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Abstract

Epithelial carcinoma of the ovary is one of the most common gynecological malignancies and
the fifth most frequent cause of cancer death in women. Currently blood test of advanced epithelial
tumors are reflected in a high level of CA 125 antigen. However, it is not a good marker for early
stage tumors, and may yield false positives. Clearly, there is a need for better understanding of the
molecular pathogenesis of epithelial ovarian cancer, so that new drug targets or biomarkers that
facilitate early detection can be identified. This work concentrates on finding genetic markers for
three epithelial ovarian tumors, using a simple computational method.

We give a small set of genetic markers which are able to distinguish clear cell and mucinous
ovarian cancers (13 and 26 genes respectively) from other epithelial ovarian tumors with 100%
accuracy. We obtain the genes HNFI-beta (TCF2) and GGT! as the best markers for the clear
cell and CEACAM6 (NCA) as the best marker for mucinous ovarian tumors. We employ a feature
selection technique based on minimum probability of error for this purpose. We give a ranking of
the important genes responsible for these tumors and validate the results using the leave-one-out
cross-validation technique.

Using this method, we also agree with the common notion that WTTY is one of the best genes
to separate serous ovarian tumors from other epithelial ovarian tumors.

Keywords: epithelial ovarian cancer, gene selection, deunsity estimation, minimum probability of
classification error

1 Introduction

Although ovarian cancer (OvCa) is the most common gynecological malignancy with a relatively poor
5-yr survival record, the mechanism by which these tumors arise is not well understood. Epithelial
tumors, which begin on the ovary surface, are the most common. On the basis of morphological criteria,
there are four major types of primary epithelial ovarian adenocarcinomas (clear cell, mucinous, serous
and endometroid), EOC in short. The clear-cell (OC) and mucinous ovarian (OM) tumors, each
account for 10% of EOC’s, while serous (0OS) and endometroid ovarian (OF) tumors comprise the
rest of the 50 — 60% and 20 — 25% of ovarian cancers, respectively. A number of studies have noted
particularly unfavorable prognosis for the clear cell carcinomas. Also, the serous and endometroid
cancers are mostly present in advanced stages.

Cancer antigen 125 (CA125) is the most widely used biomarker for ovarian cancer (see, e.g., [5, 11]).
Although concentrations of CA125 are abnormal in about 80% of patients with advanced-stage disease,
they are increased in only 40 — 50% of patients in the early-stage ovarian cancer [11]. In fact, high
serum CA125 is also seen in many benign gynecological diseases and other types of cancer [5]. There
are also other works to find markers using proteomic approaches (e.g., see [15]). However, most works
for finding proteomic markers concentrated on distinguishing between normal and tumorous epithelial
ovarian cells. Even though this is an absolute requirement for diagnosis of ovarian cancer, it is not
enough to find the cause of different EOCs with distinctive morphological differences. Thus, there is
an evident need of biomarkers for analysing differences between various EOCs.
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The application of DNA microarray technology has enabled the study of gene expression profiles of
large numbers of tumor samples and has provided an opportunity to classify different diseases based
on characteristic expression patterns (see [3] for a work on diffuse large B-cell lymphoma (DLBCL), [8]
for colon cancer, and [19] for breast cancer). In fact, there were several studies to find responsible
genes in different epithelial ovarian tumors as well, e.g., see the works of [6, 16, 17, 23]. However,
excepting the work of [17], other studies do not have sufficient number of samples from all four
morphologically different subtypes of EOCs. For instance, the work of [16] does not consider any
mucinous or endometroid ovarian tumors. The work of [6] considers only the short-term and long-
term survivors of the serous subtype. Finally, authors in [23] considered short-term and long-term
survivors from all EOCs. For this reason, we analyse the dataset of [17], which contains samples of
all four EOCs.

