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Abstract: Gene expression profiles are valuable resources for the identification of key players that driver disease 
progression. However, neuroendocrine prostate cancer (NEPCa) specimens are rare, limiting research on this ag-
gressive disease. In this study, we generated a 12-gene signature of NEPCa and used this signature to differenti-
ate NEPCa from prostate adenocarcinoma (AdPCa) samples in publicly available datasets. From these samples, 
we identified genes that were differentially expressed in NEPCa and AdPCa. Gene ontology and network analyses 
revealed key players in the pathogenesis of NEPCa, including E2Fs, members of MHC class II, and factors involved 
in neuron differentiation, neurogenesis, and stem cell signaling. In conclusion, we identified a 12-gene signature of 
NEPCa and found pathways that are important for the pathologic development of NEPCa.
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Introduction 

Prostate cancer (PCa) is the most diagnosed 
non-cutaneous cancer among American men. 
In 2019, 174,650 men in the US are predicted 
to be diagnosed with PCa [1]. Although most 
patients diagnosed with localized PCa can be 
treated successfully with surgery or radiothera-
py, when PCa develops into castrate-resistant 
prostate cancer (CRPCa), the five-year survival 
rate drops to below 30% [2, 3]. During CRPCa 
progression, an aggressive neuroendocrine 
phenotype (NEPCa) arises in about 25% PCa 
cases and ensues with high mortality [4]. Un- 
derstanding the mechanisms that drive NE- 
PCa development could reveal new therapeutic 
targets and lead to novel strategies for tr- 
eatment.

Gene expression profiles, including both micro-
array and RNA-sequencing data, are valuable 
resources for understanding the changes in 
transcriptomes during cancer progression. 
However, due to the fact that late-stage PCa 
patients are usually not biopsied, NEPCa speci-
mens are rare. It is possible that some of the 
un-labeled PCa samples in publicly available 
datasets are NEPCa. However, due to the lack 
of exclusive biomarkers for NEPCa, these un-

labeled NEPCa samples are not easily identi-
fied. In this study, we generated a 12-gene sig-
nature of NEPCa based on information collect-
ed from literature. We applied this signature to 
publicly available datasets and identified addi-
tional NEPCa samples. We then identified and 
analyzed the genes that were differentially 
expressed in NEPCa vs AdPCa samples. Our 
analyses revealed key players in the pathologi-
cal process of NEPCa.

Methods and results

Data mining and heatmap construction

All RNA microarray data were downloaded from 
Gene Expression Omnibus (GEO) [5]. Beltran 
Neuroendocrine Prostate Cancer, SU2C, and 
the Cancer Cell Line Encyclopedia RNA-Seq 
datasets were downloaded from cBioPortal [6] 
and CCLE website [7]. Bioinformatics analyses 
were conducted by using R studio [8]. The heat-
maps and unsupervised clusters were generat-
ed by using the pheatmap package [9]. Di- 
fferentially expressed genes in RNA sequencing 
datasets were selected by using edgeR pack-
age based on a cutoff point of 2-fold change 
and P-Value less than 0.05 [10]. Differentially 
expressed genes in RNA microarray datasets 
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were selected by using Limma package [11]. 
Protein-protein interaction networks were gen-
erated by using Cytoscape [12], which is based 
on STRING database [13]. Network modules 
were selected by using the Cytoscape built-in 
APP MCODE [14]. Gene ontology (GO), Kyoto 
encyclopedia of genes and genomes (KEGG), 
and upstream regulator analyses were con-
ducted by using ShinyGO V0.60 [15] and In- 
genuity Pathway Analysis (IPA) [16].

Generation of a 12-gene signature of NEPCa

Based on literature reviews, we came up with 
multiple lists of genes involved in NEPCa pro-
gression. We adjusted the NEPCa signature 
genes by applying them to the Beltran Neur- 
oendocrine Prostate Cancer dataset, which 
contains forty-nine histologically confirmed 
CRPCa samples including both prostate adeno-
carcinoma (AdPCa) and NEPCa [17]. First, we 
performed principal component analysis (PCA) 
to explore this dataset. As shown in Figure 1A, 
while 45 samples localized together on the PCA 
plot, 4 samples positioned far away from the 
majority samples, suggesting that these 4 
specimens are not closely related to the other 
PCa tissues. These 4 samples were removed 
from the cohort and not used in further 
analyses. 

