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Introduction
Cancers vary widely, with over 100 well defined types. The mutational patterns that define cancer type
and diagnosis are unique and subtypes within cancers further diversify the disease. For example, breast
cancer tumors have three main classes- estrogen receptor alpha (ER) positive, human epidermal growth
factor receptor 2 (HER2) positive or triple-negative (which do not have ER, HER2 or progesterone
receptor mutations) (Fallah et al., 2017). Within these three categories, other oncogenic mutations can
further diversify the tumor type, with mutations in genes such as MYC, p53 or RB commonly found
within each breast cancer subtype. Additionally, different mutational patterns can occur within a single
tumor and can lead to tumor heterogeneity. Despite the many different cancer types, subtypes and
mutations, they all share a common characteristic of genome instability (Hanahan and Weinberg, 2011;
Negrini et al., 2010). Genome instability typically arises from mutations that alter genes or from
chromosome instability (CIN).

Over time, every cell within the body acquires mutations, but most do not affect an organism’s health.
Somatic mutations are alterations that occur in the DNA of a cell and are be passed on to the next
generation when the cell divides. Occasionally, however,
these somatic mutations in cells can led to a cancer
phenotype. These mutations are called “drivers” because
they give the cell a selective advantage that aid in growth
and survival. As mentioned above, cancers are extremely
variable in the number of somatic mutations they carry, ranging from 0.001 mutations per megabase to
over 400 mutations per megabase (Alexandrov et al., 2013). These somatic mutation types or
“signatures” are different for different cancers as well as different within a single cancer type (Lawrence
et al., 2013). There are approximately 140 known “driver” genes that can contribute to cancer
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development when mutated. Typically 2-8 “driver” mutations are needed for cancer to develop
(Vogelstein et al., 2013). These driver mutations are often the result of point mutations, or small-scale
changes to the DNA that may cause amplifications or deletions of genes.

Another cause of genome instability is chromosome instability (CIN), which results from missegregation
that causes chromosome abnormalities, such as amplifications, deletions or aneuploidy (an abnormal
number of chromosomes, Figure 1 modified from Holland and Cleveland, 2012). Aneuploidy is seen in
more than 90% of solid tumors and in more than 75% of hematopoietic tumors (Weaver and Cleveland,
2006). Data suggests that CIN can contribute to the development of the cancer phenotype. When mice
are transformed to have CIN, aneuploidy and tumorigenesis are often observed as a result (Schvartzman
et al., 2010). This is also seen in human cell lines, where altering genes to cause chromosome instability
is sufficient to cause aneuploidy (Land et al, 1983; Vader and Lens, 2008). Cancers with CIN have been
shown to have greater resistance to chemotherapeutic drugs (McClelland et al., 2009; Swanton et al.,
2009) and CIN in human tumors can be used as a prognostic predictor for the aggressiveness of the
cancer (Sheltzer, 2013; Lagarde et al., 2012, Choi et al. 2009; Heilig et al, 2010).
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Figure 1: Illustrations of mechanisms that could lead to aneuploidy in cells, including mitotic checkpoint
defects, cohesion defects and the opposite problem- hyperstabilized kinetochore-microtubule
interactions. The result of each error are shown (figure modified from Holland and Cleveland, 2012).

Mitosis
In dividing cells, DNA that contains the genetic material is split equally into two daughter cells during
mitosis. Once DNA is replicated, chromosomes segregation occurs. First, the cell undergoes prophase,
where the chromosomes line up in the center of the cell. Next, the cell enters metaphase, where
microtubules from spindle pole bodies on opposites sides of the cell attach to the kinetochore protein
complex at a region of the chromosome called the centromere. Finally, the two arms of the
chromosomes are pulled apart during anaphase and the cell completes division by splitting into two
daughter cells during telophase. A cancer phenotype can occur when genes involved in cell division or
mitosis are altered (in their expression or function) through mutations or chromosome instability.
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Cell cycle checkpoints
An important mitosis regulator is the spindle assembly checkpoint (SAC), which ensures chromosomes
are securely attached to the microtubules that facilitate chromosome separation. At unattached
chromosomes, the mitotic checkpoint complex (MCC) binds to the anaphase-promoting complex
(APC/C) to prevent cells from dividing before attachments are made. Once the chromosomes are
correctly aligned and spindle fibers are attached to the kinetochore, the MCC is degraded, APC/C is
activated, and the cell progresses into anaphase (Figure 2, from Sivakumar and Gorbsky, 2015). The
MCC is composed of proteins MAD2, BUBR1, BUB3 and CDC20.

Figure 2: MCC and APC/C binding prevents premature anaphase from occuring (figure modified from
Sivakumar and Gorbsky, 2015).
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MAD2 dysregulation in cancers
The proteins of the MCC (MAD2, BUB3, BUBR1 and CDC20) have been extensively studied, since
unstable kinetochore-microtubule attachments are known to lead to CIN (a hallmark of cancer). Because
proteins of the MCC are involved in a critical step that protects against CIN, they are often found
dysregulated in cancer. The MCC member, mitotic arrest deficient-like 2 (MAD2) protein has been highly
studied and examined in the context of cancers. In human cancers, MAD2L2 (the gene for MAD2) is seen
upregulated in many cancers including large B-cell lymphoma, breast cancer, liver cancer, lung
adenocarcinomas, colorectal cancer, soft-tissue sarcomas and gastric cancers (Alizadeh, et al., 2000.,
Chen et al., 2002, Garber et al., 2001, Hernando et al., 2004, Hisaoka et al., 2008,, Li et al., 2003, Percy et
al., 2000, Rimkus et al., 2007, Tanaka et al., 2001, van’t Veer et al., 2002, Wang et al., 2009). Further,
many studies found MAD2L2 levels to be an indicator of prognosis, with higher levels associated with
poor outcomes (Hisaoka et al., 2008, Li et al., 2003, Percy et al., 2000, Rimkus et al., 2007, Tanaka et al.,
2001, van’t Veer et al., 2002, Wang et al., 2009). NDC80 is a kinetochore protein that recruits MAD2 to
the kinetochore. When NDC80’s orthologue, HEC1, is overexpressed in transgenic mice, it can initiate
tumor formation along with aneuploidy (Diaz-Rodriguez, 2011).

Although overexpression of MAD2 is seen in many cancer types, there are also cancer types that have
MAD2 under expression. In a study on renal cell carcinoma (RCC), a kidney cancer, papillary RCC had
transcriptional overexpression of MAD2, while chromophobe RCC had transcriptional under expression
of MAD2 (Pinto et al., 2007).
Interestingly, the under expression
of MAD2 has also repeatedly been
shown to be related to
tumorigenesis. In human cancer
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cells and mouse embryonic fibroblasts, deletion of one MAD2 allele results in higher rates of
chromosome missegregation, CIN and aneuploidy (Michel et al., 2001). These mice were shown to
express the MAD2 protein at levels that were 70% of control cell expression. Additionally, mice with
MAD2 allele deletions have higher rates of lung tumorigenesis, with 27.5% tumor formation at 18
months of age, compared to no tumors observed in the MAD2 wild type mice (Michel et al., 2001).

