen in this step. For
a diploid parent, the next loaded page allows the user to define which regions of
the first partially homozygous progeny strain represent an LOH event and which
homologs remain. For a diploid or haploid parent, the page also allows the user
to choose the colors used to represent the two homologs.The system then
processes the datasets and user input to build a hapmap. A hapmap based on a
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haploid parent will be automatically finalized at this stage; a hapmap based on a
diploid parent can be improved with additional datasets by selecting the grey
“Add haplotype entry...” button until the user indicates that the hapmap is
completed by selecting the grey “Finalize haplotype map” button. More
information regarding hapmap generation can be found in Figure 4-S8.
The “Bug Reporting” tab contains notes about the system status and the
option to report bugs to the developers. The “Help” tab contains descriptions of
the different input file requirements for the different data types. The “Example
Datasets” tab contains files or links to database accessions used to construct the
figures in this paper.

RESULTS and DISCUSSION
Analysis of well-characterized laboratory isolates
The YMAP pipeline has been used to address a number of important
questions regarding the dynamics of genome structures. An important feature of
YMAP is the visualization of hapmaps by comparison to a reference WGseq
dataset. For example, for comparison of C. albicans diploid reference strain
SC5314 to a haploid strain derived from it (YJB12353, Hickman 2013) using
SNP/CGH arrays (Figure 4-8A). Such haploid genomes were used with the YMAP
hapmap tool to analyze WGseq datasets and to construct a full-resolution
hapmap. In this manner, 73,100 SNPs were identified in the SC5314 reference
genome. Of these, 222 SNP loci were discarded because of gaps in read
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coverage, 81 SNP loci were discarded because they did not match either of the
reference homologs, and 78 SNP loci were discarded because the of uncertainty
in the large LOH region boundaries used to construct the hapmap. In total 72,729
(99.48% of the reference total) SNP coordinates were mapped to one of the two
homologs (Table 4-S1), which is comparable to the 69,688 phased SNPs
mapped in Muzzey 2013.
The high-resolution hapmap originally constructed with SNP/CGH
microarray data (Abbey 2011) and the extended, full-resolution hapmap
constructed through the YMAP pipeline allow direct comparison of datasets from
older microarray and WGseq technologies generated when analyzing strains
derived from the C. albicans reference SC5314. WGseq dataset analysis with the
hapmap results in figures (Figure 4-8A, bottom row) that are nearly
indistinguishable to those produced using SNP/CGH microarrays (Figure 4-8A,
top row). The sparse sampling of ddRADseq datasets yields a noisier
visualization, but the resulting figures (Figure 4-8B, bottom row) are also
comparable to those produced from array analysis (Figure 4-8B, top row). In
addition to the horizontally arranged genomes illustrated previously, the pipeline
outputs figures with chromosomes stacked vertically to maximize the visual
discrimination of chromosome-specific changes (Figure 4-8C through D).
Analysis of unrelated clinical isolates.
C. albicans clinical isolates are highly heterozygous and the majority of the
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SNPs arose after their divergence from a common ancestor. Individual clinical
isolates from different patients also do not have a related parental-type strain to
use for comparison. Nonetheless, visualizing SNP density across the genome
can reveal evolutionarily recent LOH events. Chromosomal regions with LOH are
characterized by very low average SNP density (yellow regions in Figure 4-9)
and differ between unrelated C. albicans clinical isolates. For example, reference
strain SC5314 (Figure 4-9A) has large LOHs at the telomeres of Chrs [3, 7, and
R] and smaller LOHs at the telomeres of Chrs [2,3,5] (as illustrated in Butler
2009). Interestingly, other sequencing datasets for SC5314 show additional
genome changes such as aneuploidy and LOH (Figure 4-9A, middle and lower
row). In contrast, clinical isolates from other sources exhibit LOH patterns that
differ from SC5314 (Figure 4-9B through F). Importantly, these simple default
style YMAP cartoons have the power to reveal major differences in the degree of
LOH between different isolates. Most, but not all, longer LOH tracts extend to the
telomeres, suggestive of single recombination events and/or break induced
replication as the mechanism(s) of homozygosis. Furthermore, while there are
some regions that are frequently homozygous (e.g., the right arm of ChrR), most
of the LOH regions appear to differ between isolates.
Analysis of serial clinical isolates compared to a parental isolate
In general, most human individuals are thought to be colonized with a
single strain of C. albicans that they acquired from their mothers (Kozinn 1960).