In this work, we find genetic markers for clear-cell, mucinous and serous ovarian tumors. The
genetic markers provided in this work in fact have a better accuracy of classification than the genes
mentioned in [17], while we used the same classifier. This is due to the fact that the gene selection
algorithm is robust in presence of outliers unlike many other methods.

This work employs a new gene ranking technique using minimum probability of classification error
(MPE) as a metric for “goodness” of a gene. In this method, each gene is annotated with a rank
considering the situation that only the gene in question is solely used for classification purpose. Then
the genes are ranked according to the MPEs. The lower the MPE, the better is the gene. This
method of gene selection technique uses the ideas from Bayesian decision theory and probability
density estimation techniques. Unlike most other methods (e.g., correlation-based methods), this
method performs well even when there are multiple modes of a gene within the same class. It turns
out that this method successfully detects a small set of genes with very small probability of error.
Many of these genes have been explored in many biological wet-lab experiments. Furthermore, in each
case our genes give better accuracy than previous analysis of this dataset.

Our best markers for OC tumors agree with previous works. However, our ranking of genes reveals
that there are two genes for clear-cell tumors, HNF1-beta and GGT1 which are the best markers for
OC. More importantly, we find a few genes (e.g., CEACAME6, or NCA and CEACAMY5) for mucinous
tumors, which have long been suspected to be important for this type. Notice that these genes were
not discussed in the work of [17]. We also give a few genetic markers (e.g., WT1) for distinguishing
OS tumors from other EOCs.

2 DMaterials and Methods

2.1 Materials

The dataset we analyse here is an Affymetrix dataset of oligoneucleotide microarrays, contributed
by Schwartz et al. in [17]. It contains 113 samples from ovarian tumors with 9 clear-cell (OC), 11
mucinous (OM), 36 endometroid (OE) and 57 serous (OS) ovarian tumors. Notice that 1 in OC, 1 in
OM, 3 in OE and 4 in OS are considered to have mixed histologies. The microarray data consists of a
two-dimensional matrix where each row corresponds to the gene expressions of 113 ovarian carcinomas
and each column corresponds to the gene expression for each tumor patient. We log-transformed the
data. Then, each row data was centered at its mean and then divided by the standard deviation. This
normalization procedure is a standard practice for working with Affymetrix datasets.

However for our work, we excluded the 9 samples with mixed histologies from the total dataset (as
in [17]). We used the expressions of the total 7,069 genes for the rest of the 104 samples for further
analysis.

2.2 Methods
2.2.1 Gene Selection

To obtain a genetic signature for a particular class a of tumors, we need to find the genes which are most
differentially expressed between the class a and the other tumors (called class b or rest, hereafter).
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The metric used for differentiability of a gene is the probability of making a misclassification, if
the gene under consideration is solely used for classification purpose. Smaller is the probability of
misclassification (error), better is the gene for the classification purpose. However, the probability
of error depends on the decision-making algorithm. The optimal Bayes decision-making algorithm
minimizes the probability of error. Let g denote the random variable for a gene’s expression. Denote
the class-conditional probability density functions (pdf) of g for class a and class b by p(-) and ¢(-)
respectively. Then, if the sample is in class a, then

x
F,(z) := Probability{g < z} = / p(y) dy, (1)
la
where [, is the minimum possible value of g. Similarly, if the sample is in class b,
x
Fy(x) := Probability{g < z} = / q(y) dy, (2)
ly

where [, is defined accordingly. The functions F,(z) and Fj(x) are the class-conditional probability
distribution functions for a and b, respectively.

Now, suppose in an experiment, g assumes a value z and the class of the sample is unknown. The
optimal decision rule to infer the class label ¢ for the sample would be

c:{ a, if p(z) > q(2) (3)

b,  otherwise.

The decision rule (3) minimizes the probability of classification error, and the corresponding minimum
value is given by

7“ZB/S;D(y) dy + (1-p5) /S q(y) dy, (4)

where S, is the set of all z such that p(z) > ¢q(z), Sy is the set of all z such that p(z) < ¢(z), B is the
prior probability of getting a sample from class a and (1 — /) is prior probability of getting a sample
from class b. Generally 8 = 0.5 in a practical scenario, i.e. both classes are equally likely. We use the
minimum probability of error (MPE) r as a measure of the goodness of the gene g¢.

