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Abstract
Fungal yeasts are common cause of infections in humans. One of the most widespread
commensal yeast genus is Candida. Candida albicans is a pathogenic yeast that lives
on human mucous membranes and causes infections ranging from mild to severe
when the conditions are favorable. Candida africana is a relatively new species
differentiated from Candida albicans. These two species have some phenotypic and
morphological differences but since they are very closely related, discrimination
is a challenge with molecular methods. Thermo Fisher Scientific has developed a
workflow that identifies species using proteomic liquid chromatography - tandem
mass spectrometry. In this study, we have found proteins that are species-specific
and can be used to distinguish between C. africana and C. albicans. Hereby, this
thesis describes the first reported method to differentiate between these species using
mass spectrometry.
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Tiivistelmä
Sienihiivojen aiheuttamat infektiot ovat yleinen ihmisen sairastumisen syy. Yksi
yleisimmistä ihmisen normaaliflooraan kuuluvista hiivasuvuista on Candida. Candida
albicans on patogeeninen hiiva, joka elää ihmisen limakalvoilla, ja aiheuttaa eri
asteisia infektioita, kun olosuhteet ovat suotuisat. Candida africana on suhteellisen
uusi laji, joka on erilaistunut Candida albicansista. Näillä kahdella lajilla on joitain
fenotyyppisiä ja morfologisia eroja, mutta koska ne ovat hyvin läheisiä keskenään,
niiden erottaminen molekulaarisilla metodeilla on haastavaa. Thermo Fisher Scientific
on kehittänyt menetelmän, joka tunnistaa lajeja proteomisella nestekromatografia-
massaspektrometrialla. Tässä tutkimuksessa löydettiin proteiineja, jotka ovat la-
jispesifejä ja pystyvät erottamaan C. albicansin ja C. africanan toisistaan. Tässä
diplomityössä kuvataan ensimmäinen raportoitu menetelmä näiden lajien erottami-
sesta massapektrometrialla.
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1 Introduction
Human pathogens are organisms that cause infections in humans. These infections
are a major cause of hospitalization, where infections are treated with antibiotics
or antifungal drugs. [1] Efficient differentiation between pathogens is important to
treat infections correctly and as early as possible.

One group of human pathogens are yeasts, most prevalent of them being Candida
albicans (C. albicans). C. albicans is the most common cause of vaginal infections,
which are commonly known as yeast infections. It can also cause more severe invasive
infections that can be fatal without proper treatment. C. albicans is a very virulent
pathogen, having multiple morphotypes to adapt different niches in a human body.
[2]

More than 100 years after discovering C. albicans, researchers found atypical
strains of C. albicans that did not belong to any other Candida species (Candida
spp.). These strains had some biochemical and morphological differences compared
to typical C. albicans strains. In 2001, these strains were named Candida africana
(C. africana) based on the location where the strains were first discovered. [2]

Traditional pathogen identification methods include culture-based methods, where
pathogens are grown on plates until visual properties such as color, spore formation
or structure can be observed. For example, the production of germ tubes can be
visually observed and used to differentiate Candida species. However, culture-based
tests are usually species-specific, so they require prior knowledge about the species.
This is why a correct test must be chosen, and possibly more than one test must
be conducted in order to identify the microorganism. [3] Automatized methods are
needed to increase throughput and lower the cost of one sample.

Thermo Fisher Scientific has developed a workflow to identify microbes using
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proteomic mass spectrometry (MS). The method uses a database of microbial
proteomes. The genomic DNA of a microbe is needed in order to determine the
proteome. Next generation sequencing (NGS) is used to determine deoxyribonucleic
acid (DNA) sequences of an organism. DNA stores the genetic information of a
species. If the proteome of an organism is not publicly available, it must be predicted
from the DNA sequence. The proteome is further analyzed and compared to other
proteomes to find specific proteins for the organism. These biomarkers are collected
to a database that is matched against mass spectrometry data of unknown organisms
to identify them.

Liquid chromatography - mass spectrometry (LC-MS) is a coupled method that
involves separating the sample with chromatography and defining the mass of the
separated molecules by mass spectrometry. LC-MS is used for microbe identification
by comparing mass spectra of different species against each other. Since the resolution
of modern mass spectrometers is very high, it is possible to distinguish the differences
in the proteomes of the species. [4] Since Candida albicans and Candida africana are
so closely related species, most of the proteins are similar, and the differentiation
with proteomic methods is a challenge.

A novel method for microbe identification is tandem mass spectrometry (MS2 or
MS/MS). In this method, most interesting molecules are selected in the first mass
spectrometry analysis. After this, the selected molecules are fragmented and they are
analyzed more in-depth in the second mass analysis. Since MS2 enables the analysis
of particular proteins, even slight differences between closely related microbes can be
detected.

The goal of this thesis is to find diagnostic proteins that can be used to differentiate
between Candida albicans and Candida africana using proteomic mass spectrometry.
Two approaches are introduced. In the general method, proteomes formed from
existing genetic and mass spectrometry data are compared to reveal diagnostic
differences between species. In the other method, possible protein markers are
searched from the literature. All these possible biomarkers are used as target proteins
in the tandem mass spectrometry analysis of C. africana and C. albicans samples.
Among these biomarkers, the most suitable diagnostic proteins are chosen based on
how reliably they are correctly identified in the species samples.

This thesis is a part of Thermo Fisher Scientific’s research and development
project that aims to differentiate human pathogens using proteomic tandem mass
spectrometry. Thermo Fisher Scientific is a worldwide organization that has today
around 70,000 employees globally. Thermo Fisher Scientific claims to be the world
leader in serving science, and its mission is to enable its customers to make the world
healthier, cleaner and safer. This aim is accomplished by developing, manufacturing
and distributing laboratory supplies and devices. [5]

The outline of the thesis is as follows. Chapter 2 introduces the two species
C. albicans and C. africanaand how differentiation between them is done currently.
In Chapter 3, the liquid chromatography - mass spectrometry method is presented.
It is also described how this method is used in the differentiation problem. Chapter
4 presents the workflow of protein identification and how potential biomarkers are
searched from the proteins of a species. Chapter 5 combines the theory described in
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previous sections and explains the detailed materials and methods used in this study.
In Chapter 6, the results of the analysis are presented. The results and potential
improvements are discussed in Chapter 7. The complete differentiation process and
the corresponding sections are described in the flowchart of Figure 1. The methods
of this thesis are mainly focused on the last three processes, namely biomarker
identification, targeted LC-MS2 and the data analysis for the final inclusion list
generation.
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Figure 1: Flowchart that illustrates the phases of the differentiation process and
associated sections of the thesis.
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2 Candida species in human microbiota
Candida is a genus of yeasts that includes around 200 different species [6]. Some of the
candida spp. are part of normal human microbiota that live in mucosal environments
such as in oral cavity and genitourinary tracts. When the immune system is weakened,
candida spp. can overgrow and cause opportunistic infections called candidiasis. [7]
The weakened immune system may be due to human immunodeficiency virus (HIV),
diabetes, prolonged use of antibiotics or breached mucosal barriers. The level of
candidiasis varies from mild mucosal infections, which cause irritation and itchiness,
to life-threatening invasive infections. [8] It has been estimated that 75% of all
women suffer from vulvovaginal candidiasis at least once in their lifetime and 5–10%
of these suffer from persistent vulvovaginitis. 90 % of HIV-infected patients are
affected by oral candidiasis. [9] Infants, elderly and people who are taking antibiotics
may also suffer from this illness that forms white spots or cottage cheese-like coating
into the mouth [10]. Common antifungal drugs treat superficial infections efficiently,
and in some cases, drugs are not even needed. However, invasive bloodstream
and disseminated infections can cause serious medical conditions, mortality rate
being up to 50% [9]. Some invasive Candida strains have developed antifungal drug
resistance, so new types of treatment must be developed [1]. Antifungal drugs are
also problematic because they can cause severe side effects in humans. The reason
for this is that the yeast belongs to the group of eukaryotes along with humans,
so they perform similar biological processes. [11] This makes it difficult to treat
invasive Candida infections efficiently and explains the high mortality rate of invasive
candidiasis. Fast and reliable differentiation of pathogens is important so that correct
treatment can be started earlier. This thesis focus on differentiation between two
closely related species Candida albicans and Candida africana.
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2.1 Candida albicans
Candida albicans is an opportunistic yeast that was first described in 1839 by Bernhard
von Langenbeck. C. albicans is the most prevalent Candida species in human
microbiota and the most common cause of fungal infections. It is called opportunistic
because it causes infections only when the environment is favorable. [1]

C. albicans is usually susceptible to common antifungal drugs. Azoles and
echinocandins are the first-line treatment for the infection, but for strains that have
created a resistance to these drugs, some other type of drug, such as amphotericin B,
must be prescribed [1]. Non-invasive fungal infections can be treated locally with
antifungal creams containing drugs, such as miconazole or econazole, or with small
doses of fluconazole orally. In more severe infections drugs are injected directly into
the bloodstream. [12]

C. albicans is well adapted to changing environmental conditions having multiple
different morphotypes. The most distinct forms are the budding yeast (aka blas-
tospore), pseudohyphae and true hyphae. Budding is a type of asexual reproduction,
where a new descendant, a bud, is developed from the existing cell. Yeast cells are
round or ovoid cells that can form clusters of cells that can be easily separated. Pseu-
dohyphae forms also by budding from a parental cell, but buds are more elongated
than yeast cells and attach more firmly to each other so that the constriction may
not be visible. True hyphae cells are even more elongated, and it is not possible to
see the change from one cell to another. Superficially these two hyphal states may
seem similar but are really two different states. [11]

Hyphal forms, meaning both pseudo and true hyphae, of C. albicans are seen
in the action of tissue invasion. Hyphal cells can express cell-wall proteins that
help C. albicans to adhere to human tissues and invade through them to enter the
bloodstream or organs. The ability to form hyphae makes C. albicans more virulent
compared to other Candida species that lack this ability. [11]

In response to nutrient stress, such as limitation of oxygen, C. albicans forms
chlamydospores at the ends of the hyphae or pseudohyphae. Chlamydospores are
thick-walled resting forms of an organism. [11] Unlike other spore-like cells, chlamy-
dospores have not been proven to survive long times or resist extreme conditions
[13]. Even though the biological function of Candida chlamydospores is not clear
yet, they can be used to identify Candida albicans and its close relative Candida
dubliniensis from other Candida species.

C. albicans can survive and grow in different host niches adjusting its metabolism
based on local nutrient availability. When simple sugars are not available, C. albicans
can assimilate other carbon sources including amino and organic acids and sugars,
such as lactate and glucosamine. [14] Sugar assimilation is often different between
species, so it can be used in species identification [15].

