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Abstract: Approximately 25% of prostate cancer (PCa) cases experience biochemical recurrence (BCR) following
radical prostatectomy (RP). The patients with BCR, especially with BCR <2 year after RP (early BCR), are more
likely to develop clinical metastasis and castration resistance. Now decision-making regarding BCR after RP relies
solely on clinical parameters. We thus attempted to establish an early BCR-risk prediction model by combining a
molecular signature with clinicopathological features for guiding clinical decision-making. In this study, an 8-gene
signature was derived, and these eight genes were SPTBN2, LGI3, TGM3, LENG9, HAS3, SLC25A27, PCDHGA1, and
ADPRHL1. The Kaplan-Meier analysis revealed a significantly prolonged BCR-free survival in the patients with low-
risk scores compared to those with high-risk scores in both training and validation datasets. Harrell’s concordance
index and time-dependent receiver operating characteristic analysis demonstrated that this gene signature tended
to outperform three commercial panels at early BCR prediction. Moreover, this signature was also proven as an
independent predictor of BCR-free survival. A nomogram, incorporating the gene signature and clinicopathologic
features, was constructed and excellently predicted 1-, 2- and 3-year BCR-free survival of localized PCa patients
after RP. Gene set enrichment analysis, tumor immunity, and mRNA expression profiling analysis showed that the
high-risk group was more prone to the immunosuppressive microenvironment and impaired DNA damage response
than the low-risk group. Collectively, we successfully developed a novel 8-gene signature as a powerful predictor for
early BCR after RP and created a prognostic nomogram, which may help inform the clinical management of PCa.

Keywords: Prostate cancer, biochemical recurrence, gene signature, risk stratification, biochemical recurrence-
free survival

Introduction

Prostate cancer (PCa), the most common site
of cancer in aging males, is one of the leading
causes of cancer-associated death across
the globe. Long-term declines in mortality for
PCa have halted, with an estimated 34,130
deaths and 248,530 new cases in 2021 can-
cer statistics [1]. Biochemical recurrence (BCR)

defined by a rise in the blood level of prostate-
specific antigen (PSA) is widely used for report-
ing the outcome of radical prostatectomy (RP).
Although PCa has a better overall survival (OS)
than other malignancies, its recurrence rate is
significantly high with BCR in approximately
20-30% of patients after standard treatment
such as RP and radiation therapy [2]. BCR with-
in the first two years after RP is usually consid-
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ered to be an early BCR. The patients with BCR,
especially with early BCR, are more likely to end
up developing clinical recurrence and metasta-
sis, while the median survival for the patients
presenting with metastatic PCa is only 30
months [3]. It is thus vital to recognize early
BCR in PCa. The serum PSA (sPSA) test has
become a routine clinical test for early detec-
tion, risk stratification, and monitoring of PCa.
But in recent years, sPSA screening test has
garnered much criticism for its poor specificity
eliciting the potential for overdetection and
overtreatment of PCa. In addition, the Gleason
score is a decisive prognostic factor recom-
mended by the National Comprehensive Can-
cer Network (NCCN) Guidelines for PCa, but not
perfect due to the limitation of interobserver
variability, subjective assessment, and sam-
pling error [4].

With the development of tumor molecular biol-
ogy, new prediction models based on progno-
sis-associated genes are emerging and could
reflect tumor progression at the molecular
level, which might be advantageous to achieve
a more accurate prognosis prediction and per-
sonalized management of PCa. In fact, with the
emergence of gene chips and high-throughput
sequencing, it has become a reality that gene
signatures derived from abnormal transcrip-
tional profiles can predict prognosis for PCa. In
the last decade, multiple gene signatures for
PCa prognosis prediction have been proposed.
For example, given PCa with heterogeneous
hypoxia, Yang et al. proposed a 28-gene hypox-
ia-related signature as a powerful predictor for
5-year BCR-free survival (BFS) in PCa patients
after RP or receiving post-prostatectomy radio-
therapy independent of clinicopathological fac-
tors and commercially available prognostic sig-
natures [5]. Klein et al. developed a 17-gene
signature, effectively predicting clinical recur-
rence, PCa-specific death, and adverse pathol-
ogy [6]. Several other studies also utilized simi-
lar methods to construct mRNA expression sig-
natures consisting of various numbers of genes
[6-12]. These reports primarily focused on long-
term BFS and OS.