We approximate Fy(-) and Fj(-) as piecewise linear functions between predefined quantile points.
We use a simple quantile-based approach for estimating these functions. Given F,(-) and F,(-) and
the quantile points, the approximation of the piecewise constant probability density functions p(.)
and ¢(.) for the two classes a and b is straightforward from Equations 1 and 2. Also, evaluation of
the integral (4) reduces to the computation of the areas of certain rectangles. The estimated density
functions for the gene TCF2 are shown in Figure 1, where the solid line is p(-) and the dotted line is
g(-). Since the two functions do not intersect in case of TCF2, the MPE r for this gene turns out to
be 0. In general, the area of intersection of both the curves will correspond to the MPE of the gene
under counsideration.

We note by passing that there are more sophisticated techniques for estimating the probability
density functions [18]. Such methods were employed in [22]. However, these methods require large
number of samples to work properly.

2.2.2 Gene Selection by Correlation Method

We also use correlation-based method for the sake of comparison. In correlation-based method, first
each gene is sorted within each class. Let there be n, samples in class a and n; samples in class b.
Consider gene expression ¢ = [g1,. .., 9n.s na+1s -« - > Jna+ny) a0d n = ng + np. Also, let v = [v,; 3]
where v, =11,...,l,, and vy = mq,...,my, withly =--- =1, =1and m; =--- =m,, = —1. Then
Pearson’s correlation coefficient p between g and v is given by

_ > k=1(g9x — 9) (v — 0)
V2h=1(9x — 9)2 > f=1 (v — 0)?

Pg
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with
g=

S|~

n 1 n
ng, and v = Eka
k=1 k=1

Finally, genes are ranked according to the absolute values of their Pearson’s correlation coefficient pg,
i.e, rank, = |p,|. Higher the value of py, better is the gene. Notice that this method is heavily affected
by the presence of the outliers.

2.2.3 k-Nearest Neighbor Classifier

The authors of [17] used a k-nearest neighbor classifier with k¥ = 5. For the sake of comparison, we do
the same. KNN classifiers are based on finding the k£ nearest samples in the training set, and taking a
majority vote among the classes of the k£ samples. We measured the ‘nearest’ by Euclidean distance.
We used matlab’s knnclassify routine for this purpose. In fact, we use a leave-one-out crossvalidation
(LOOCYV, in short) technique for establishing the fact that the high-ranked genes obtained by the above
method are indeed important markers. In this technique, each time we omit one distinct sample; we
use the rest of the 103 samples for training and then we classify the omitted one using KNN. Thus
the procedure is run 104 times in total.

We also experimented with more sophisticated classifiers like support-vector machines [21], but it
did not give any better accuracies than the KNN classifier.

3 Results
3.1 Markers for OC

Of all of the epithelial ovarian cancers, ovarian clear cell carcinoma (OC) of the ovary has the worst
prognosis. We selected 30 top genes with minimum MPE for distinguishing between clear cell and
other tumors. Interestingly, even the 30" gene has a very small MPE (0.053). Our method of ranking
genes finds two genes TCF2 and GGT1 with MPE 0. The pdfs for TCF2 is shown in Figure 1. Other
highly ranked OC markers are LAMB1, FXYD2, PVR, GLRX, DAPKI1, MITF, TNFAIP1, NR1HJ,
RBPj, ANXA/, CYP2C18, FDPS, ESR1, etc. For these genes, MPE values range from 0.007 to 0.033.
Notice that some of the above genes are missed in previous biological experiments for OC tumors.
Thus, further wet-lab experiments are required for them. However, some of the above genes are also
known to be significant by the biologists.