Thus, a related series of clinical isolates collected over the course of treatment in
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an individual patient can be compared to identify differences acquired over time.
Using the YMAP pipeline, any given isolate can be set as the ‘reference strain’ and
data from related isolates can be examined in comparison to this reference
WGseq dataset. Essentially, the heterozygous SNPs in the reference are
identified and then used as coordinates to be examined for changes in the
putative-derived isolates. When the hapmap of the reference strain (i.e., which
SNP alleles are on which homolog) is not known, any SNPs that have become
homozygous in the derived isolate are displayed in red, while SNPs that have a
large change in allelic ratio are displayed in green. This color scheme allows the
rapid discrimination between LOH events and changes in homolog ratios, usually
due to aneuploidy.
We demonstrate this ability to visualize alterations in SNP distribution
using a series of nine isolates collected sequentially over the course of treatment
from a patient who developed invasive candidiasis during bone marrow
transplant (Marr 1997). Isolates (FH1 and FH2) were collected before the patient
received fluconazole. During clinical isolation and subsequent culture steps, each
isolate experienced at least one single colony bottleneck. Isolate FH1 collected at
the earliest time point, was used as the parental-type strain. Comparison to the
parental type using the pipeline revealed several large and one small LOH tracts
across the series (Figure 4-10), in addition to the copy number changes that
were previously characterized using comparative genome array analysis
(Selmecki 2008). A parsimony analysis of the large-scale features (CNV, LOH)
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that are obviously different between the isolates illustrates the apparent
relationships between the series of isolates and how the lineage has evolved
over time (Figure 4-10B, details of the tree in Figure 4-S9).
The most visually prominent feature in the series is the large LOH of
chr3L, which unites FH3/5/8 into a sub-lineage. FH5/8 share a small segmental
deletion on the left arm of chr1 and the presence of an isochromosome-5 L (i(5
L); red star in Figure 4-10B), two features not shared by FH3. Interestingly,
although isolate FH6 also has an i(5 L), it lacks other features of the FH5/8 sublineage, including the LOH on Chr5L, indicating that an independent i(5 L)
formation event occurred in this strain. Consistent with this, FH6 lacks the two
small tandem LOH tracts on Chr5L that are found on FH3/4/5/7/8 and that
encompass theTAC1 locus (Figure 4-10). Furthermore, FH9, a post-mortem
tissue sample, is most similar to the initial samples FH1/2, indicating that multiple
independent isolates remained in the patient. The complete dendrogram of FH
strain relationships (Figure 4-10B) illustrates the expansion of one sub-lineage
after the LOH of TAC1. Importantly, the temporal order with which the isolates
were collected and numbered does not correlate perfectly with their position on
the full lineage. The lack of correlation between collection order and relationship
within the inferred lineage is reasonably explained by the sparse sampling of the
actual lineage (one colony per time point). A larger number of isolates would be
expected to result in a higher correlation, and would capture more of the diversity
that developed in the patient during the course of anti-fungal treatment.
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The Accession numbers for the sequence data for strains analyzed can be
found at NCBI (Biosample accessions 3144957 through 3144969).geo

DISCUSSION
The YMAP pipeline provides facile conversion of sequence, microarray or
ddRADseq data into intuitive genome maps. While the sequence analysis
processing steps utilized are generally standard, the assembly of them together
in the YMAP pipeline provides a number of important features collected into one
tool: 1) ability to upload different types of datasets (microarrays, WGseq and
ddRADseq); 2) visualization that facilitates the comparison of genome structure
between multiple isolates for both copy number and allelic ratio; 3) analysis of
well-characterized lab isolates with known haplotypes; 4) analysis of clinical
isolates with unknown genome organization; 5) display of CNV and allelic ratio
information in one, intuitive vertical plot where the individual chromosomes can
be readily distinguished from one another or in horizontal plots to facilitate isolate
comparisons; and 6) web-accessibility that does not require a particular local
operating system. In addition, unlike many available databases, YMAP is designed
to accept genomic data for different species and it can build hapmaps for those
genomes if the data for assigning alleles is available.