Another important virulence factor is the ability of C. albicans to form biofilms.
Biofilms are communities of microbial cells that form mucous layers on human tissue
or biomedical devices, such as catheters or implants. In addition to yeast cells biofilms
include also an extracellular matrix that increases the adhesion between cells and to
the surface. Both blastospores and hyphal cells are expressed in C. albicans biofilms,
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each type having its role in biofilm formation. [16]
Biofilm formation starts with the adherence step when single yeast cells adhere

to the surface. After this, in the initiation step, yeast cells start to proliferate
forming microcolonies. These are linked to other microcolonies when yeast cells
produce filamentous cells that reach other colonies. In the maturation step, linked
microcolonies form a monolayer that gets more complex with time thickening the
layer to three dimensions. [17]

Like other microorganisms also C. albicans is usually seen as biofilms rather
than as individual cells. Biofilms are known to be more resistant to antimicrobial
agents than individual cells. Few possible mechanisms for drug resistance have been
suggested. A dense layer of the extracellular matrix of a biofilm acts as a barrier that
limits the drug and nutrient diffusion into the cell. Limited availability of nutrients
inside the biofilm restricts the growth of yeast cells. This changes the cell surface
composition that might improve drug resistance. In addition, cells that are in the
biofilm express different genes. Genes that contribute to drug resistance might be
upregulated in biofilms. The drug resistance of a biofilm is a complex process that
has not yet been completely discovered. [18]

In stressful conditions, Candida albicans can spontaneously and reversibly switch
from ovoid yeast cell to more elongated cell type. This process is called white-
opaque switching since the color of the cell changes from white to greyish opaque.
Opaque cells are also more flat and irregular in shape compared to smooth and
dome-shaped yeast cells. White-opaque switching is associated with the mating
behavior of C. albicans and the ability to survive in different locations of the human
body. [13]

White-opaque switching is orchestrated by differing gene regulation. It has been
estimated that around 400 genes are involved in white-opaque switching, which is
approximately seven percent of the C. albicans genome. Environmental signals drive
the switching from white to opaque and back. For example, oxidative stress increases
the switching rate from white to opaque and high temperature from opaque to white.
From these environmental cues, it can be concluded that the growth rate of yeast
cells affect white-opaque switching. One model suggests that slow growth enables
the accumulation of proteins needed in white to opaque switching. [19]

An interesting process for mainly asexual yeast is the mating behavior that is
controlled by mating type like (MTL) locus. The locus has two different versions, a
and α, that can be thought of as the male and female versions of the locus. 95% of
yeast cells contain both versions of this locus. These a/α cells form protein complexes
called heterodimers that include a protein both from a and α locus. Heterodimers
repress the white-opaque switching, so they can not switch to opaque state. Cells
that are homozygous, meaning that they carry only a or α version of the locus, can
switch from white to opaque and be part of the mating process. Mating can happen
only if both types of cells are in an opaque state when they meet each other, which
makes mating of C. albicans even more sporadic. [19]

Mating of C. albicans is described to be parasexual because it lacks meiosis.
Genetic and phenotypic diversity is instead achieved with chromosome shuffling and
mitotic recombination. In the parasexual mating process of C. albicans, an opaque
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Species Candida albicans Candida africana
First described in 1839 1993
Chlamydospore formation ++ -
Pseudohyphae formation ++ +
Glucosamine assimilation ++ -
N-acetylglucosamine assimilation ++ -
Virulence ++ +
Growth speed ++ +

Table 1: The most notable differences between C. albicans and C. africana

cell with MTL locus a and another opaque cell with MTL locus α are fused forming
a tetraploid cell. The nuclei of both cells are also fused. When nuclei are fused, they
can change genetic information. After recombination, the fused cell goes through a
chromosomal loss, where the loss of one or more chromosomes drives the cell to lose
other chromosomes finally resulting in the diploid cell. [20]

During recombination and chromosome loss, diploid cells might lose the other
allele of a gene. This event is known as loss of heterozygosity (LOH), and it is
associated with increased genetic and phenotypic diversity. LOH occurred in the
parasexual state can increase genetic differentiation of the cell when it is returned to
the asexual state after mating. Large genetic differentiation results in new genetic
clusters within the species, called clades, or even new species. [20]

2.2 Candida africana
In 1993, Tietz et al. performed experiments with 139 vaginal isolates of women from
Madagascar and Angola. 29 of these isolates seemed to express different morphological
features compared to normal strains of C. albicans. The strains were growing
slower and could not grow at high temperatures. They were not able to produce
chlamydospores even after a long incubation, and the formation of pseudohyphae
was slower than in normal strains. Researchers also found that this strain could not
assimilate glucosamine or N-acetylglucosamine. This indicates a mutation in genes
that encode the proteins responsible for glucosamine assimilation. They were also
unable to assimilate other carbohydrates, such as disaccharide trehalose, and organic
acid DL-lactate. In later studies of the same research group, similar results were also
found from three German patients. [2] [15]

Primarily, these findings were called unusual vaginal isolates of Candida albicans
from Africa. After additional research, a new species called Candida africana was
suggested because all atypical Candida albicans strains showed unique and identical
phenotypic differences compared to typical Candida albicans strains. The name
africana is based on the area where the first strains were found. [2] The most
important differences between C. albicans and C. africana are summarized in Table
1.

Despite the morphological differences between C. albicans and C. africana, there
has been a discussion over the years whether C. africana is actually a novel species
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or just a variant of C. albicans. One reason for this is that the classification process
of species is not that well defined. Phylogenetic differences have shown to be too
small to declare C. africana as a new species. [21] However, if morphological and
physiological factors are considered in combination with phylogeny, it is evident that
C. africana is an independent species [2].

In the study of Jeanne Ropars conducted in 2018, C. africana samples were
studied as a part of C. albicans samples. This study shows a clear difference between
typical C. albicans species compared to C. africana species. The neighbor net analysis
of 182 C. albicans isolates creates a separate genetic cluster numbered as the clade
13. In addition, the LOH of clade 13 was significantly lower than in the other clades
which reassures its genetic differentiation. It is suggested that isolates of clade 13
have undergone big ancestral LOH events followed by asexual reproduction which
have led to a differentiation of a new species called C. africana. [20]

Because similar medical treatment can be used to both C. africana and C. albicans
infections, there has not been an urgent need to differentiate these species [22]. In
clinical laboratories, C. africana species might be identified as C. albicans if precise
identification tools are not available [23]. Furthermore, in public genetic databases
some isolates named as C. albicans are actually C. africana isolates. These isolates
might have been collected before C. africana has been defined as a species of its own
or misidentified as C. albicans for some other reason.

Mutations that have led to the differentiation of C. africana have made C. africana
less pathogenic and virulent than C. albicans. Reduced pathogenicity means that it
doesn’t cause disease as likely as C. albicans. Virulence describes the species ability
to spread the disease by proliferating cells and infecting new niches. Lower virulence
is associated with less severe diseases. C. africana has slower growth and reduced
filamentation rate compared to C. albicans. These factors are shown to be one reason
for reduced virulence and pathogenicity of C. africana. Moreover, the inability to
assimilate some sugars affects to C. africana’s ability to survive in a wide range of
niches, which has an effect to its virulence. [24]

2.3 Differentiation of Candida species
Candida species have been traditionally differentiated using culture-based methods.
Different growth conditions are used to analyze carbohydrate assimilation, germ tube
and chlamydospore formation and other biochemical and morphological features that
are known to be different between species. [6]

Culture-based methods that use visual observation for identification are time-
consuming. For example, chlamydospore formation that is used to differentiate
Candida species can take several days. [2] Visual observation is also prone to errors
and requires manual work of a trained technician. More reliable and automatized
methods for microbe identification are needed for better efficiency.

Before the year 2008, C. africana had been able to distinguish from C. albicans
only with phenotypic tests until Orazio Romeo and Giuseppe Criseo developed a
method to distinguish them using molecular methods. This method is based on
hyphal wall protein 1 (HWP1) that is an adhesin regulated and expressed in germ
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tubes and true hyphae of C. albicans. This PCR-based assay study shows that HWP1
gene of C. albicans has more nucleotides (941 base pairs) than that of C. africana (740
base pairs). This information can be used to distinguish C. albicans from C. africana
using gel electrophoresis, where heavier molecules move faster than lighter molecules.
[21]

As the name suggests, hyphal wall proteins are found from the surfaces of both
C. africana and C. albicans cells. HWP1 has shown to be one of the proteins respon-
sible for the adhesion to the host tissue. It acts as a substrate to an enzyme called
transglutaminase that catalyzes the covalent bond formation between C. albicans and
host epithelium. [11] The differences between HWP1 of C. albicans and C. africana
could be one reason for lower virulence of C. africana because mutations in HWP1
might reduce the filamentation of C. africana.

In 2015, Felice et al. studied the genomes of C. africana and C. albicans that
are involved in the assimilation of N-acetylglucosamine (GlcNAc). As found earlier
in biochemical tests, C. africana is unable to assimilate this aminosugar, so it is a
good assumption that the genes of this catabolic pathway might be mutated. In this
study, it was shown that at least two genes involved in the catabolism of GlcNAc
were different between C. africana and C. albicans. These genes are HXK1 and
NAG1. [25]

HXK1 gene encodes an enzyme, called GlcNAc kinase, which is responsible of
phosphorylating GlcNAc right after this sugar is digested. A distinctive and unique
guanine insertion in HXK1 of C. africana creates a premature stop codon which
makes the translated enzyme to be truncated. Another gene (NAG1) that encodes an
enzyme responsible for the deamination of GlcNAc has several base mutations that
result in two amino acid substitutions in the translated enzyme. These are glutamic
acid to lysine substitution at position 112 and alanine to threonine substitution at
position 145. In addition, two other genes (DAC 1 and NGT 1) were sequenced and
compared but only neutral mutations were found. [25]

Characterization of genetic differences takes us to the root cause of phenotypic
differences between species. For example, assimilated GlcNAc is used in cell signaling
that results in C. albicans to switch from one phenotypic state to another. [26]
HWP1 protein, in turn, is responsible for filamentation and adhesion to host tissue.
These abilities are important virulence and pathogenicity factors. [21]

Even though rapid identification tests for C. albicans and C. africana, such
as HWP1 gene characterization and CHROMagar differential media, have been
developed, these all require a presumption that the sample belongs to a group of
species that can be identified with a specific test. [6]

Modern method for species identification is proteomic mass spectrometry. Mass
spectrometer identifies a species by detecting its proteins and comparing them to the
database with proteomes of claimed species. In this method, prior knowledge of the
species is not needed since species is identified by its proteomic composition which
is unique to all species. [27] However, the genetic differences between C. africana
and C. albicans are subtle and the differentiation between them using proteomic
mass spectrometry has not yet been reported [28]. Nonetheless, proteomic mass
spectrometry has proven to be a promising method for microbe identification and
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further development is expected to enable the identification of many other closely
related species.
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3 Liquid chromatography - mass spectrometry
Liquid chromatography - mass spectrometry (LC-MS) is an analytic technique used
to separate and identify chemical compounds such as the proteins and peptides of a
sample. LC-MS is based on different affinities and weights of chemical compounds.
LC coupled with MS has enabled the analysis of more complex compounds, since
chromatographically separated sample components are easier to analyze with a mass
spectrometer than the whole complex mixture. [29]

Thermo Fisher Scientific has developed an analyzer that identifies microbes from
a culture sample using LC-MS. In this process, a sample with an unknown microbe
is picked from an agar plate or a blood culture into a vessel that is inserted into a
device. The device prepares the sample and injects it through the LC-MS system.
The resulting mass spectrometry data is analyzed by an algorithm that identifies the
microbe. In this chapter, the LC-MS components and methods used in this study
are introduced.

