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Abstract
Background

Immune in�ltration of Prostate cancer (PCa) was highly related to clinical outcomes. However, previous
works failed to elucidate the diversity of different immune cell types that make up the function of the
immune response system. The aim of the study was to uncover the composition of TIICs in PCa utilizing
the CIBERSORT algorithm and further reveal the molecular characteristics of PCa subtypes.

Method

In the present work, we employed the CIBERSORT method to evaluate the relative proportions of immune
cell pro�ling in PCa and adjacent samples, normal samples. We analyzed the correlation between
immune cell in�ltration and clinical information. The tumor-in�ltrating immune cells of the TCGA PCa
cohort were analyzed for the �rst time. The fractions of 22 immune cell types were imputed to determine
the correlation between each immune cell subpopulation and clinical feature. Three types of molecular
classi�cation were identi�ed via R-package of “CancerSubtypes”. The functional enrichment was
analyzed in each subtype. The submap and TIDE algorithm were used to predict the clinical response to
immune checkpoint blockade, and GDSC was employed to screen chemotherapeutic targets for the
potential treatment of PCa.

Results

In current work, we utilized the CIBERSORT algorithm to assess the relative proportions of immune cell
pro�ling in PCa and adjacent samples, normal samples. We investigated the correlation between immune
cell in�ltration and clinical data. The tumor-in�ltrating immune cells in the TCGA PCa cohort were
analyzed. The 22 immune cells were also calculated to determine the correlation between each immune
cell subpopulation and survival and response to chemotherapy. Three types of molecular classi�cation
were identi�ed. Each subtype has speci�c molecular and clinical characteristics. Meanwhile, Cluster I is
de�ned as advanced PCa, and is more likely to respond to immunotherapy.

Conclusions

Our results demonstrated that differences in immune response may be important drivers of PCa
progression and response to treatment. The deconvolution algorithm of gene expression microarray data
by CIBERSOFT provides useful information about the immune cell composition of PCa patients. In
addition, we have found a subtype of immunopositive PCa subtype and will help to explore the reasons
for the poor effect of PCa on immunotherapy, and it is expected that immunotherapy will be used to guide
the individualized management and treatment of PCa patients.

Background
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Prostate cancer (PCa) is the most common malignancy in Europe and the United States. Among
American male cancer patients, patients who died of prostate cancer ranked second, second only to
breast cancer [1]. In 2019, the American Cancer Society announced 174,650 new cases of prostate cancer,
accounting for 20% of new male cancer cases, ranking �rst, with 31,620 deaths from prostate cancer,
accounting for 10% of total cancer deaths [2]. Prostate cancer is the �rst major tumor type in 28 European
countries, and the second most prominent type in seven other countries[3]. The ethnic differences in the
incidence of prostate cancer are very obvious. The incidence and mortality rate of PCa in China is lower
than that in Western countries such as Europe and the United States. However, with the development of
society and changes in people's lifestyles, prostate cancer has become a common tumor in the male
urinary tract, and its incidence has increased year by year [4]. In addition, PCa is a heterogeneous disease
that can vary greatly even within the same tumor[5]. Signi�cant differences in incidence and morbidity
may be due to genomic instability and changes associated with various PCa risk factors. The treatment
in early PCa has achieved satisfactory effects through androgen deprivation therapy, but ultimately it was
inevitable to develop hormone-dependent PCa, which caused obvious clinical symptoms [6]. However, the
phenotype of cancer is de�ned not only by the intrinsic activity of tumor cells but also by immune cells
recruited and attracted in the microenvironment associated with the tumor. At present, the role of immune
cells in the tumor-associated microenvironment during tumor development has not been known,
especially in PCa development.

A growing body of evidence demonstrated that tumor-in�ltrating immune cells (TIICs), including B cells, T
cells, dendritic cells, macrophages, neutrophils, monocytes, and polar cells, might control malignant
growth in the tumor. TIICs are important components of the tumor microenvironment and can alter the
immune status of tumors. The impact of TIICs on malignancy advancement has been to a great extent
documented [7–10]. In the present work, a newly developed deconvolution algorithm, CIBERSORT, was
used to de�ne 22 TIICs subsets of immune responses to examine correlations with molecular subsets
and clinical features. Our �ndings also revealed distinct immune phenotypes for molecular PCa
subclasses. In addition, the present investigation gives a novel understanding of immunotherapy
methodology for PCa.