Future developments are planned to permit the import of IonTorrent
sequencing data, RNAseq data sets, and ChIPseq data to map positions of DNA
binding proteins. We also envision modification of the pipeline to enable output of
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SNP and CNV data to a GBrowse format that operates on the Stanford genome
database and Candida genome databases (Arnaud 2005) for the facile
comparison of datasets with the comprehensive gene annotations available for
the C. albicans and other Candida species at the CGD database (Arnaud 2005).
Finally, we are continuing to add the ability to input data from different genomes
including C. glabrata, C. tropicalis, and C. dubliniensis.

ATTRIBUTIONS
This chapter represents a paper in press at Genome Biology in 2014, with
Darren Abbey as first author. Darren Abbey designed and implemented the
software described. Darren Abbey performed the analysis of FH-series lineage.
Jason Funt and Aviv Regev generated the FH-series sequence data. Meleah
Hickman generated the ddRADseq. Other sequence datasets were previously
published by other authors, as described in paper and in figures.

AVAILABILITY and REQUIREMENTS
Project name: Yeast Mapping Analysis Pipeline (YMAP)
Project home page: https://sourceforge.net/projects/ymap/
Operating systems: Platform independent.
Programming languages: Javascript (v1.5+), PHP (v5.3.10), Python
(v2.7.3), Matlab R2012a (v7.14.0.739), GNU-bash shell (v4.2.25).
Other requirements:
Client-side software: Blink- (Google Chrome, Opera, etc.) or WebKit102

(Safari, etc.) based web-browser.
Server-side software: GNU-bash (v4.2.25), Java6, Java7, Bowtie2
(v2.1.0), Samtools (v0.1.18), FASTQC (v0.10.1), GATK (v2.8-1),
PicardTools (v1.105), and Seqtk.
License: MIT license (http://opensource.org/licenses/MIT)
Any restrictions to use by non-academics: One of the programs used by the
pipeline (GATK) requires a license for commercial use.
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FIGURES

Figure 4-1 Conceptual overview of YMAP genome analysis pipeline. The central
computation engine of the pipeline has three major components: Raw sequence
processing, custom analysis, and figure construction/presentation.
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Figure 4-2 Normalization of chromosome-end bias. A and B. Black bars up- and
down- wards from the figure midline represent local copy number estimates,
scaled to genome ploidy. Different levels of grey shading in the background
indicate local changes in SNP density, with darker grey indicating more SNPs.
Detailed interpretations are similar to those described in [25]. A. Map of data with
chromosome end bias present in read-depth CNV estimates for strain YQ2
dataset (from EMBL-EBI BioSamples database [34], accession
SAMEA1879786). B. Corrected CNV estimates for strain YQ2 mapped across all
C. albicans chromosomes. C and D. Raw and corrected normalized read-depth
CNV estimates relative to distance from chromosome ends. Red, LOWESS fit
curve.
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Figure 4-3 Normalization of GC-content bias. A. GC content bias present in
read-depth CNV estimates using WGseq for strain FH6. B. Corrected CNV
estimates mapped across FH6 genome. C and D. Raw and corrected normalized
read-depth CNV estimates vs. GC content. Red, LOWESS fit curve.
Chromosome illustrations are as in Figure 4-2.

106

Figure 4-4 Normalization of fragment-length-bias in ddRADseq data. A. High
noise of raw read-depth CNV estimates in CHY477 [35] ddRADseq data with
GC-content, fragment- length, and position-effect biases. B. CNV estimates
mapped across the genome and corrected for GC-bias, fragment-length-bias and
normalized to the reference data. C. Average read-depth CNV estimates vs.
predicted restriction fragment length for strain RBY917 Mata/a -his, -leu, delta
gal1::SAT1/GAL1 derived from SNY87 [36]. Black, LOWESS fit curve. D.
Corrected average read-depth CNV estimates vs. fragment length, with regions
of low- reliability data in red, as described in more detail in the text. Chromosome
illustrations are as in Figure 4-2.
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Figure 4-5 Presentation styles for WGseq data. A. Heterozygous reference
strain SC5314 (NCBI-SRA [39], accession SRR868699) showing SNP density,
number of SNPs per 5 kb region illustrated in degree of darkness in grey bars;
centromere loci are illustrated as an indentation in the chromosome cartoon. B.
