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Background: The molecular basis for the disparities between primary ovarian cancer (POC) and ovarian
cancer secondary to breast cancer (OCSTBC) remains poorly understood. This study aimed to explore the
different characteristics between them through genomic analysis.

Methods: We performed differentially expressed genes (DEGs) analysis between POC (n=96) and
OCSTBC (n=44) groups with transcriptome data and revealed the enriched biological pathways with Kyoto
Encyclopedia of Genes and Genomes (KEGG) and Hallmark gene sets between these two groups. Then,
the Microenvironment Cell Populations (MCCP)-counter and Cell-type Identification by Estimating Relative
Subsets of RNA Transcript (CIBERSORT) algorithms were applied to evaluate the immune infiltration in
tumor microenvironment (TME) between them. Finally, we performed the association analysis within single
nucleotide polymorphism (SNP) data and obtained some meaningful SNPs and candidate genes for further
transcriptomic analysis.

Results: We identified a total of 13 cancer-related genes including GATA3, FOXA1, CCNDI, and TTK
between POC (n1=96) and OCSTBC (n=44) groups with DEGs analysis. Integrated analysis revealed more
significant immune-enriched pathways in the POC than in the OCSTBC group. Most immune cells had
higher infiltration abundance in POC, except M2 macrophages, which was higher in OCSTBC. In SNP
analysis, four SNP regions (8q12.1, 11q21, 11q24.3, and 17q25.3) were found to be significantly correlated
with phenotypes (POC/OCSTBC), and importantly, some new susceptibility genes such as ETSI, CWCI5,
and XKR4 were revealed to potentially be associated with distinction between POC and OCSTBC.
Conclusions: Our study provides a systematic molecular characteristic between POC and OCSTBC and

suggests a pressing need to develop some specific therapeutic strategies in certain types of ovarian cancer.
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Introduction
Background

Ovarian cancer is the most dangerous type of cancer
among gynecological tumors (1-4). Some 70% of ovarian
cancer patients have already reached an advanced stage
by diagnosis. The 5-year survival rate of ovarian cancer is
about 30% (5). Metastatic ovarian cancer is a malignant
tumor that spreads from a primary tumor outside the ovary
to the ovary (3,6,7). According to statistics, metastatic
ovarian tumors account for about 8% of ovarian tumor
surgeries (8). The mammary gland and gastrointestinal tract
are the most common primary sites of secondary ovarian
disease (6,9-14). Ovarian tumors that metastasize from the
breast to the ovary account for 3-38% of all ovarian tumors
(9,10). Patients with a history of breast cancer are 3-7 times
more likely to develop primary than secondary ovarian
cancers (9,10). Multiple studies have shown that ovarian
cancer that spreads from the breast to the ovary is usually
asymptomatic in its early stages and is not diagnosed until
the tumor has grown to a certain size (8-10,15-17). This
tumor usually presents as a bilateral, solid, and small ovarian
mass (8-10,15-17).

Highlight box

Key findings

®  Our study provides a systematic molecular characteristic between
primary ovarian cancer (POC) and ovarian cancer secondary to
breast cancer (OCSTBC).

What is known and what is new?

® According to clinical and histological studies, OCSTBC mimics
the characteristics of POC, but the treatment and prognosis of the
two are different. Therefore, it is crucial to distinguish OCSTBC
from POC.

®  Our results provided some complementary information to enhance
understanding of ovarian cancer with different clinical stages and
a panoramic view of the altered cancer genome and signaling

pathways between POC and OCSTBC groups.

What is the implication, and what should change now?

e With a clearer molecular distinction between POC and OCSTBC,
healthcare providers can tailor treatments more precisely based
on the specific type of cancer, potentially improving outcomes for
patients.

* Changes should be made in diagnostic protocols to include
molecular profiling as part of the standard workup for ovarian
cancer. The development of targeted therapies or adjustments
to existing treatment regimens should be made based on the

molecular characteristics identified.