Materials And Methods

Gene expression datasets
Publicly available gene expression pro�les from TCGA and GTEX databases were enrolled. The human
healthy prostate tissues were available from the GTEX (https://gtexportal.org/home/), while the adjacent
tumor samples and tumor samples were obtained from The Cancer Genome Atlas (TCGA) site
(https://cancergenome.nih.gov/). The RNA-seq pro�les (FPKM values) and phenotype data were
downloaded. Firstly, the voom (variance modeling at the observational level) method was used to convert
the mRNA sequencing data into similar results for the microarray data [11]. We then annotated the gene
ID and normalized the mRNA sequencing results using the "limma" package of R software to average the
repeated gene data and remove the unavailable data[12]. We manually organized the expression matrix
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and clinical characteristics of each patient. Patients with fully clinical pathology data and survival time of
more than 30 days were included in the study.

Inference Of TIICs Using The CIBERSOFT Algorithm
The CIBERSOFT is an analytical tool which accurately infers the relative levels of human immune cell
types within a complex gene expression pro�les. CIBERSOFT uses the characteristics of 547 marker
genes to characterize and quantify the relative scores for each immune cell subtype. To enhance the
robustness of the results, the CIBERSOFT algorithm uses Monte Carlo sampling to derive the
deconvoluted P-value for each sample. The standardized processed dataset of gene expression is
uploaded to the CIBERSOFT website (https://cibersort.stanford.edu/index.php), which runs utilizing 1000
aligned default signature matrices [13]. After using the CIBERSORT program, the distribution of the LM22
subtypes of TIICs together with the results of the correlation coe�cients, P-value and root mean square
error (RMSE), can be used to assess the accuracy of the results in each sample. A P value of ≤ 0.05
re�ects the statistical signi�cance of the deconvolution result of each sample on all subsets of cells and
is useful for screening results with lower precision. Finally, 64 normal samples, 32 adjacent tumor
samples, and 351 tumor samples were selected for further analysis with the cut-off of P value less than
0.05.

We inferred total T cell fraction as a sum of CD8 + T cells, CD4 + naïve T cells, CD4 + memory resting T
cells, CD4 + memory activated T cells, follicular helper T cells, regulatory T cells (Tregs) and T cells
gamma delta fractions. Total macrophage cell fraction was calculated as a sum of M0, M1 and M2
macrophage fractions. Total B cell fraction was imputed as a sum of B cell memory and B cells naïve.

Identi�cation Of Prognostic LM22 Immune Cell Subset
The prognostic LM22 immune cell phenotypes were identi�ed. Firstly, the univariate Cox analysis and
Kaplan-Meier survival analysis was performed to screen prognostic immune cell type. Then, the
multivariate Cox regression analysis was used to further validate prognostic 22 human immune cell
phenotypes as prognosis factors.

Unsupervised Clustering Analysis
A consensus cluster algorithm was applied to determine the number of clusters across the tumor
samples. We used the SNFCC + method in the “CancerSubtypes” R-package to identify cancer subtype for
genomic data[14]. The performance of these clustering methods was evaluated by three common
methods: (1) Log-rank test of Kaplan-Meier curves to evaluate the importance of survival differences
between subtypes; (2) Average contour width (ASW) method of measuring cluster consistency for
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evaluating whether samples within a subtype or subtypes are more similar; (3) Clustering heat maps to
visually visualize sample clusters by separating color patches from each other.

The screen of differentially expressed genes (DEGs) and
differential immune cell types in each subclass
To uncover the potential subtype–speci�c immune related genes and TIIC models in each cluster,
differentially expressed genes (DEGs) and speci�c immune cell types were identi�ed using the R package
limma among 547 marker genes, which implements an empirical Bayesian approach to estimate gene
expression changes using moderated t-tests. DEGs and differential immune cell types were determined by
signi�cance criteria (adjusted P-value < 0.05)[12].