Clinical isolate FH5 showing changes in allelic ratio in red and CNV changes
including isochromosome (5 L) in black — all determined relative to the parental
strain FH1, (NCBI-SRA [40], accession SAMN03144961). C. Strain FH5 relative
to strain FH1 (as in B), with complete LOH in red and allelic ratio changes (e.g.,
3:1 on Chr5L) in green. D. SC5314-derived lab isolate YJB12746 showing
segmental LOH (of both homologs ‘a’ (cyan) and ‘b’ (magenta)) in addition to a
segmental aneuploidy on chromosome 4. Chromosome illustrations are as in
Figure 4-2.
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Figure 4-6 Presentation styles for ddRADseq data. A and B. Allelic ratios drawn
as grey lines from top and bottom edges. A. Allelic ratios for YJB12712 derivative
#2 (top, red) compared to reference SC5314 (bottom, grey). Regions that are
predominantly white in both samples were homozygous in the parent strain. B.
Data from YJB12712 derivative #2 illustrated without the reference control and
using the hapmap color scheme: white regions were homozygous in the
reference strain, cyan is homolog ‘a’, and magenta is homolog ‘b’. C. Two
additional isolates (YJB12712 derivative #1 and YJB12712 derivative #9) from
the same experiment illustrating different degrees of LOH on the left arm of Chr1.
Chromosome illustrations are as in Figure 4-2.
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Figure 4-7 Outline of user interface to pipeline. Functions are accessed through
the tabbed upper-right portion of the interface. Resulting figures are displayed in
the lower portion of the interface.
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Figure 4-8 Analysis of strains derived from lab reference strain C. albicans
SC5314. A. Comparison of SNP/CGH-array (top row) to WGseq (bottom row) for
YJB10490, a haploid C. albicans derivative of SC5314 [41]. B. Comparison of
SNP/CGH-array (top row) to ddRADseq (bottom row) for auto-diploid C. albicans
strain YJB12229 [41]. C. A SNP/CGH- array dataset for near-diploid isolate Ss2
[43], showing LOHs and a trisomy of Chr1. D. WGseq dataset for haploid
YJB12353 [41], showing whole-genome LOH.
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Figure 4-9 LOH patterns differ in different C. albicans clinical isolates. A. Three
isolates of C. albicans reference strain C5314 from different sources (EMBL-EBI
BioSamples [34], accession SAMN02141741; in-house; NCBI-SRA, accession
SAMN02140351), showing variations. B. FH1. C. ATCC200955 (NCBI-SRA [39],
accession SAMN02140345). D. ATCC10231 (NCBI-SRA [39], accession
SAMN02140347). E. YL1 (EMBL-EBI BioSamples [34], accession
SAMEA1879767). F. YQ2 (EMBL-EBI BioSamples [34], accession
SAMEA1879786). Grey, heterozygous regions as in previous figures; yellow,
regions of contiguous LOH highlighted.
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Figure 4-10 Comparison of a series of clinical isolates. A. Genome maps for the
FH series of clinical isolates from an individual patient all compared to the initial
isolate (FH1) as in Figure 4-5C. White, regions homozygous in all isolates; red,
regions with recently acquired LOH; green, regions with unusual (neither 1:1 or
1:0) allelic ratios. B. Dendrogram illustrating relationships in FH-series lineage.
Yellow star indicates an early TAC1 LOH event. Red stars indicate independent
i(5L) formation events. C. Close-up of Chr5L showing region that underwent LOH
event in isolates FH3/4/5/7/8, but not in isolate FH6, using the same color
scheme as in A. D. Allelic ratios surrounding region of Chr5L with LOH (0 =
homozygous; 1⁄2 = heterozygous). Red highlights region of LOH in FH3/4/7/5/8.
Horizontal light blue lines indicate expected allelic ratios (top to bottom: 1/2, 1/2,
1/4, and 1/7). Dark blue boxes enclose regions with LOH in FH3/4/5/7/8. Allelic
ratio data in the boxes is colored consistent with other subfigures. Mating Type
Locus (MTL) is only found in one copy in Assembly 21 of the reference genome.
The missing data in the MTL region of FH3/4/5/7/8 indicates these strains are
homozygous for the MTL-alpha homolog (not present in the reference genome),
while FH1/2/6/9 contain both homologs.
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SUPPLEMENTAL

Figure 4-S1. Will YMAP be of use to you? A. Flow diagram to help determine if
YMAP pipeline will be able to analyze your data. B. Flow diagram to help
determine if YMAP pipeline will be able to construct a hapmap from your data.