The mRNA expression data of the rest 45 sam-
ples were extracted and then subjected to 
unsupervised cluster analysis. As a result, we 
selected a list of 12 genes to define the NEPCa 
phenotype, including nine up- genes (CHGA, 
SYP, SRRM4 [18, 30], FOXA2 [19], INSM1 [20], 
EZH2 [21], ASCL1 [22], NCAM1 [23], SOX2 [24]) 
and three down- genes (AR, REST, and SPDEF) 
[25]. Among the up-regulated genes, chromo-
granin A (CHGA) and synaptophysin (SYP) are 
common neuronal markers, SRRM4 a mRNA 
splicing factor [26], FOXA2 a pioneer transcrip-
tion factor [19], INSM1 a transcription repres-
sor [20], EZH2 a key component of polycomb 
repressive complex 2 [27], ASCL1 a master 
neuronal transcription factor [28], NCAM1 a 
neural cell adhesion molecule [23], and SOX2 a 
marker of neural stem cells [29]. Among the 
down-regulated genes, AR controls prostate 
epithelial cell differentiation, REST represses 
the expression of neuronal genes, and SPDEF 
is an Ets transcription factor that regulates the 
differentiation of epithelial cells [25]. Most of 
the 12 genes are functionally involved in con-
trolling cell identity and differentiation.

Visualization of the differential expression of 
NEPCa signature genes  

Heatmaps were generated to visualize the dif-
ferential expression of the 12 genes in NEPCa 
vs AdPCa. As shown in Figure 1B, the 45 sam-
ples in the Beltran-cohort clearly formed two 
major clusters. Cluster 1 contained all the his-
tologically confirmed NEPCa and cluster 2 
AdPCa. 

We also applied the 12-gene list to the Cancer 
Cell Line Encyclopedia dataset, which contains 
RNA-seq data of more than one thousand can-
cer cell lines including eight (one NE and seven 
non-NE) PCa cell lines. The mRNA expression 
data of these 12 genes were extracted from 
the dataset and subjected to unsupervised 
cluster analysis [7]. As shown in Figure 1C, 
H660, the only NEPCa cell line, was clearly sep-
arated from the other PCa cell lines.

We then applied the 12-gene signature to three 
datasets of prostatic PDXs. GSE66187 is an 
array-based dataset that contains 24 PCa PDXs 
(including histologically confirmed 4 NEPCa and 
20 AdPCa) [17]. As shown in Figure 2A, the 4 
NEPCa samples were clustered into one group 
and the 20 AdPCa into another one. 

GSE32967 is another array-based dataset that 
contains microarray data from 22 samples rep-
resenting 3 of each AdPCa and NEPCa PDXs 
[31]. As shown in Figure 2B, the 22 samples 
formed two major clusters, the NEPCa (n = 14) 
and the AdPCa (n = 8) clusters. This cluster pat-
tern is concordant with the histological 
classification. 

GSE41192 is also an array-based dataset con-
taining microarray data from 32 samples repre-
senting 3 PDXs of NEPCa, 3 clinical specimens 
of unknown histology, and 26 PDXs of AdPCa 
[32]. Again, all the 3 NEPCa samples were 
grouped together following the unsupervised 
cluster analysis and the other samples fell into 
the AdPCa group. 

Taken together, these results indicate that the 
12-gene NEPCa signature could aid us to dif-
ferentiate NEPCa from AdPCa. 

Selecting NEPCa samples from publicly avail-
able datasets

Using the 12-gene NEPCa signature, we looked 
for NEPCa samples from publicly available 
datasets. 
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Figure 1. Generation of a 12-gene signature of NEPCa. 
(A) Principle component analysis (PCA) of Beltran Neuro-
endocrine Prostate Cancer dataset. (B & C) Heatmaps of 
NE signature genes in Beltran (B) and Cancer Cell Line 
Encyclopedia datasets (C). 