Pathways And Biological Functions Differentially Enriched
PCa Subtypes
Functional enrichment analysis using the “Cluserpro�ler” of R package was conducted on DEGs among
PCa subtypes[15]. Gene Ontology (GO) Biological Process term and Kyoto Encyclopedia of Genes and
Genomes (KEGG) terms were identi�ed with a cutoff of P < 0.05. Gene Set Enrichment Analysis (GSEA)
was conducted to unveil an overall pathway of gene-set activity score for each sample[16]. The Gene sets
using the c2/c5 curated signatures were downloaded from the Molecular Signature Database (MSigDB)
of Broad Institute. The signi�cant enrichment pathway was identi�ed based on the adjusted P-value < 
0.05.

Mutation Analysis
In the genetic and epigenetic analysis, mutation data in the MAF of 301 PCa patients were used. The R
package "maftools" was used to display the mutation pro�le of each subtype[17]. The maftools was also
used to impute the mutation rate of each gene and also identi�ed signi�cant mutant genes in different
subtypes (P < 0.05).

Prediction For Chemo/immunotherapeutic Response
Tumor immune dysfunction and exclusion (TIDE) algorithms[18] and subclass mapping[19] are used to
predict clinical response to immune checkpoints. The chemotherapeutic response of each sample was
also predicted based on the largest publicly available pharmacogenomics database [Pharmaceutical
Sensitivity Genomics in Cancer (GDSC), https://www.cancerrxgene.org/][20]. The prediction procedure
was performed by the R software package "pRRophetic", where the half-maximal inhibitory concentration
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(IC50) of the samples was demonstrated by ridge regression and the prediction accuracy was assessed
by 10-fold cross-validation based on the GDSC training set[21].

Statistical analysis
All statistical tests were analyzed by R (3.5.2) utilizing a χ2 or Fisher's exact test for categorical data
when suitable. As for continuous data, a Wilcoxon test (Mann-Whitney test) for two groups, the Kruskal-
Wallis test for more than two groups [22]; As for survival data, Kaplan-Meier curve[23] and Cox
regression[24] was conducted to screen prognostic immune cell subclasses. Survival analysis was
performed using the R package "survival". Fisher's independence exact test is used to statistically classify
the relationship between clinical information and de�ned subtypes. For all statistical analyses, a P value
of less than 0.05 was considered statistically signi�cant.

Results

Inference of immune in�ltration cells in TME
The landscape of TME cell in�ltration models was inferred by the CIBERSOFT algorithm. Figure 1A,B
summarizes the �ndings obtained from the 64 normal samples, 32 adjacent tumor samples, and 351
tumor samples. Twenty-one types of TIICs were detected in patients, while naïve CD4 + T cells did not
appear in any samples, the �ndings were in accordance with the previous study[25]. The Correlation
matrix of all 21 immune cell densities in the TCGA cohort was also shown in Fig. 1C,D. The results in
current works found that the proportion of TME cells in PCa was signi�cantly different among the three
groups. In general, the in�ltration of TME cells differed among these samples, with the highest proportion
of LM22 immune cells found in normal samples, followed by adjacent tumor samples, and �nally tumor
samples. The mutual interaction relationship between immune cells in normal and adjacent tumor
samples is evident compared to tumor samples (Fig. 2A,B,C,D). Compare to normal tissues, the fraction
of total T cells and total B cells were higher in adjacent tumor tissues and tumor tissues. Total
Macrophage was mainly observed in the tumor tissue (Fig. 3A,B,C). B cell memory was devoid in the
adjacent tumor samples and tumor samples, Macrophages M1 and M2 were increased in the tumor
samples, T cells gamma delta and T cells regulatory (Tregs) was found in the adjacent samples and
tumor samples. We can infer from the results that the immune system is inhibited during tumor
development.

We found that B cell memory, Macrophages M2, Mast cells activated, Mast cells resting, Monocytes, NK
cells resting, NK cells activated, T cells CD8 and T cell follicular helper were mainly enriched in the normal
tissues, while B cell naive and Dendritic cells activated, Dendritic cells resting, Macrophages M1, T cells
CD4 memory activated, T cells CD4 memory resting, Neutrophils were signi�cantly founded in the
adjacent tissues. In the tumor tissues, B cell naïve, Dendritic cells activated, Dendritic cells resting,
Macrophages M0, Macrophages M1, T cells CD4 memory activated, T cells CD4 memory resting and T
cells regulatory (Tregs) were mainly activated (Fig. 4). Therefore, these results demonstrated that aberrant
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immune in�ltration and it's heterogeneous in PCa as a tightly regulated process might play important
roles in the development of tumor, it has important clinical meanings.