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Figure 4-S2. New project installation flow diagram. Flow diagram and input
needed by YMAP pipeline to install a new project for analysis.
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Figure 4-S3. New reference genome installation flow diagram. Flow diagram and
input needed by YMAP pipeline to install a new reference genome.
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Figure 4-S4. New hapmap construction flow diagram. Flow diagram and input
needed by YMAP pipeline to construct a new hapmap from analyzed project
datasets.

117

Figure 4-S5. Developmental view of new genome installation. Diagram following
information flow during installation and processing of a new reference genome in
the YMAP pipeline backend.
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Figure 4-S6. Developmental view of CNV analysis. Diagram following
information flow during CNV analysis of a new project dataset in the YMAP
pipeline backend.
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Figure 4-S7. Developmental view of SNP/LOH analysis. Diagram following
information flow during SNP/LOH analysis of a new project dataset in the YMAP
pipeline backend.
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Figure 4-S8. Developmental view of hapmap generation. Diagram following
information flow during generation of a new hapmap in the YMAP pipeline
backend. A. Making a hapmap from two haploid/homozygous references. B.
Making a hapmap from one heterozygous diploid reference.
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Figure 4-S9. Detailed dendrogram of FH-series lineage. Descriptions of features
used in parsimony analysis during lineage construction. A. Small LOH Chr1
(@~3Mb) and Chr7 (@~0.4Mb). B. 2n->4n, +i5L*2, ΔChr4, ΔChr5, ΔChr6. C.
Small LOH Chr1 (@~1.5Mb), small LOH Chr3 (@~0.75Mb). D. Large LOH Chr3
(@~1.6Mb-1.8Mb). E. Tandem small LOH Chr5 (@~0.4Mb). F. Small LOH Chr3
(@~1.75Mb). G. Large LOH Chr3 (@~1.4Mb-1.8Mb). H. Small LOH Chr2
(@~1Mb), large LOH Chr3 (~0-0.7Mb). I. Segmental ΔChr1 (~0.3-0.4Mb), +i5L.
J. Small LOH Chr3 (@~0.5Mb). K. Large LOH Chr7 (0-~0.3Mb), large LOH ChrR
(~0-1Mb), segmental ΔChr5L (0.0-~0.2Mb).
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Table 4-S1. Haplotype map constructed from WGseq datasets. Complete table is
available at: “http://genomemedicine.com/content/supplementary/s13073-014-0100-8s9.txt”.
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5. DISCUSSION
The study of biology has long relied on direct observation and the exercise
of well-honed intuition about how the complex systems of living things operate.
The three projects described in this thesis represent computational approaches
for converting datasets that are too large or otherwise not amenable to the
traditional style of biological analysis into condensed forms from which biological
inferences can more easily be made. The first two projects rely on newly
generated protocols for the production of raw data for analysis, while the third
project relies on external modern sequencing technologies for the production of
raw data for analysis.
The progression of many technologies has been accompanied by
increased specialization of those working with them. In modern biology, some of
the equipment behind ongoing genome studies, such as next-generation
sequencing machines, is so specialized and expensive that the majority of
biologists who use them will never actually see the machines or even be in the
same room or building as the machines. Much of my work has been to generate
an additional layer between researchers and the raw mechanics of data
acquisition. Most biologists working with the tools I’ve built will never actually
have to look at the raw data to have their questions about the raw data
answered. This specialization will mean that future biologists can ask questions
that push our knowledge forward, rather than being stuck with what will
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eventually become the routine chore of basic genomic sequence analysis.
Summary of Work.
The first project was to develop an efficient protocol for determining ploidy
of Candida albicans isolates by flow cytometry. The first of the project’s major
sections was the optimization of a flow cytometry protocol for ploidy analysis in
C. albicans. The subtle differences in biology between C. albicans and
Saccharomyces cerevisiae led to persistent difficulties in applying flow cytometry
protocols for genome size analysis previously optimized to S. cerevisiae to C.
albicans. The obvious difference between these organisms was the diversity of
cell morphologies found in C. albicans cultures, so there was the reasonable
belief among fellow researchers that this was the cause of the difficulty. A
relatively minor change to the protocol, originally found as an accidental error in
buffer preparation, using much larger concentrations of EDTA, resulted in much
improved data. Once the change had been tracked down and replicated, the
change in buffer recipe became our standard for C. albicans flow analysis.