First, we applied this signature to the SU2C 
dataset, which contains 444 CRPCa and 

matched normal tissues [33]. As shown in 
Figure 3A, 5 samples formed a distinct cluster, 
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Figure 2. Cluster analyses of RNA microarray datasets of PDXs. 
(A) GSE66187, (B) GSE32967 and (C) GSE41192. NEPCa sam-
ples are marked with “*”.
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Figure 3. Selecting NEPCa samples in (A) SU2C RNA 
sequencing dataset and (B) GSE3325 RNA microarray 
dataset. 
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Figure 4. Volcano plot of differentially expressed genes between NEPCa and AdPCa in (A) Beltran and (B) SU2C 
datasets.

separated from the other samples in this 
cohort. These 5 samples were selected as 
NEPCa. 

GSE3325 is a microarray dataset that contains 
19 prostatic samples including 6 benign pros-
tate, 7 primary PCa, and 6 metastatic PCa tis-
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sues [34]. As shown in Figure 3B, 5 of 6 meta-
static PCa samples formed a cluster together 
and were designated as NE-positive tumors, 
including 2 AR- and 3 AR+ samples. We consid-
ered the AR- samples NEPCa and the AR+ ones 
double positive tumors.  

Identification of differentially expressed genes 
and pathway analyses

We first analyzed Beltran and SU2C datasets to 
identify the differentially expressed (DE) genes 
(≥ 2 fold, P < 0.05) between NEPCa and CRPCa. 
Both datasets contain RNAseq data of clinical 
specimens. Volcano plots were generated to 
visualize the top DE genes in these datasets 
(Figure 4A and 4B). Also, we merged the DE 

gene-lists and identified a total of 1396 DE 
genes that were shared by both datasets. 
Among these, the most noticeable ones were 
SCG2 and TUBB2B. SCG2 encodes a neuroen-
docrine secretory protein and TUBB2B a beta 
isoform of tubulin, which is highly expressed in 
brain. The expression levels of both genes were 
higher in NEPCa compared to AdPCa. 

To explore the top biological functions and 
pathways associated with the differentially 
expressed genes, we conducted gene ontology 
(GO) enrichment analysis on the 1396 genes. 
GO analysis indicated that the top enriched 
pathways were neurogenesis, neuron related 
pathways, cell proliferation, and cell cycle relat-
ed pathways (Table 1).

Table 1. Gene Ontology (GO) analysis of common DE genes in Beltran and SU2C datasets
GO Category Enrichment FDR Genes in list
Neuron projection development 1.37E-11 122
Neuron differentiation 7.62E-17 172
Neuron development 2.01E-12 137
Neurogenesis 5.94E-18 198
Nervous system development 6.92E-23 277
Brain development 1.24E-10 99
Head development 1.37E-11 106
Generation of neurons 5.94E-18 189
Central nervous system development 4.43E-11 124
Cell proliferation 1.16E-11 214
Cell projection organization 3.86E-13 175
Cell division 3.91E-14 95
Cell development 3.25E-12 221
Cell cycle process 3.63E-11 158
Cell cycle phase transition 9.36E-11 87
Cell cycle 3.63E-11 196
Embryonic organ morphogenesis 3.63E-11 55
Mitotic sister chromatid segregation 6.42E-11 37
Mitotic cell cycle process 3.34E-16 127
Mitotic cell cycle phase transition 4.93E-11 84
Mitotic cell cycle 2.48E-15 138
Animal organ morphogenesis 2.80E-10 125
Animal organ development 2.69E-11 328
Plasma membrane bounded cell projection organization 7.54E-13 171
Organelle localization 1.54E-10 94
Regulation of biological quality 8.91E-15 382
Movement of cell or subcellular component 2.01E-12 215
Regulation of localization 7.56E-11 264
Locomotion 2.57E-11 194
Anatomical structure morphogenesis 1.47E-10 254
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Figure 5. Venn diagram of common up- (A) and down- (B) genes in NEPCa 
compared to AdPCa in three RNA microarray datasets.

