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Abstract: The aim of the study was to evaluate the relationship between tumor mutational burden (TMB) and immune
infiltration in ovarian cancer. We extracted somatic mutational data and gene expression profiles of ovarian cancer
from The Cancer Genome Atlas (TCGA). The samples were separated into low and high TMB groups. Correlations
between TMB and cancer prognosis were analyzed and immune cell infiltration in the high and low TMB subgroups
was calculated using the CIBERSORT package software. High TMB was significantly related to an improved survival
rate. We identified 4 TMB-related core genes that were significantly associated with prognosis. Furthermore, muta-
tions in the 4 genes were associated with immune cell infiltration. We also found a high proportion of naive B cells
and activated NK cells in the high TMB group, while increased proportions of memory B cells and plasma cells were
found in the low TMB group. Overall, our study indicated that patients with a higher TMB level experienced a favor-
able survival outcome and this may influence immune infiltration in ovarian cancer. Furthermore, the 4 TMB-related

core genes were highly correlated with prognosis and the level of immune cell infiltration.

Keywords: Tumor mutation burden, immune infiltration, CIBERSORT, ovarian cancer, prognosis, TCGA

Introduction

Ovarian cancer is one of the top 10 most com-
mon cancers in females. Globally, about 239,
000 new cases are diagnosed and 152,000
patients die from this disease each year [1].
Due to the asymptomatic nature that is charac-
teristic of early stage ovarian cancer and the
lack of reliable cancer-specific screening bio-
markers, most ovarian cancers are diagnosed
at advanced stages [2]. Prognosis of ovarian
cancer is poor, while the 5-year survival of early
stage | cases is 70%, and the rate for late-stage
lll or IV cases is < 29% [3]. The therapeutic
schedule for ovarian cancer consists of surgery,
chemotherapy, radiotherapy, and targeted ther-
apy. However, current treatment options avail-
able for ovarian cancer have been unsuccess-
ful in achieving a long-term survival benefit [4].

Immunotherapy has been considered as a
promising therapeutic option, and immune
checkpoint inhibitor therapies play a vital role
in treating certain solid malignant tumors,
including lung and kidney cancer [5]. In early

2003, a study showed that the occurrence of
CD3* tumor-infiltrating lymphocytes was associ-
ated with higher overall survival of advanced
stage ovarian cancer patients [6]. Furthermore,
high expression levels of programmed death
ligand 1 (PD-L1) or programmed cell death 1
ligand 2 (PD-L2) have been proven to be signifi-
cantly related to worse overall survival in ovari-
an cancer [7]. The objective response rate is
relatively poor using single agent immunothera-
py in unselected ovarian cancer [8], while the
immune microenvironment of tumors might
influence the efficacy of immunotherapy. The-
refore, it is necessary to explore the biologic
mechanism behind immunotherapy responses.

Several studies have investigated the correla-
tion between tumor mutation burden (TMB) and
immunotherapy response [9, 10]. Mutations
can generate novel peptide sequences, which
may affect the immune response [11]. In re-
cent years, the development of bioinformatics
approaches, such as CIBERSORT, has allowed
researchers to investigate TMB and immune
infiltration using transcriptomic data obtained
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from various cancers. Wang et al. implied that
the prognosis of TMB and the association
between TMB and immune infiltration varies
between tumor types [12]. Nevertheless, only a
few studies have investigated the association
between TMB and immune infiltration in ovari-
an cancer. Therefore, we utilized bioinformatics
to analyze the prognostic role of TMB and to
explore the interaction between TMB and
immune infiltration in ovarian cancer.

Materials and methods
Data collection and processing

The Cancer Genome Atlas (TCGA) is an open-
access database that contains an abundance
of cancer-related data (https://cancergenome.
nih.gov/) [13]. Exome somatic mutational data
and raw mRNA data were acquired from the
TCGA database. Since raw single nucleotide
polymorphisms (SNP) data is not available to
the public, we acquired SNP-related data that
had already been processed. Thus, genes with
mutations were identified using SNP-related
data. Overall, data on 379 ovarian cancer sam-
ples was collected. Mutation Annotation Format
(MAF) files were analyzed using the VarScan
method and visualized using the Maftools soft-
ware package.