© AME Publishing Company.
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Rationale and knowledge gap

According to clinical and histological studies, ovarian
cancer secondary to breast cancer (OCSTBC) mimics the
characteristics of primary ovarian cancer (POC) (9,18-23).
As a result, it is difficult to distinguish between these two
diseases; however, the treatment and prognosis of the two
groups of tumors are different. Secondary ovarian cancer
has a poor prognosis, with a survival of 9-30 months.
Patients with POC have a longer survival, with a median
progression-free survival of 20-40 months (9,15,24).
Therefore, it is crucial to distinguish OCSTBC from POC.

Objective

Our research aimed to discover the molecular characteristics
for distinguishing between POC and OCSTBC through
computational medical analysis. We present this article in
accordance with the STREGA reporting checklist (available
at https://tcr.amegroups.com/article/view/10.21037/tcr-24-
1441/rc).

Methods
Data source

The clinical and genomic data of ovarian cancer patients
(GSE20565) (25) was downloaded from Gene Expression
Omnibus (GEO, https://www.ncbi.nlm.nih.gov/geo)
database. We extracted the transcriptome data of 44 patients
with OCSTBC and 96 patients with POC, as well as the
single nucleotide polymorphism (SNP) data of 15 patients
with secondary ovarian cancer and POC. The detailed
clinical information of patients enrolled in this study are
presented in Table S1. The entire analysis flow is displayed
in Figure 1. The study was conducted in accordance with
the Declaration of Helsinki (as revised in 2013).

Identification of differentially expressed genes (DEGs) and
enriched signaling pathways

Before differential analysis, we extracted a list of tumor-
specific genes. The list was generated based on the DEGs of
GSE38666 (26) and the gene expression profile of normal
ovaries in the Human Protein Atlas (HPA, https://www.
proteinatlas.org/) (Figure S1).

The “limma” (27) R package was used to screen DEGs
between POC and OCSTBC. A cut-off of gene expression
fold change of >2 or <-2 and false discovery rate (FDR)
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GSE20565: POC vs. OCSTBC
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Figure 1 The flow chart of this study. POC, primary ovarian cancer; OCSTBC, ovarian cancer secondary to breast cancer; DEGs,

differentially expressed genes; LD, linkage disequilibrium; SNP, single nucleotide polymorphism; FC, fold change.

q-value of <0.05 was applied to obtain the most significant
DEGs, which were enriched into pathways according to
the Molecular Signatures Database (MSigDB, https://www.
gsea-msigdb.org/gsea/msigdb) (28). Signaling pathways
with FDR P<0.05 were considered statistically significant.

Immune infiltration analysis of transcriptome data

Microenvironment Cell Populations (MCP)-counter (29)
and Cell-type Identification by Estimating Relative Subsets
of RNA Transcript (CIBERSORT) (30) R packages were
applied to perform immune infiltration analysis on the
original expression data of the transcriptome. MCP-
counter was used to compute the absolute abundance
scores for 10 cell types, and the CIBERSORT algorithm
was used to estimate the relative cellular fraction of 22
immune cell types. The immune profiles were performed
with a hierarchical clustering and compared between POC

© AME Publishing Company.

and OCSTBC.

Association analysis with SNP data

A total of 58,391 SNP sites were enrolled into the SNP data
from 15 patients including POC (n=6) and OCSTBC (n=9).
The SNPs with a deletion rate greater than 10% were
filtered out, and we deleted the SNPs with minor allele
frequency (MAF) and SNPs that deviated from Hardy-
Weinberg equilibrium (HWE). Finally, we performed
further study with the remaining 38,677 SNPs.

We performed association analysis in “Plink”
software (31). These 15 samples were divided into POC
(n=6, Control) and OCSTBC (n=9, Case) groups. After
the quality control process, “Plink” was used to carry out
the Fisher’s exact test of alleles, and the R software package
“qqman” (32) was used to visualize the results as Manhattan
plots. Then, the software “Plink” was used to calculate the r’
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matrix between the 200 kb upstream and downstream SNPs
of the candidate SNP, and the R package “LDheatmap” (33)
was used to visualize the r’ matrix in the haploid block. We
used “LocusZoom” (34) tool to show the 200 kb genomic
region upstream and downstream of the candidate SNP in
detail.