3.1 Proteomics
Proteins are biomolecules produced by a cell. They consist of long amino acid chains
that define the structure and function of the protein. Amino acid chains are formed
from 20 different amino acids. Each amino acid, except leucine and isoleucine, has a
different molecular weight, varying from 75 Daltons to 204 Daltons. Proteins vary in
amino acid composition and length, so the number of different proteins is enormous.
Proteins perform different functions. They can act as a messenger between cells, an
enzyme to enable chemical reactions or a structural component of a cell. [4]

Multiple genes of an organism might encode proteins with identical sequences. In
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addition, some proteins are conserved within species, so identical proteins can also
be found from other organisms. [4] This study aims to find species-specific proteins
that can be used as identifiers of an organism. Multiple identifying proteins are
used as biomarkers in the mass spectrometry analysis for more reliable and accurate
identification of clinically relevant microbes.

Genes determine the proteome of an organism. Ideally, a gene’s DNA sequence is
transcribed to messenger ribonucleic acid (mRNA), which is translated into a protein
sequence. In real life, this process is more complex, since variation can occur in
DNA, RNA and protein levels. This variation creates different molecular forms of
the protein produced by a single gene. These forms are uniformly called proteoforms.
[30]

One source of variation is modifications after the gene is translated into a protein.
These post-translational modifications (PTM) change the translated protein molecule
by adding or removing a functional group or an amino acid from the protein sequence.
As a result, PTMs affect the function of a protein assisting in the correct localization,
cellular communication and signal transduction of proteins. Examples of post-
translational modifications are methionine cleavage, acetylation (addition of an acetyl
group) and phosphorylation (addition of a phosphoryl group). All of these PTMs
have a preferred site or sites where the modification occurs. [4] For example the amino
acid methionine is only cleaved from the amino-terminal of the protein sequence [31].

Modified proteins are identified based on their mass difference compared to the
unmodified protein. However, sometimes the mass of an unmodified protein can
match with some other protein’s modified version. Consequently, the identification
can not be achieved with traditional mass spectrometry analysis but the correct
protein must be determined by matching the masses of the protein fragments to the
protein sequence. [4]

Proteomics is a field of study for the analysis of all the proteins (proteomes)
a cell, a tissue, or an organism produces. Proteomes can be analyzed by first
separating the protein mixture of an organism using some chromatographic technique,
acquiring protein identification data from this separated protein mixture using mass
spectrometry, and finally using bioinformatics to process the raw mass spectral data
into protein data. [32]

3.2 High-performance liquid chromatography
Liquid chromatography is an analytic technique that is used to separate molecules
from a sample mixture. The method is based on the ability of soluble molecules, such
as proteins, to desorb from the solvent mixture and adhere to a stationary material.
The separation is achieved by mixing the protein sample with a solvent and injecting
it through a column that is filled with porous solid material. The interaction of
molecules both with the soluble mobile phase and solid stationary phase separates
the molecules with different properties. [33]

Reverse-phase (RP) chromatography is a separation technique that separates
molecules by their hydrophobicity. It is a widely used technique in proteomics,
especially when the LC is directly coupled with a mass spectrometer. [4]
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Figure 2: Schematic of the Thermo Fisher Scientific’s quadrupole-orbitrap mass
analyzer

RP LC separates molecules by increasing the concentration of organic solvent
over time in the liquid phase creating a gradient elution. The gradient is achieved by
first injecting a slightly acidic solution to the column that makes the proteins interact
with the column and attach to it. After this, the second solution that includes
mainly organic solvent is injected, detaching first the less hydrophobic proteins. As
the percentage of the organic solvent increases, the more hydrophobic proteins are
detached. When proteins are eluted from the stationary phase they can be directly
infused into a mass spectrometer. [4]

3.3 Mass spectrometry
Mass spectrometry is an analytic technique that is used to separate molecules
according to their mass. Mass spectrometers can only observe charged molecules so
more precisely the molecules are separated according to their mass to charge ratio
(m/z). Figure 2 shows the schematic of the mass spectrometer used in this study.
LC module is connected to the mass spectrometer with an ion source that ionizes the
proteins by adding protons to the protein molecules. Ionized molecules are sent to
the mass analyzer, where the ions are separated based on their mass to charge ratio.
As a result, m/z values and their abundances are visualized in a mass spectrum.
Figure 3 a presents an example of a mass spectrum. [4]

In proteomic mass spectrometry, proteins can be analyzed either as complete
proteins or they can be digested before the analysis. A bottom-up approach digests
a protein before it is introduced into the mass spectrometer. The fragmentation
is achieved with a protease that cleaves proteins at certain amino acid sites. The
technique has been widely used because smaller peptides are usually easier to handle
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in mass spectrometer than complete proteins. [34]
Nevertheless, a more efficient approach is the top-down technique, where intact

proteins are analyzed. Consequently, valuable analysis time is saved when the
proteins are not digested before the mass spectrometry. This approach increases
throughput and is more suitable for purposes of rapid identification. Furthermore,
the top-down method allows better characterization of modifications in proteins
because the protein is identified as a whole and even a complete protein sequence
can be determined. [34]

Microbe identification in mass spectrometry with the Orbitrap mass analyzer is
achieved by comparing mass spectra of the intact proteoforms of unknown species to
the database of annotated mass spectrometry data. This method is referred to as
pattern matching. Most of the microbes can be identified using pattern matching,
but occasionally spectral patterns of two or more microbes are too similar to reliably
differentiate between these species.

A solution for the identification of closely related species is tandem mass spec-
trometry (MS/MS or MS2). Tandem mass spectrometry and the MS components
commonly used with this method are explained in the next section.

Before molecules entering the MS analysis, they must be ionized. One common
ionization technique that is used both in MS and MS/MS analysis is electrospray
ionization (ESI). In ESI, the liquid sample eluted from LC is sprayed through a
heated needle into a strong electromagnetic field. This creates small droplets of liquid
with a charged surface. As the needle is heated, the solvent of the droplets evaporates
quickly, shrinking the droplets and increasing the surface’s electric field. Ionized
proteoforms desorb from the surface when the electric field gets strong enough. The
ionized stream is injected into the mass analyzer. [4]

3.3.1 Tandem mass spectrometry

Tandem mass spectrometry is an application of mass spectrometry where the first
mass analysis is followed by another mass analysis. The first MS run finds the protein
ions of interest and selects the m/z range around these proteins. The selected ions
are fragmented before they enter to the second analysis, and in the second MS run,
the m/z of fragment ions are determined. [4]

One accurate and high-resolution tandem mass analyzer patented by Thermo
Fisher Scientific is the hybrid quadrupole-orbitrap. As shown in Figure 2, the
quadrupole is located before the orbitrap and acts as the first mass analyzer.
Quadrupole consists of four parallel metallic rods. The electric field between the
rods causes molecules of different m/z values to travel through the field in different
spiral trajectories. [4] In this assembly, the quadrupole is used as a mass filter that
filters out the unwanted mass ranges before the orbitrap mass analysis.

After the quadrupole mass filtering, the selected molecules are fragmented in the
fragmentation chamber. Fragmentation is induced by colliding ionized molecules
to neutral gases such as nitrogen or argon which results in molecule fragmentation.
After this, the fragmented ions enter the C-trap that stores the molecules and injects
them to the Orbitrap mass analyzer in the batches of a suitable size. [35]
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The orbitrap consists of a pointed oval-shaped central electrode and two outer
electrodes that create a cylinder around the central electrode. The mechanism of
separation is based on the oscillation frequencies of different molecules. Orbitally
harmonic oscillation of molecules is induced by the ions of the outer electrode. Each
molecule with a different m/z value has its characteristic oscillation frequency. The
detection is based on the image current that the ion generates to metal plates when
it passes by the plates. The m/z value of the detected molecule can be calculated
from the image current using Fourier transformation. [36]

Fragmentation and mass analysis of all the ions that enter the MS2 is not possible
due to the fast elution of molecules from the LC. In order to tackle this issue, only
the most interesting peaks are selected for the MS2 analysis. [37] Two methods for
peak selection are data-dependent acquisition (DDA) and targeted acquisition.

The data-dependent acquisition method is presented in Figures 3 a-c. At
first MS scan, the n most intense peaks related to unique monoisotopic masses are
selected for MS2. The peaks are recorded, and they are ignored in the next scan, so
n new peaks are selected in the next run. An example of the MS spectra is shown
in Figure 3 a. From this mass range, the protein circled in red is selected for MS2
analysis. Proteins exist in isotopic clusters that are distinguishable from underlying
noise.

Figure 3 b shows one MS2 spectrum of the selected protein. In Figure 3 c, the
spectrum is deconvoluted, and the masses of the fragments are mapped to the protein
sequence. Each identified fragment corresponds to one fragment of the selected
protein. For example, the smallest identified fragment with a mass of around 900
Daltons corresponds to the mass of the last nine amino acids in the protein sequence.
The fragment with the highest mass of 13911 Daltons corresponds to the mass of the
intact protein.

In this study, DDA MS2 is used to identify the proteins of the species. Several
samples from both species are analyzed with DDA MS2, and the mass spectra is
compared to the proteomic database to annotate the proteins that are found from
the MS spectra.

Compared to DDA, in the targeted acquisition, the molecules of interest are
not selected during the MS run but are predefined prior to the analysis. The inclusion
list of the targeted proteins is generated using prior information for example from
previous MS1 runs. This list requires the monoisotopic mass, charge, m/z and
retention time interval of the protein. Retention time describes the time taken for
the protein to pass through the LC column. [4]

In the mass analyzer, the targeted mass ranges are selected in the quadrupole
mass filter. The mass range can be defined by a user and is typically ± 1 Dalton
from the target mass. All molecules that are found from this mass range are passed
on further in the mass spectrometer. The fragmentation and Orbitrap mass analysis
in the targeted acquisition is similar to DDA.