Evaluation of TMB and associations with prog-
nosis

TMB refers to the total number of somatic
genetic errors, base substitutions, gene inser-
tions, and deletion errors found among a mil-
lion bases. Using the Perl scripts established
through the JAVAS8 platform, mutation frequen-
cy was calculated using the amount of variants
and the size of the exons (38 million) in each
ovarian cancer sample. We further stratified
the ovarian cancer samples into either a low or
high TMB group based on the median TMB
value. Using Kaplan-Meier analysis, we as-
sessed the effect of low and high TMB on the
survival of patients. In addition, we used the
Kruskal-Wallis (K-W) test to further explore the
relationship between the level of TMB and
tumor stage.

Identification of DEGs and functional enrich-
ment analysis

Based on the level of TMB in the ovarian cancer
samples, we classified transcriptomic data into
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either a low or a high TMB subgroup. The LIMMA
software package was applied to screen for dif-
ferentially expressed genes (DEGs) between
both cohorts, with a p value of < 0.05 and a
|log fold change (FC)| of > 1. The pheatmap
software package was used to visualize differ-
ences. GeneMANIA is a flexible web platform
that contains a large set of functional associa-
tion data (http://www.genemania.org) [14]. The
DEGs were uploaded to GeneMANIA to obtain
the associated Gene Ontology (GO) terms and
pathways.

Core genes and immune cell infiltration

Kaplan-Meier analysis was conducted to iden-
tify core TMB-related genes that significantly
affected the prognosis of ovarian cancer. A P
value of < 0.05 was considered significant.

CIBERSORT is a widely used method to evalu-
ate diverse immune cell types in the cancer
microenvironment. This method de-convolutes
the expression matrix of immune cell subtypes
based on the principle of linear support vector
regression. It contains 547 biomarkers and dis-
tinguishes between 22 human hematopoietic
cell phenotypes, including T cells, B cells, plas-
ma cells, and myeloid cell subsets. RNA-seq
data obtained from ovarian cancer patients in
the low and high TMB groups were normalized
using the LIMMA software package. We applied
the CIBERSORT algorithm to analyze the RNA-
seq data and further estimated the proportion
of 22 tumor-infiltrating immune cells. The
results were consistent with those of a prior
report [15]. The violin software package was
used to visualize differentially infiltrated im-
mune cells between the two groups through the
Wilcoxon test.

Results

Landscape of mutation profiles in the ovarian
cancer samples

A total of 379 ovarian cancer samples were
obtained from TCGA database. Missense muta-
tion was the most frequent variant classifica-
tion (Figure 1A), while single nucleotide poly-
morphism (SNP) was the most frequent variant
(Figure 1B), and C > T was the most frequent
single nucleotide variant (SNV) (Figure 1C). The
top 10 frequently mutated genes were TP53
(90%), TTN (21%), TOP2A (6%), MUC16 (7%),
NF1 (6%), CSMD3 (6%), RYR2 (5%), HMCN1
(5%), USH2A (6%), and FAT3 (5%) (Figure 1F).

Int J Clin Exp Pathol 2020;13(10):2513-2523



TMB and immune infiltration in ovarian cancer

Variant Classification

Nonsense_Mutation I

A

Frame_shift_Del ||
Frame_Shift_Ins I
Splice_Site I
In_Frame_Del |
Translation_Start_Site
In_Frame_Ins

Nonstop_Mutation

)

T T T T 1
(=] (=] (=] o o (=]
(=1 o o j=1 (=]
(=1 o o (=3 o
wn o w [=1 wn
- - I ~
D Variants per sample