Prognostic Subsets Of Immune Cells
The univariate Cox regression analysis was performed to identify the prognostic subtypes of TIICs in PCa,
and the results were shown that B cell memory was signi�cantly correlated with RFS with the cut-off of
the P-value less than 0.05 (Table 1, Fig. 5A). In the multivariate Cox regression analysis, B cell memory
was still obviously related to RFS (Table 2, Fig. 5B). Then, we performed a Kaplan-Meier curve plot and
log-rank test for the above-mentioned immune cell subsets, and the results are shown in Fig. 5C,D. B cell
memory and T cells regulatory (Tregs) were signi�cantly associated with RFS with PCa patients.
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Table 1
The univariate Cox regression analysis was performed to identify the prognostic

subtypes of TIICs in PCa.

Immune cell HR HR.95L HR.95H pvalue

B cells naive 0.663123 0.000441 996.5155 0.912357

B cells memory 2.98E + 34 2.19E + 13 4.06E + 55 0.001388

Plasma cells 0.001334 1.20E-08 148.7424 0.264269

T cells CD8 2.075994 0.005774 746.3596 0.80779

T cells CD4 memory resting 0.253485 0.000796 80.75887 0.640723

T cells CD4 memory activated 0.003227 2.03E-12 5119968 0.595629

T cells follicular helper 0.000369 7.62E-10 178.984 0.236668

T cells regulatory (Tregs) 79.00902 2.48E-08 2.52E + 11 0.695531

T cells gamma delta 0.000811 3.25E-22 2.02E + 15 0.741926

NK cells resting 2831.234 1.18E-30 6.77E + 36 0.839372

NK cells activated 2.001437 2.76E-07 14491266 0.931388

Monocytes 3357.781 0.000786 1.43E + 10 0.297283

Macrophages M0 11.70166 0.01414 9683.931 0.473023

Macrophages M1 2762.816 0.007955 9.6E + 08 0.223474

Macrophages M2 70.26358 0.016501 299185.2 0.318604

Dendritic cells resting 0.056424 3.43E-06 927.6329 0.561617

Dendritic cells activated 1.11E-14 3.10E-31 399.1275 0.098531

Mast cells resting 2.98651 0.001924 4635.156 0.770392

Mast cells activated 4502.05 1.40E-19 1.45E + 26 0.75037

Eosinophils 8.19E-34 5.81E-99 1.16E + 32 0.319553

Neutrophils 2.02E-39 3.99E-89 1.02E + 11 0.127062



Page 9/32

Table 2
The multivariate Cox regression analysis was conducted to screen the prognostic

subtypes of TIICs in PCa.