In human cancer cells, under expression of MAD2 is found in several cell lines including T47D, MDA_MB361 and BT-549, which all have mitotic checkpoint deficiencies (Percy et al., 2000; Li and Benezra, 1996).
In hepatocellular carcinoma (a type of liver cancer), MAD2 protein under expression was significantly
associated with cells that had defective mitotic checkpoints (Sze et al., 2004). Another study on
nasopharyngeal carcinoma (NPC) showed that cells with low levels of MAD2 protein also had defective
mitotic cell cycle checkpoints, as shown through differential mitotic drug responses (Wang et al., 2000).
Similar results were seen in ovarian carcinoma (Wang et al., 2002). Further, when the MAD2 under
expressed cells lines were transformed with an inducible system that increased levels of MAD2, mitotic
checkpoint behavior was restored to normal.

Along with the evidence for dysregulation of MAD2 in cancer, there is also evidence that dysregulation
of MAD2 with another driver mutation may lead to a cancer phenotype. In mice, MAD2 overexpression
alongside an oncogene activator (K-Ras) causes CIN that leads to tumors twice as large as when the
oncogene was amplified alone (Figure 3 modified from Sotillo et al., 2010). In these mice, survival was
much lower for mice with both K-ras or MAD2 mutations (p<0.0001) and tumor relapse was seen in 11
of the 24 mice (compared to no tumor relapse in control mice with K-ras mutations only). This suggests
that the CIN caused by an oncogene (K-ras) alongside MAD2 deletion may cause aneuploidy. Similarly,
MAD2 and p53 depleted mice (MAD2+/- p53+/-) have significantly increased tumor number and
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frequency compared to control mice with p53 depletion only (p53+/-) (Chi et al., 2009). The MAD2+/p53+/- mice also had significantly lower survival rates over time compared to the p53+/- mice (p=0.034).

The above cases suggest that MAD2’s function relies on a particular level of expression in the cell. This
may be related to the importance of the protein’s stoichiometry. In humans, MAD2 is found in both
open (O-MAD2) and closed (C-MAD2) conformations, which dimerize to each other. This dimerization
helps convert the O-MAD2 into C-MAD2 that then binds to CDC20 to form the MCC (Nezi et al., 2006).
Only the C-MAD2 can bind to CDC20. Thus, up or down regulation of the protein may affect the
stoichiometry and the amount of bound C-MAD2, which could disrupt the spindle assembly checkpoint.
This conformational importance could potentially explain how both high and low expression of MAD2
(relative to normal) are seen in cancers and could explain how altered levels create a stoichiometric
imbalance that would be detrimental to the cell.

Figure 3: MAD2 amplification with K-ras (TI-KM) leads to significantly larger tumors (both in weight and
area) than tumors from the K-ras mutation alone (figure modified from Sotillo et al., 2010).

9

CENP-A overexpression in cancers
Other mitotic processes have been shown to be related to CIN and aneuploidy. The kinetochore is
composed of over 50 proteins and the copy number of the kinetochore proteins varies widely among
different organisms. CENP-A is a key protein in the kinetochore and is essential for its assembly (Figure
4). Further, complete loss of CENP-A always results in lethality, as it is needed for cells to divide
(Verdaasdonk et al., 2011). CENP-A is a histone H3 variant that forms the base of the kinetochore upon
which the complex is assemble on.

High expression levels of
CENP-A are reported in over
20 solid cancer types (Sun et
al., 2016, Lin et al., 2017;
Tomonaga et al., 2003)
including breast cancer,
gastric cancer, colorectal
cancer and lung cancer. A
comprehensive analysis of 20
CENP-A overexpressing
cancers show that elevated
expression is correlated with
poor prognosis and tumor
progression (Sun et al., 2016).
In lung adenocarcinoma, high
CENP-A expression levels are

10

also significantly correlated with shorter survival time and CENP-A can be used as a prognosis factor for
diagnosing patients (Wu et al., 2012). Another bioinformatics study identified 14 centromere and
kinetochore proteins commonly overexpressed in cancers and half of the identified proteins were
involved in CENP-A nucleosome formation (Zhang et al., 2016). Using these genes, a “Centromere and
kinetochore gene Expression Score” (CES) was developed and compared to genome instability
(measured by copy number alterations and mutational frequency). Significant positive correlation was
seen between CES and both copy number alteration and mutational frequency in 7 cancer types (39% of
the studied cancers), including breast, lung, stomach and brain gliomas. In the other cancer types
analyzed, 33% had one of the two genome instability types (copy number alterations or mutational
frequency) positively correlated to CES. The model was also able to predict survival in patients, where
patients with a higher CES had significantly worse prognosis (Figure 5, modified from Zhang et al., 2016).
This was analyzed for subsets of breast and lung cancers and significance was found in each case (logrank p-value ranging from 0.024 to 4.9 x 10-9).

Figure 4: The protein CENP-A in relation to the microtubule, kinetochore and centromeric DNA (figure
modified from Burrack et al., 2011).
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Figure 5: Kaplan-Meier survival curves for two analyzed sets of cancers split into high (red), intermediate
(blue) and low (green) groups based on CES score. Overall survival (OS) is shown over time (figure
modified from Zhang et al., 2016).

Studies from human cells have shown that when CSE4 (the gene for CENP-A) is overexpressed, cells
experience CENP-A mis-localization and the protein is seen in non-centromeric regions of the DNA
(Shrestha et al., 2017). Further, this overexpression and mis-localization results in chromosome
segregation errors and CIN. These cells also have weakened native kinetochores, which contribute to the
CIN phenotype. Interestingly, the number of chromosome segregation errors and CIN can be reduced in
these cells by correcting the mis-localization of CENP-A. Studies on CENP-A binding domains in
chromosomes show that the amount of CENP-A bound is proportional to the length of the alphasatellite DNA (highly repetitive region around centromeres) (Sullivan et al., 2011). Although the amount
of CENP-A bound varies between individuals and chromosomes, the proportion of bound CENP-A to
alpha-satellite DNA always remains the same. In cancer-like cells, increased length of alpha satellite DNA
regions are seen correlated to increased levels of bound CENP-A. Studies from colorectal cancers show
that excess CENP-A arising from overexpression will localize to non-centromeric regions of the DNA and
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contribute to CIN (Athwal et al., 2015; Tomongata et al., 2003). Taken together, this suggests the CENPA overexpression and the mis-localization that results can drive the CIN phenotype.

When CSE4 is overexpressed in Candida albicans, a yeast model organism, we see increases in
centromere-specific nucleosomes, kinetochore proteins and microtubule attachments per centromere
compared to control cells (Figure 6B) (Burrack et al., 2011). Interestingly, although these data suggest
CIN that may lead to aneuploidy, chromosome loss is not seen in the CSE4/CENP-A overexpressing C.
albicans. In this study, the location of CENP-A binding remains at the centromere even upon
overexpression of the protein, as revealed through chromatin immunoprecipitation (ChIP) (Figure 6A
from Burrack et al., 2011). Although the location of binding does not change, the overall amount of
CENP-A bound is seen increased in the CSE4/CENP-A overexpressing C. albicans (Figure 6A). Although
CSE4/CENP-A overexpression alone does not result in aneuploidy in human or yeast cell experiments,
the CIN observed may prime cells for aneuploidy and potentially the development of a cancer
phenotype.
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Figure 6: CENP-A binding location under CSE4/CENP-A wildtype expression and overexpression in C.
albicans does not differ and remains localized around the centromere (A). CSE4/CENP-A overexpression
increases the number of nucleosomes, kinetochore proteins and kinetochore microtubules recruited (B)
(figures modified from Burrack et al., 2011).