Median: 49.5
724

482

241

B  Variant Type C SNV Class
T>G I2’I19
SNP
T=A 2949
T>C .4168
INS
DEL
C>A .6285
T T T T T 1 I T T T 1
o 9o o o 9 9 o ] Q 0 o
5838 8 s s 3 8 ¢
E  variant Classification F Top 10
summary mutated genes

105

70 4

35

ey
TN [z
Tor2a %
mucie 7%

NF1 [lle%
csmp3 [e%

RYR2 [J5%
HMCN1 5%
usH2A [le%

FAT3 5%

L —

< ©
e © 2 =]
- o~ <

H

e e i e

Figure 1. Primary genetic alterations in ovarian cancer samples. A. Classification of genetic variations in ovarian
cancer. B. Types of genetic alteration in ovarian cancer. C. Classification of SNVs in ovarian cancer. D. Genetic al-
terations in each sample of ovarian cancer. E. Summary of genetic variant classification in ovarian cancer. F. Top 10
mutated genes in ovarian cancer. SNV, single nucleotide variants; TMB, tumor mutation burden.

TMB level is associated with survival prognosis
and tumor grade

The TMB score was calculated based on the
total number of mutational events in each sam-
ple. All ovarian cancer samples were divided
into low and high TMB subgroups based on the
median TMB score. Kaplan-Meier plots showed
that an elevated level of TMB led to an improved
survival rate (P = 0.033). Furthermore, elevated
TMB levels were related to advanced tumor
grades in ovarian cancer (P = 0.013), as shown
in Figure 2.

Functional enrichment and survival analysis of
the DEGs

Differential genetic analysis of the low and high
TMB groups were conducted using the LIMMA
software package, with a cut-off values of |log
FC| > 1 and P < 0.05. Overall, 150 DEGs were
identified. The results from the enrichment
analysis suggested that the DEGs were sub-
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stantially enriched in the GO terms neutrophil
degranulation, cellular protein catabolic pro-
cess, oxidoreductase activity, and targeting of
CH-OH group of donors, as shown in Figure 3.
Furthermore, 4 core TMB-related genes that
were significantly correlated with prognosis
were identified. The increased expression of
aldehyde dehydrogenase 1 family member A2
(ALDH1A2), dual oxidase maturation factor 2
(DUOXA2) and polypeptide N-acetylgalactosa-
minyltransferase 9 (GALNT9) were associated
with a worse survival rate, while a higher expres-
sion level of immunoglobulin lambda like poly-
peptide 1 (IGLL1) was associated with a better
survival rate in ovarian cancer patients (Figure
4).

Distribution of immune cells

By applying the CIBERSORT algorithm, we esti-
mated the differential variation of immune cell
infiltration in the low and high TMB groups of
ovarian cancer. The bar plot and heat map
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Figure 2. Association between TMB and prognosis, as well as the tumor grade of ovarian cancer patients. A. High
TMB expression was correlated with favorable survival outcomes. B. High TMB expression was associated with ad-

vanced tumor grade. TMB, tumor mutation burden.

showed that 22 immune cell subtypes infiltrat-
ed both groups (Figure S1). The correlation
matrix showed that T regulatory (Tregs) and
CD8 + T cells showed the strongest associa-
tion (Pearson correlation = 0.48), while macro-
phages MO and CD8+ T cells displayed the
strongest negative association (Pearson corre-
lation = -0.50) (Eigure S2). Wilcoxon rank-sum
test indicated that naive B cell (P = 0.017) and
activated NK cell (P = 0.001) levels were elevat-
ed in the high TMB group. Contrastingly, the
infiltration levels of memory B cells (P = 0.054)
and plasma cells (P = 0.046) were lower in the
high TMB group. Additionally, high expression
levels of GALNT9, DUOXA2, and ALDH1A2 were
negatively correlated with Memory B cell infil-
tration, while high expression levels of IGLL1,
DUOXA2, and ALDH1A2 were positively corre-
lated with naive B cell infiltration, as shown in
Figure 5.