Correlation analysis

"To explore the relationship among the key genes, pathways,
and immune cells, we used the log, standardized gene
expression matrix as an input data to perform gene set
variation analysis (GSVA) (35). Then, we calculated the
Pearson correlation coefficients between pathways and
immune cells based on a score matrix within 140 samples
in 56 pathways. Meanwhile, we conducted a similar process
between key genes and immune cells with differences in
infiltration. The tool Cytoscape (36) was used to visualize
the network diagram.

Statistical analysis

In addition to the methods listed above, all the other
statistical analyses were performed in R statistical
environment. Statistical significance of differences was
produced by #-test when comparing continuous variables,
Fisher’s exact test when comparing frequencies, and limma
when comparing genomic differences. All P values were
derived from two-tailed tests. Benjamini-Hochberg method
was applied to control the FDR and correct P value for
multiple testing. The statistical significance of an FDR
adjusted P value (or q-value) was defined as 0.05.

Results

Identify DEGs and significant enrichment pathways
between POC and OCSTBC

To investigate the genomic differences between the POC
and OCSTBC groups, we detected a total of 6,191 ovarian
tumor-specific genes in all samples (n=140) enrolled into
this study, of which 575 DEGs were identified between
POC and OCSTBC (Table S2). As a result, we discovered
that some of the functionally well characterized genes
associated with metastasis exhibited significantly variable
abundance in OCSTBC, such as GATA3, FOXAI,
MYB, CCNDI, and SOX9. Meanwhile TTK, FOXA2,
BIRC3, IL32, MET, CDKN2A, CXCR4, and MYCL were

© AME Publishing Company.
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shown to be significantly enriched in the primary group
(Figure 2A-2C, Figure S2). Especially, the DEGs
distribution was balanced between OCSTBC and POC
except for GATA3 [P<0.001, log, fold change (log,FC)
=7.980] and FOXA1 (P<0.001, log,FC =7.130) with notable
significance (Figure 2A4).

To further understand the molecular function of
these highly abundant genes, we performed pathway
enrichment analysis to explore dysregulated molecular
processes informed by the genomics data. A total of 45
upregulated Hallmark and Kyoto Encyclopedia of Genes
and Genomes (KEGG) pathways were identified which
were predominantly composed of cell cycle and oncogenic
signaling (Figure 2D) in the POC group, such as E2F
targets, G2M checkpoint, and KRAS signaling upregulation.
However, a total of 12 significant Reactome and Hallmark
pathways correlated with cancer invasion and metastasis
(37,38) were discovered to be enriched in OCSTBC group,
including interleukin 7 signaling, estrogen-dependent gene
expression, nuclear receptors signaling, and ESR-mediated
signaling (Figure 2E). Especially, CCNDI1, CXCR4, and
CDKN2A were enriched in more pathways with high
expression value (Figure 2F).

Deconvolution of the cellular composition of tumor samples
revealed immune-associated tumor microenvironment

(TME) between POC and OCSTBC

To investigate the TME including cytokine, growth
factors, and cellular components that promote tumor
development, we performed immune infiltration analysis
with two deconvolution approaches—MCP-counter (29) to
compute absolute abundance scores of 10 immune-related
cell types (Figure 34,3B, Figure S3), and CIBERSORT (30)
to evaluate the relative cellular fraction for 22 immune
cell types (Figure 3C,3D). Supervised clustering of the
abundance scores of the biomarkers for each cell type
classified these samples into two subgroups, and the
expression profiles from both clusters presented significantly
distinct signatures (Figure 3B).