In this study, targeted MS2 is used in the differentiation between C. albicans and
C. africana. The inclusion list contains m/z values of proteins that are expected to
be different between these two species. These marker proteins are found among all
proteins as determined by DDA MS2.
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(a)

(b)

(c)

Figure 3: Data-dependent acquisition process by mass spectrometry (a) Selection of
the species-specific H2A.1 protein of Candida albicans from MS1 spectra (b) Product
ion spectra of Candida albicans version of H2A.1 (c) Deconvoluted monoisotopic
MS2 spectra with cleavage sites in the protein sequence
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4 Protein identification
Based on the central dogma of biology DNA is transcribed to RNA that is translated
to protein. To determine the genomic information of a microbe its DNA is sequenced.
Protein sequences are determined from the DNA sequence either experimentally or
by predicting them with a computational tool.

Proteins of a biological sample are identified by measuring the MS2 spectra of the
sample and matching this data with annotated proteins of clinically relevant microbes.
From these proteins, the species-specific markers are selected and they are used in
the targeted MS2 analysis to differentiate between C. albicans and C. africana.

4.1 Next generation gequencing
All living organisms include deoxyribonucleic acid (DNA) that stores genetic informa-
tion of the organism. Every organism has different genetic information that defines
its specific properties. In addition, individual differences within species are possible
via sexual reproduction or mutations. In sexual reproduction, the gametes produce
offspring that include a new mixture of genetic information from both individuals.
Mutations are spontaneous changes in DNA that can be either beneficial, neutral or
harmful. [38]

DNA is a double-stranded molecule that consists of sugar-phosphate backbones
and nucleotides attached to it. Nucleotides are the alphabets of genetic information.
DNA has four different nucleotides that are adenosine (A), cytosine (C), guanine
(G) and thymine (T). The order and the number of these letters define the genetic
code of an organism. [39]

The order of nucleotides in DNA is determined using sequencing methods. The
chain termination sequencing method was developed in 1977 by Frederick Sanger,
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hence it is also known as Sanger sequencing. [40] With this method, it is possible
to sequence only one DNA fragment at a time. After the development of a paral-
lel sequencing technique in 2005, it has been possible to sequence multiple DNA
fragments simultaneously. The ongoing development of the NGS methods makes
DNA sequencing more and more efficient, increasing the data output per time and
decreasing the cost per sequence. [41]

DNA sequences used in this project have been ordered from Eurofins Scientific
(https://www.eurofins.com). They use Illumina’s sequencing systems that are based
on sequencing by synthesis (SBS). SBS is a lot more efficient method compared to
Sanger sequencing, so it can be used to sequence large DNA sequences and even full
genomes. [42]

Sequencing by synthesis process starts with library preparation. In library
preparation, DNA is fragmented into different sized sequences, and 5’ and 3’ adapters
are ligated to the ends of the fragments. Next, the library is loaded into a flow cell.
The flow cell is a nanowell containing surface that includes oligos complementary
to adapters of the fragments. Fragments are attached to the oligos, and they are
amplified using bridge amplification. In bridge amplification, the free end of a
fragment is attached to an adjacent oligo with a corresponding complementary
sequence. This fragment is then amplified using the polymerase chain reaction. All
fragments of a flow cell are amplified simultaneously. The result is several clusters
which each include multiple forward and reverse strands of one fragment. Reverse
strands are washed away before sequencing. [41]

The sequencing process needs a primer that is attached to the forward strand
and a polymerase that adds fluorescent-labeled nucleotides one by one to a growing
complementary strand. Each of the four nucleotide types has own fluorescent color.
Nucleotides are added to the strand based on the template’s sequence. When a
nucleotide is added to a sequence, it emits a specific wavelength that is observed as
a color. Because one cluster includes fragments with the same DNA sequence, all
fragments of a cluster emit the same wavelength. The wavelength and intensity are
used to identify the base. When enough bases are attached to get a sequence of the
desired length, the sequence is washed away and a new sequence read can be started.
The same process is repeated to reverse strands by replicating the forward strands
and washing them away, leaving only reverse strands on the flow cell [41].

After sequencing reads from both reverse and forward strands are collected, they
are aligned against a reference genome or each other if no reference genome is available.
Since C. albicans genome is already fully sequenced and publicly available it is used
as a reference genome to which sequencing reads of C. africana are aligned. Like
other reference genomes, the reference genome of C. albicans is a representative
assembly of the species’ genes collected from multiple DNA sequences of C. albicans
strains. [41]

For this study, 10 C. africana samples from different strains were sequenced
and mapped to the C. albicans reference genome. All of these samples are different
between each other and they are also different from the reference genome. DNA
sequence reads of C. africana are mapped to the reference genome if a matching
sequence that has at least 90% similarity is found from the reference genome. This is
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why the resulting C. africana genome includes gaps in the locations where no similar
enough sequences were found. Sequences that are not mapped include reads that
are unique for the C. africana sample. Since C. albicans and C. africana are closely
related species, it is presumed that these unique reads are mainly sample-specific
and not representative of the whole C. africana species. [43]

Orthologous proteins that differ only by few amino acid are desirable protein
markers since when both orthologs are found it is more likely that there is no other
undetected similar protein with which the diagnostic protein could be confused. In
addition to the species similarity, this is another reason why de novo sequencing,
where unknown parts of the genome are discovered, is not used in this study. However,
it is needed to remark that even though the DNA sequences are similar they may
encode completely different proteins.

4.2 Gene finding
The eukaryotic gene consists of sequences with different functions. Exons are the
coding parts of a gene. These parts are transcribed into a messenger RNA sequence
in contrast to introns that are cleaved off before transcription. Before translation
to a protein sequence, untranslated regions of an exon are removed from the gene.
Untranslated regions before and after the translated exon include sequences that are
responsible for the initiation and termination of translation. In addition to these
structures, the DNA sequence of a eukaryote includes sequences that regulate the
gene transcription. These are enhancers or silencers that can be located both before
and after the transcribed gene, and promoters that are located right before the
transcribed gene. [44]

The output of DNA sequencing is a long unannotated sequence of DNA. This raw
sequence data includes gene coding sequences that must be identified in order to know
the proteins this DNA sequence encodes. Manual annotation of genes of an entire
organism is a very cumbersome task, so automated tools have been developed to help
this process. [45] Automated tools are usually optimized to detect genetic structures
of exons and introns, but they can not identify different structures inside intergenic
regions, meaning the rest of the DNA sequence that is not part of a transcribed gene.
[46]

C. albicans genome is already annotated and its proteome is available for example
in the Universal protein resource (Uniprot) database. This proteome can be used in
the gene prediction of a closely related species, such as C. africana. Since C. africana
has not been fully sequenced, its full proteome is not publicly available. Genes of
C. africana are predicted from the DNA sequence using a software tool that is based
on probabilistic models of known gene structures.

Computational gene prediction tools are roughly divided into similarity-based
and ab initio programs. Similarity-based programs use extrinsic information, such as
similar genes of other species, in the prediction. In an ab initio program, only the
genomic sequence of a target species is needed. [47]

Ab initio gene prediction is a more general and useful technique compared to
similarity-based gene prediction, especially when similar genes are not found [46]. Ab
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initio programs must be properly trained with a species that is similar enough to the
novel genome to get good prediction accuracy [48]. The accuracy can be improved
using extrinsic information in addition to the ab initio method [46].

The gene prediction tool used in this research is called AUGUSTUS. AUGUSTUS
is an open-source software tool developed by Mario Stanke and Oliver Keller. The
software has both a web interface and a local program that can be cloned from
Github (https://github.com/Gaius-AUGUSTUS/AUGUSTUS) and used from the
command line. [49] In this thesis, the command line version was used.

AUGUSTUS is an ab initio gene prediction tool that is based on generalized
Hidden Markov Models (GHMM). Hidden Markov Model (HMM) is a statistical
model with an underlying Markov Chain process. Markov Chain is a set of states,
where the value of the next state is determined only from the transition probability
from the previous state. For example, if today the weather was hot and yesterday it
was cold, tomorrow’s weather is predicted only using the fact that today was hot,
not using the information about yesterday, or the past in general. [50]

Unlike in the Markov chain, the states of HMM are not directly observable. In
gene prediction, the problem is to find gene coding regions from an unannotated
DNA sequence. In this case, three possible states are exon, intron and intergenic
region. The nucleotides of a DNA sequence can belong to any of these states. The
model is called hidden because the value of a state can not be explicitly determined.
However, using models of known gene structures that are trained with annotated
DNA sequences, it is possible to estimate which regions of the DNA sequence belong
to which state. [51]

GHMM’s in gene prediction aims to find an optimal gene structure for a given
DNA sequence. Before gene prediction, GHMM is trained with annotated DNA
sequences. Using these DNA sequences, it is possible to teach GHMM what are the
statistical features of known gene structures. GHMM uses a Viterbi-algorithm to
determine the gene structure with the largest a-posteriori probability. [46]

The known gene structures of genomic DNA are exon, intron and intergenic
region. AUGUSTUS further classifies exons to initial, internal and terminal exons
based on their location in the gene, and to a single-exon gene if there are no introns
in the gene. Introns are classified into short and long introns. This classification
is done because different models are used to predict these structures. In addition
to these structures, AUGUSTUS has also states for acceptor splice sites (ass) and
donor splice sites (dss). Splice sites are regions at which introns are cleaved off before
translation.[46]

Certain regions can be divided into smaller parts that are easier to model. For
example, the initial exon always starts with a start codon (ATG), so the probability
of emitting this codon in the start codon region is 1. Similarly, the terminal exon
ends with a stop codon (TAG, TAA or TGA). The emission probabilities for TAG,
TAA and TGA in the stop codon region are 24%, 28% and 48%, respectively. For
other submodels such as ass, dss and exon content model the emission distributions
are defined using the training set. One or multiple submodels are used to model one
state. [46]
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Figure 4 presents a simplification of the GHMM of AUGUSTUS. The network
shows the possible transitions and corresponding transition probabilities from one
state to another. For example, the acceptor splice site is always located right
before an intron, so after emitting a DNA sequence at the acceptor splice site, the
state is transitioned into an intron where another observable event is emitted. In
some situations, it is possible to transfer from one state to multiple other states
each transition having a defined transition probability. This creates a complex
network of transitions and emissions with corresponding probabilities. The transition
probabilities shown in the network are determined experimentally. For example, it
is known that exons and introns cover only a small part of the genomic DNA, the
rest of it being intergenic region. This is why the probability to transfer from the
intergenic region to the exon region is very low. [46]

AUGUSTUS has pre-trained parameters for 50 different species, including Homo
sapiens (human), Drosophila melanogaster (fruit fly), arabidopsis thaliana (plant)
and Candida albicans. It is possible to train AUGUSTUS with new species, but it is
recommended to use the pre-trained parameters if a closely related species is found
among them. [52]

AUGUSTUS outperforms other gene-finding programs with a more accurate intron
length model. Previous gene-finding tools are assuming intron length distribution to
be geometric. This assumption is accurate for short introns but longer sequences
may not be identified correctly. AUGUSTUS uses explicit intron length modeling
for introns that are less than a few hundred bases. For longer introns, a geometric
length distribution is used for the sequence that exceeds the initial part of a few
hundred bases. This improves the accuracy of predictions at least for species that
carry long introns. [46]

4.3 Biomarker protein identification
This section is based on a discussion with Martin Damsbo, a senior data scientist at
Thermo Fisher Scientific, unless otherwise stated.