Table 2. Gene Ontology (GO) analysis of up-regulated genes in 
NEPCa in RNA microarray data

GO Category Enrichment 
FDR

Genes 
in list

Neuron migration 0.000195 6
Neuron differentiation 0.000148 15
Regulation of nervous system development 0.000244 12
Central nervous system development 0.000148 13
Endocrine system development 0.000101 6
Neuron development 0.00029 13
Neurogenesis 4.04E-05 18
Neural nucleus development 8.98E-05 5
Nervous system development 1.30E-05 23
Brain development 0.000224 11
Tissue development 0.000285 18
Telencephalon development 7.92E-05 8
Regulation of timing of cell differentiation 0.000184 3
Regulation of multicellular organismal process 0.000118 24
Regulation of multicellular organismal development 9.45E-06 22
Regulation of developmental process 4.04E-05 23
Regulation of development, heterochronic 0.000218 3
Regulation of cell differentiation 0.000109 18
Pallium development 8.16E-05 7
Locomotory behavior 2.29E-05 8
Generation of neurons 6.44E-05 17
Forebrain neuron fate commitment 0.000148 3
Forebrain development 0.000101 9
Cerebral cortex development 0.000101 6
Cellular developmental process 0.000101 29
Cell differentiation 7.14E-05 29

the chips, data generated us- 
ing PDXs have certain advan-
tages. For example, clinical 
NEPCa specimens often con-
tain mixed NEPCa and AdPCa 
components whereas estab-
lished PDXs tumors exhibit 
either predominant NEPCa or 
AdPCa, thus providing more 
accurate transcriptome infor-
mation than clinical tissues 
when they are used to identify 
the DE genes in NEPCa vs 
AdPCa. Therefore, we condu- 
cted differential gene expres-
sion analyses on the three 
array-based datasets derived 
from PDXs. To overcome the 
gene number limitation as well 
as the high variation in micro-
array datasets, we first identi-
fied the DE genes between 
NEPCa and AdPCa from each 
dataset (GSE66187, GSE329- 
67 and GSE41192 excluding 
clinical specimens) and then 
merged the lists of DE genes 
to generate the common up- 
or down- regulated gene lists. 
We identified a total of 269 
up- and 231 down- regulated 
genes in NEPCa (Figure 5A 
and 5B). GO analysis was 
applied to these two gene 
lists. The up-regulated genes 
were enriched in neurogene-
sis (ASCL1, NKX2-1, PAX6, 
HMGB3, ASPM, ESR1, POU3- 
F2, FOXA2, TUBB2B, CHRNA3, 
NPPB, etc.) and cell prolifera-
tion related pathways (BTG3, 
FGF9, IGFBP2, NELL1, SHOX2, 
FANCA, CENPF, KIF2C, etc.) 
(Table 2). And the down-regu-
lated genes were enriched in 
androgen receptor (AR) signal-
ing pathway (NKX3-1, AR, and 
PMEPA, etc.) and epithelial ce- 
ll proliferation pathway (CCN- 
D1, RB1, NKX3-1, AR, TACSTD, 
etc.) (Table 3).

To increase the number of samples, we includ-
ed array-based expression data derived from 
PDXs. Although the number of genes in array-
based datasets are limited by the probes on 

Then the common DE genes in both RNA 
sequencing datasets and microarray datasets 
were merged to generate the up- and down- DE 
gene lists that represent the transcriptome dif-
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ferences between AdPCa and NEPCa in all the 
samples analyzed. A total of 169 and 135 ge- 
nes were identified as the common up- (Table 
4) or down- (Table 5) regulated genes in NE- 

E2F1, CCND1, and FOXM1 were among the list 
of upstream-regulators and their expressions 
increased in NEPCa. Given their important 
roles in cell cycle regulation, these factors 

Table 3. Gene Ontology (GO) analysis of down-regulated genes in NEPCa in RNA microarray data

GO Category Enrichment  
FDR

Genes in 
list

Diphosphoinositol polyphosphate metabolic process 0.009865 2
Negative regulation of stress fiber assembly 0.009865 3
Androgen receptor signaling pathway 0.010656 4
Negative regulation of actin filament bundle assembly 0.011785 3
Positive regulation of GTPase activity 0.020823 8
Diadenosine polyphosphate metabolic process 0.021976 2
Salivary gland morphogenesis 0.021976 3
Regulation of stress fiber assembly 0.021976 4
Substrate-dependent cell migration, cell extension 0.023445 2
Regulation of epithelial cell proliferation involved in prostate gland development 0.023445 2
Salivary gland development 0.023445 3
Positive regulation of smooth muscle cell migration 0.023445 3
Negative regulation of osteoblast differentiation 0.023445 3