Further, we discovered that the abundance scores
stemming from MCP-counter displayed abundance of T
cells, CD8" T cells, cytotoxic lymphocytes, neutrophils,
B lineage, monocytic lineage, and myeloid dendritic cells
were significantly lower in the OCSTBC group, but
significantly higher for endothelial cells and fibroblasts
(Figure 3A). Interestingly, some biomarkers of neutrophils
such as MEGFY, STEAP4, TECPR2, and TLE3 were
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Figure 2 Differential genes and pathways. (A) Volcano plot showing differential analysis of gene expression between POC (blue dots) and
OCSTBC (red dots). (B) Venn diagram showing the quantitative relationship of 6,191 genes after differential analysis. (C) Expression of 575
differential genes in POC samples (blue group) and OCSTBC samples (red group). (D,E) Pathway enrichment of two groups of differential
genes. (F) Heatmap showing relationships between key genes and pathways. The color represents the mean expression of the gene in all

samples. POC, primary ovarian cancer; OCSTBC, ovarian cancer secondary to breast cancer; FDR, false discovery rate.
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counter) infiltration between the two groups. (B) Expression of key genes of immune cells (MCP-counter) in POC and OCSTBC samples.

(C) Boxplot shows the difference in immune cell (CIBERSORT) infiltration between the two groups. (D) Stacked histogram representing

the proportion of cells with differential immune infiltration (CIBERSORT). The abscissa is the sample, and the ordinate is the proportion.

MCP, Microenvironment Cell Populations; POC, primary ovarian cancer; OCSTBC, ovarian cancer secondary to breast cancer;
CIBERSORT, Cell-type Identification by Estimating Relative Subsets of RNA Transcript.

significantly lower in the POC group (Figure 3B). The
association analysis combined with previous studies
found that 7LE3 benefited from taxane chemotherapy in
ovarian cancer (39) and served as an effective indicator for
predicting the efficacy of eribulin chemotherapy in triple-
negative breast cancer (40), and might have served as a
new therapeutic target for OCSTBC. Among 22 inferred
immune cell types from CIBERSORT, the cellular fractions
of macrophages M2, mast cells resting, mast cells activated,
neutrophils, dendritic cells activated, and macrophages M1
varied significantly across the subgroups (Figure 3C,3D),
especially for the macrophages M2. A higher fraction of
macrophages M2 is correlated with a more aggressive tumor
characteristic, reflected by tumor invasion, progression,
and metastasis (41,42). In agreement with this, M2
infiltration was obviously associated with large tumor size

© AME Publishing Company.

and angiogenesis in breast cancer (43). Also, macrophages
M2 could induce chemoresistance by secreting growth
factors (44) and lead to therapy failure and poor prognosis
in patients. Through comprehensive analysis, it can be
concluded that tumor cells might have reconstructed
the immune-related TME to facilitate ovarian cancer
progression.

Insights into interactions between signaling pathways/
driver genes and immune cells in TME

A third frontier involves interactions between signaling
pathways/driver genes and immune cells in TME including
cancer cells, stromal cells, and the immune infiltrate. To
reveal key dysregulated signaling pathways occurring in
each immune cell, we calculated the correlation score
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between 56 signaling pathways and 9 immune cells for
which an oncogenic process was associated with a certain
subgroup. With few exceptions (e.g., purine metabolism),
general cancer-related processes, such as immune response,
oncogenic signaling, cell cycle, DNA repair, metabolic
reprogramming, hypoxia, and angiogenesis, were frequently
dysregulated between POC and OCSTBC groups.
Especially for the POC subgroup, these cancer-related
processes were significantly positively correlated with
seven major immune cells (P<0.05, Figure 44). However,
these dysregulated pathways were significantly positively
correlated with endothelial cells and fibroblasts in both
POC and OCSTBC subgroups (Figure 4A).

Further, we also observed that these driver genes
including of CCND1, FOXA1, GATA3, MYB, and SOX9
were significantly negatively correlated with those nine
immune cells from MCP-counter, whereas the other
driver genes were markedly positively associated with
them, such as BIRC3, IL32, MET, CDKN2A, CXCR4,
and so on (P<0.05, Figure 4B). Interestingly, the three
driver genes (MYB, GATA3, and FOXAI) were positively
correlated with macrophages M2 and mast cells resting
in the OCSTBC group, and meanwhile, BIRC3 and IL32
were positively correlated with the other four immune cells
(neutrophils, dendritic cells activated, mast cells activated,
and macrophages M1) in CIBERSORT analysis (Figure 4C).
Obviously, T cells were strongly positively correlated with
BIRC3 and IL32 (P<0.05, r>0.5) but a strongly negatively
associated with FOXAI and GATA3 (P<0.05, r<-0.5),
which suggested that these T cells might be converted to
regulatory T cells that promote tumor immune escape in
target tissues (45,46). Together, these data revealed the
significantly different correlation between immune cells and
functional signaling pathways/driver genes in OCSTBC
patients compared with POC cases.