As described in flowchart 1, the identification of biomarkers can be divided into
three steps. These are protein identification, diagnostic protein identification and
finally biomarker identification.

Proteins of a species are determined by first matching the measured MS2 spectra
to the theoretical MS2 spectra of clinically relevant microbes. This can be done
using ProSight software. ProSight is a protein identification tool designed to analyze
top-down tandem mass spectrometry data. The software matches mass spectrometry
observations against known protein sequences found from protein databases for
ex. UniProt. The result is a protein identification for the proteins that are visible
in the measured MS2 spectra of an organism. [53] If the protein database is not
representative enough for a species, which is the case for C. africana, a database can
be generated from protein predictions.

Prosight protein identification is based on Poisson distribution. The distribution
measures the probability of getting a match that is at least as good between the
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.
Figure 4: Simplification of the general Hidden Markov Model underlying AUGUSTUS.
In reality, the model includes also a similar network for both forward and reverse
strands and for all three phases of the reading frame. Transition states for the intron
states depend on the species so they are not defined in the general model. The figure
is inspired by [46]
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observed and a random match. The p-score of a Poisson distribution is calculated as:

p(n) = 1 −
n∑

i=0

(xf)ie−xf

i! (1)

,where f is the number of fragment mass values that are entered, n is the number of
observed fragment ion hits that match theoretical fragment ions from a sequence,
and x is the probability of an observed fragment ion matching a theoretical fragment
ion by chance.

Prosight reports the reliability of a protein identification using an expectation
value (e-value) for the identification. E-value is calculated by multiplying the p-
score with the number of protein sequences in the database. E-value measures the
probability of the number of as good protein identifications that could occur by
random. Small e-value tells that the protein sequence that matches best with the
mass spectrometry observation is statistically significant identification. If the e-value
is large, identification should not be trusted. The threshold commonly used for
e-value is 1e-5, so e-values smaller than that are considered to be reliable.

Prosight ranks protein identifications by e-value. If the difference between the
best and the second-best e-value is large, the first identification with smaller e-value
is probably the correct identification. If both e-values are small and close to each
other the identification is reliable but the actual protein can be either of those two
proteins.

Another characteristic for determining the reliable protein identifications is the
sequence coverage. It is an in-house determined variable that measures how well
the whole sequence is covered by MS2 fragments. Sequence coverage is higher when
more fragments extending from both ends of the protein sequence cross with each
other. If also the sequence coverage in addition to the e-value is similar between the
best and the second-best protein, manual inspection is needed to try to determine
the most probable protein.

After identifying all proteins that are detected from the sample, diagnostic proteins
are determined. Protein is said to be diagnostic for a species if its relative occurrence
is significantly different between species. The identified proteins are compared to
proteins of other species to find diagnostic proteins for the species. In this analysis,
the proteins of all clinically relevant microbes are compared to the identified proteins.

Because C. albicans and C. africana are closely related they share many common
diagnostic proteins that can separate these two species from other species. Because
this study aims to differentiate between these two species, the species-specific proteins
are manually identified from the list of diagnostic proteins. These proteins are
called protein markers or biomarkers and they are used to identify species by mass
spectrometry.

Characteristics both from the proteomic comparison of species using sequence
databases and from mass spectrometry observations are used to determine the most
applicable biomarkers. In the proteomic comparison, the prevalence and uniqueness
are calculated for each protein. The prevalence is calculated by in how many strains
of the species this protein has been seen. Prevalence is usually reported as a relative
prevalence because the number of strains used in the analysis differs between species.
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Uniqueness is a measure of in how many species the protein has been seen. In a good
biomarker, the relative prevalence should be as high as possible and uniqueness as
small as possible.

The mass spectrometry analysis calculates in how many samples the identified
protein has been seen. This characteristic is called reproducibility. The protein
identification is well reproducible if it is seen in most of the samples of a species
in the mass spectrometry. If the protein is seen only at few strains of the species
it most likely is not a good biomarker. The same applies if the protein is seen at
both species to be separated. The visibility of a protein in mass spectrometry can
be increased by extending the analysis time and by targeting the protein.

Prosight calculates the masses of identified proteins and mass differences between
the first and second most likely identification. If the mass difference corresponds
to the mass of a known posttranslational modification it might be that the most
likely protein is a modified version of the second most likely protein or another way
around. This second most likely protein might be prevalent in other species. For
example methylation of a protein increases the mass around 14 Daltons. If this mass
difference is observed in the protein identification it should be manually inspected if
the protein is a methylated version of some protein that is seen in other species.

As can be seen, biomarker identification is not a straight forward process. Multiple
parameters must be observed in order to evaluate the goodness of a diagnostic protein
and in some situations, the inspection of the values of characteristics alone is not
sufficient. However, usually the number of diagnostic proteins of two species is quite
manageable to be manually inspected.

The analysis of biomarker identification aims to find multiple sufficiently good
biomarkers for one species. These biomarkers are targeted in the tandem mass
spectrometry analysis to identify the unknown organism.

4.4 Challenges in protein identification
Each step in the protein identification process contains some sources of error. Even
though AUGUSTUS is one of the most accurate of the gene prediction tools it predicts
only 52 % of the genes of Drosophila melanogaster correctly [46]. The sensitivity of
the gene prediction of C. albicans or C. africana are not reported but it is most likely
about similar to the sensitivity of the gene prediction of Drosophila melanogaster.
This means that all the proteins of C. africana are not correctly predicted.

The errors in protein prediction reflect on the protein identification process
with Prosight. If the protein database of Candida africana, that is generated from
the predictions, is not representative, some proteins that are measured in mass
spectrometer might not be found in the database. Either the protein is really not in
the database due to a prediction error or it has a modification that the Prosight do
not recognize. If the exactly similar protein sequence is not found from the Prosight
database the measured protein is matched with the closest homolog. In the case of
C. africana this homolog usually comes from C. albicans.

Because it is reasonable to assume that the predicted proteome of C. africana
is missing proteins, the proteins that appear to be specific to C. albicans must be
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verified by mass spectrometry. There is a possibility that a similar protein exists in
the proteome of C. africana but it was not predicted. If an exact match is found
from C. africana the protein can not separate these two species.

Moreover, the data-dependent acquisition that is used in the mass spectrometer
to identify the proteins has some disadvantages. The acquisition selects only the
molecules with high intensities. Molecules with smaller intensities are discarded so it
might be that some proteins that are seen with lower intensity are missed from the
protein identification of a species. [37] Due to this, it might be that the protein is not
detected in either of the species or it is detected in one of the species. In the latter
case, the protein seems specific to the species in which it is detected. Consequently,
targeted mass spectrometry is needed to prove that the protein markers are truly
diagnostic.

Ideally, the defined biomarkers should be able to separate species from each other.
However, because the differences in C. albicans and C. africana proteomes are very
subtle the changes in found biomarkers can be as small as one amino acid substitution.
It is possible that these small differences might not be observed with tandem mass
spectrometry. This is why the applicability of the potential biomarkers is tested with
targeted mass spectrometry and the biomarkers that are able to separate species are
chosen as the final list of likely reliable markers.
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5 Materials and methods
This chapter describes the methods, materials and tools that were used to find the
feasible biomarkers and finally differentiate between C. albicans and C. africana. The
research was done in collaboration with a team of LC-MS specialists, data analysts
and microbiologists. The chapter concentrates more on the accomplishments that were
reached within the framework of this thesis. These are namely the familiarisation with
AUGUSTUS gene prediction tool, identification of potential biomarkers both from
the literature and from genomic and mass spectrometry data as well as cross-verifying
the potential biomarkers with a targeted tandem mass spectrometry analysis.

5.1 Data-dependent acquisition for protein identification
Before the beginning of the thesis research, C. albicans and C. africana samples
were analysed with an LC-MS system. The data-dependent acquisition was used
to select the most abundant proteins of the species in the MS2 analysis. The mass
spectrometry data were used to identify the proteins of the species.

In this experiment, five C. albicans strains and seven C. africana strains were
analyzed. From each of the strains, two different sample dilutions, 1:10 and 1:50,
were produced. These samples were cultured on sabouraud agar plates at 30 ◦C for
24 hours prior to the analysis. Two biological replicates were picked from each plate.
The replicates were analyzed one to two times in the LC-MS system. Altogether 40
C. albicans and 37 C. africana samples were collected from these strains. The strains
that were used in this analysis are listed in Table 2.
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Species Strain Type Strain Origin
C. albicans CBS 5736 Type South Africa

CBS 562 Type N/A
CBS 2732 Non-type Germany
CBS 6431 Non-type N/A
CBS 8758 Non-type N/A

C. africana CBS 8781 Type Germany
CBS 9119 Non-type Angola
CBS 11016 Non-type Italy
10-05-18-64 Non-type Iran
10-05-18-65 Non-type Iran
10-07-13-93 Non-type Angola
10-07-13-97 Non-type Madagascar

Table 2: C. albicans and C. africana strains used in DDA LC-MS2

Species Strain Type Strain Origin
C. africana CBS 8781 Type N/A

CBS 12765 Non-type India
10-07-13-92 Non-type Italy
10-07-13-98 Non-type Angola
10-07-13-99 Non-type Madagascar
10-07-15-02 Non-type Italy
10-05-18-64 Non-type Iran
10-05-18-65 Non-type Iran
10-07-13-93 Non-type Angola
10-07-13-97 Non-type Madagascar

Table 3: C. africana strains used in AUGUSTUS gene prediction

5.2 Protein database creation and protein identification
Prosight protein identification tool was used to identify proteins of C. albicans and
C. africana. Prosight matches the mass spectrometry data to the protein database.
The proteome of C. africana is not publicly available, so the proteins were predicted.
The protein database of Prosight is generated from this prediction.

AUGUSTUS gene prediction tool was used to predict the proteomes of 10
C. africana strains. The strains that were used in the protein prediction are listed
in Table 3. The software was cloned from GitHub (https://github.com/Gaius-
Augustus/Augustus) and used from the command line. The default parameters were
used.