Immune cell HR HR.95L HR.95H pvalue

B cells naive 6.67E + 39 7.90E-12 5.63E + 90 0.125353

B cells memory 6.60E + 69 9.74E + 12 4.48E + 126 0.016044

Plasma cells 2.19E + 35 1.15E-16 4.18E + 86 0.176776

T cells CD8 3.96E + 37 7.90E-14 1.99E + 88 0.146099

T cells CD4 memory resting 6.14E + 36 4.59E-15 8.20E + 87 0.158454

T cells CD4 memory activated 2.66E + 37 5.70E-16 1.24E + 90 0.163714

T cells follicular helper 1.92E + 34 3.94E-18 9.33E + 85 0.193608

T cells regulatory (Tregs) 2.48E + 38 3.96E-14 1.55E + 90 0.146276

T cells gamma delta 8.99E + 38 8.48E-17 9.52E + 93 0.165286

NK cells resting 4.12E + 53 3.86E-18 4.40E + 124 0.139016

NK cells activated 2.11E + 38 4.75E-13 9.35E + 88 0.138054

Monocytes 2.04E + 44 3.07E-08 1.36E + 96 0.093777

Macrophages M0 1.19E + 38 2.38E-13 5.92E + 88 0.141039

Macrophages M1 4.64E + 40 1.24E-10 1.74E + 91 0.115014

Macrophages M2 2.82E + 38 3.46E-13 2.29E + 89 0.138805

Dendritic cells resting 1.98E + 38 1.84E-13 2.13E + 89 0.141324

Dendritic cells activated 3.37E + 20 4.47E-34 2.54E + 74 0.455198

Mast cells resting 3.10E + 38 2.19E-13 4.37E + 89 0.140241

Mast cells activated 2.80E + 55 0.00022 3.57E + 114 0.065967

Eosinophils 4.63E-10 4.73E-95 4.52E + 75 0.82956

Neutrophils NA NA NA NA

Patterns Of Immune Cell In�ltration In Molecular PCa
Subclasses
The molecular classi�cation of PCa was identi�ed by unsupervised consensus clustering in all tumor
samples using“CancerSubtypes” R-package. The optimal number of clusters is determined by the K
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value. After evaluating the relative changes in the area under the cumulative distribution function (CDF)
curve and the consensus heat map, a three-cluster solution (K = 3) with no signi�cant increase in area
under the CDF curve was selected (Fig. 6). This result revealed 88 patients (38%) in Cluster I, 92 patients
(48%) in Cluster II, and 133 patients (64%) in Cluster III for the PCa cohort. The consensus matrix heat
map demonstrated that cluster I and cluster II, and clusters III appear well in the individualized clusters in
Fig. 7(A, B, C). Patients classi�ed as Cluster III had a good prognosis compared to Cluster I and Cluster II
(P < 0.001, log-rank test).

Differentially expressed genes and immune cell patterns of
Cluster I, Cluster II and Cluster III subtypes
The molecular subtypes of PCa cause differences in clusters I, II, and III subtypes, which exhibit activation
of speci�c signaling pathways and different prognosis. The Kruskal-Wallis test was performed to identify
subtype-speci�c genes/LM22 immune cells in each subtype. In terms of subtype-speci�c immune cells in
PCa, Cluster I and III is de�ned by high levels of Dendritic cells resting compared with Cluster II. Cluster II
was enriched by Macrophages M0 and NK cells activated; While Cluster III was de�ned by the high level
of Dendritic cells activated, Dendritic cells resting, T cells CD4 memory activated and T cells regulatory
(Tregs) (Fig. 8).

To uncover molecular differences among PCa molecular subtypes and identify subtype-speci�c
biomarkers, unpaired Student's t-test was used to identify differentially expressed genes that were
signi�cantly associated with each subtype. Gene differentially expressed analysis was conducted with
the cut-off point of FDR < 0.05. In subgroup I, a total of 294 immune related mRNAs (227 up-regulated
genes and 67 down-regulated genes) were differentially expressed genes (DEGs) compared to other
groups; In subgroup II, a total of 292 DEGs (76 up-regulated genes and 216 down-regulated genes)
compared other groups; in subgroup III, a total of 162 DEGs (162 up-regulated genes and 95 down-
regulated genes) were observed compared to other groups (Fig. 9).

In terms of clinical features among three clusters, Cluster I has a Higher Gleason score and PSA level
compared to Cluster II and III. However, the PSA value and Age has no difference between the three
Clusters (Fig. 10A,B,C). The heatmap illustrates the association of different clinical characters among the
three subgroups (Fig. 10D). Statistical signi�cance was performed by the Kruskal-Wallis test.

Identi�cation of differentially expressed genes and enriched
Gene Ontology and pathway in subtypes
Functional enrichment analysis for DEGs in CI vs CII, III, CII vs CI, III and C III vs CI, II was performed. For CI
vs CII, III,a total of 517 GO terms of biological process, 25 GO terms of cellular component, and 39 GO
terms of molecular function were identi�ed with the cutoff point of adjust P-value < 0.05 (Supplementary
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Table 1). In subgroup II compared to other groups, 476 GO terms of biological process, 25 GO terms of
cellular component, and 45 GO terms of molecular function were identi�ed. In subgroup III compared to
other groups, a total of 425 GO terms of biological process, 13 GO terms of cellular component, and 18
GO terms of molecular function were identi�ed. Top GO terms included cytokine activity,
immune/in�ammatory response, and chemokine activity (Fig. 11A). All Clusters were enriched in cytokine
activity, chemokine activity and carbohydrate binding. Cluster I and II were associated with lipopeptide
binding, while Cluster III was related to receptor ligand activity and G protein − coupled purinergic
nucleotide receptor activity, G protein − coupled nucleotide receptor activity (Fig. 12A).