Combinatory effects of altered cancer genes that cause CIN
It is known that CSE4/CENP-A overexpression in combination with other mutations can result in
aneuploidy. In Shrestha et al. (2017), the mutations in the cancer cell lines HeLa and RPE1 along with
CSE4/CENP-A overexpression was able to cause lagging/mis-segregation of chromosomes. Previous data
suggest that overexpression of CSE4/CENP-A with a checkpoint gene alteration may be a mechanism
that would result in aneuploidy. When Retinoblastoma protein (pRB) is knocked down with an siRNA
targeting RB in human colon cancer cells, the result is chromosome instability (Figure 7 modified from
Amato et al., 2009) and increased levels of CSE4/CENP-A (Amato et al., 2009). When pRB levels and
CSE4/CENP-A levels were knocked down simultaneously (using two siRNA’s targeting RB and CSE4), a
phenotypic recovery was seen from the pRB knockdown cells. One biomarker of chromosome instability
14

is the formation of micronuclei, which are small chromosomal fragments that fail to be incorporated
into one of the daughter cells during cell division. In the RB knockdown cells, about 30% of cells had
micronuclei compared to 10% of cells with RB and CSE4/CENP-A knockdown (Figure 7). Thus,
CSE4/CENP-A overexpression likely caused some of the chromosome instability that lead to the
micronuclei formation. In this study, MAD2 was also seen overexpressed, but changes in the spindle
assembly complex were not seen. The MAD2 levels were strongly correlated with levels of BRCA1, a
regulator of MAD2. When BRCA1 levels were altered in the cell, corresponding changes were seen in
MAD2. Thus, the increased MAD2 was attributed to BRCA1 level increase after pRb depletion.

Figure 7: In control cells (untr.), no micronuclei were seen. When pRB levels are knocked down (siRB)
After CSE4/CENP-A overexpression is knocked down with an siRNA targeting CSE4, percentage of cells
with micronuclei is significantly decreased when compared to percentage of cells with micronuclei after
pRB knockdown with an siRNA targeting RB (figure modified from Amato et al., 2009).

Alternative Hypothesis
Although a correlative relationship exists between CSE4/CENP-A and MAD2 and cancer formation, it
may not be causal. An alternative proposal argues that all kinetochore genes are upregulated together
due to activation of a cell division program in cancerous cells. In other words, CSE4/CENP-A and MAD2
overexpression may be a result of aneuploidy/cancer phenotypes rather than a driver for it. The cell
15

division proteins that are interrelated may work together to progress the disease. One study analyzed
gene expression from over 3,000 cancer cell lines and saw that kinetochore genes are coordinately
regulated within samples. For example, MAD2 and its downstream target, CDC20 were correlated with a
value of 0.43 in one dataset and 0.85 in another. The study concluded that the coordinate upregulation
can be attributed to the forkhead transcription factor FOXM1, but that individual proteins are not
mechanistically important as a driver mechanism for cancer development (Thiru et al., 2014).

Pharmacogenomics
Pharmacogenomics is the study of
how drug respnses differ in different
genetic variants (Aneesh et al., 2009).
The drug response under a certain
condition can illuminate genetic
differences and help researchers
determine how these genetic
differences contribute to the cell’s
phenotype. This technique can be
used to study our genes of interest,
MAD2 and CSE4/CENP-A. Previous
studies have identified thousands of
gene-drug interactions that can be
used to identify compounds that will
interact with a gene or protein of interest to study its function. With advancements in bioinformatics
and genetic sequencing, these tools are becoming even more powerful today. In 1999, 54 papers on
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pharmacogenomics were published and since 2003, over 300 papers per year on the topic have been
published. These studies utilize drugs and compounds to reveal genetic information that was previously
unknown. In a pancreatic cancer study, DNA damaging drugs were used to reveal PalB2 as a new
personalized cancer therapeutic target (Villarroel et al., 2011). Here, studied MAD2 and CSE4/CENP-A in
the presence of compounds that specifically target their functions. For our pharmacogenomics analysis
we used publicly available databases. We first used the STRING database (Szklarczyk et al., 2017) to
determine the protein-protein interaction networks of MAD2 and CSE4/CENP-A. STRING contains known
and computationally predicted protein-protein interactions using lab experiments, conserved coexpression, genomic predictions, automated text-mining and other databases to curate information.
These protein networks were used to find potential compounds that interact with MAD2 or CSE4/CENPA through the Comparative Toxicogenomic Database (CTD) (Davis et al., 2016). The CTD gathers
information from MEDLINE and PubMed about interactions between chemicals and genes/proteins and
specifies the interaction type. The identified compounds from the analysis were then used to study
MAD2 and CSE4/CENP-A.

Goal and Hypothesis
The main goal of this honors thesis is to explore whether dysregulation of CSE4/CENP-A and MAD2 is a
consequence of the cancer phenotype or a driver for it. To determine this, CSE4/CENP-A is
overexpressed when MAD2 is deleted and when MAD2 is expressed at normal levels in C. albicans and
CIN and aneuploidy are examined. Although data shows that high levels of both MAD2 and CSE4/CENP-A
overexpression can be used to predict tumor severity and survival probability (Zhang et al., 2016), a
bioinformatical analysis (R2 database, http://r2.amc.nl) shows that low levels of MAD2 and high levels of
CSE4/CENP-A can also be a predictor for poor survival probability. As shown in colon cancer Kaplan
Meier curves (Figure 8), deaths are significantly higher with low levels of MAD2 (p=2x10-6) and high
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levels of CSE4/CENP-A (p=4.4x10-4) compared to samples that expressed high MAD2 and low
CSE4/CENP-A (Sample: core transcript, Sveen, 333 samples, rma sketch- huex10t). Similar results are
seen in B-cell lymphoma (Xiao, 420 samples, fRMA- u133p2) where higher death rate is seen correlated
to low levels of MAD2 (p=0.048) and high levels of CSE4/CENP-A (p=4.4x10-4). In C. albicans, the
complexity and mechanism of MAD2 is conserved from humans to yeast, where the O and C-MAD2
conformers are also necessary for function in yeast (Nezi et al., 2006). This conservation validates the
study of MAD2 dysregulation using C.albicans and allows results to be more applicable to humans. A C.
albicans strain with MAD2 knocked out (homozygous null) is transformed with an inducible CSE4/CENPA promoter. This strain, along with wildtype C. albicans strain with the inducible CSE4/CENP-A will be
tested against drugs identified to target MAD2 and CSE4/CENP-A. Growth assays and chromosome loss
will be examined for the yeast strains with the compounds of interest to gain insight into the mechanism
of MAD2 and CSE4/CENP-A dysregulation.