After AUGUSTUS was successfully cloned from Github, and all the needed
dependencies, as described in the manual, were installed, C. africana genomes in
FASTA format were copied to the same folder. To run AUGUSTUS, the software
requires the training species name, the input file name and the output file name.

https://github.com/Gaius-Augustus/Augustus
https://github.com/Gaius-Augustus/Augustus
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Figure 5: An example of the output of AUGUSTUS gene prediction

The command is as follows:

augustus --species=candida_albicans C_africana_50687_consensus.fa >
augustus.abinitio.gff

Three genes predicted by AUGUSTUS are shown in Figure 5 as an example
of the AUGUSTUS output. AUGUSTUS predicts the gene, transcript, start and
stop codons, introns and coding sequences. The coding sequence is effectively the
exon without the 5’ and 3’ untranslated regions that AUGUSTUS is not able to
predict. AUGUSTUS generates the protein sequence from these predictions. Also, a
FASTA file that includes only the protein sequences of one strain is generated by
AUGUSTUS.

For example, the gene 6180 consists of two coding sequences at locations 150-1204
and 1357-1393 and an intron between them. The start codon is the three first
nucleotides at the beginning of the first coding sequence and the stop codon is the
three nucleotides located right after the last coding sequence.

Protein sequences predicted by AUGUSTUS can be directly uploaded to Prosight
protein database in FASTA format. For C. albicans, the protein database is generated
from public databases such as the Uniprot or NCBI. Commonly, only 3-5 most
reliable proteomes are selected to create the database.

Prosight identifies proteins by matching mass spectrometry observations to the
protein database. Table 4 summarizes the Prosight protein identifications. From
all identified proteins 51 and 67 identifications were reliable for C. africana and
C. albicans respectively. In this context, the reliable identifications are the ones
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# Identifications # Reliable identifications *
C.albicans C.africana C.albicans C.africana

Found from
the species db 79 62 51 30

Not found from
the species db 82 55 16 19

Total 161 118 67 49

Table 4: Summary of the Prosight protein identification for C. albicans and C. africana.
* e-value < 1e-5 and sequence coverage > 100

with an e-value equal to or lower than 1e-5 and sequence coverage equal to or more
than 100. The mass spectrometry observations that did not find a match from the
proteins of their own species were matched with some homologous protein from
some other species. Most of these homologous proteins for C. africana originate in
C. albicans and vice versa. From reliable identifications 23% of C. albicans and 38%
of C. africana proteins were not found from their own protein databases.

A relatively high percentage of C. africana proteins that were not found from the
database can be explained with the low sensitivity of AUGUSTUS gene predictions. In
the more thorough investigation of these proteins, it was noticed that one characteristic
protein for Candida species, called white colony protein, was not found from the
predicted proteins.

It was detected that the protein sequence of the white colony protein was not
found from the protein predictions as it is but as a part of a longer protein sequence.
The location where the white colony protein sequence should have ended is in the
intersection of an exon and an intron. In addition, some other proteins that were
found from the mass spectrometry data but not from the predicted proteome were
investigated, and the same cleavage issue emerged.

These findings show that in some cases AUGUSTUS fails to cut the protein from
the correct position. Even though there is evidence that all the proteins are not
predicted correctly, the prediction is sufficient enough to find differences between the
proteome of C. albicans and C. africana.

C. albicans is a widely spread species and it has quite a lot of variation between
strains [20]. Since only a few proteomes are selected to the protein database of
Prosight, it might be that all the variation of C. albicans strains is not covered in
the protein database. This partly explains the relatively high number of protein
identifications that are not found from the protein search database. Moreover, most of
the protein identifications where identical protein is not seen in C. albicans database
an identical protein is seen in the database of the very closely related C. africana.

5.3 Biomarker identification from literature
Literature review revealed three genes HWP1, NAG1 and HXK1 that are proven
to be different between C. africana and C. albicans. These genes are described
more closely in section 2.3. In this research, it was investigated if the proteins could
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Protein name Relative
Prevalence Uniqueness Blast

similarity (>90%)
% C. africana C.albicans

HWP1 0 0 100 [3] -
HXK1 (Truncated) 23.1 0 - 100[23]
NAG1 100 0 - 98.8

Table 5: Candida africana biomarkers found from literature

Protein name Relative
Prevalence Uniqueness Blast

similarity (>90%)
% C.albicans C. africana

HWP1 1.67 0 - -
HXK1 1.67 0 - -
NAG1 16.7 0 - 98.8
NAG1 11.7 0 - 98.8
NAG1 10 0 - 99.2

Table 6: Candida albicans biomarkers found from literature. The three NAG1
proteins are the most prevalent orthologs of NAG1 seen in C. albicans.

perform as potential biomarkers.
First, the protein sequences of hyphal wall protein (HWP1), Glucosamine-6-

phosphate isomerase (NAG1) and N-acetylglucosamine hexokinase (HXK1) were
searched from the Uniprot because sequences are not mentioned in the articles.
Here it is needed to remark that protein sequences of C. africana are not manually
reviewed in Uniprot which means that they are only computationally analyzed and
not manually proven to be reliable. C. albicans strain used in this study is SC5314.
C. africana strains are not reported in the Uniprot.

Using public domain genomic data it is possible to calculate the prevalence and
uniqueness of proteins to identify how well they could perform as biomarkers. Protein
sequences are aligned against all proteomes of known species and it is calculated how
many strains of given species express this protein sequence (prevalence) and in how
many other species this protein sequence has been seen (uniqueness). The resulting
measures are shown in Tables 5 and 6 for C. africana and C. albicans respectively.

From the tables, it can be seen that the prevalence of hyphal wall protein is 0
so it is not seen in any Candida africana strains in full length. The reason for this
is that the protein found from Uniprot is only a fragment of the complete protein.
When this protein is blasted a 100% match is found from three C. africana strains.
The C. albicans version of hyphal wall protein is also not a very good biomarker
because of its low prevalence.

From these three proteins, Glucosamine-6-phosphate isomerase seems to be the
best biomarker to differentiate C. albicans and C. africana. As seen from Table 5
C. africana version of Glucosamine-6-phosphate isomerase is seen in all tested strains
of C. africana and not in any other species. The C. albicans version of Glucosamine-
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6-phosphate isomerase is 98.8% similar to C. africana version. Similarities to other
homologs of C. albicans Glucosamine-6-phosphate isomerase were also analyzed.
Three homologs are listed in the Table 6. All homologs differ from each other with
few amino acids but these are all different from the C. africana version. This makes
Glucosamine-6-phosphate isomerase a very promising biomarker.

After finding the protein sequences the masses with common modifications are
calculated. The masses of protein sequences are calculated with and without a
methionine amino acid in the N-terminus of the sequence and with and without
acetylation of the protein. Eventually, the protein mass with acetylation and without
methionine was chosen because this is considered to be the most abundant version
of the protein. Masses have been calculated also for the other proteins that did not
seem to be that good biomarkers in regard of the prevalence and uniqueness of these
proteins.

The next step was to define charges that proteins of this size could obtain. Since
these proteins are not seen in our mass spectrometric data the possible charges are
estimated from other proteins with similar mass. Calculated protein masses are
compared to proteins of other species that have been measured by mass spectrometry.
Figure 6 shows the correlation between the charge and the monoisotopic mass. The
data for this graph is collected from existing Prosight protein identifications. Since
the mass of a protein is correlated with the charge it is possible to roughly estimate
the charge of the proteins from the charges of known proteins.

Because of their high mass, two of the proteins, HWP1 and HXK1, of C. albicans
are in practice impossible to detect with our current approach. Special approach,
like in source fragmentation to reduce the mass to the detectable range would be
needed. Other charges were estimated based on the graph 6.

The mass of a protein is usually reported as a monoisotopic mass. This is the sum
of the exact masses of the most abundant isotopes of protein elements. In organic
molecules the monoisotopic mass is the lightest mass of the protein i.e. the first
peak of the isotope cluster of a protein. [4] Because the complete isotope cluster is
targeted in the MS2 analysis, the m/z value of the top peak is determined. The shift
from monoisotopic mass to the average mass is calculated as:

Mc = M − 0.4917
0.999362 (2)

,where M is the monoisotopic mass of a protein and the constant parameters are
determined from the amino acid composition of an average protein also known as
averagine.

Equation 2 originates from the averagine model. Averagine model describes the
average amino acid composition of the proteins from a large protein database and
allows calculating the best-guess isotope pattern from the monoisotopic mass of a
protein [54]. The equation is derived from the averagine-based monoisotopic mass
determination algorithm as implemented in the instrument control software (ICSW)
of Orbitrap mass spectrometers. Averagine model used in the ICSW is developed by
Mike Senko. [55]

Molecules are ionized by adding of protons. As a result, the mass of the protein
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Figure 6: Charge as a function of protein monoisotopic mass of 54 668 measured
microbial proteins

is increased by 1 Dalton times the number of charges when the protein is ionized.
Hence, the m/z of a protein is calculated as:

m/z = Mc

z
+ 1.007 (3)

,where Mc is the average mass of the protein and z is the charge it receives. The
constant 1.007 is the mass of a proton.

Finally, the acetylated masses of the proteins, charges estimated from other
similar sized proteins and m/z values calculated using Equations 2 and 3 are added
to the list of targeted proteins. These characteristics are listed in Table 7.

5.4 Biomarker identification from genomic and mass spec-
trometry data

The other approach was to find differing genes from genomic and measured MS data.
After identification of proteins by Prosight, the diagnostic proteins were determined
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Species Protein Monoisotopic
mass Charge m/z

C. albicans Glucosamine-6-phosphate
isomerase, NAG1 27385.02 31 880.18

C.africana hyphal wall protein,
HWP1 65184.32 28 805.8093

Glucosamine-6-phosphate
isomerase, NAG1 27387.07 31 879.18

Truncated
N-acetylglucosamine
hexokinase, HXK1

5238.58 7 729.92

Table 7: Monoisotopic mass, charge and mass to charge ratio of potential biomarkers
found from the literature

by comparing the protein sequences of the reliable protein identifications to the
proteins of all clinically relevant microbes.

From the list of C. albicans and C. africana diagnostic proteins, the possible
biomarkers can be determined from the characteristics of the proteins. These
characteristics are for example uniqueness, prevalence, reproducibility and mass
differences between the best and second-best protein identification.

Since the purpose of the biomarker is to differentiate between C. albicans and
C. africana, the biomarker should be detected only in one of the two species. Thus,
the proteins that are prevalent both in C. albicans and C. africana were discarded.
After this, the remaining proteins with the highest prevalence and small uniqueness
were selected. These proteins were investigated more closely to find out if the protein
observations are reproducible in mass spectrometry runs and if the identifications do
not correspond to any known modification.