Table 4. Common up-regulated genes in all NEPCa samples
ZDHHC22 CHGB FAM92A1 KIT NRXN1 RHEBL1 SYT11
ACTL6B CHRNA3 FBXO5 KNTC1 NUF2 RIMKLA SYT13
AP3B2 CKAP2L FSD1L KPNA2 NUSAP1 RNF183 TAGLN3
ARHGEF2 CKS1B GAB2 LHX2 PCNA RPRM TEAD1
ARNTL2 CPT1C GAD1 LMO3 PCSK1 RUNX1T1 TEKT2
ASCL1 CRMP1 GLS2 LPHN3 PCSK2 S100A6 TIMELESS
ASPM CRTAC1 GPSM2 MAPRE2 PEG10 SCG2 TMEM108
ATP1B1 CTHRC1 HELLS MARK1 PELI2 SEZ6 TMEM74
BTBD3 DDX11 HES6 MCM2 PGAP1 SEZ6L TOP2A
CA10 DEK HOXB3 MCOLN3 PGBD1 SH3GL2 TOX
CA8 DLL3 HOXD8 MELK PGBD5 SIX2 TPX2
CABP7 DNAJC6 IGFBPL1 MIAT PHACTR3 SLC35D3 TRIM9
CACNA2D3 DNMT1 INA MMP16 PHYHIPL SLC36A4 TUBA1A
CAMK1D DONSON INSM1 MYT1 PLP2 SLITRK6 TUBB2B
CCDC88A DPYSL3 ISL1 NAB1 PLS1 SMC2 TYMS
CCNA2 DPYSL5 ITGB3BP NCAM1 PRC1 SMC4 UBE2C
CDC20 DUSP26 IVNS1ABP NELL1 PRMT8 SNAP25 UBE2T
CDC25B DUSP4 JAKMIP2 NEUROD1 PRTFDC1 SNCAIP UHRF1
CDCA8 DUSP6 JAM3 NHS PSIP1 SSX2IP USP1
CDKAL1 E2F7 KCNH2 NKX2-1 PSRC1 STIL
CDKN2D ELAVL3 KIF14 NOL4 RAB3C STMN1
CELSR2 ELAVL4 KIF18A NPTX1 RFC4 STMN3
CENPF ESPL1 KIF18B NRCAM RGS16 STX1A
CEP152 ETV5 KIF1A NRM RGS7 STXBP1
CHGA FAM64A KIF2C NRSN1 RHBDL3 SYN2

PCa, respectively. More- 
over, we applied Ingen- 
uity Pathway Analysis 
(IPA) to identify the key 
upstream regulators of 
these genes and listed 
them in Table 6 (for up- 
genes) and Table 7 (for 
down- genes). Among 
these upstream regula-
tors, it is interesting to 
note that NEPCa speci-
mens exhibited increa- 
sed expression of neu-
ronal master transcrip-
tion factors (ASCL1, 
NEUROD1, and NEUR- 
OG3) and decreased 
expression of REST, a 
transcription factor that 
represses neuronal dif-
ferentiation, and AR, a 
key modulator of pros-
tatic differentiation. Al- 
so, the expression of 
TP53 and RB1 decrea- 
sed in NEPCa, which is 
consistent with previ-
ous reports [35]. Addi- 
tionally, we found that 
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Table 5. Common down-regulated genes in all NEPCa samples
ACACA CPNE4 FKBP5 MESP1 SLC22A5 TP53INP1
ACPP CRAT FOLH1 MYBPC1 SLC25A37 TP53TG1
ACSL1 CREB3L4 FOLH1B NAP1L2 SLC2A10 TRIB1
ACSM3 CROT GATA2 NEDD4L SLC30A4 TRPM4
ADRB1 CRYL1 GLUD1 NFIX SLC35F2 TRPV6
ADRB2 CSGALNACT1 GNMT NKX3-1 SLC44A4 VIPR1
AIM1 CUX2 GRHL2 NME4 SLC45A3 VSTM2L
ALDH1A3 CWH43 GUCY1A3 OAZ3 SLC7A8 YAP1
ALDH6A1 CYP1B1 H2AFJ ORAI3 SPDEF ZBTB16
AMD1 DCXR HEBP1 PDE9A SRXN1 ZCCHC6
AQP3 DHRS7 HERPUD1 PDLIM5 ST6GALNAC1
AR DIAPH2 HOMER2 PLA2G2A STARD3NL
ARHGAP6 DNASE2B HOXB13 PLA2G7 STEAP1
ATP2C2 DPP4 HPN PMEPA1 STEAP2
BANK1 EFNA1 ICAM3 PPAP2A STEAP4
BCAS1 EFNA4 IDH1 PPP3CA TACSTD2
BLVRB EMB IL1R1 RAB27B TC2N
BMPR1B ENDOD1 IL6R RAB3D THRB
C1orf116 ENTPD5 INPP5A RDH11 TMCC3
C6orf132 EPHX2 ITGB5 RGS10 TMEFF2
CAB39L EPN3 KCNN2 RNF135 TMEM144
CAMKK2 ERGIC1 KLK2 RNF144B TMEM192
CGREF1 FAM198B LATS2 SERINC5 TMEM87A
COBLL1 FKBP11 MAPKAPK3 SLC10A7 TMPRSS2
COLEC12 ZG16B MCCC2 SLC12A8 TNFRSF10B