Figure 8: Colon cancer Kaplan Meier curves for CSE4/CENP-A expression levels (left) and MAD2L1
expression levels (right). Data obtained from R2 database (Sample: core transcript, Sveen, 333 samples,
rma sketch- huex10t).
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Methods
Strain construction and growth conditions
To alter CENP-A levels, an existing strain of C. albicans with a PCK1-CSE4 insert was used (Burrack et al.,
2011). Growth of the strain in Yeast Extract-Peptone-Dextrose (YPA+glu) resulted in normal expression
of CSE4/CENP-A while growth in Yeast Extract-Peptone-Succinate (YPA+succ) overexpressed CSE4/CENPA. The PCK1-CSE4 construct was also cloned into a C. albicans MAD2 deletion strain through a lithium
acetate transformation as previously described (Burrack et al., 2016). A URA3 selectable marker on the
insert confirmed transformation success through
plating on Synthetic dextrose complete (SDC)-URA
plates. This allowed for the exploration of altered
CENP-A levels without the presence of MAD2 using
MAD2del/PCK1_CSE4.

Confirmation of insertion and expression
To confirm the insertion of the PCK1-CSE4 construct, a check PCR was performed on
MAD2del/PCK1_CSE4 colonies from SDC-URA plates. Genomic DNA was prepared with phenol
chloroform extraction and PCR primers designed to span the region between the insertion and CSE4
were used. Taq PCR was performed and agarose gel electrophoresis was used to determine the product
size and confirm proper insertion. Gene expression levels of CSE4 were confirmed with quantitative RTPCR. Strains were inoculated in YPA+glu at 30°C overnight and diluted (1:100) into induction (YPA+succ)
and repression (YPA+glu) medias for 5-6 hours. RNA was purified using MasterPure Yeast RNA
Purification Kit (Epicentre) in accordance with manufacture instructions and treated with DNase
(Epicentre) to remove genomic DNA contamination. Purified RNA was resuspended in Tris-EDTA (TE)
buffer with Riboguard RNase inhibitor and the ratio of absorbance at 260/280nm confirmed the purity
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of the sample. From the RNA, cDNA was synthesized with the ProtoScript First Stand cDNA Synthesis Kit
according to manufacture instructions. The cDNA and RNA samples were run with Luna Universal qPCR
Master Mix (NEB) according to manufacturer’s instructions with forward and reverse primers for TEF1
(F:aataccacgttaccgtcattgat, R: ccagtgatcatattcttgatgaaatc), PCK1 (F:cgaatccacctcatccataac,
R:tctagttctcaagtaatccaaagctc) and CSE4 (F:tggcaagactttcaggacaa, R:cctctgcacttgttccttgg). Sample mRNA
levels were quantified with the Qiagen Rotor-Gene cycler according to manufacturer’s instructions and
ΔΔCT was used to determine the relative expression of mRNA levels while correcting for primer
efficiencies.

Compounds identified for Pharmacogenomic exploration
The STRING database was used to determine protein-protein interaction networks of Mad2 and CENP-A
in S. cerevisiae and Homo sapiens, as C. albicans interactions were not available (Szklarczyk et al., 2017).
Interactions between proteins were direct (such as a physical interaction), regulatory, molecular or
biochemical. From STRING, we examined only evidence from experiments and databases and set a
minimum interaction confidence score of 0.95. The nature of each interactions (activating or inhibitory)
was noted. Proteins identified were defined as being on
the “axis” of Mad2 or CENP-A. To ensure results were
applicable to our study, we confirmed that proteins on the
“axis” had homologs in C. ablicans. The Comparative
Toxicogenomic Database (CTD) (Davis et al., 2016) was used to identify compounds that inhibited MAD2,
CENP-A or any member of their “axis”. Interactions in all species were considered for this portion of the
analysis. Leading compounds were compared to NCI60 Cancer Microarray Project Data (Scherf et al.,
2000) which is composed of about 43,000 small molecules screened against 60 cancer cell lines. The
NCI60 data was used to plot cancer cell line mRNA expression level of CSE4 or MAD2 against drug
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activity and no significant trends were identified. Compounds were scored based on the number of
“axis” members they inhibited and if they directly inhibited MAD2 or CENP-A. Five top compounds were
selected for future study and purchased, Bisphenol A (BPA), Fulvestrant, Dasatinib, Cyclosporine and
Sodium Arsenate (Sigma Aldrich, CAS #: 80-05-7, 129453-61-8, 302962-49-8, 59865-13-3, 10048-95-0
respectively). Compound selections were also based on price and safety of the chemicals.

Growth Analysis
Growth curves were performed by monitoring
absorbance at 600nm for 24 hours. A Tecan Sunrise
absorbance microplate reader with Tecan’s
Magellan software was used to collect data. Growth curves were performed on MAD2del/PCK1_CSE4
and MAD2(wt)/PCK1_CSE4 in YPA+succ or YPA+glu and with 0.25mM BPA, 50uM Fulvestrant, 60mM
Dasatinib, 40uM Cyclosporine and 4mM Sodium Arsenate. For experimentation, Fulvestrant, Dasatinib
and Cyclosporine were dissolved in DMSO, Sodium Arsenate in water and BPA in 10% ethanol. For each
trial, four biological replicates were performed, and values were averaged to obtain a single growth
curve. For analysis, logistic growth was assumed, and maximum population and growth rate determined
for each trial (see math modeling of growth for further details). From the growth curve results,
Fulvestrant and BPA were selected for further investigation.

Math modeling of growth
In our analysis of yeast growth, we determined the carrying capacity (K) and the maximum rate of
growth (r). We initially obtained the carrying capacity by taking the maximum culture density and the
growth rate by taking the slope at the inflection point of the logistic growth curve. This method of
analysis was used for all growth assays. To further improve the statistical and computational methods
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for comparing growth curves, additional methods were developed. For logistic growth, the change in
population (P) over time (t) can be represented by the differential equation:

eq.1
where r is the maximum growth rate and K is the carrying capacity of the environment the yeast live in.
The values of r and K in equation 1 are the same as the values of r and K from our initial analysis
determined by taking the inflection point slope and maximum culture density. The solution to
differential equation (eq.1) is as follows:

eq.2
Thus our growth curves that model population (P) over time (t) can be fit to equation 2 and parameters
K, r and C determined. The experimental data was fitted to equation 2 in R using the non-linear least
squares method. Interpretation of parameters K and r have been described and previously determined,
but values for C were not calculated in our initial analysis.
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To interpret C, notice that at the starting time point (when time is 0), the function is:

eq.3
So we can see that:

eq.4
Equation 4 shows that C is a function of our initial population value P(0) and carrying capacity K. Since
we started with the same amount of yeast for each trial and the carrying capacity was constant within
medias (YPA+glu or YPA+succ), we can interpret C as a “lag parameter”, or a measure of when yeast
growth occurs. To demonstrate this, Figure 9A shows the effect of changing C with constant values of K
and r. Figure 9B shows data from two of our yeast growth assays fit to the logistic growth model. Values
of C for each curve are shown, exhibiting how C can be interpreted as the “lag effect”.