TCF2: The significance of finding TCF2 with 0 MPE is that recently TCF2 (also known as HNF-
1Beta) has been suggested to be an excellent OC-specific molecular marker [20]. This gene is
expected to be a molecular target for therapy of OC. Authors of [20] report that HNF-1 Beta
is up-regulated in OC, while it is downregulated in other epithelial ovarian cancers and the
reduction of HNF-1 beta expression by RNA interference induced apoptotic cell death in OC
cells. In the dataset of [17], in fact we found that not only OC has highest level of HNF-1
Beta, but also the fact that the mucinous samples have lower expression than OC, but higher
expression than the rest of the tumors.

GGT1: The gene GGT1 is considered in [9] where authors found that GGT1 is expressed in many
common ovarian epithelial neoplasms. However, we find that in the considered dataset the
expression of GGTI in OC is much higher than the others.

LAMBI1: It is known that a sequence in the LAMBI (Laminin beta 1) is shown to have the capacity
to inhibit metastasis.

DAPK1: Death-associated protein kinase 1 (DAPKI) is a positive mediator of gamma-interferon
induced programmed cell death. It is a tumor suppressor candidate.

ANXA4: ANXA/ is almost exclusively expressed in epithelial cells.
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Figure 2: The accuracy of classification using
LOOCV in OC Vs the rest signature of 30
genes. The solid (dashed) line gives the accu-
racy for genes selected by MPE (from the genes
in Schwartz et al.)

CYP2C18 and ESR1: CYP2(C18 and ESR1 are suspected to have roles in ovarian cancer.

For the sake of comparison, we order the 73 genes found by [17] using our ranking method. Notice
that the best 7 genes in the above list are also found in [17]. However, 14 of the genes in this list
are missing in the ranked list of first 30 genes of [17]. Many of our genes not only have a low MPE,
but also are biologically significant. For instance, DAPK1, CYP2C18, ESRI1, etc have low MPE for
distinguishing clear cell from others, but these genes are missed when just an average fold-change
across different EOCs is considered in [17].

In correlation-based method, the highest ranked gene is FXYD2 with rankpxype = 0.76. Next best
gene was RBP/ with rankrpp; = 0.72. Even though we find these genes in our list, correlation-based
method fails to obtain TCF2 and GGT1 as good markers for OC.

3.1.1 Validation

Figure 2 shows the result of leave-one-out cross-validation (LOOCV) with the genes from clear cell
vs rest signature. In this figure, the solid line represents the accuracy of classification with respect to
the first 30 genes obtained by our method from the original 7,069 genes. The dashed line represents
the LOOCV accuracy with respect to the first 30 of the 73 genes provided by [17]. Notice that we
ranked these 73 genes by MPE for the sake of a fair comparison. Since, taking large number of genes
deteriorates the accuracies, we restrict our comparisons upto 30 genes.

It turns out that our accuracy exactly matches with that of [17] using 7 genes, since those genes
are the same in both cases. However, accuracy of [17] drops from our accuracy, when larger number
of genes are considered. Notice that in that case the intersection of genes is smaller (9 out of 23
precisely). Interestingly, if we include the samples with the mixed histologies, the above accuracies in
Figure 2 remain intact using the genes obtained by our method. Also, notice that the work of [17]
reports that they always miss one clear-cell sample out of the 8 samples, when they used a total of
158 genes which are important for all EOCs. This scenario does not occur in our case, which points
to the possibility that our gene set is possibly better than the earlier published markers for OC. Also,
for finding out a single type of EOC, it is wiser to use a small set of genetic markers and do a binary
classification with a group vs. the rest, rather than use a large number of genes and do a multi-class
classification.
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Remark: The work of [16] also considers a signature for OC vs. other EOCs (mainly serous ovarian
tumors) and has only 4 genes (GLRX, NDRG1, NP and ANXA4) common with the 73 genes in [17].
Our work has GLRX, NDRG1, ANXA/, and ESR1 in common with that of [16]. However, the work
in [16] does not obtain our best genes TCF2 and GGT1.