Table 6. Key regulators of common up-regulated genes
Upstream Regulator Activation z-score p-value of overlap
ZBTB17 -3.988 2.24E-18
CCND1 2.714 1.55E-11
E2F4 2.64E-10
TP53 -1.956 3E-10
CREB1 -0.302 6.16E-10
E2F1 3.071 1.93E-09
ASCL1 2.611 2.52E-09
REST -2.417 3.65E-08
TCF3 -1.8 6.05E-08
FOXM1 3.102 8.98E-08
ATN1 9.64E-08
TBX2 2.828 0.000000134
NEUROD1 2.201 0.000000527
RRP1B 0.00000233
MITF 3.273 0.00000256
POU3F2 0.00000329
HES1 -2.395 0.00000706
RB1 -1.858 0.0000076
TP73 0.181 0.0000146
NEUROG3 2.412 0.0000258

could be the therapeutic 
targets of NEPCa. Finally, 
among the upstream regu-
lators, HES1 expression 
decreased. HES1 is a direct 
downstream target of No- 
tch signaling. This suggests 
that Notch signaling is 
repressed in NEPCa. 

Network analysis

Protein-protein interactions 
(PPIs) network analysis is 
another way to identify the 
key players among a list of 
genes. We applied PPIs net-
work analysis to the com-
mon DE genes of Beltran 
and SU2C datasets. Seven 
modules were identified as 
NEPCa-related PPI netwo- 
rks. Module 1 (Figure 6A) 
had the highest number of 
genes and GO analysis (KE- 
GG) indicated that genes in 
this module were enriched 
in cell cycle regulation. Tr- 
anscription factor binding 
motif enrichment analysis 
was conducted by using 
ShinyGO V0.60. The results 
revealed that E2Fs were 
the potential regulators of 
this group of genes. Genes 
in module 2 were enriched 
in GPCR signaling (Figure 
6B). SSTs/SSTRs could be 
the upstream regulator of 
this subgroup. Module 3 
contained genes in MHC 
class II family (Figure 6C). 
The expression of these 
genes decreased in NEPCa 
vs AdPCa in both Beltran 
and SU2C datasets. Genes 
in module 4 were related to 
cell secretion and exocyto-
sis (Figure 6D) and genes in 
module 5 were enriched  
in neuron differentiation 
and neurogenesis process-
es (Figure 6E). Some of our 
NE signature genes were 
located inside module 5, 
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including FOXA2 and ASCL1. Promotor analysis 
indicated that these genes could be potentially 
regulated by C2H2 ZF family transcription fac-
tors EGR1 and ZNF263. Genes in module 6 
were enriched in stem cell pluripotency, embryo 
development and nervous system development 
(Figure 6F), suggesting that genes in this mod-
ule could endow NEPCa cells stem-like fea-
tures. HOXB3 and HOXB5-7, the neuron specific 
homeobox genes, were also positioned into this 
module. Their expression levels increased in 
NEPCa compared to AdPCa, consistent with the 
acquisition of neuronal features of NEPCa. In 
contrast, the expression of HOXB13, which is 
specifically expressed in prostate, was lost in 
NEPCa, indicating the loss of prostate differen-
tiation in NEPCa. Genes in module 7 were relat-
ed to epithelium development (Figure 6G), 
including NKX3.1 and SPDEF, both of which are 
highly expressed in prostate epithelia. The 
expression of both genes decreased in NEPCa.  