Figure 9: Logistic growth curves are simulated and plotted with varying values of “C” while “K” and “r”
are held constant (K=1.4 and r=0.008) (A). Example growth assay data is shown and parameters
obtained for “C” are noted for each curve to visualize how this parameter might be applied (B).
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Fluctuation analysis
5-Fluoroorotic Acid (5-FOA) assays were performed to determine chromosome loss rate and aneuploidy
as previously described (Spell and Jinks-Robertson, 2004). Cells grown in the presence of the drug 5-FOA
(Gold Biotechnology) will die in the presence of URA3, which our strains possess. Thus, strains will die
unless incorrect cell division occurs and URA3 is lost. Fluctuation analysis is used to quantify loss rates of
URA3 and chromosome loss. For the MAD2del-PCK1_CSE4 strain, eight colonies are inoculated in 1ml
YPA+glu or YPA+succ for 16-18hr at 30°C with shaking. Additionally, tests are performed in the presence
of 0.25mM BPA and 50uM Fulvestrant. Cultures are diluted and plated on YPA+glu plates for colony
counts (1 day incubation) and SD+5-FOA plates (3 day incubation) at 30°C. The median number of
colonies per condition (Lea and Coulson, 1949) were used to calculate the 5-FOA resistance of the
strains using methods previously described (Spell and Jinks-Robertson, 2004).

Results
Using pharmacogenomics as a system to study altered levels of MAD2 and CENP-A expression
To explore alteration of MAD2 and CSE4/CENP-A, we took a pharmacogenomic approach. To do this,
compounds were identified that would potentially downregulate the proteins in vivo. Protein-protein
interactions can be direct (through mechanisms such as physical contact or binding) or indirect (through
mechanisms such as biochemical or translational changes). These interactions are essential for
functional cellular processes and thus were explored in an attempt to disrupt Mad2 and CENP-A
function. The STRING database identified proteins that interacted with MAD2 and CENP-A in S.
cerevisiae and Homo sapiens (Szklarczyk et al., 2017). Proteins in the “axis” of MAD2 and CENP-A are
shown in Figure 10. Since C. albicans would be used for experimentation, NCBI's HomoloGene and
Candida Genome Database were used to identify genes conserved in C. albicans to be included in the
axis’.
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Figure 10: A diagram showing the Mad2 and CENP-A network of interacting proteins. Interactions were
determined using the STRING database for human data sources with 95% confidence. The drugs that
have been shown to affect the network members and downregulate MAD2 and CENPA are shown as
colored circles on the diagram.

Figure 11: The drugs that were top hits in the bioinformatic search and interfere with Mad2, CENP-A or a
network member’s gene products.
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We used the Comparative Toxicogenomic Database (CTD) (Davis et al., 2016) to look up compounds that
interacted with MAD2, CSE4/CENP-A or proteins on their axis’ to inhibit MAD2 or CSE4/CENP-A.
Compounds were compared to NCI60 Cancer Microarray Project Data (Scherf et al., 2000) which is
composed of about 43,000 small molecules screened against 60 cancer cell lines. The mRNA expression
levels of CSE4 and MAD2 were plotted against drug activity for each cell line, but no significance was
found. This further confirmed that there were no previously known results relating the protein to the
compound in cancer cells and thus the compound was worth exploring. The top compounds were
identified as having the highest number of interactors inhibiting MAD2 or CSE4/CENP-A (Figure 11). Five
of the top compounds were purchased for future investigation, Bisphenol A (BPA), Fulvestrant,
Dasatinib, Cyclosporine and Sodium Arsenate.

Construction of inducible C. albicans and growth assays performed on strains identified BPA and
Fulvestrant for future study
A C. albicans MAD2 deletion strain (MAD2del) was transformed with a CSE4/CENP-A promoter to
become MAD2del-PCK1_CSE4. We confirmed overexpression with qRT-PCR and found CSE4 was
overexpressed at least 5-fold in all trials. The MAD2del-PCK1_CSE4 strain and a previously constructed
strain that expressed normal MAD2 with the PCK1_CSE4 promoter (MAD2normal-PCK1_CSE4) were
used in growth assays to analyze four trials of C. albicans differentially expressing MAD2 and
CSE4/CENP-A. The MAD2normal-PCK1_CSE4 grown in YPA+succ produced “Mad2-normal/CENP-Aoverexpressed” and grown in YPA+glu produced “Mad2-normal/CENP-A-normal”. Similarly, MAD2delPCK1_CSE4 grown in YPA+succ produced “Mad2-del/CENP-A-overexpressed” and grown in YPA+glu
produced “Mad2-del/CENP-A-normal”.
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Figure 12: A representative figure showing growth curves for the drug treated C. albicans strains
differentially expressing MAD2 and CSE4/CENP-A. Growth assays were performed over 24 hour periods
and culture density was used to measure C. albicans population size. BPA and Fulvestrant were selected
for differentially affecting the growth rate of yeast in Mad2del/CENP-A↑ without evidence of too much
toxicity to the cells (seen with Cyclosporine) or affecting the total growth amount (seen with Sodium
Arsenate).

We performed growth assays in the five drugs selected for pharmacogenomic analysis. Figure 12 shows
an example of the logistic growth curves produced from growth assays. From the curves, the final
density of the cultures was measured and compared across strains and conditions. Across all conditions,
the CENP-A/CSE4 overexpressed cells had lower final culture densities. This was due to the growth in
YPA+succ, which was used to overexpress CENP-A/CSE4, but resulted in slower C. albicans growth
compared to YPA+glu. Final culture densities did not differ significantly within medias.
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Figure 13: Mean growth rates for C.albicans strains treated with drugs for various expression conditions
with standard error bars shown (n=1-7). Strains were grown for 24 hours in YPA with glucose or
succinate and either no drug, 0.5mM BPA, 50uM Fulvestrant, 60mM Dasatinib, 40uM Cyclosporine or
4mM Sodium Arsenate. Absorbance levels were recorded to measure culture population and the growth
rate was measured as the rate of change at the inflection point of the logistic growth curve for each
trial.

We assumed logistic growth to determine the growth rate for each assay (Figure 13). A two-way ANOVA
test showed no significant differences that were not due to media effects. For the wildtype (WT) strain
(Mad2-normal/CENP-A-normal), the mean growth rate with no drug was 0.0059 Abs600/min and drug
treatment means ranged from 0.0048 to 0.0064 Abs600/min. We saw that all growth rates for the drug
treated WT strains were lower than the no drug control except for in Cyclosporine, where we saw a rate
of 0.0064 Abs600/min. For the Mad2-normal/CENP-A-overexpressed strain, the mean growth rate with
no drug was 0.0038 Abs600/min. Treating the strain with drugs produced mean growth rates that
ranged from 0.0029 to 0.0035 Abs600/min. The Mad2-del/CENP-A-normal strain with no drug had a
mean growth rate of 0.0048 Abs600/min and drug treatment of the strain produced rates ranging from
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0.0039 to 0.0047 Abs600/min. Finally, the Mad2-del/CENP-A-overexpression strain mean growth rate
with no drug was 0.0052 Abs600/min and drug treatment rates ranged from 0.0033 to 0.0042
Abs600/min. For all drugs treatments, the same pattern was seen for strain’s mean growth rates. The
highest growth rate was seen in the Mad2-normal/CENP-A-normal strain, followed by the Mad2del/CENP-A-normal strain, then the Mad2-del/CENP-A-overexpressed strain and the Mad2normal/CENP-A-normal, which had the lowest growth rate.