Even more successful, three commercialized
prognostic gene signatures, Decipher with 22
genes, OncotypeDX Prostate with 17 genes,
and Prolaris with 46 genes, are on the market
and recommended by the NCCN Guidelines for
PCa risk-stratification [13]. Specifically, these
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three tests can help clinical decision-making
for patients with a positive biopsy. Additionally,
Decipher and Prolaris are also available for
PCa patients undergoing RP to predict tumor
progression and thus are helpful in decision-
making on secondary treatment. Likewise, only
long-term metastasis-free survival data was
released for these tests, including 5-year and
10-year metastatic PCa risk. Few studies inves-
tigate the molecular signatures for early BCR.
In-depth analysis of the public datasets identify
prognostic-associated genes and develop a
robust gene signature for predicting early BCR,
which will help inform clinical management of
PCa.

Herein, we constructed an 8-gene signature
using the sample data from The Cancer
Genome Atlas Project (TCGA) database, follow-
ing validation in multiple independent cohorts.
The predictive performance of our signature for
early BCR was compared with that of three
commercial panels (Decipher, Oncotype DX,
and Prolaris). A nomogram was developed com-
bining this gene signature with independent
clinicopathological factors and might provide
clinicians with a preferable tool for risk stratifi-
cation, prognosis prediction, and thus clinical
decision-making.

Materials and methods
Data collection

The mRNA expression and clinical data of PCa
patients were collected from publicly accessi-
ble databases, including TCGA (https://por-
tal.gdc.cancer.gov/), Gene Expression Omni-
bus (GEO) (https://www.ncbi.nim.nih.gov/geo/),
and German Cancer Research Centre (DKFZ)
(https://www.cbioportal.org/study/clinicalDa-
ta?id=prostate_dkfz_2018). The exploratory
TCGA dataset contained 422 PCa samples and
59 normal tissue samples. Two independent
GEO datasets with the accessing number of
GSE107299 and GSE70769 consisted of 76
and 94 PCa specimens, respectively, and the
DKFZ2018 included 292 PCa cases [14].

Differential gene expression analysis

In the TCGA cohort, the raw RNA-Seq count
data of the 422 PCa samples and 59 normal
tissue samples were normalized, and log2-
scale transformed. The differentially expressed
genes (DEGs) between PCa and normal sam-
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ples were identified using the limma R package
[15]. The gene expression data were filtered by
count per million >1 in 250% of all samples to
avoid random correlations between low-ex-
pressing genes. The gene was deemed a candi-
date DEG if a false discovery rate (FDR) of
<0.05 and |Log2 fold change| >1 were detect-
ed and used for subsequent analysis. A volca-
no plot of DEGs was drawn using R package
ggplot2 (version 3.3.5) and ggrepel (version
0.9.1).

Establishing the 8-gene signature

As previously described [16], a gene signature
for BFS prediction was developed. Briefly, we
combined the expression level of the screened
1,184 DEGs with the BFS information to estab-
lish a multi-gene signature that could predict
BFS in PCa. Of note, 60% of the 422-patient
TCGA cohort were randomly selected as the
training set while the rest 40% as the inner-
validation set by adopting the createDataParti-
tion function included in the caret package.
DEGs significantly related to BFS were screen-
ed out using univariate Cox regression analysis,
followed by continuously narrowed-down by
LASSO Cox regression analysis designed using
the gimnet R package [17]. Then 100 iterations
of 10-fold cross-validation with binomial devi-
ance minimization criteria were performed to
identify the optimal tuning parameter lambda
and corresponding LASSO regression coeffi-
cients. The optimal gene set was constructed
based lambda according to 1-SE (standard
error) rule, and the best combination of genes
was determined by best subsets regression
using the regsubsets function of the leaps R
package [18]. Finally, an 8-gene signature was
constructed in the TCGA discovery cohort and
presented as a risk score which can be com-
puted for each patient by the following
formula:

Risk Score (RS) = i(Exp * Coefi )

Among them, n is the number of BFS-associat-
ed genes, Exp indicates the expression value,
and Coefi represents the genetic regression
coefficient.