Discussion

Over the last decade, the occurrence of ovarian
cancer has increased by 30% and mortality has
increased by 18% in China [16]. A family history
of breast or ovarian cancer is the most predict-
able risk factor for the development of ovarian
cancer, as approximately 25% of all ovarian
cancer patients have been found to show a
heritable genetic risk [17]. Therefore, elucidat-
ing the mechanism by which genetic alterations
in ovarian cancer may contribute to individual
diagnostic and therapeutic strategies has
important clinical implications for their family
members [18].
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In this study, we found that the mutational fre-
quency of the TP53 gene was high, which is
similar to that of prior reports. Ross et al.
showed that a mutation of the TP53 gene
occurred in 79% of cases with ovarian cancer,
with a higher frequency in papillary serous car-
cinoma, compared with that of non-papillary
serous tumors (83% vs. 50%) [19]. Zhang et al.
also found that the most common genomic
alteration in ovarian cancer patients was of the
TP53 gene [20].

Recently, tumor immunotherapy has gained
much attention. Compared with conventional
tumor treatment, immunotherapy can eliminate
tumor cells by improving the immune function
of the human body [21]. Nevertheless, only a
small number of patients are able to take
advantage of immunotherapy and even fewer
patients achieve a favorable response [22]. It
has been reported that TMB can be used to
predict cancer behavior and immunotherapy
response in several tumors [23]. However, it
remains unknown whether TMB levels can influ-
ence survival outcomes and immune infiltration
in ovarian cancer.

In this analysis, higher TMB levels were found
to be associated with an advanced tumor grade
and better survival rate. Wang et al. found
that TMB levels were substantially higher in
advanced stage gynecological cancers [24].
Birkbak et al. showed that ovarian cancer
patients with a high mutational burden showed
better postoperative chemotherapy outcomes
andincreasedoverallsurvival[25]. Furthermore,
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Figure 3. Comparison of the gene expression profiles between the low and high TMB group. A. Using cut-off values of |log FC| > 1 and P < 0.05, a total of 150 DEGs
were identified. The Heatmap depicts the expression of the DEGs in the two groups. Each column indicates the expression level of a specific DEG, while each row
indicates a sample. B, C. Functional enrichment analysis of the 150 DEGs using the Genemania platform. The top 20 GO terms and pathways are shown. DEGs,

differentially expressed genes; TMB, tumor mutation burden; GO, Gene Ontology.
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Figure 4. Survival curves of the 4 core TMB-related genes. A-D. ALDH1A2, DUOXA2, and GALNT9 were negatively associated with survival rate, while IGLL1 was
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Figure 5. TMB level and gene expression were correlated with
Differentially infiltrated immune cells between the low and h

the infiltration of immune cells in ovarian cancer. A.
igh TMB groups. B. Differentially infiltrated immune

cells among the 4 core TMB-related DEGs. DEGs, differentially expressed genes; TMB, tumor mutation burden.

high TMB patients could acquire a favorable
prognosis in cutaneous melanoma [26]. Tumor
mutations are consider to be a vital process in
the development of anti-cancer immunity, and
it is well demonstrated that heavily mutated
tumors harbor more neoantigens, which allow
them to become a target of stimulated immune
cells [10].

The TMB-related DEGs were found to be
enriched in several GO terms including neutro-
phil degranulation, chemotaxis, and leukotri-
ene metabolic process. Neutrophil degranula-
tion can lead to differential cell-surface protein
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expression and changes in cell function. A
study showed that neutrophil degranulation
may be involved in cancer advancement and
metastasis. Therefore, neutrophils may be tar-
geted by anti-cancer therapy [27]. Chemotaxis
can cause the upregulation of EMT markers
and matrix metalloproteinases, which are asso-
ciated with the development of ovarian cancer
[28]. Leukotriene B4 receptor-2 contributed to
ovarian cancer invasion and metastasis by acti-
vating STAT3 and elevating MMP2 [29].