Discussion

In this study, we generated a 12-gene NEPCa 
signature. By applying this signature to PCa 
samples with known histology, we confirmed its 
usefulness in differentiating NEPCa from 
AdPCa. We then used this 12-gene signature to 
identify NEPCa samples from publicly available 
datasets. Additionally, using gene expression 
profiles, we identified the differentially expre- 
ssed genes in NEPCa vs AdPCa and conducted 
PPI network, GO, and IPA analyses. These anal-
yses indicated an enrichment of neuronal path-
ways in NEPCa. 

Additionally, PPIs network and GO analyses of 
DE genes provide important insight for the 
identification of key modules and hub genes 
involved in the pathogenesis of NEPCa. For 
example, genes in module 1 (Figure 6A) are 
related to cell cycle regulation. Our analyses 

indicated that the transcription of this group of 
genes can be regulated by E2Fs, a family of 
transcription factors that control cell cycle pro-
gression [36]. An important downstream target 
of E2Fs is EZH2, a critical component of chro-
matin modification complex [27]. Previous stud-
ies have shown that the expression of EZH2 
increases in NEPCa [21] and that E2Fs can 
directly regulate EZH2 expression [37, 38]. The 
identification of the E2F module in our study 
provides another piece of evidence supporting 
the emerging critical role of the E2F/EZH2 axis 
in NEPCa progression. 

Our analyses also unearthed some novel path-
ways involved in NEPCa. For example, our anal-
ysis revealed a decrease in the expression of 
multiple members of the MHC class II family in 
NEPCa (Figure 6C). The MHC class II members 
are primarily expressed in antigen-presenting 
cells [39], which function to initiate immune 
responses. The decreased expression of these 
genes may reflect a suppressed immune res- 
ponse in NEPCa. This provides a rationale for 
testing whether restoring immune function can 
be an effective treatment for NEPCa, even 
though the overall successful rate of cancer 
immunotherapy is low in PCa.

Moreover, we found an interesting switch in the 
expression of Homeobox (HOX) genes. HOXs 
are master transcription factors that regulate 
cell fate determination and organogenesis dur-
ing early embryo development. HOXB13 is the 
most posterior HOX gene, highly expressed in 
prostate [40]. It has been suggested that the 
expression of HOXB13 can be used as a marker 
for the identification of the prostate origin of 
metastatic cancer cells [40]. We found that the 
HOXB13 expression level decreased in NEPCa. 
In contrast, HOXB3 and HOXB5-7, the neuron-
related HOXs, exhibited increased expression 
levels in NEPCa. This is in line with the hypoth-
esis of a linage switch from prostatic epithelia 
to neuronal cells. 

In summary, we analyzed publicly available 
datasets and identified the differentially ex- 
pressed genes and key players in NEPCa devel-
opment. The re-organized datasets that con-
tain NEPCa samples could facilitate further 
studies on NEPCa and lead to the identification 
of new therapeutic targets. 
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Table 7. Key regulators of common down-
regulated genes

Upstream Regulator Activation  
z-score

p-value of  
overlap

AR -2.259 2.04E-10
TP53 -2.542 7.31E-02
ESR1 -0.847 3.40E-02
CTNNB1 -2.414 1.26E-03
CCND1 2.804 1.10E-06
ERG 6.48E-08
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Figure 6. PPIs subnetwork analysis. (A) Cell cycle related (B) GPCR signaling related (C) MHC class II family (D) cell secretion and exocytosis related (E) neuron dif-
ferentiation related (F) stem cell pluripotency related and (G) epithelium development related PPIs networks.
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