Validating the 8-gene signature

The BCR prediction efficiency of the developed
8-gene panel was first confirmed in the inner-
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validation dataset with 168 patients, which
was randomly split from the 422-patient TCGA
cohort. The GSE107299, GSE70769, and DK-
FZ2018 study were served as the separate
external validation cohorts. The risk score was
computed per the specific risk score formula.
The median risk score as a threshold value sep-
arated the patients into the high- and low-risk
groups. The prognostic differences between
the high- and low-risk groups were compared
via Kaplan-Meier survival curves combined
with a log-rank test. The predictive capability of
this signature for 1-, 2-, and 3-year BFS after
surgery was assessed by time-dependent
receiver operating characteristic (ROC) and
concordance index (C-index) analysis. The per-
formance of this gene signature was also
detected in the subgroup of the discovery
cohort and compared with that of three com-
mercial prognostic gene panels.

Identifying the independent predictors for BCR

To identify independent markers of BCR in PCa,
the 8-gene signature and other clinical param-
eters, including age, Gleason score, clinical
TNM stage, pathologic TNM stage, sPSA, and
lymph node involvement (LNI), were submitted
to Cox regression analyses.

Developing a predictive nomogram

All significant prognostic markers selected by
Cox regression analysis were combined to con-
struct a nomogram using cph function from the
rms package, allowing for predicting 1-, 2-, and
3-year BFS of PCa patients in the TCGA datas-
et. The nomogram’s discrimination, calibration,
and reliability were assessed, wherein the dis-
crimination was evaluated by C-index, the cali-
bration by comparing predicted and observed
0S, and the reliability via decision curve analy-
sis (DCA).

Restricted mean survival time (RMST) analysis

In longitudinal clinical studies to compare
two groups, RMST is useful in quantifying
underlying differences concerning a time-to-
event endpoint. RMST analysis was used in the
discovery cohort to examine BFS rates in the
high- and low-risk groups at different time
points (5 and 10 years of follow-up) via the
‘survRM2’ package.
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Gene set enrichment analysis

Gene set enrichment analysis (GSEA) was
conducted in the TCGA cohort to identify gene
sets whose expression was enriched or deplet-
ed in the high- and low-risk patients using the
GSEA function of clusterProfiler R package. The
enriched or depleted gene sets correlated with
survival were identified via Molecular Signatures
Database v.7.4 [19].

Tumor immunity and mRNA expression profil-
ing analysis

xCell, a novel method integrating the advantag-
es of gene set enrichment with deconvolution
algorithm, can estimate the scores of 64 infil-
trating cell subtypes using the normalized RNA-
seq data [20]. Here, the xCell algorithm was
adopted to characterize the tumor microenvi-
ronment (TME) of PCa tissues in the high- and
low-risk groups and further investigated the
association between the risk score and the
immune infiltrate in the TCGA discovery cohort.

The mRNA expression of genes associated with
TME and DNA damage response in PCa was
also analyzed in the two risk groups. The
expression of TME and DNA damage response-
related genes was visualized using ggboxplot
function in R package ggpubr (version 0.4.0),
and was compared by Student t test between
the high- and low-risk groups. Heat maps were
plotted using R package pheatmap (version
1.0.12). P-values for high-risk versus low-risk
groups were added using the function stat_
compare_means in the boxplots.

Statistical analyses

All analytical methods above and R packages
were conducted by R software v 4.0 (R
Foundation for Statistical Computing, Vienna,
Austria). Cox and LASSO regression were uti-
lized to screen the BFS-related variables. The
log-rank test was adopted to compare Kaplan-
Meier curves. Unless otherwise stipulated, a
P-value below 0.05 was considered statistically
significant.

Results
Identifying DEGs

A flowchart was graphed to describe this study
visually (Figure 1A). Through analysis of gene
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expression data of 422 primary PCa samples
and 59 normal tissue samples in the TCGA dis-
covery cohort, a total of 1,184 DEGs were iden-
tified, consisting of 333 up-regulated and 851
down-regulated genes in tumor tissues (Figure
1B). DLX1 showed the most significant dif-
ferential expression, up-regulated approximate-
ly 55-fold in tumor tissue (Figure 1B).

