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VALIDATION OF PROSTATE CANCER

MOLECULAR SUBTYPING APPROACH, BASED

ON THE CLUSTER ANALYSIS OF CANCER CELL AND TUMOR
MICROENVIRONMENT GENE EXPRESSION PATTERNS

Aim. To verify the previously studied gene sets associated with cancer, tumor microenvironment, and lipid metabolism
to identify molecular subtypes of prostate cancer by analyzing the prostate cancer gene expression data from the TCGA
database. Methods. Analysis of TCGA RNA-sequencing based gene expression data of 490 prostate cancer samples of
55 previously studied genes. Statistical and K-means clustering methods were used for molecular subtyping of prostate
cancer samples. Results. Cluster analysis revealed two and three potentially significant clusters of prostate cancer
samples based on the expression levels of three gene groups which is 27 cancer-associated genes, 23 tumor microenvi-
ronment related genes and 5 lipid metabolism genes. Among three clusters, the first one has the most aggressive pros-
tate cancer samples and has elevated levels of mesenchymal markers and high levels of inflammation markers and tumor
microenvironment elements. The second and third clusters of prostate cancer samples showed signs of presumably lu-
minal and basal subtypes with lower levels of inflammation markers. The highest level of correlation in the distribution
of samples across clusters was found for cancer-associated and tumor microenvironment-related gene groups. Conclu-
sions. The results revealed correlations and a high degree of dispersion in the expression of the studied genes, which
made it possible to identify several molecular clusters. A more detailed statistical analysis is needed to determine clini-
caly relevant molecular subtypes and to establish the most significant expression markers in biological modules of the
studied genes for the diagnosis, prognosis, and effective treatment of prostate cancer.
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Prostate cancer molecular subtyping approach

Introduction

The assessment of the expression pattern of tumor-
associated genes plays an important role in the treat-
ment of patients with prostate cancer, in particular,
in the diagnosis of various tumors, predicting the
course of the disease, assessing tumor aggressive-
ness, predicting patient survival, the risk of disease
recurrence, predicting resistance to therapy, efc. [1,
2]. These fundamental and clinical tasks are relevant
to prostate cancer, which is one of the most common
types of cancer among men worldwide [3].

Currently, a significant number of studies were
aimed at prostate tumors molecular characterizing
and subtyping at the genetic, epigenetic, and tran-
scriptomic levels using modern technologies such
as microchips and next-generation sequencing [4,
5]. This revealed several different molecular clas-
sifications of prostate cancer based on the genomic
and transcriptomic characteristics of prostate can-
cer cells [6, 7].

The current findings indicate that carcinogenesis
is influenced by the molecular properties of tumor
cells as well as the characteristics of normal epithe-
lial, stromal, and immune cells of the host. These
characteristics are reflected in the specific compo-
sition of the tumor microenvironment and the state
of the immune system [8, 9, 10]. Our hypothesis for
analyzing gene expression and the tumor transcrip-
tome is to identify genes that are specifically ex-
pressed in different types of tumor cells (marker
genes) and cancer metabolic pathways.

We previously conducted a relative expression
study of more than 60 genes/transcripts using
qPCR. The gene groups included genes associated
with epithelial-mesenchymal transition, genes as-
sociated with prostate cancer, markers of fibro-
blasts and tumor-associated fibroblasts, markers of
lymphocytes and inflammation, markers of mac-
rophages and tumor-associated macrophages, and
lipid metabolism genes for molecular profiling of
prostate cancer samples and the identification of
some molecular clusters [11—15]. The objective of
this study is to validate the obtained data on a lar-
ger group of prostate cancer samples.
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Materials and Methods
RNA-Seq data analysis

Normalized gene expression levels (NGE) of 490
prostate cancer samples and 52 paired conventionally
normal tissues were brought from TCGA data for
which RNA-Seq data were available for representa-
tive Prostate adenocarcinomas (TCGA-PRAD) sam-
ple set. https://portal.gdc.cancer.gov/ and https://
www.cell.com/cell/fulltext/S0092-8674 (15)01339-2.
The sample was selected randomly to reflect elements
of the general population. The data were processed
with a modified version of CrossHub (https://source-
forge.net/projects/crosshub/), a tool for the multi-
way analysis of TCGA transcriptomic and genomic
data. Read counts data were downloaded from the
TCGA data portal (https://portal.gdc.cancer.gov/)
and normalized using the TMM method and then
recalculated for 1 million library size.