Additionally, the 4 core DEGs were significantly
correlated with prognosis and immune cell infil-

Int J Clin Exp Pathol 2020;13(10):2513-2523
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tration. ALDH1A2, DUOXA2 and GALNT9 were
negatively associated with survival rate, while
IGLL1 was positively associated with survival
rate. ALDH1A2, DUOXA2 and GALNT9 were
negatively associated with memory B cells infil-
tration, while ALDH1A2, DUOXA2, and IGLL1
were positively associated with naive B cell
infiltration. ALDH1A2 is a widespread marker of
stem cells that converts retinaldehyde into reti-
noic acid. A high expression level of ALDH1A2
results in a poor survival outcome in liver can-
cer and ovarian cancer [30-32], while in pros-
tate cancer and head and neck squamous cell
carcinoma, low ALDH1A2 expression leads to
an unfavorable survival outcome prognosis
[33, 34]. DUOXA2 is a type of ROS-generating
enzyme that is involved in the development of
cancer, which regulates mucin, reactive ox-
ygen species (ROS) and IL-8 expression [35].
Previous studies have shown that GALNT9 is
overexpressed in ovarian cancer. IGLL1 belongs
to the immunoglobulin gene superfamily [36,
37]. Moreover, IGLL1 is considered to be asso-
ciated with B cell-mediated immunodeficiency,
and mutation of IGLL1 can lead to B cell defi-
ciency, with few antibodies being generated
[38].

On the other hand, high TMB levels were signifi-
cantly correlated with a higher fraction of naive
B cells and activated NK cells. In the low TMB
subgroup, the proportion of memory B cells and
plasma cells were elevated. Many cancers are
characterized by immune cell infiltration [39].
Other studies have also found that TMB levels
have an impact on immune cell infiltration sig-
natures of bladder cancer and clear cell renal
cell carcinoma [40, 41]. These findings reveal
that TMB may affect the tumor microenviron-
ment and that TMB-associated genes may lead
to variations in the tumor microenvironment.

Both memory B cell and naive B cell infiltration
have been linked with the expressions of the
core DEGs and TMB level in our study. Previous
studies have demonstrated that the infiltration
of B cells plays an important role in tumor
immunotherapy [42-44]. A report by Beth et al.
investigated the response rate of melanoma
patients who received immune checkpoint
blockade treatment, and the results of single
cell sequencing and flow cytometry analysis
showed that the proportions of memory B cells
in the tumors of responders were significantly
higher than non-responders [42]. For patients
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with solid malignancies who have received che-
motherapy, the proportion of memory B cells
was significantly decreased after chemothera-
py [45]. In the study by Wei et al. naive B cells
were observed to suppress the antitumor ad-
aptive immune response in ovarian cancer
patients [46]. Ren et al. proposed that naive B
cells could be considered as a readily availa-
ble and effective source of antigen-presenting
cells in clinical research on tumor immunother-
apy [47]. Taken together, the expression of the
4 core TMB-related genes and TMB level may
affect immune cell infiltrates and ultimately
affect the prognosis of ovarian cancer patients.

To date, this is the first study to comprehensive-
ly investigate the interaction between TMB and
immune infiltration in ovarian cancer. However,
there are some limitations in this study. First,
the data were obtained from a single databa-
se, rather than multiple databases. Therefore,
these findings require verification through
large-scale clinical studies and basic experi-
ments. Despite the limitations in the study, our
results can still provide a reasonable basis for
further studies of immunity in ovarian cancer
and can be expanded to study other types of
cancer. Finally, we identified several core
genes, which could provide new clues for the
further study of ovarian cancer.

In summary, high TMB was correlated with a
promising prognosis in ovarian cancer, and sev-
eral TMB-related genes, which might affect the
immune cell infiltration, were identified. This
study indicated that a deeper understanding of
interactions among TMB and immune cells in
ovarian cancer would be useful to further inves-
tigate the role of TMB in ovarian cancer.
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Figure S2. Correlation among the 22 specific immune cell percentages in ovarian cancer. Blue represents negative
correlation, while red represents positive correlation.