We chose to focus further study on drugs that seemed to differentially affect strains rather than just kill
cells. Based on preliminary experiments, Fulvestrant and BPA were chosen for further exploration.
Although Dasatinib appeared to decrease the growth rates of the strains, it affects both the Mad2-del
strains equally, which was not the differential expression we were interested in. With Cyclosporine
treatment, the growth rates produced were higher than WT strain treated with no drug. This, along with
examining the shape of the growth curves, suggests that logistic growth was not followed and thus
analyzing these data would likely be difficult. Similar to Dasatinib, Sodium Arsenate did not appear to
have a differential effect on the growth rate of cells in strains with normal CENP-A levels (Mad2normal/CENP-A-normal and Mad2-del/CENP-A-normal). With BPA treatment, deleting MAD2 slightly
lowered the growth rate, but deleting MAD2 in the presence of CENP-A overexpression slightly increase
the growth rate. For Fulvestrant, relatively equal growth rates were produced for both MAD2 deletion
strains (with and without CENP-A overexpression).

After we collected preliminary data, further trials were run on the selected drugs, BPA and Fulvestrant.
The individually plotted growth rates for no drug, BPA and Fulvestrant treated strains are shown in
Figure 14. This figure shows the variability in the data, which had more noise than we expected. Letter
codes in Figure 14 show the significance between the treatment groups, where a significant difference
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between conditions exists if their codes do not share a letter. For example, WT BPA and WT no drug
cells had a significantly higher growth rate than MAD2-normal/CENP-A-overexpression treated with
both Fulvestrant and BPA. The WT no drug and BPA trials were also significantly greater than the MAD2del/CENP-A-overexpression strain treated with Fulvestrant. The MAD2-del/CENP-A-overexpression
strain treated with Fulvestrant had the lowest growth rate and was significantly lower than the no drug
condition for the same strain. Additionally, it had a significantly lower growth rate than the MAD2del/CENP-A-normal in no drug and BPA conditions as well as the MAD2-normal/CENP-A-normal in no
drug and BPA.

Figure 14: Growth rates for C.albicans strains treated with estrogenic drugs Fulvestrant and BPA. Strains
were grown for 24 hours in YPA with glucose or succinate and either no drug, 50uM Fulvestrant or
0.25mM BPA. Absorbance levels were recorded to measure culture population. The growth rate was
measured as the rate of change at the inflection point of the logistic growth curve for each. A two-way
analysis of variance test (ANOVA) was performed with Tukey’s post-hoc test (confidence level 0.95) and
significance letter codes are shown above each condition. Common letters between conditions indicated
no significant difference between the conditions (n=5-8).
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Mathematical model fitting of growth curves produces an additional lag period parameter
Growth assay data from the trials shown in Figure 14 were fit to a mathematical model to determine
growth rate (r), carrying capacity (K) and an additional parameter (C) that was interpreted as a measure
of the “lag” of the culture. Mathematically computed values will be designated rmodel and Kmodel to
differentiate them from initially computed values of r and K. Values obtained for rmodel (Figure 15) appear
to follow a similar pattern as values for r in Figure 14. This pattern reflects the media effects between
glucose and succinate. Since glucose is a more favorable media source, the strains expressing CENP-A at
normal levels had higher growth rates. A two way ANOVA showed no significant differences outside of
media effects for values of rmodel. The values of rmodel were seen to be larger than the r values previously
obtained. The mean rmodel for the WT strain with no drug was 0.0095 Abs600/min and Fulvestrant and
BPA means were 0.0085 and 0.0097 Abs600/min. For the MAD2-normal/CENP-A-overexpressed strain,
the mean rmodel with no drug was 0.0064 Abs600/min. Fulvestrant and BPA treatment of the strain
produced mean rmodel values of 0.0064 and 0.0067 Abs600/min. The MAD2-del/CENP-A-normal strain
had a mean rmodel of 0.0089 Abs600/min with no drug and values for Fulvestrant and BPA were 0.0088
and 0.0084 Abs600/min. Finally, the MAD2-del/CENP-A-overexpression strain’s mean rmodel value with
no drug was 0.0071 Abs600/min and drug treatment values for Fulvestrant and BPA were 0.0062 and
0.0057 Abs600/min.
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Figure 15: Results from growth curve data fit to a logistic growth model to obtain a growth rate (rmodel).
Rates from each trial are individually plotted (n=5-8) and mean rates are shown as a black bar. C.
albicans strains were grown for 24 hours in YPA with glucose or succinate and either no drug, 50uM
Fulvestrant or 0.25mM BPA and absorbance levels were recorded to measure culture population.

Values were also obtained for C in equation 2, which can be interpreted as a measure of culture’s
growth lag before the yeast reach maximum growth rate (r). As shown in Figure 9, more negative values
of C shift the curve to the right and delay growth. C’s are shown in Figure 16 and a two-way ANOVA
showed no significant differences outside of media effects. The mean value of C for the MAD2normal/CENP-A-normal strain (no drug) was -5.49 with Fulvestrant and BPA means were -5.86 and -6.10.
For the MAD2-normal/CENP-A-overexpressed strain, the mean no drug C was 4.25 and treatment with
Fulvestrant and BPA had C’s of -4.74 and -4.89. The MAD2-del/CENP-A-normal strain (no drug) had a
mean C of -6.10 and Fulvestrant and BPA treatment produced values of -6.59 and -5.75. Finally, the
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MAD2-del/CENP-A-overexpression strain’s mean C value with no drug was -5.26 and drug treatment
values for Fulvestrant and BPA were -5.01 and -4.45.
Values for K obtained from the model did not have significant differences outside of media effects
(determined with a two-way ANOVA). Additionally, low levels of variability within media types are seen
for K values. Mean absorbance values for carrying capacity (K) of MAD2-normal/CENP-A-normal cells
(grown in YPA+glu) ranged from 1.43 to 1.53. The other strain grown in YPA+glu, MAD2-del/CENP-Anormal, had mean K values from 1.49 to 1.53. The strains grown in YPA+succ had lower K values, with
MAD2-normal/CENP-A-overexpression ranging from 1.01 to 1.09 and MAD2-del/CENP-A-overexpression
from 1.02 to 1.20.