3.2
Next,

Markers for OM

we find marker genes which distinguish ovarian mucinous tumors (OM) from the rest of the

ovarian tumors. The following genes are considered to be highly-ranked by MPE: CEACAMG6, CEA-
CAMS, STS, TRADD, COL17A1, IQGAP2, SPINKI1, TFF1, FUTS3, CTSE, etc. The minimum and
maximum MPEs are 0.018 and 0.101, respectively for the above genes. Again, biological experiments
were not done for all of the above. Thus, we find new markers to work on for OM tumors. In the
following, we discuss the biological significance of some of the above OM markers.

(1)

The best genes to distinguish OM tumors from the rest are CEACAMG6 (alias NCA) and CEA-
CAMSJ5, which are called carcinoembryonic antigen-related cell adhesion molecule 6 and 5 respec-
tively. It was established in [10] that OM tumors contain considerable amounts of CEACAMS
and NCA, whereas serous type neoplasms show negligible amounts or lack of these antigens.
Immunological data indicate that ovarian mucinous and serous adenocarcinomas derive from
separate lineages of epithelium. In fact, we find that NCA is found in smaller amount also in
the OC and OE tumors. In Figure 3, we show how the probability density of CEACAME6 for
OM samples, p(.) differs from the same function ¢(.) for the rest of the samples. However, other
feature selection methods missed to find it as the best marker for OM tumors.

In [13], the gene ST'S was found to be overexpressed by immunohistochemically staining in 70% of
0C, 33.3% of serous adenocarcinoma and 50.0% of mucinous adenocarcinoma and was localized
in the cytoplasm of neoplastic epithelial cells. However, in the considered dataset, OM samples
have higher expressions of STS than others.

The results of [2] suggest significant level of expression of COL17A1 (BPAG?2) in ovarian car-
cinoma. In fact, in this dataset Col17A1 is overexpressed in OM, but underexpressed in the
rest.
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(4) In [14], it is claimed that SPINKI1, alias TATI was very successful in diagnosing mucinous
carcinomata of the ovaries; the rate of true positive findings was 64% versus 50% for CA 125.
The authors of this work conclude that CA 125 remains the single tumor marker of choice
in the diagnosis of malignant epithelial ovarian cancer, while TATI appears to be a valuable
complementory marker with a higher sensitivity in cases of poorly differentiated and mucinous
carcinoma. In this work, SPINK1 has MPE 0.061.

(5) CTSE was found to be expressed in other mucinous tumors like mucin-producing adenoma (see [4]).

(6) The three trefoil factors (TFF1, TFF2, and TFF3) are small peptides believed to cross-link
mucous glycoproteins and to play a role in the maintenance and repair of the gastrointestinal
mucosa. Aberrant expression of TFF1, TFF2, and TFF3 was frequently detected in gastric cell
lines. Both TFF1 and TFF3 were found among the first 30 genes as markers for OM tumors.

Among all the above genes, the work of [17] only mentions TFF1 as a good marker for differentiating
OM against rest. The correlation-based method also has the highest value of rankpp; = 0.76. This
method also finds the next 4 genes among the top genes: CEACAM6, CEACAMS5 and CTSE. Thus,
the importance of CEACAMG is also verified by this method. Finally, ANXA/ is the 12" gene as OC
marker and the 18" gene as OM marker. In fact, this is a bi-modal gene and the expression levels in
OC and OM have two distinctive levels. Thus, our method’s novelty lies in finding multi-modal genes.

3.2.1 Validation

Following the same methodology as in case of OC tumors, we obtain accuracy curves with respect to
the genes selected by MPE and the genes from [17] (shown in Figure 4). Our genes are ranked from
the whole set of 7,069 genes whereas we rank 82 of genes given by [17], for mucinous vs. rest. Notice
that we reach 100% accuracy when we consider the best 26 genes according to MPE. However, there
are only 17 genes which are common among the two sets of 30 genes in our markers and those of [17].
Thus, it turns out that it is a bit harder to separate OM from other EOCs, as it is evident from the
minimum MPE value 0.018 for CEACAME6.