Statistical analysis

The Kolmogorov-Smirnov test was used to analyze
the normality of distribution. Descriptive statistics
methods were used to calculate group statistical
parameters. To identify correlations between the
expression of the studied genes, the Spearman rank
correlation test was used. Numiqo statistics calcu-
lator were used to generate the Elbow plot for ini-
tial identification of cluster numbers (https://numi-
qo.com/statistics-calculator/cluster). The K-Mean
clustering was applied for prostate cancer subtyp-
ing and statistical analysis were performed by
STASISTICA 10 as describe earlier [13, 14]. The
Benjamini-Hochberg procedure with false disco-
very rate (FDR) 0.10—0.25 was used when multi-
ple comparisons were performed [16]. A differen-
ce with p < 0.05 was considered significant.

Results and Discussion

Our previous studies of the relative expression of
more than 60 gene transcripts in tumors, condition-
ally normal tissues, and prostate adenomas were
performed using quantitative PCR [11—15]. In this
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Fig. 1. Expression patterns of cancer-associated genes in three clusters of prostate cancer samples: I — AR; 2 — PSA;
3 — PCA3;4 — NKX3-1; 5 — KRT18; 6 — CDH1; 7 — PTEN; 8 — GCR; 9 — ESRI; 10 — ESR2; 11 — VIM; 12 — FN1,;
13 — OCLN; 14 —PRLR; 15 — XIAP; 16 — MKI67; 17 — MMP9; 18 — MMP2; 19 — PRL; 20 — HOTAIR; 21 — IGFIR;
22 — INSR; 23 — CASP3; 24 — VDR; 25 — TMPRSS2; 26 — ERG; 27 — CDH2

study, normalized gene expressions of 55 genes were
utilized, as some transcripts were absent in TCGA-
PRAD database, including some non-coding RNAs
and the TMPRSS2-ERG fusion transcript. Instead,
the normalized expression le vels of two genes,
TMPRSS2 and ERG, were analyzed. The studied
genes were divided into three big groups: tumor-
associated genes, tumor microenvironment-related
genes, and lipid metabolism genes.

As demonstrated by the analysis of descriptive
statistics of 490 prostate cancer samples, most genes
exhibited high level of dispersion in prostate tu-
mors. These findings are consistent with those from
our previous studies. An assessment of Spearman's
correlation coefficients between normalized gene
expression levels in TCGA-PRAD samples, adjus-
ted for multiple comparisons using FDR, revealed a
number of significant correlations between the ex-
pressions of the studied genes with p < 0.001 and
q<0.001. Specifically, the strongest positive correla-
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tions were identified between the expressions of the
VIM-MMP2 (v = 0.811), MMP2-S100A4 (r* =
= 0.681), CD68-CD163 (r* = 0.780), CD163-IL2RA
(r*=0.783), CCR4-IL2RA (r* = 0.694), and CCL22-
CTLA4 (r* = 0.688). This supports the feasibility of
further analysis at the level of individual genes and
as a set of functional modules reflecting the tumor-
epithelial, stromal-immune, and metabolic compo-
nents of TCGA-PRAD samples.