The potential biomarkers to be verified with targeted mass spectrometry are listed
in Table 8. The protein names of C. africana are concluded from their homologs
because the proteins have not been annotated. As shown in the table all of the
selected biomarkers are prevalent only in one of the two species based on both mass
spectrometry observations and public genomic data.

In addition to mass to charge ratios and charges that are determined from protein
identifications, also the retention times were determined. The mass filter targets
given mass ranges only during the retention time interval that is set for the molecule.
Mass to charge ratios, charges and retention times for each targeted protein were
uploaded to the mass spectrometry system for targeted mass spectrometry analysis.

5.5 Verification of the possible biomarkers
The applicability of the potential biomarkers was tested with targeted tandem mass
spectrometry. Cultured C. albicans and C. africana samples were introduced to an
LC-MS system and the protein markers and corresponding species were identified
based on the MS2 analysis.
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Species Protein name

Relative
Prevalence
C. albicans
%

Relative
Prevalence
C. africana
%

Mass/
Charge Charge

C. albicans CipC-like antibiotic
response protein 40 0 717.3 19

Conserved
hypothetical protein 82.1 0 631.34 11

Cytochrome b-c1
complex subunit 7 85.7 0 953.82 15

Cytochrome c oxidase
subunit 7A 60 0 754.51 9

Histone H2A.1 100 0 819.83 17
Hypothetical protein

CPAR2_702290
80 0 634.04 12

Hypothetical protein
MEK_01758 71.4 0 720.18 11

Hypothetical protein
W5O_04196 60 0 777.98 17

Large subunit
ribosomal protein L14e 40 0 731.91 20

Large subunit
ribosomal protein L14e 53.6 0 861.72 17

C. africana Histone H2A.1 0 100 818.18 17
Large subunit
ribosomal protein L14e 0 100 863.54 17

Large subunit
ribosomal protein L22e 0 100 701.45 25

40 S subunit
ribosomal protein S11A 0 100 930.58 15

Table 8: Potential C. albicans and C. africana biomarkers found from genomic and
mass spectrometry data and their relevant characteristics
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Species Strain Type Strain Origin
Candida albicans CBS 5736 Type South Africa

CBS 6431 Non-type Unknown
CBS 8758 Non-type Unknown
ATCC 90028 Non-type US
Clinical sample from US Non-type US

Candida africana CBS 8781 Type Germany
CBS 12764 Non-type India
CBS 10-07-13-92 Non-type Italy
CBS 10-07-15-02 Non-type Madagascar
CBS 10-07-15-03 Non-type China

Table 9: Candida albicans and Candida africana strains used in targeted LC-MS2

(a) C. albicans on sabouraud dextrose agar (b) C. africana on sabouraud dextrose agar

Figure 7: Plate cultures of C. albicans and C. africana

5.5.1 Sample preparation and analyzer run

C. albicans and C. africana strains used in this study are listed in Table 9. Strains
were chosen to represent different geographic locations and include both type and non-
type strains. One clinical C. albicans sample was also included. Most of the strains
are received from Fungal Biodiversity Centre of the Netherlands (CBS) nowadays
known as Westerdijk Fungal Biodiversity Institute. One Candida albicans strain is
from American type culture collection (ATCC) and one is a clinical sample from
United States.

Strains were cultured on Sabouraud dextrose agar (SDA) plate in 30◦C degrees
for 24 hours. Plate cultures from C. albicans and C. africana are shown in Figures 7
a and b respectively.



37

Before the tandem mass spectrometry analysis one replicate from each sample
was analyzed with MS1. MS1 mass spectra can be used to investigate the visibility
of the targeted proteins. For tandem mass spectrometry analysis three replicates
were picked from each strain. Altogether 5 MS1 samples and 15 MS2 samples were
analyzed for each species.

Prior to the analysis, the samples were preprocessed in the analyzer. First, the cell
membranes are broken using a lysis solution. After this, the mixture is centrifuged
so that the proteins are mixed in the solution and other cell parts are sedimented to
the bottom of the sample vial.

Thereafter, the liquid with the dissolved proteins is aspirated from the vessel,
pressurized and injected through the LC module. Eluted proteins are ionized and
sprayed to the mass spectrometer. The quadrupole mass filter passes only the mass
ranges of the targeted molecules to the fragmentation chamber.

Fragmented ions are collected and stored in the C-trap. When enough ions
are collected to the C-trap the ions are injected to the Orbitrap where they are
analyzed. The injection followed by a mass analysis is called a scan. In fact, multiple
microscans are combined to produce one scan, which enhances the ion statistics. A
mass spectrum is generated for each scan.

5.5.2 Data analysis

The data of the C. albicans and C. africana biomarker verification include the protein
sequences of the targeted proteins and the mass spectra of the MS2 analysis. Protein
observations from the MS2 analysis were identified using the protein sequences and
corresponding m/z ranges that were targeted.

Raw mass spectra files and meta data were extracted from the analyzer. Meta
data includes information from each sample run, such as the sample name, run time
and the corresponding MS2 file names. Deconvoluted MS2 data of the samples was
used in the protein and species identification.

The analysis of the mass spectra was done with a Top ID protein identification
software. Top ID is an R language tool for top-down MS2 protein identification,
and it is based on methods originally developed for glycan and glycopeptide analysis
[56]. Compared to Prosight, Top ID is more flexible and it is able to use directly the
deconvoluted MS2 data given by the instrument.

The identification algorithm scans through the mass spectrum of a sample that
was detected in the mass spectrogram of the analyzer. At each scan, it analyzes the
peaks and tries to match these to the fragments of the protein sequences that were
targeted. The protein with the highest rank is the most probable in this mass range
at this scan.

The protein identification is based on binomial probability that a random set
of MS2 fragments would give as good or better match as the observed one. In this
study, given the small differences between the possible proteins, also the evaluation
of matching fragment distributions between high ranking proteins are needed for a
reliable identification.

The output of the protein identification was filtered so that only the reliable
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identifications were analyzed. First, only the protein identifications where the
identification score of rank 1 is truly higher than that of rank 2 were selected. This
has to be done because if the scores are equal, the ranking is done randomly, hence
an incorrect identification might have been selected over a correct identification. For
example, when the C. albicans and C. africana versions of a protein differ only by one
amino acid, either one of these proteins can be ranked as 1 if the fragments do not
overlap with the diagnostic amino acid. From the resulting protein identifications,
only the identifications with rank 1 were selected. In addition, the m/z difference
(dmz) of the measured and theoretical mass should not be more than 2 Daltons to
ensure that the matched protein is within the same mass range that is targeted.
Thus, the protein identifications with dmz higher than 2 are discarded.

The remaining protein identification data was used to determine which of the
potential markers are feasible to be used in the species identification. First, it is
tested that the targeted proteins are really diagnostic with a defined fragment cutoff
limit. After this, it is tested if the species identification is successful using these
proteins. In practice, at least one biomarker needs to be reliably detected from each
sample.

First, the feasibility of each protein was tested separately. The number of protein
identifications with a given number of matching fragments was visualized with a bar
plot to see which proteins are well fragmented and matched mostly with the correct
species as shown in Figures 8 a and b and 9 a and b.

Figures 8 a and b show two examples of the proteins that seem to be feasible
biomarkers based on the protein fragment distribution of correct and incorrect protein
identifications. Figure 8 a shows a nice distribution of histone H2A.1 protein with
only correct protein identifications and also a high number of matched fragments.
Figure 8 b suggests that hypothetical protein MEK_01758 of C. albicans has been
potentially mixed with some other protein in the same window when a small number
of fragments are matched to the protein sequence. It might be that C. africana
has a close homolog to this protein in the same mass range that was not detected
in the DDA MS2 analysis. Because all proteins are identified correctly when more
than 12 matching fragments are found, hypothetical protein MEK_01758 can be
considered as a feasible protein when a fragment limit of 12 is used. Because the
number of samples was low in this test the fragment cutoff limit needs to be verified
with additional tests. In addition, a more in-depth analysis could be done to rank
which specific fragments are required for reliable identification. Other proteins that
are feasible as biomarkers are large subunit ribosomal protein L14 of C. africana and
histone H2A.1, cytochrome b-c1complex subunit 7, cytochrome c oxidase subunit
and 7A hypothetical protein W5O_04196 of C. albicans.

Figures 9 a and b show two examples of the proteins that are not feasible to be
used as biomarkers. 40 S subunit ribosomal protein S11A of C. africana, shown in
Figure 9 a, is not a feasible biomarker because even though rather many protein
identifications are matched with it, a high number of these proteins are incorrectly
identified as C. albicans. Conserved hypothetical protein of C. albicans, shown in
Figure 9 b, is also discarded from the potential biomarkers because it does not have
many protein identifications and they are matched with a low number of fragments.
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(a) (b)

Figure 8: An example of the feasible biomarkers as a function of the number of
matching fragments

(a) (b)

Figure 9: An example of the nonfeasible biomarkers as a function of the number of
matching fragments

Nonetheless, the protein could be feasible if the matching fragments are highly
reproducible. To confirm that, more testing would be needed. Because feasible
biomarkers were already found among the potential biomarkers, there is no need
to use resources for the investigation of the likely unfeasible biomarkers. Other
proteins that were discarded from the biomarkers were large subunit ribosomal
protein L22e of C. africana and CipC-like antibiotic response protein, hypothetical
protein CPAR2_702290 and both versions of large subunit ribosomal protein L14
of C. albicans. These proteins are discarded due to the same characteristics as the
proteins shown in the figures.

When the number of matched fragments in a protein identification is low, it is
more likely that this identification is done by chance. It might be that there is a
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protein in the same mass window which fragment masses correspond to the fragment
masses of the targeted protein. As a result, this protein might be identified instead
of the targeted one.

Even though in our test it was shown that most of the feasible protein markers were
correctly identified, even when only a few fragments are matched, it is reasonable to
define a fragment limit after when the matched protein is reliable. The fragment cut
off limit should be chosen so that the number of correct identifications is always higher
than the number of incorrect identifications. Ideally, no incorrect identifications
should be observed.

In the fragment cutoff limit estimation, measured MS2 data is matched against
the database that includes all Candida albicans proteins from the Uniprot database
and the reverse versions of the same proteins. Reverse proteins act as the known
false proteins in the database. The top ID tool is used in the protein identification
and false discovery rate calculation.

Figure 10 presents the false discovery rate (FDR) as a function of the score. The
FDR is calculated only for the protein identifications ranked as 1. FDR measures
the number of false identifications among all identifications. As can be seen from the
figure, false identifications occur when the score is low.