Once the bench protocol was working reliably, a tool was needed to
simplify and speed up the analysis of raw flow data that resulted. Software was
written to fit a multiple-Gaussian cell-cycle model to the raw flow cytometry data.
By comparing the fitted model to similar fits for diploid and tetraploid control
strains, a single ploidy estimate could be inferred. This fitting and comparison to
controls condensed the tens of thousands of data points from each flow
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cytometry analysis into a single ploidy estimate for each sample. The ploidy
estimates are much easier to make biologically relevant inferences from.
The last component of this project was to make sense of the ploidy
estimates. Haploid isolates from different experimental backgrounds stood out
because of their dramatically sub-diploid ploidy estimates. Ploidy values that
appeared to represent aneuploidy were analyzed further to discern the likely
number of extra chromosomes found in the strain. This was done by comparing
the ploidy estimate to the predicted genome size resulting from all possible
combinations of extra chromosomes. In the examples characterized, a surplus of
two or three chromosomes was found to be most likely. Determining exactly what
copy number changes have occurred require more detailed techniques, such as
those from in my later projects.
The second project was the examination of how the central lineage of C.
albicans laboratory strains had evolved. The first step was the design of a single
microarray for analyzing CNVs and LOHs in C. albicans. Because each individual
probe in a microarray can be independently designed, multiple strategies can be
implemented in the design of a single microarray. The CNV-specific probes were
designed for homozygous coordinates every 500 bp across the genome. The
SNP-specific probes were designed for each version of every heterozygous SNP
(identified by a sequencing project at the Broad Institute, Butler 2009) coordinate
across the genome. The initial set of designed probes was filtered for those that
had only one significant BLAST hit in the C. albicans genome. The probe set was
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then filtered by predicted melting temperature, to minimize the range of binding
kinetics at the hybridization temperature, until the total number of probes was
reduced to the specific number that could be printed on the Agilent array.
Once the array was designed, it was used to construct a high-density
haplotype map (hapmap) for C. albicans strains derived from the laboratory
reference strain SC5314. A hapmap correlates SNP alleles to their homolog,
allowing alleles at different loci to be associated. To construct this map, multiple
strains with single (or more) chromosomes homozygous or trisomic (when strains
homozygous for chromosomes were not available) were analyzed with the
microarray. After array hybridization, scanning, and probe spot quantification, the
SNP-specific probe pairs showed a strong asymmetry when one was found in
higher copy than the other. This asymmetry in signal allowed the SNP alleles to
be phased, correlated with each other, and associated with the homologs
identities determined in previous studies of these strains (Forche 2008). The
resulting hapmap of 19,016 SNP loci was an improvement on previously
available (Forche 2009) ~200 SNP loci. This improved hapmap then facilitated
the analysis of a set of core laboratory lineage strains used in most studies of C.
albicans. The main result from this was that while CNVs were transient, LOHs
progressively accumulated through the lineage. Growth curve analysis of the
strains showed a progressive loss of fitness associated with the increases in
homozygosity. A major consequence of this is that the process of altering the C.
albicans reference strain SC5314 to make it more useful as a laboratory model
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has progressively made it less and less representative of the wild strain which it
is supposed to model.
In the second project, I designed and implemented software to analyze the
microarray and derived hapmap datasets and present CNV and LOH change
information in a single simple-to-interpret figure. In the third project, I extended
this software to analyze whole genome sequence (WGseq) and double-digest
restriction site associated DNA sequence (ddRADseq) datasets. Because the
sequence datasets are dramatically different than those from the microarray, the
software to analyze them had to be written entirely from scratch. The only
common aspect of the different datasets was the common biological source, the
physical genome. Each technological approach to examine the same genomic
information introduced unique sources of noise. After cleaning up the sequence
datasets by filtering out identifiable sources of noise, several major results were
generated with the constructed tools. By comparing sequence data for the C.
albicans reference strain SC5314 to the sequence data from an SC5314-derived
haploid strain that had previously been analyzed with the SNP/CGH microarray,
the hapmap for C. albicans SC5314 was extended from 19,016 SNP loci to
72,729 SNP loci. This is similar to the 69,688 SNP loci phased to homologs of
SC5314 that were produced by a different approach in Muzzey 2013. The
hapmap constructed within the YMAP tools was immediately available for analysis
of sequence datasets by the tools, which were made publically accessible via a
web interface.