The analysis conducted to select the optimal
number of clusters using the Elbow plot demon-
strated a distortion point at two clusters and minor
changes as the number increased for all three gene
groups. We performed K-Means clustering of
490 prostate cancer samples for two clusters and
found no significant difference in expression for
one-third of the genes in each group. The subse-
quent decision was made to implement clustering
for three distinct clusters, aligning with the app-
roach employed in prior studies.
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Fig. 2. Expression patterns of tumor microenvironment genes in three clusters of prostate cancer samples: I — ACTA2;
2— CXCL12;3 — CXCL14; 4 — CTGF; 5 — FAP; 6 — HIF1A; 7 — THY1; 8 — S100A4; 9 — CD68; 10 — CD163; 11 —
CCR4; 12— CCL17; 13 — CCL22; 14 —NOS2; 15 — CIAS1; 16 — CTLA4; 17 — IL2RA; 18 — HLA-G; 19 — IRF1; 20 —

ILIRI; 21 — ILIRLI1; 22 — KLRK1; 23 — MSMB

K-mean clustering was performed for maximal
initial distances measured by Euclidean distances.
Two categorical variables from clinical pathologi-
cal characteristics of prostate cancer samples —
stages and Gleason scores were used for clustering
analysis. As a result of the clustering analysis of the
normalized expression levels of 27 tumor-associa-
ted genes in prostate cancer samples, three distinct
clusters with the highest cluster cost and maximal
initial distances were identified (Fig. 1). The first
gene cluster included the samples with predomi-
nantly Gleason scores of 8—9, while the second
and third clusters included the samples with pre-
dominantly Gleason scores of 6—7. It is important
to note that in this group, genes exhibit significan-
tly different levels of expression. The analysis re-
vealed the presence of both highly expressed genes,
including CDHI, PTEN, PSA, PCA3, TMPRSS2,
and genes with low expression, such as PRL and
HOTAIR.

The analysis included both ANOVA for contin-
uous variables and Kruskal-Wallis and Dunn-
Bonferroni post hoc tests. These analyses revealed
significant differences between at least two of the
three clusters (p < 0.05), with the exception of only
the PRL and MMP9 genes.
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The cluster analysis of a group of 23 tumor mi-
croenvironment-related genes of 490 prostate can-
cer samples also revealed three clusters of prostate
cancer samples (Fig. 2). The distribution of samples
by clusters demonstrated a similar outcome to that
observed in the group of tumor-associated genes:
cluster 1 included samples with a Gleason score
predominantly of 8—9, while clusters 2—3 inclu-
ded samples with a Gleason score of 6—7. ANOVA
analysis for continuous variables and Kruskal-Wal-
lis and Dunn-Bonferroni post hoc tests revealed
significant differences (p < 0.05) between at least
two clusters for all genes except HLA-G. Spear-
manss test for correlations between gene expression
levels in this group in prostate cancer samples also
revealed a large number of significant positive and
negative correlations with p < 0.01.

Cluster analysis of a group of five lipid metabo-
lism genes also revealed three clusters of prostate
cancer samples (Fig. 3). The first cluster included
samples with predominantly Gleason scores of
8—9, while the second and third clusters included
samples with predominantly Gleason scores of
6—7. ANOVA analysis for continuous variables
and Kruskal-Wallis and Dunn-Bonferroni post
hoc tests revealed significant differences (p < 0.05)
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Fig. 3. Expression patterns of lipid metabolism genes in
three molecular profiles of prostate cancer samples

Table 1. Spearman rank correlations coefficients (r*)
for three sample Clusters of three gene groups

Groups PrCaAssoc ™
PrCaAssoc 1.00000
™ 0.76737 1.00000
LipidMet 0.46279 0.41887

Note: PrCaAssoc — cancer-associated genes, TM — tumor mi-
croenvironment genes, LipidMet — genes of lipid metabolism;
p < 0.001 — italics; p < 0.0001 — bold

between at least two clusters for four of the five
genes, with the exception of FASN.

Spearman’s correlation analysis between three
groups of genes based on the distribution of tumor
samples across three identified clusters (Table 1) re-
vealed moderate positive significant correlations
(r* = 0.46279 and r* = 0.41887, p < 0.001) for the
lipid metabolism and cancer-associated and tu-
mor microenvironment group genes, respectively.
Meanwhile, for the cancer-associated and tumor
microenvironment gene groups, a high positive
correlation of sample distribution (r* = 0.76737,
p < 0.0001) was found between the three identified
molecular clusters of gene expression indicators.