Furthermore, all pathways generated by the Kyoto Genomics and Genomics Encyclopedia (KEGG)
analysis are related to immune responses (Fig. 11B). Cluster I was associated with the Primary
immunode�ciency, Th1 and Th2 cell differentiation and NF − kappa B signaling pathway, Cluster II was
enriched for Primary immunode�ciency, JAK − STAT signaling pathway and Natural killer cell mediated
cytotoxicity, while Cluster III was related to Th17 cell differentiation, Cell adhesion molecules (CAMs) and
TNF signaling pathway (Fig. 12B).

To identify gene sets enriched in each subtype, we then performed GSEA analysis. GSEA analysis reveals
distinct enriched gene sets between subtypes. The number of enriched pathways progressively increased
from Cluster I through Cluster II. We subsequently selected representative gene sets for CI-CIII to build a
pathway heatmap, which reveals distinct gene sets enriched in each subtype. Cluster I was associated
with SMID BREAST CANCER ERBB2 and SHEDDEN LUNG CANCER POOR SURVIVAL, Cluster II was
enriched for RUTELLA_RESPONSE_TO_HGF_VS_CSF2RB_AND_IL4_DN and VILIMAS_NOTCH1_TARGETS,
while Cluster III was related to BASSO CD40 SIGNALING and VERHAAK AML WITH NPM1 MUTATED
(Fig. 13A,B,C,D). All these similarities are in good agreement with the molecular and clinical
characteristics of the three subtypes identi�ed in our study, con�rming the correctness of the features we
found on these three subtypes.

Subclass-associated Gene Mutations
This study also investigated the association between the three subtypes and count of somatic mutation.
Gene mutation pro�les of these highly mutated genes are shown in Fig. 14A,B,C,D,E,F. SPOP showed a
higher mutation rate in Cluster I, TP53 exhibited a higher mutation rate in Cluster II, while in the Cluster III,
CACNA1E and TTN, TP53 exhibited a higher mutation rate.

Sensitivity to Immuno/Chemotherapies among Cluster I, II
and III Subtype
Although immunological checkpoint drugs have not been approved for use as a conventional drug for
PCa, we have used the TIDE algorithm to predict the likelihood of responding to immunotherapy, and it
has demonstrated that cluster III was more likely better to the response to immunotherapy than clustering
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II and III (P < 0.05). As for the TIDE prediction, a subclass mapping method was employed to compare the
expression pro�les of the three PCa subtypes with another published data set containing 47 melanoma
patients who responded to immunotherapy. The results showed that Cluster I was more promising for
CTLA4 treatment (Bonferroni correction P < 0.05) (Fig. 15A).

Given that chemotherapy is currently a common treatment for prostate cancer, we sought to evaluate the
response of three subtypes to common chemotherapy drugs. Therefore, we trained the prediction model
on the GDSC cell line dataset by ridge regression and evaluated the satisfactory prediction accuracy by
10-fold cross-validation. We estimated the IC 50 for each sample in the TCGA dataset based on the
predictive model of these two chemo drugs. For several common chemicals, we can observe that Cluster I
and Cluster II, Cluster III have signi�cant differences in estimated IC 50, of which Cluster I may be more
sensitive to commonly used chemotherapy (AKT.inhibitor.VIII P < 0.001, ATRA P = < 0.001) (Fig. 15B).

Discussion
Prostate cancer is a major disease that threatens human health. Prostate cancer (PCa) is the most
common malignancy in Western countries[26]. Cancer has gradually been recognized as an adaptive and
complex system, and it is increasingly di�cult to achieve the desired therapeutic effect by using too
many single-targeted drugs. To overcome or prevent drug resistance, immunotherapy has become
promising therapeutic targets for cancer treatment. At present, immunotherapy has achieved satisfactory
results in cancer treatment, such as malignant melanoma, but immunotherapy is not effective in the
treatment of prostate cancer[27, 28]. Alternatively, TIICs may be effective targets for drugs to improve
clinical outcomes. With the increasing focus on immune checkpoint therapy, the distribution of TIIC has
become a major research spot hot. Previous studies estimated that the degree of TIIC is mainly based on
immunohistochemistry (IHC), but the markers of immunohistochemistry are not precise, and multiple
TIICs may express the same markers on the membrane, which leads to the measurement of TIIC density
in PCa tumor tissue accurate[29]. Therefore, this study aims to predict the immune cell in�ltration using
CIBERSOFT algorithm in the TCGA PCa cohort and to explore the evaluation of therapeutic e�cacy of
immunotherapy in different subtypes, and to �nd a speci�c subtype that is effective for immunotherapy.