Peptide score is defined as the negative logarithm of the probability that a random
set of fragments has at least as many shared peaks as the measured mass spectrum.
The probability follows a binomial distribution, so it is calculated as in Equation 4.
[57]

P = 1 −
Nhits−1∑

k=0

(
Nteor

k

)
pk(1 − p)Nteor−k (4)

,where Nhits is the number of matching peaks and Nteor is the number of theoretical
peaks. Probability p of a random hit is determined as in Equation 5.

p = Nmeas

(M2 − M1)/tol
(5)

,where Nmeas is the number of measured peaks, M2 is the right end and M1 is the
left end of a mass range, and tol is the measurement accuracy.

From Equation 4, the score is simply calculated as in Equation 6. [57] Since the
number of matching peaks correlates with the score, the fragment cutoff limit can be
estimated from the score.

score = −log(P ) (6)

The FDR of 5% was chosen to be the limit of reliable identifications, as shown
in Figure 10. The score that corresponds to this value is 15. Around this score,
the number of fragments varies from 5 to 8. The cutoff limit was estimated by
calculating the mean of the number of fragments that corresponds to the FDR range
of 4.5%-5.5%. This corresponds to the score range of 14.83-15.18. The mean of the
number of fragments in this range is 6.7. As the number is rounded up, the estimated
fragment cut off limit was set to 7 fragment hits. Based on this limit all the protein
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Figure 10: False discovery rate as a function of peptide scores of 44 230 protein
identifications to feasible biomarkers

identifications with less than 7 fragment hits were discarded. This analysis is not
expected to be exact, but it gives an estimate of how easily random matches occur
as a function of matching fragments.

Finally, from each targeted mass range, only the protein identification with the
highest score was selected. The performance of the feasible biomarkers with the
estimated cutoff limit is tested by determining the number of samples identified
for a given protein. This test also demonstrates the applicability of tandem mass
spectrometry to differentiate between C. albicans and C. africana. The findings of
this test are reported in the results chapter.
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6 Results
The main goal of this thesis was to validate the marker proteins. This was achieved
by testing that the marker proteins are detected only at expected species or that it
is likely possible to set parameters that the identification is reliable.

From 18 potential biomarkers, 7 were selected as feasible biomarkers based on
the verification test by targeted tandem mass spectrometry. From the protein
identifications of these biomarkers, the most reliable identifications of each biomarker
were chosen for performance analysis. Due to limited instrument time, no additional
test data was collected but the species identification was applied to the original
verification data set.

One aim of the cross-verification test was to prove that the biomarkers will not
be confused with the orthologs of the other species. The investigation of matched
fragments in each target window showed that none of the 7 biomarkers is mixed with
another protein when the fragment cut off limit is set adequately. However, since the
size of the data set is small, there is a possibility that there might be close orthologs
in other strains that were not tested in this study.

Three samples from each five strains were analyzed with targeted MS2. Tables 10
and 11 list each sample of C. albicans and C. africana respectively, and show which
of the target proteins are reliably detected in the samples. Strains CBS 5736, CBS
6431 and CBS 8758 for C. albicans and CBS 8781 for C. africana were the same as
in the protein identification database.

As can be seen from Tables 10 and 11, the detection of the biomarkers in the
targeted LC-MS2 analysis is successful since nearly all of the biomarkers are observed
in all of the strains. Based on this result, none of the biomarkers is clearly better
than other biomarkers, but they all perform well. Thus, all of the seven proteins can
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be used in the targeted tandem mass spectrometry method to differentiate between
these two species.

Strains
C.albicans

Histone
H2A.1

Cytochrome
c oxidase
subunit 7A

Hypothetical
protein
W50_04196

Cytochrome
b-c1 complex
subunit 7

Hypothetical
protein
MEK_01758

Total

CBS
5736 3/3 3/3 3/3 3/3 1/3 86%

CBS
6431 3/3 3/3 0/3 3/3 2/3 73%

CBS
8758 2/3 3/3 3/3 2/3 1/3 73%

ATCC
90028 3/3 3/3 3/3 3/3 3/3 100%

Clinical
sample
from US

1/3 3/3 3/3 1/3 3/3 73%

All 80% 100% 80% 80% 66%

Table 10: Number of correctly identified proteins for each C. albicans strain and
sample. None of these biomarkers were detected in the samples of C. africana.

Strains
C.africana Histone H2A.1 Large subunit

ribosomal protein L14e Total

CBS
8781 3/3 3/3 100%

CBS
12764 3/3 3/3 100%

CBS
10-07-13-92 3/3 3/3 100%

CBS
10-07-15-02 3/3 3/3 100%

CBS
10-07-15-03 3/3 3/3 100%

All 100% 100%

Table 11: Number of correctly identified proteins for each C. africana strain and
sample. None of these biomarkers were detected in the samples of C. albicans.

The prevalence of the biomarkers was shown in Table 8. All of the biomarkers
are prevalent in more than 60 % of the strains, the less common is the hypothetical
protein W501-04196, with a prevalence of 60%, and the most common is histone
H2A.1, with a prevalence of 100%. If the prevalence of a biomarker is low, it might
be reasonable to target that biomarker only if there is evidence from the MS1 run
that it is present in the sample. Since all of the proteins are prevalent in more than
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half of the strains, it is reasonable to target all of these proteins even without prior
evidence from the MS1.

Even though the histone H2A.1 of C. albicans should be prevalent in all strains,
it was observed only in 80% of the samples. When the histone H2A.1 identifications
of the clinical sample are investigated, it is observed that in this particular strain
the retention time is higher than in the other strains and the number of matched
fragments is low. Higher retention time may be a sign of some unknown variation on
the elution from the LC column which affects to the detection of the protein.

As was shown in Table 8, each biomarker is only diagnostic for one of the two
species. This means that the biomarker is seen only in the proteome of that species
and can be used to differentiate between C. albicans and C. africana. Consequently,
since at least one of the feasible biomarkers was reliably detected in each sample in
the targeted LC-MS2 analysis, it is possible to correctly identify the species using
proteomic mass spectrometry.

When orthologs shared by both species are used as biomarkers, it is needed to
prove that the matched fragments cover the whole sequence and especially overlap
with the diagnostic amino acid that differentiates between the proteins. This is
required especially if the mass difference of the two orthologs is small enough that
both versions can be detected with the same m/z window.

As shown in Figures 11 a and b, histone H2A.1 proteins of C. albicans and
C. africana differ by one amino acid in the location 71 aa. In order to reliably
differentiate between these proteins at least one b-ion longer than 71 aa or one y-ion
longer than 61 aa needs to be observed and matched with the protein sequence. The
lengths of b and y fragments of the best histone H2A.1 identifications for each sample
were investigated, and it was observed that each protein identification has at least
one fragment hit that overlaps with the diagnostic amino acid.

Large subunit ribosomal protein L14e is another example of an ortholog that is
used as a biomarker. The proteins have two differing amino acids in locations 54 aa
and 68 aa as shown in Figures 12 a and b. The differentiation between the proteins is
easier compared to the differentiation between histone H2A.1 because the protein is
identified if either of these diagnostic amino acids is observed. Again, it is observed
that each diagnostic amino acid is detected since the fragments overlap with their
locations. Even though only the C. africana version of the protein was selected as a
feasible biomarker, it must not get confused with the C. albicans version.

As a conclusion, all of the seven feasible biomarkers can reliably identify C. albicans
and C. africana with a fragment cutoff limit of 7 for all other proteins except
Hypothetical protein MEK_01758, which have a cutoff limit of 12. However, variation
between the strains and noise of the mass spectrometry analysis may disturb the
visibility of some biomarkers. Consequently, all of the biomarkers will be added to the
final list of targeted proteins so that the species identification relies on more than one
diagnostic protein. With the determined cutoff limits the protein identification with
this data set is always correct for every biomarker, so the accuracy of the method
is 100%. As a result, it can be stated that with this set of diagnostic proteins it is
possible to reliably differentiate between C. albicans and C. africana using targeted
tandem mass spectrometry.
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(a)

(b)

Figure 11: Matched fragment ion locations in the protein sequence of H2A.1 (a)
H2A.1 of Candida albicans (b) H2A.1 of Candida africana

(a)

(b)

Figure 12: Matched fragment ion locations in the protein sequence of large subunit
ribosomal protein L14e (a) Large subunit ribosomal protein L14e of Candida albicans
(b) Large subunit ribosomal protein L14e of Candida africana
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7 Conclusions
Targeted tandem mass spectrometry has proven to be a promising method for
differentiation between C. albicans and C. africana. The results are remarkable
because this is the first reported accomplishment in the differentiation between
C. albicans and C. africana with mass spectrometry.

Because C. albicans is a much more prevalent pathogen compared to C. africana,
it is reasonable to assume the pathogen to be C. albicans unless otherwise stated. In
the species identification with MS2, this would mean that the species is assumed to
be C. albicans if no C. africana biomarkers are not detected from the mass spectra.
However, only two proteins that are specific to C. africana were found in this study.
As a result, both biomarkers of C. albicans and C. africana will be used in future
research to identify the species.

As expected, some of the potential markers were seen in the samples more reliably
and more often than others. For instance, none of the proteins that were found in the
literature were detected. This was quite presumable because they were not found in
the DDA LC-MS2 analysis which indicates that the proteins are not very abundant
in the samples. In addition, it is probable that the mass to charge ratios were not
estimated correctly.

To find more diagnostic proteins for C. albicans and C. africana, a longer LC
gradient could be used in the DDA LC-MS2. In this analysis, also the less abundant
proteins could be observed. In order to target these minor proteins, the specific
diagnostic fragments must be determined so that these fragments can be distinguished
from the shadow of the major proteins.

In the actual workflow, a one-minute LC/MS method is used instead of the
five-minute method that was used in this study. The longer method uses a longer
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LC gradient which enables more protein fragments to be identified. More testing
must be done to determine if the target proteins found in this study are visible also
in the one-minute method. If they are, the differentiation between C. albicans and
C. africana could be added to the official workflow of the analyzer.

Microbe identification by mass spectrometry aims to be a rapid identification
method. This is achieved by using a shorter LC column, short LC gradient and
a top-down mass spectrometry method. As a consequence, the number of protein
observations is limited. However, since the goal is to differentiate between two species,
and not to quantify all proteins, the sensitivity of the current system is enough for
this purpose.

It is important to notice that in this study the growth conditions are similar.
In different growth conditions, different proteins might be expressed. Therefore,
standardized growth conditions should be used to ensure the performance of the
method.

Candida albicans and Candida africana respond to the same antifungal treatment
so the differentiation between them is not essentially necessary. However, Candida
africana is a less virulent pathogen, so it might be easier to treat. Therefore, it could
be meaningful to be able to differentiate between these species.

In addition to the differentiation between these particular species, the aim of this
study was to show that proteomic mass spectrometry can be used to differentiate
between even very closely related species. As the evolution of microbes is very fast,
it might be that in the near future new species are found that are closely related to
some known species but are not susceptible to the same treatment.
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