3.3 Markers for OS

Next we discuss a few genetic markers for distinguishing serous ovarian tumors from other tumorous
ovarian samples. However, as noticed by other works, serous tumors may have further subgroups. The
best MPE we get is 0.137 for the Wilms tumor suppressor 1 gene WT1 and this value is much higher
than the previous two cases (see the probability density functions in Figure 5). Overall highly-ranked
genes are WT1, PRLR (prolactin receptor), S100A1, KLK7, PIK3CA, PTGS1, GAS1, PLAB, LU,
etc. The MPEs range from 0.137 to 0.188 for the above genes. We discuss a few of the above genes
for which some biological findings exist.

WT1: Recent studies [12] reveal that expression of W71 may be indicative of an unfavorable prognosis
in patients with advanced serous epithelial ovarian carcinoma. The work of [17] also finds WT'1
as a marker for OS tumors.

WIT-1: WIT-1 has the same temporal and cell-restricted expression pattern, as WT1. Furthermore,
WIT-1 is located upstream of the WT'1 gene and these two genes are bi-directionally transcribed
from the same promoter region.

KLK7: KLK7has been considered in [7] for differentiating between ovarian cancer cell line OVCAR-3
and PEO1 and normal epithelial cells. This gene is expressed in serous and not in the rest of
the tumors.

PRLR: PRLR is found to be significantly related to breast cancer and this gene should also be
experimentally investigated as a OS marker.
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In Figure 6, we show the comparison of the genes selected by MPE and those from [17] using
LOOCYV for OS vs. rest. Notice that the maximum accuracy of 91.35% in this case is lower than
the previous two cases. This is in tune with the belief that there may be some serous tumors which
are similar to mucinous and clear cell tumors, while there is another set of serous tumors which are
very similar to OE tumors. This is also reflected by the hierarchical clustering performed on this
dataset (data not shown). However, among the 23 genes considered in each case, we found 9 genes
which are found by us and [17]. Finally, by the correlation-based method as well, WT'1 was selected
as the best gene for OS tumors with rankyr; = 0.67. Here, it is interesting to note that among the
genes selected by MPE, there are two genes KLK7 and LU, which are also considered as markers to
distinguish serous ovarian tumors from the normal ovarian samples (see [1]). Both these genes are
relatively underexpressed in OC and OM, but overexpressed in both OS and OE tumors.

4 Discussion

For a long time, pathologists have attempted to classify tumors into biologically and clinically mean-
ingful categories. This has been particularly challenging for ovarian tumors, given their morphological
heterogeneity.

The contribution of this paper is in ranking the genetic markers specific for clear cell, mucinous
and serous ovarian tumors. We show that (a) HNF1-beta and GGT1 are the best genes for classifying
OC tumors; (b) CEACAMSG is the best gene for distinguishing OM from other OECs; and (¢) WT1
is best for OS tumors. Other feature selection methods could not rank HNFI-beta and GGT1I as the
best markers for OC. Also, only our method found CEACAMG6 to be the best marker for OM.

Notice that the tumors which are not classified as OC, OM or OS, by a classifier, will be considered
as OE tumors. However, a similar gene selection for OE tumors results in a list where the best gene for
the separation of OE from other EOCs has an MPE of 0.211. Related works also noted the fact that
OE tumors are highly heterogeneous and contains further subtypes. So, we considered an unsupervised
clustering of the 104 samples, where we found that OS and OE tumors are further subdivided in two
parts, whereas OC and OM tumors mostly tend to be clustered together (data not shown).

Thus, our study offers additional support to the fact that ovarian cancer represents a group of
distinct, but related diseases. Finally, further research is necessary for reliable integration of datasets
from various microarray platforms to get a statistically significant study of all EOCs.
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