In the current work, the CIBERSOFT algorithm was used to assess the in�ltration of immune cells among
normal tissues and adjacent tumor tissues, PCa tumor tissues, and the results showed that there were
considerable differences in immune cell components within and between groups. Our work also revealed
details of the subpopulation of LM22 immune cells in PCa. Macrophages and natural killer (NK) cells
have been detected in PCa[30, 31]. In addition, NK cells and macrophages can be used in androgen
deprivation therapy, and that a large number of NK cells can reduce the risk of tumor progression, but a
high proportion of macrophages can increase the risk of biochemical recurrence[32]. It is urgent that new
and increasingly successful prognostic markers should be added to the current quality marks to improve
expectation precision.
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Our work also uncovers the detail of in�ltration of LM22 immune cell subsets in PCa that the proportions
of total T cells in�ltration fraction account for more than 39%, in which 20% is T cells CD4 memory
resting, 13% is T cells CD8, T cells follicular helper make up 3%, and T cells CD4 memory activated and T
cells regulatory (Tregs), T cells gamma delta were less than 1%. In addition, total Macrophages cells as
the second proportion (13%) (Table 1). Compared to normal and adjacent tumor tissues, the proportions
of total T cells, total B cells, Dendritic cells activated, Macrophages M0, Macrophages M1, NK cells
activated and T cells CD4 memory produced statistical signi�cance (P < 0.05). The Dendritic cells resting
and Neutrophils were increased in adjacent tumor tissues. In contrast, B cell memory, Macrophages M2,
Mast cells activated, Mast cells resting, NK cells activated, NK cells resting, Plasma cells and T cell
follicular helper were mainly enriched in the normal tissues. The mechanisms behind the activation of NK
cells and Macrophages, Dendritic cells activated, deactivation of B cells and Plasma cells in PCa remain
unclear. Macrophages cells and NK cells have been detected in PCa[33, 34]. Philippe et al. reported that
patients with androgen deprivation therapy can use natural killer (NK) cells and macrophages, and a large
number of NK cells can reduce the risk of tumor progression, but a high proportion of macrophages can
increase the risk of biochemical recurrence[32].

The prognostic importance of immune cell in�ltration for various solid tumor types has been
determined[35–37]. In univariate and multivariate Cox analysis, only B cell memory was signi�cantly
correlated with RFS. Patients whose B cell memory density is higher had a shorter RFS time. Meanwhile,
the KM curve of B cell memory showed a similar trend. Several studies reported that clinical data show
tumor-in�ltrating B cells are a positive prognostic factor, such as breast cancer[38], ovarian cancer[39],
non-small cell lung cancer[40], and other cancers[41, 42]. Spear et al demonstrated that B cells are active
members of the tumor microenvironment and can produce immune-stimulating factors that may support
adaptive anti-tumor immune responses in pancreatic ductal adenocarcinoma[43].

PCa can be reliably divided into three subtypes by the SNFCC + method. The results showed that the three
subtypes were signi�cantly associated with patient survival. Patients classi�ed as class II have a better
prognosis than class II and class III. Compared to each cluster of LM22 immune cells in HNC TME, cluster
I was de�ned by high levels of macrophage in�ltration, and cluster II was enriched by B cell in�ltration
and T cell in�ltration. Although cluster III is de�ned by high levels of mast cell in�ltration, neutrophil
in�ltration, and NK cell in�ltration. Each cluster has its own feature-rich terminology compared to each
DEG cluster. Therefore, these three subtypes differ in RFS and molecular characteristics. The submap and
TIDE analysis suggested that Cluster I was more promising for CTLA4 treatment. Using the GDSC
database, we imputed that Cluster I could be more sensitive to commonly used chemotherapies than
Cluster II and III. The above discussion implicates that Cluster I may bene�t from the combination of
chemotherapy and immunotherapy, and Cluster I may be more sensitive to commonly used
chemotherapy (AKT.inhibitor.VIII P < 0.001, ATRA P = < 0.001).