128

The YMAP tools were used to analyze a series of genome sequence
datasets of unrelated clinical isolates, including three separate datasets
constructed from the reference strain SC5314. The clinical isolate datasets
showed a diversity of LOHs, with most being found at the ends of chromosomes
consistent with a break-induced-replication (BIR) mechanism. Some LOH
breakpoints were seen in multiple strains suggesting the existence of BIR
hotspots. Three had LOH breakpoints at the centromere of chrR and two had
LOH breakpoints at the rDNA on chrR, both regions with highly repetitive
sequences. However, repetitive sequences are not the only factor. Only one
strain showed a LOH breakpoint associated with one of its eight highly repetitive
major repeat sequence (MRS) sites. Three showed a common breakpoint on the
right arm of chr3 that isn’t known to be associated with repetitive sequences. The
three SC5314 datasets showed unexpected diversity, with one showing a novel
LOH while another showed an aneuploidy. The unexpected changes seen
between reference datasets and the diversity seen in independent isolates
illustrate the potential need for multiple independent controls if experiments are
expected to inform on C. albicans in the clinical setting.
The second large set of strains analyzed by the YMAP tools were serial
isolates derived from a single patient during the course of treatment. Several
large-scale genomic alterations were observed in the series, allowing a lineage to
be constructed by parsimony analysis. Notably, the constructed lineage did not
correspond well to the linear time series over which the isolates were taken. This
129

was caused both by the very limited sampling of nine single-colony isolates from
the patient and from the very high diversity of lineages present in the patient.
Isochromosome 5L (i(5L)) was seen to be formed twice in the sampled lineage,
in one case associated with a probably endo-duplication forming a tetraploid sublineage. A previously noted LOH event that duplicated a hyperactive allele of
TAC1 (important in driving membrane drug efflux pumps) and rendered the sublineage MTL-homozygous was found to actually be two short-range tandem LOH
events, The diversity of changes seen during the evolution of C. albicans in this
one patient, even with very limited sampling, indicates the need for more
comprehensive sampling in the clinical setting. This can be performed by
collecting more independent samples from a patient, as well as collecting several
single-colony isolates from each sample. With greater sampling, researchers will
be able construct a more full picture of the evolutionary processes impacting C.
albicans and patient health in the clinical setting.
Impact of Work.
A common theme across all of my research work has been the
construction of new tools to assist in solving each new problem. Each new tool
then acts as a force-multiplier, allowing me to get more work done faster. By
making my tools available for other researchers to use, they then have the
potential to act as force-multipliers to help advance the studies performed by
those other researchers.
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Many bioinformatics tools were developed for utilization by researchers
who are skilled in using command-line systems or are programmers themselves.
This is primarily a result of the authors creating tools for their own use, with less
concern for the usability of the tools for biologists who have other specialties. A
large amount of effort was put into making the tools I’ve developed here as userfriendly as possible, requiring only a minimal computational background to make
use of them. Each tool has options available for more specialized users that are
not required for baseline tool, either through simple code modifications or
secondary menus with more complicated functions. Advanced users can even
dive into the complicated inner workings of the tools by reading the numerous
source files, as they are all available online.
Because the YMAP pipeline was designed with relatively naïve computer
users in mind, it includes numerous tests and corrections for issues commonly
found in the input data files. Very large data files often get truncated while
downloading from a sequencing center. They may also develop sporadic
corruption due to noise along some communication channel. The files might have
the wrong internal format. The files might be named improperly, or have no file
type at all. These are all issues that would normally be corrected by a staff
bioinformatician before the data was processed through a tool. With the
assistance of beta-testers, I’ve tried to identify as many of these types of errors
as possible. For every newfound error mode, I added a new correction module
designed specifically to resolve the error. All of this work means that the pipeline
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will be far easier for general biologists to use and therefore it will be far easier for
them to get results from the generally opaque sequence datasets that are
becoming increasingly easy to acquire.
The central concept of YMAP is to generate standardized, simple to
interpret figures illustrating the CNV and SNP/LOH patterns in a whole genome
dataset. Data from each chromosome is mapped onto an intuitive chromosome
cartoon. CNV data is presented in the conventional format of black bars drawn
from the copy number baseline for the species and SNP/LOH data is presented
in a simple pattern of colors to fill in the background. Numerous secondary
chromosome map figures are generated to illustrate one or the other aspect
more clearly, for when the standard figures become too complex or confused
because of data irregularities. The standardized format of the primary figures
means that researchers can easily compare datasets derived from different
technologies, in the same tool, at the same time.