Association analysis identifies multiple susceptibility loci
associated with breast metastasis in ovarian cancer

To identify some new risk factors associated with breast
metastases in ovarian cancer, we performed an association
study by genotyping 58,391 SNPs in 15 patients with
ovarian cancer including of POC (n=6) and OCSTBC (n=9)
cases. As a result, a total of 30 SNPs were discovered to
be associated with the phenotype (POC/OCSTBC) with
a significance threshold of 0.001 (Table S3). Then, we
identified six susceptibility loci on chromosomes 5q14.1,
2q32.3, 11q21, 8q12.1, 17q25.3, and 11q24.3 (P<0.001);

© AME Publishing Company.
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among of them, four new susceptibility loci were located in
XKR4, CWCI5, PGSI, and ETSI, and two low-frequency
variants rs7107185 and rs4128561 had relatively high effect
size [odds ratio (OR) >28, Figure 5A].

To investigate whether the association with the
phenotype (POC/OCSTBC) at each of the four
susceptibilities loci above could be completely explained
by the index SNP, we performed an imputation analysis
for the four regions identified. All these imputed SNPs
were subjected to linkage disequilibrium (LD) analysis with
genotyping-identified rs7107185, rs4302823, rs4129767,
and rs4128561, respectively (Figure 5B). Finally, we
uncovered that rs7107185 in intron 5 of CWCI15 [OR =33,
95% confidence interval (CI): 4.659-233.764, P<0.001]
with high LD (1’=0.99) was adjacent to rs10501819 in
KDM4D. In addition, rs10501819 remained significant
genome-wide (Figure S4), indicating that rs7107185 may
be an independent susceptibility marker. Similarly, our
association analysis identified another three SNPs mapping
to the regions of chromosomes 8q12.1, 17q25.3, and
11q24.3 (Figure 5B). All of them displayed that these SNPs
were significantly associated with the phenotype (POC/
OCSTBC), which highlighted the involvement of multiple
genetic loci in the development of breast-to-ovarian
metastasis (Figure 5B).

Potential cancer-related genes and dysregulated molecular
pathways of ovarian cancer

We further explored transcriptome differences between
POC and OCSTBC in 71 candidate genes (Figure S5).
We identified that eight candidate genes (PGSI, BIRCS,
SOCS3, CWC15, SRSF8, ENDOD1, XKR4, and ETSI) were
significantly upregulated in the POC group compared with
the OCSTBC group (Figure 64), which were negatively
correlated with the five key genes (CCNDI1, FOXAI,
GATA3, MYB, and SOXY) in the OCSTBC group but
positively associated with the other eight key genes (BIRC3,
1132, MET, CDKN2A, CXCR4, FOXA2, MYCL, and TTK)
in the POC group (Figure 6B). Then, we carried out the
pathway enrichment analysis to investigate the dysregulated
molecular processes informed by the genomic data. A total
of 42 upregulated Hallmark and KEGG pathways were
identified which were predominantly composed of cancer
immune, apoptosis, oncogenic signaling, metabolism
and cell cycle, and DNA repair signaling pathways
(Figure 6C). These data suggested that the protein data
provided complementary information to yield an improved
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understanding of biological processes involved in ovarian
cancer.

Discussion

Our study aimed to identify the differences in genomics
and transcriptome among ovarian cancer patients between
POC and OCSTBC groups. Our results provided some
complementary information to understand the ovarian
cancer with different clinical stages and a panoramic view of
the altered cancer genome and signaling pathways between
POC and OCSTBC groups.