Conclusions



Page 14/32

Our analysis of the LM22 immune cell subset using the CIBERSORT deconvolution algorithm provides
complete information on the pattern of PCa immune cells. Our �ndings also found an important role in
predicting clinical outcomes. In the current work, this comprehensive assessment of the LM22 immune
cell in�ltration model in TME opens up the possibility of how tumors respond to immunotherapy and may
help clinicians explore the development of new drugs.
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Figures

Figure 1

The performance of CIBERSOST for estimating TIICs composition in prostate cancer (PCa), adjacent
tumor and control tissues. A. Heat map of 22 immune cell proportions. B. Relative proportions of 22 TIICs
subpopulation. C and D. Correlation matrix of 22 immune cell densities in the TCGA cohort.
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Figure 2

Correlation matrix of 22 immune proportions in the TCGA PCa cohort, including normal samples (A),
adjacent tumor samples (B), tumor samples (C) and total samples (D).
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Figure 3

The stacked histogram exhibits the distribution of 22 immune cell in�ltration among normal tissues,
adjacent tumor tissues and tumor tissues, including total T cells (A), total B cells (B), and total
macrophages (C).
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Figure 4

he Box plot shows the difference between CIBERSOFT immune cell fractions and normal tissues,
adjacent tumor tissues and tumor tissues.
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Figure 5

The identi�cation of prognostic immune cells in TCGA PCa cohort, including the univariate Cox
regression analysis (A) and multivariate Cox regression analysis (B). The K-M survival analysis of two
immune cells, including B cells memory (A) and T cells regulatory (Tregs) (B).
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Figure 6

The cluster counts evaluated using Unsupervised clustering analysis. (A) The Consensus heatmap; (B)
The relative change in area under the CDF curve of K= 2–5; (C) CDF curve of K=2–5.
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Figure 7

The identi�cation of PCa subtypes using SNFCC+ algorithm. A. The log-rank test p-value for Kaplan–
Meier survival analysis, B. The clustering heatmap visualizing the degree of the partitioning of the sample
clusters, C. The average silhouette width representing the coherence of clusters.
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Figure 8

Box plot depicts the association between immune cell and three PCa clusters. A-F is for Dendritic cells
activated, Dendritic cells resting, Macrophages M0, NK cells activated, T cells CD4 memory activated, and
T cells regulatory (Tregs).
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Figure 9

Differential gene expression analysis for immune related genes. Each dot-plot shows all immune related
genes, those with upregulated expression (red), and those with downregulated expression (blue). Bottom
right panel: boxplot showing the distribution of absolute fold changes in the three comparisons made.
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Figure 10

Comparing PSA value, Gleason score, and Age between PCa subsets. Statistical signi�cance was
performed by Chi-square test. A,B,C. is for CI vs CII, CI vs CIII, CII vs CIII, respectively. The heatmap
illustrates the association of different clinical characters with PCa subsets (D).
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Figure 11

The GO and KEGG analysis for three PCa clusters. A,B is for cluster I vs Cluster II, C,D is for cluster I vs
cluster III, and E,F is for cluster II vs Cluster III.
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Figure 12

The comparision of functional enriched analysis among three PCa subsets, including GO (A) and KEGG
(B) analysis.
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Figure 13

GSEA analysis reveals distinct enriched gene sets between three PCa subtypes, including up-regualted GO
(A) and KEGG (B) categories, down-regualted GO (C) and KEGG (D) terms.
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Figure 14

Mutation analysis of three PCa subsets. A,C,E. Gene mutation pro�les of the following highly mutated
genes among the three subtypes. B,D,F. The forest plots show the comparison results of gene mutations
among CI, CII and CIII (*P, 0.1, **P, 0.05, ns: not signi�cant).
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Figure 15

Differential putative chemotherapeutic and immunotherapeutic response. The box plots of the estimated
IC 50 for chemotherapeutic drugs are shown in (A) for CI, CII and CIII PCa subsets. (C) Submap analysis
manifested that Cluster I could be more sensitive to the immunotherapy (Bonferroni-corrected P < 0.05).