While these groups exhibit a high degree of cor-
relation with one another, some prostate cancer
samples exhibit different molecular characteristics
across various gene groups. This could be critical
for diagnosis and treatment.
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The results of the clustering analysis presented in
this study, which was conducted on a more repre-
sentative sample of prostate cancer cases, also ena-
bled the identification of three tumor clusters for
each gene group. The prostate cancer samples from
cluster 1 exhibited higher Gleason scores, indica-
ting a higher degree of aggression. This is con-
firmed by lower expression value for several epithe-
lial cell markers, particularly PSA, PCA3, NKX3-1.
Conversely, these samples showed high expression
levels of mesenchymal markers, including VIM,
MMP9, MMP2 and CDH2. In addition, the pros-
tate cancer samples of cluster 1 are characterized by
high expression levels of the tumor microenviron-
ment markers characteristic of cancer-associated
fibroblasts, tumor-associated macrophages, and
pro-inflammatory markers of immune cells, in
particular FAB THY1, HIFIA, CTLA4, CIAS],
CCR4 and others. The low levels of expression of
the lipid metabolism genes COX2, LDLR and
HMGCR in prostate cancer samples from cluster 1
may indicate reduced sensitivity of tumors to in-
hibitors of these proteins [17].

The second and third clusters of prostate cancer
samples, which generally have lower Gleason scores,
showed a more pronounced difference in the ex-
pression of tumor-associated genes, in particular
AR, KRT18, GCR, OCLN, PRLR, XIAP, IGFIR and
ERG. Meanwhile, the expression patterns of tumor
microenvironment genes have similar profiles to
those of lipid metabolism genes.

The variation in the expression of epithelial and
stromal cell marker genes across different clusters,
notably clusters 2 and 3, could suggest the presence
of distinct cancer subtypes, such as luminal and ba-
sal, which may require different treatment approac-
hes. The research has indicated that distinguishing
between Luminal and Basal subtypes of prostate
cancer can impact a patient’s prognosis and response
to therapy [18]. With regard to the initial group of
samples exhibiting the most aggressive tumors, it is
challenging to discuss these subtypes (basal or lumi-
nal) due to the elevated levels of expression observed
in tumor microenvironment genes and pro-inflam-
matory markers [19]. Although this cluster is closer
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to the basal subtype in terms of tumor-associated
gene expression characteristics, further analysis is
necessary to determine the implications of this fin-
ding. It is important to note that the K-means clus-
tering method, like any other analytical method, has
certain limitations that prevent the identification of
both the most relevant and significant markers
among the analyzed genes and the insignificant mar-
kers that may introduce so-called noise into the
analysis. Therefore, a more in-depth analysis of the
results is needed to identify the strongest and most
significant markers for molecular tumor subtyping.

Conclusion

Analysis of normalized expression data of 490 pro-
state cancer samples from the TCGA database of the
set of cancer-associated, tumor microenvironment-
related, and lipid metabolism genes we previously
studied by qPCR in small sample number of Ukrai-
nian patients showed significant levels of expression
dispersion for many genes. The cluster analysis of
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BAJIIDAIIA IIIAXOOY MOJIEKY/IAPHOT'O CYBTUITYBAHHSA PAKY
ITEPEIMIXYPOBOI 3AJT03M HA OCHOBI KJIACTEPHOTO AHAJII3Y ITIATEPHIB
EKCITPECII TEHIB PAKOBMX KJITUH TA TYXJIMMHHOTO MIKPOOTOYEHHSA