Figure 16: Results from growth curve data fit to a logistic growth model to obtain a lag parameter “C”.
Rates from each trial are individually plotted (n=5-8) and mean rates are shown as a black bar. C.
albicans strains were grown for 24 hours in YPA with glucose or succinate and either no drug, 50uM
Fulvestrant or 0.25mM BPA and absorbance levels were recorded to measure culture population.
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Flux analysis shows low mutation rates and high variability in Mad2del cells
We next explored whether decreased growth rates were due to increased chromosome loss rates in
cells. Figure 17 shows the chromosome loss rates from the flux assays. When in the no drug conditions,
Mad2-del/CENP-A-normal cells had a median of 1.09 x 10-5 mutations/cell and the Mad2-del/CENP-Aoverexpressed cells had a median of 7.98 x 10-6 mutations/cell. When treated with Fulvestrant, Mad2del/CENP-A-normal cells had a median of 7.01 x 10-5 mutations/cell and the Mad2-del/CENP-Aoverexpressed cells had a median of 2.70x 10-6 mutations/cell. In BPA, Mad2-del/CENP-A-normal cells
had a median of 6.10 x 10-6 mutations/cell and the Mad2-del/CENP-A-overexpressed cells had a median
of 2.50 x 10-5 mutations/cell. A two-way ANOVA showed no significance in the data between or within
variables. Generally, CENP-A overexpression may slightly decrease mutation variability and mutation
rate in cells treated with no drug and Fulvestrant. Additionally, BPA seems to have slightly higher
mutation rates and variability for Mad2-del/CENP-A-overexpression cells. The raw colony count data
was analyzed using the method of the median, but there seemed to be too many outliers for this to be
an accurate representation of the data.
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Figure 17: The effect of drug treatment on mutation rate in ΔMAD2 C.albicans. A 5-FOA assay is used to
calculate URA3 loss, which is representative of chromosome loss/aneuploidy. Strains are grown in YPA
with glucose or succinate and either no drug, 50uM of Fulvestrant or 0.25mM BPA. ANOVA revealed no
significant difference in mutation rates between groups (n=3-4).
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Discussion
Compounds examined
To enhance our study of MAD2 and CSE4/CENP-A, compounds were identified that would inhibit genes
of interest as well as their “axis” of interacting proteins. To analyze how drug treatment affected Mad2
and CSE4/CENP-A in C. albicans strains, we will first investigate the drugs studied and their known
mechanisms.

Fulvestrant has been shown to inhibit levels of MAD2 and CSE4/CENP-A in breast cancer cells (Ghayad et
al., 2009; Scafoglio et al., 2006). Additionally, Fulvestrant inhibits members of the MAD2 network (TTK,
BUB1, AURKB, IPL1) and CENP-A network (BUB1, AURKB) (information obtained from CTD, Davis et al.,
2016). This gene transcription is altered through Fulvestrant’s endocrine antagonist properties.
Fulvestrant is used as an endocrine treatment for hormone sensitive cancers, such as breast, pituitary,
hypothalamus or prostate cancers. Clinically, Fulvestrant inhibits growth of ER-positive MCF-7 breast
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cancer cells by 80% (Wakeling and Bowler, 1987). The drug has shown promise in many breast cancer
phase 3 trials (both individually and in combination with other agents) and particularly with metastatic
tumors (Nathan and Schmid, 2017). In cells, gene transcription is controlled by oestrogen, which binds
to estrogen receptors (ER) and results in dimerization, nuclear localization and DNA binding to regulate
transcription. As an antagonist of estrogen, Fulvestrant is a steroidal analogue of 16B-oestradiol and
binds competitively with estrogen to ER. This binding inhibits transcriptional signaling and results in an
unstable and non-functional complex, leading to the degradation of the ER protein and reduction of
oestrogen signaling (Wardley, 2002). When our cells are treated with Fulvestrant, gene transcription is
for MAD2, CSE4/CENP-A and their networks are decreased.

Although Bisphenol A (BPA) has not been shown to affect MAD2 and CSE4/CENP-A levels in cells, it
inhibits members of the MAD2 network (BUB1, CDC16, MAD1, MAD3, IPL1, APC4, AURKB, TTK) and
CENP-A network (RBBP7, AURKB, AURKA, HJURP, HHT2, BUB1, HIST2H2BE) (information obtained from
CTD, Davis et al., 2016). Thus, we can use BPA to alter processes that involve MAD2 and CSE4/CENP-A
and analyze data from that standpoint. The mechanism through which BPA affects gene transcription is
similar to Fulvestrant, and exposure to BPA in vivo has been shown to affect cellular transcription levels
(Moriyama et al., 2002; Wadia et al., 2013). BPA is a non-steroidal synthetic monomer that also binds
the nuclear ER and has been classified as “endocrine disrupting” (Vandenberg et al, 2009). The
compound has been shown to have both agonistic and antagonistic properties in human tissues
depending on cell and receptor type (Moriyama et al., 2002; Kurosawa et al., 2002). Further study
includes examining extent to which Fulvestrant and BPA affect mRNA levels of MAD2, CSE4/CENP-A and
their networks members through qRT-PCR.
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In addition to these drugs directly impacting levels of MAD2, CSE4/CENP-A and their networks members,
it’s possible that the drugs are affecting the cells in a way that induces tetraploidy (4N DNA rather than
the typical 2N DNA). An example of this phenomenon in C. albicans is with the drug Fluconazole, which
is an antifungal that interferes with sterol biosynthesis and affects cellular membranes in fungi
(Morschhauser, 2002). In C. albicans, Fluconazole has been shown to induce an abnormal trimeras
phenotype, which is where three cells (mother, daughter and granddaughter) are connected. This
results in a high percentage of unstable aneuploid cells that can become drug resistant (Harrison et al.,
2014). It may be possible that the Fulvestrant and BPA cause a phenomenon, where alteration of
membrane integrity and fluidity can lead to tetraploidy in cells by altering cell cycle dynamics.

Growth Assays show high variability and expose media effects
To overexpress CENP-A with the PCK1_CSE4 promoter, cells were grown in YPA+succ rather than
YPA+glu, which is considered a more favorable media. The pattern in Figures 13-15 exposes this
problem, where growth in succinate (Mad2-normal/CENP-A-overexpression and Mad2-del/CENP-Aoverexpression) consistently results in lowered growth rates. While there is clearly a media effect,
future exploration will focus on differentiating this from any true biological effects that may be present.

When growth rates are plotted as points (Figure 14), the variability of the data can be seen. Although we
expect fluctuations due to natural variations in the data that cannot be controlled, there is more noise
than expected, making data interpretation difficult. Fitting a mathematical model to the growth assay
data to more accurately determine parameters and obtain an additional parameter C may be a way to
alleviate this problem. Fitting the growth assay data to the solution of the logistic growth equation
resulted in three model parameters (rmodel. Kmodel and C) that can be compared. This method for
calculating growth parameter values is more methodical and statistically powerful than the previously
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used methods of finding the inflection point and calculating the slope. The model produced rmodel values
that were larger than values obtained for r. Although these values should be equivalent, it is not
surprising that they differ due to the noise and variation seen in the growth curves that likely interfered
with the calculation of the slope at the inflection point (r). The non-linear least square model used to
calculate rmodel creates a “best fit” equation for the data aimed to minimize the distance from the
equation to each of the points along the curve. This method of obtaining an rmodel value is likely more
robust and would be less affected by imperfect data than the slope calculation to get r. Thus, future
analysis on growth curves that show high levels of noise or variation can be analyzed using rmodel with the
aim of increasing the accuracy of the growth rate calculated. Values of C did not show significant
differences, thus the drugs did not appear to have significant “lag effects” on the yeast. The derived
parameter C, can also be used in future comparative analysis to examine lag effects.