The haplotype map feature built into YMAP will make it far easier for
researchers to access a full-resolution hapmap for C. albicans strains derived
from the reference SC5314 than is currently available. The hapmap generated by
Muzzey 2013 is built into the SC5314 reference assembly 22 in use at the central
database for C. albicans researchers, “www.candidagenome.org”, but it is not
easily accessible for researchers wanting to analyze their data. Custom tools
would need to be made to extract this hapmap data into a format that could be
used in other systems. By having our similar haplotype map build into YMAP, the
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users won’t have to deal with the process of extracting that data and then
integrating it into standard tools
Future Directions.
There remains room for improving the analysis of sequencing data used in
the third project. One of the functions built into the YMAP tool, described in the
third project, is the automatic identification of changes in copy number using
ChARM (Myers 2004) as a prelude to the analysis of SNP ratios. This function is
used across all types of data analyzed, but it remains to have room for
improvement. A more reliable implementation of the ChARM algorithm, or
moving to entirely different algorithms, to produce better identification of CNV
regions will improve the analysis and visualization of all types of data. There are
also identifiable sources of noise in sequence datasets that has not yet been
filtered out. These noise contributions do impair the process of making biological
inferences from the data and filtering them will assist researchers in making
biological inferences from there sequence data.
There are sources of noise in whole genome sequence datasets that have
not yet been corrected for. Similar to how CNV estimates show a strong bias
associated with GC-content, there is also a strong bias in apparent SNP density
associated with sequence repetitiveness. The most repetitive regions of the C.
albicans genome are very AT-rich, resulting in long runs of As or Ts, but genome
the pattern of genome repetitiveness is not identical to the pattern of in GC-bias.
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This type of sequence may have a higher mutation rate (Gu 1994, Ragheb
2013), but it is also the type of sequence which modern sequencing technologies
have a difficult time characterizing (Nakamura 2011). Separating out this signal
for more detailed analysis or lab bench validation is a reasonable next step to
improve the tools described in the third project. There also appears to be
variations in the allelic ratio that may be caused by systematic errors in
observation of one allele vs. the second intrinsic to the sequencing technologies.
This may be correctible by similar filtering steps to currently characterized bias
sources. Implementing such a correction would improve interpretation of allelic
ratios and allow researchers to better discern homolog-specific copy number
variations.
There are also improvements to be made in analysis of ddRADseq
datasets. Due to the very sparse nature of these datasets, most loci across the
genome appear to be homozygous. Differentiating these loci from those that are
newly homozygous due to an LOH during the course of an experiment has been
problematic. The tool currently compares each experimental dataset to a single
control strain dataset. A future version that compares each experimental dataset
to both a control strain dataset and a larger set of experimental datasets will
better be able to discriminate between loci that are homozygous due to vs. those
due to biologically important LOHs.
One of the newest available sequencing technologies is IonTorrent
sequencing. This technology relies on reading the electrical charges around a
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strand of DNA as it is pushed through pores in a silicon-based semiconductor
chip that are only large enough for a singe DNA strand to be threaded at a time.
IonTorrent sequence data produces reliable CNV estimates, but is limited in
analyses of SNPs or LOH due to its specific noise characteristics. Because the
technology is based around detecting differences in electrical charges as DNA is
passed through a pore, it has difficulty in properly identifying the length of homopolymer regions. The longer a run of single bases is, the more likely that the
interpreted count of bases will be in error. When an IonTorrent dataset is
examined, unexpected SNP ratios are found in high numbers. In diploid C.
albicans datasets, SNP allele ratios often appear to indicate one copy of one
allele and two copies of the second allele. It is not yet clear how the difficulty in
determining homo-polymer lengths relates to the observed allelic ratio
peculiarities, however. This technique has a much lower cost and increased data
output than other competing technologies and improvements in the analysis of
the data looks to be a very promising project for the future.
Newer high-efficiency sequencing technologies have specialized noise
characteristics that have not been identified and characterized sufficiently to
extract the most meaningful signal from the present noise. With the reductions in
cost associated with modern sequencing technologies, and the great promise
sequence data shows for identifying and tracking changes in genomes of
important organisms, there remains a great need to improve the analytical tools
available for researchers to process these datasets.
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