Mema. IlepeBipuTu paHiire BUBYeHi HAOOPY TeHiB, IOB>I3aHUX 3 PAKOM, MIKPOOTOUYEHHSIM ITyX/INHM Ta MeTa60/Ii3MOM
JMIAIB, AT MOXXIMBOCTI ifeHTN(iKALl MOEKY/IAPHUX MifTUIIB PaKy HepegMiXypoBol 3a/103M LIIAXOM aHATI3y fia-
HIIX eKCIIpecil TeHiB paky HepefMixypoBoi 3a103u, orpuManux 3 6a3u TCGA. Memoou. AHari3 faHuX eKcpecii renis
490 3paskiB paky nepegmixyposoi 3ao3u Ha ocHoBi PHK-cexBenyBanHs 3 6asu TCGA ma 55 pasillle JOCTiIKEHIX
reHiB. JI/11 MOZIEKY/IAPHOTO CyOTUITYBaHHA 3pasKiB paKy HepeaMixypoBoi 3a/1031 0y/I0 BUKOPMCTAHO CTATUCTHUYHI Ta
KIacTepusaniliai Mmetogy. Pesynvmamu. 3a JOIOMOTo10 KIaCTEPHOTO aHAJIi3y BUABIECHO 2 Ta 3 NMOTEHIIHO 3HAYYII
KJIacTepy 3pas3KiB paKy IepefMiXypoBoi 3a/1031 SIK 3a PiBHAMU BiJHOCHOI eKcHpecii Ipyn pak-acouiiioBanx (27 re-
HIB), MapKepiB IyX/IMHHOrO MiKpoOoTO4YeHHs (23 TeH1) Ta reHis jinigHoro merabomnismy (5 rexis). Ceper Tpbox Kirac-
TepiB, MePIINIT MICTUTD 3pa3Kl 3 HAOI/IbII arpeCBHIMY IIyX/IMHAMM, Ma€ IMif{BUIIEH] PiBHI eKCIIpecii MapKepiB Me-
3€HXiMa/IbHUX KJIITMH Ta BUCOKMII piBeHb MapKepiB 3alla/ieHHA Ta €JIEMEHTIB ITyX/IMHHOTO MiKpOoOoTO4YeHHA. Ipyruii Ta
TpeTiil K/IaCTepy 3pasKiB IIyX/INH MAIOTh O3HAKY BIPOTiAHO TOMiHA/IBHOTO Ta 6a3a/IbHOTO MIATHUIIIB 3 HIDKIUMI PiBHSI-
MM MapKepiB 3amaneHHs. HailBummit piBeHb Kopesinii y pos3mnofii spaskis o xmacTepax 6y1o BUSBIEHO /IS [Pyl
TeHiB, TOB’I3aHNX 3 PAKOM Ta MIKPOOTOYEeHHAM ITyx/nnHN. Bucnosxu. Orpumani pesynbTaTy MOKasamy HasBHICTD KO-
PpenALili Ta BUCOKOTO PiBHA JUCIEPCii eKCIIpecii JOCiIKyBaHUX I'€HiB, 110 JO3BOMN/IO BUABUTH KillbKa MOJIEKY/IAPHUX
kmacrepiB. He6xifjHo nmpoBecTu 6ibiir ran6oKumit aHati3 f/ist BUSHAUYeHHsI KIIHIYHO 3HAYYIIMX MOJIEKY/LIPHIX IMiATUIIIB
Ta BCTAHOBJ/ICHHS HAIOUIBII BOXK/IMBYUX MapKepiB eKcIIpecii B 610/OrYHIX MORY/IAX HOCTIKYBAHUX TeHIB I Aia-
THOCTHKM, IPOTHO3YBaHH: Ta e(DeKTUBHOTO ITiKyBaHHS PaKy IIepeAMiXypOBOI 3210311

Knrouosei cnosa: pak nepenMixypoBoi 3a103u, narepuu excrpecii reHis, TCGA, kiacTepHmit aHai3, MOIEKy/IApHI Iifi-
TUIIN, T€HMY, TIOB>513aHi 3 paKOM IIepeIMiXypOBOI 3a/1031, F€HM, II0B>513aHi 3 MIKPOOTOYEHHAM ITyX/IHY, T€HN JIiTiTHOTO
MeTabomi3Mmy.
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