Potential collaboration of Mad2 and CENP-A in the cell cycle
In the control cells with no drug treatment, the double mutant cells (Mad2-del/CENP-A-overexpression)
exhibit a growth rate similar to control cells (Mad2-normal/CENP-A-normal). These Mad2-normal/CENPA-overexpression cells are grown in the same media as the Mad2-normal/CENP-A-overexpression cells,
which had the smallest growth rate without drug treatment. This suggests that deleting MAD2 in the
presence of CENP-A overexpression may have a “rescue effect” on the growth rate of cells not treated
with drugs. Figure 18 outlines the possible schematic: the CENP-A overexpression promotes increased
unstable kinetochore attachments, which leads to slowed cell division and growth rate. When the
checkpoint protein, MAD2, is deleted, the MCC will lack the MAD2 protein and binding to the APC/C will
be decreased. Since MCC-APC/C binding inhibits anaphase entry in the presence of unstable
attachments, decreased binding will result in premature anaphase entry and an increased growth rate.
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In cells without drug treatment, this effect is enough to partially or fully recover the growth rate of the
cells.

The growth rates seen in the initial (all drug) growth assays from Figure 13 was similar to results from
the BPA and fulvestrant assays (Figure 14). For treatment with BPA or no drug, both figures show slight
growth rate increases from Mad2-normal/CENP-A-overexpression cells to Mad2-del/CENP-Aoverexpression cells. Fulvestrant treated cells in Figure 14 also followed earlier patterns observed,
where Fulvestrant treated Mad2-del/CENP-A-overexpression cells had the lowest growth rate.
Fulvestrant was the only drug we tested that inhibited both MAD2, CSE4/CENP-A and their respective
networks. This along with the low growth rate in the double mutant strain suggests that Fulvestrant is
disrupting or changing Mad2, CENP-A or the nature of their interactions. We will need to further explore
Fulvestrant to make conclusions about its mechanism of action in the cells and understand why a
“growth rate rescue” in the MAD2-del/CENP-A-overexpression cells did not occur with this drug.

In the future, instead of selecting drugs where differential growth rates were seen across strains, the
Mad2 “growth rate rescue” effect in the CENP-A-overexpressed cells should be further explored. Sodium
Arsenate or Dasatinib could be further examined, since these drugs had a more dramatic growth rate
increase from Mad2-normal/CENP-A-overexpression to Mad2-del/CENP-A-overexpression. Additionally,
a growth assay on a control strain without the PCK1_CSE4 insert should be performed. This would
ensure that the insert did not affect the growth rate in any way, since all strains tested contained the
inserted element. Overall, our results and proposed phenotypic “growth rate rescue” supports the idea
that MAD2 dysregulation in cancer is a complex phenomenon that requires further study.
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Figure 18: The proposed mechanism seen in C. albicans strains when CENP-A and Mad2 are altered. The
deletion of Mad2 may recover the decreased growth rate of the CENP-A overexpressed cells. Since
Mad2 is a checkpoint protein, lack of Mad2 will promote premature entry into anaphase, thus increasing
the growth rate of cells compared to the cells with only CENP-A overexpression.

Chromosome loss rates do not reflect growth rate changes
To support the mechanism proposed in Figure 18 and explain growth rate changes, we examined
chromosome loss rates in the Mad2-del strains with Fulvestrant and BPA. For the 5-FOA assay, no
significant changes in mutation rates were seen. During the assay, high levels of variability were seen in
the colony counts within each group. Although eight replicates are generally enough to obtain
consistent results in a 5-FOA assay, the inconsistency in our data may suggest that for the strains we are
using, we need to increase the sample size to obtain more accurate results. Chromosome loss assays are
dependent on the loss of the selectable marker (in our case URA3). The URA3 loss rate can vary based
on chromosomal number and location. Both strains tested had the URA3 on chromosome 5 in the same
location and low loss rates were seen in both cases. Thus, we should test a control with URA3 at a
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different chromosomal location to determine if low loss rates were an artifact of the URA3 location. If
this is the case, any differences in loss rates between strains would be difficult to decipher.

Levels of CENP-A bound to the DNA is one determinant of kinetochore size (Sullivan et al., 2011). When
CENP-A is overexpressed in C. albicans, increased levels are seen bound to the DNA (Burrack et al.,
2011), suggesting that kinetochore size is also increased. A recent paper found that while cells with
larger kinetochores are more error prone during mitosis, larger kinetochores also bi-orient (attach to
microtubules) and line up in the middle of the cell more easily (Drpic et al., 2018). The balance between
chromosome missegregation and increased mitotic efficiency seen with increased kinetochore size may
cancel each other out. This would explain the lack of difference between loss rates in strains with
normal and overexpressed CENP-A.

Although 5-FOA assays were not performed on Mad2-normal strains for technical reasons, we can
compare our results to previously published chromosome loss data (Burrack et al., 2013). Strains with
normal expression of CENP-A had a loss rate of 1.5 x 10-5 and strains with overexpressed CENP-A had a
loss rate of 2 x 10-5. In our Mad2-del strains (no drug), the mutation rate was 1.1 x 10-5 for normal CENPA expression and 8 x 10-6 for the CENP-A-overexpressed cells. Since these chromosome loss rates are
comparable to the published data without Mad2 deletion, one could speculate that the Mad2 deletion
did not have a huge effect on the loss rates of cells. In the future, the technical issues with the Mad2normal strain will be resolved and the loss rates compared across all four strains.

The lack of statistical significance in the loss rates and the comparable published loss rates suggest that
the growth rate differences are not due to chromosomal loss. Growth rate differences could also be
caused by cell cycle alterations. In the future, we hope to explore this possibility using DAPI (4',6-
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diamidino-2-phenylindole) staining of cells and using fluorescence microscopy to compare the number
of cells in each phase. This would provide information on cell cycle arrest.

If the growth differences can be explained by the cell cycle,
this may suggest that kinetochore protein expression is
globally altered by cell cycle changes. In this case, the drugs
would affect the cell cycle, which would affect gene
transcription levels that would result in differential growth
rates. This supports the alternative hypothesis (Thiru et al.,
2014), which states that coordinate upregulation of genes is a
result of the cancer phenotype rather than a driver for it. In
other words, the individual dysregulation of MAD2 and
CSE4/CENP-A would not drive cancer, but the drugs affecting
the cell cycle may lead to dysregulation of the group of genes.

Conclusion
In cancer, Mad2 and CENP-A are often seen dysregulated but it is unclear whether their dysregulation
drives the cancer or is a result of it. Here, we developed a system to study Mad2 and CENP-A
dysregulation in C. albicans through differential gene expression and by determining compounds that
inhibit the Mad2, CENP-A and interacting proteins. Growth assays of strains and compounds were
performed to determine the growth rates in each condition. Mathematical modeling techniques were
explored to analyze growth curves by fitting our data to logistic growth curves in R. A non-linear least
squares technique was used to produce parameters for the population’s carrying capacity, growth rate
and lag period for each growth assay. In the assays, the growth rate of the double mutant (Mad2-
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del/CENP-A-overexpression) was increased compared to the single mutant (Mad2-normal/CENP-Aoverexpression) with normal Mad2 levels. We propose a mechanism that explains this “growth rate
recovery” seen with Mad2 deletion when CENP-A is overexpressed. To test the mechanism,
chromosome loss assays were performed in Fulvestrant and BPA but significant differences were not
seen. We hypothesize that growth rate changes may be due to changes in the cell cycle and plan to
explore this along with our proposed mechanism in the future using DAPI staining to obtain cell cycle
data.
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