A large number of significant genes associated with
tumor cell enrichment were identified between POC and
OCSTBC groups, as might be expected. Oncogenic and
cell cycle signaling pathways predominated in the POC
group, whereas cancer invasion and metastasis-related

pathways were enriched in the OCSTBC group. Thus,

© AME Publishing Company.

patients in the POC group were more representative
of genomic expression and pathway alterations with
occurrence of key genes including MET, BIRC3, TTK,
MYCL, and CDKN2A. However, the OCSTBC group with
higher expression of SOX9, FOXA1, GATA3, MYB, and
CCNDI may benefit from alternative therapies that take
advantage of predominance of metastasis-related tumor
cells. In this study, the expression of GATA3 and FOXAI
were significantly upregulated between the two groups,
which helps distinguish breast cancer metastasis (47). In
addition, a study of cohorts with both breast and ovarian
cancer discovered that all POCs were negative for GA1A3,
whereas all breast cancers that metastasized to the ovary
showed positive immunoreactivity (48). This phenomenon
and our experimental results simultaneously corroborate
the specificity of GATA3 for breast cancer cells. Thus, the
high sensitivity and specificity of GATA3 and FOXAI in
the breast may help us to distinguish OCSTBC patients in
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clinical practice.

In our exploration of the immune environment of POC
and OCSTBC, we found that most of the immune cells
with a high degree of infiltration in POC are protective
against ovarian cancer, such as CD3" T cells, CD8" T
cells, cytotoxic lymphocytes, myeloid dendritic cells, and
M1 macrophages. However, M2 macrophages showed a
different behavior from the other immune cells, which were
more enriched in OCSTBC. Tumor-associated macrophage
(TAM) is one of the major types of immune cells, and M2
polarization of TAM plays a positive role in regulating
tumor growth, migration, and angiogenesis by leading
to the production of growth factors and cytokines by
macrophages (49). Many studies in recent years have
demonstrated the interaction between tumors and
macrophages in the metastatic microenvironment. M2
macrophages promote metastasis of gastric and breast
cancer cells by secreting CHI3L (50). Hypoxic epithelial
ovarian cancer-derived exosome miR-940 promotes
proliferation and migration of epithelial ovarian cancer
through induction of macrophage M2 polarization (51).
MiR-934 induces M2 polarization in human macrophages
to promote liver metastasis from colorectal cancer (52).
Moreover, M2 infiltration has been significantly associated
with large tumor size and angiogenesis in breast cancer (43).
In conclusion, these data suggested that tumor cells might
have a reconstituted immune-related TME and M2
macrophages promote the metastasis of breast tumor cells
to the ovary.

After analyzing the SNP typing data, we mapped four
novel susceptibility loci associated with the POC/OCSTBC
phenotype: rs7107185, rs4128561, rs4302823, and
rs4129767. Among them, two variant sites, rs7107185 and
rs4128561, had relatively high effect sizes (OR >28). Most
of these two variant sites are T/T in OCSTBC, but C/C in
POC. Combining the transcriptome to study the functional
role of variant sites in regulating gene expression, it was
found that the expression of genes (XKR4, CWC15, PGSI,
ETSI) where these mutation sites were located was also
different in the transcriptome. Therefore, we believe that
these variant loci and genes have the discriminative power
of POC and OCSTBC.

However, such an approach may be biased because
of heterogeneity among tumor cells with respect to the
expression of particular markers. Our profiling did not
rely on a tumor cell selection process but rather on the
clinical classification which was informative with respect
to tumor cell enrichment and correlation with biological

© AME Publishing Company.
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characteristics. Another limitation of this study is that
the validation analysis should be further confirmed in
prospective cohorts. However, these discoveries should be
verified with bio-experimentation.

Conclusions

In this study, we determined new biomarkers to distinguish
POC and OCSTBC. Furthermore, we described the
panorama of POC and OCSTBC in the transcriptome,
immune-omics, and genomics, enriching the understanding
of the biological characteristics of the two types of ovarian
cancer.
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