Screening BFS-correlated DEGs and establish-
ing the 8-gene prognostic signature

The 422-patient TCGA cohort was randomly
assigned in a 6:4 ratio into a training dataset
(N=254) and an inner-validation dataset (N=
168). The DEGs with significant prognostic
values were first screened out in the training
dataset via univariate Cox proportional hazards
regression analysis and then were narrowed
down by a LASSO Cox regression model and
an all subset regression model. Finally, eight
genes associated with PCa prognosis, includ-
ing spectrin beta non-erythrocytic 2 gene
(SPTBN2), leucine-rich glioma inactivated 3
(LGI3), Transglutaminase 3 (TGM3), leukocyte
receptor cluster member 9 (LENG9), hyaluro-
nan synthase 3 (HAS3), uncoupling protein-4
(UCP4/SLC25A27), protocadherin gamma-Al
(PCDHGA1), and ADP-Ribosylhydrolase Like 1
(ADPRHL1) were identified using the regsub-
sets function of the leaps R package and then
used to establish the prognostic gene signa-
ture. The down-regulated HAS3, LENGY, AD-
PRHL1, and TGM3 were deemed tumor sup-
pressors, and the up-regulated PCDHGAL,
LGI3, SPTBN2, and SLC25A27 were consider-
ed as oncogenes (Figure 1C). Then the risk
score for prognosis prediction was computed
according to following formula: risk score =
(1.029%EXPppy,) + (0.851%ExXp ,) + (-0.273x
EXp ous) T (-0.613%EXpP . .o) + (-0.866%EXp,,..)
+ (1'203XEXpSLC25A27) + (0'2O4XEXpPCDHGA1) +
(-0.342XEXP, ppruie)-

Validating the 8-gene signature

The median risk score of 0.79 was determined
as the optimal threshold for risk stratification of
PCa patients in the training dataset, while this
cut-off value of 0.79 also served as a risk indi-
cator for both the inner-validation dataset and
the whole TCGA dataset. After stratification,
the high-risk group separately comprised 127
patients in the training dataset, 92 in the inner-
validation dataset, and 219 in the entire TCGA
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Figure 1. Screening BFS-correlated DEGs and establishing the 8-gene prognostic signature. A. The flow chart pres-
ents the process of establishing the gene signature and prognostic nomogram for PCa. B. The volcano plot displays
the DEGs, which meet the criteria of a false discovery rate of <0.05, and |log2 fold change| >1. C. Eight BFS-
correlated DEGs are shown with corresponding estimated regression coefficients. BFS: biochemical recurrence-free
survival; DEGs: differentially expressed genes; PCa: prostate cancer.

dataset. The clinicopathological features in the
high- and low-risk patients of the TCGA dataset
were compared using the twogrps function in R
package CBCgrps (version 2.8.2), wherein no
significant differences were seen among all
the clinical characteristics between the two
groups (Table 1). Time-dependent ROC and
Kaplan-Meier curves were utilized to assess
the performance of this 8-gene signature for
the prediction of 1-, 2-, and 3-year BFS. As
shown in the top panels of Figure 2A-C, the
area under the ROC curve (AUC) values for 1-,
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2-, and 3-year BFS predictions were 0.705,
0.732, and 0.751 for the training dataset,
0.822,0.791, and 0.707 for the inner-validation
dataset, and 0.737, 0.760, and 0.737 for the
entire TCGA cohort, respectively. Kaplan-Meier
plots indicated that in all three datasets, a sig-
nificantly poor BFS existed in the patients with
high-risk scores compared to the patients with
low-risk scores (P=0.003 for the training data-
set, P=0.0069 for the inner-validation dataset,
and P<0.0001 for the entire TCGA discovery
cohort) (Figure 2A-C, bottom panels). The
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Table 1. Comparison of clinical baseline characteristics between the high- and low-risk patients in the

TCGA cohort
Variables Total (n=422) High-risk (n=219) Low-risk (n=203) p value
Age, Median (Q1, Q3) 61 (56, 66) 61 (56, 65.5) 62 (57, 66) 0.12
gleason_score, n (%) 0.804
<6 39 (9) 19 (9) 20 (10)
>6 383 (91) 200 (91) 183 (90)
clinical_T, n (%) 0.661
T1/2 304 (86) 157 (85) 147 (88)
T3/4 48 (14) 27 (15) 21 (12)
clinical_M, n (%) 1
MO 397 (99) 202 (100) 195 (99)
M1 2 (1) 1(0) 1(1)
pathologic_T, n (%) 0.402
pT1/2 153 (37) 75 (35) 78 (39)
pT3/4 264 (63) 142 (65) 122 (61)
pathologic_N, n (%) 0.154
NO 302 (82) 151 (79) 151 (85)
N1 66 (18) 40 (21) 26 (15)
psa_value, n (%) 0.642
<10 396 (97) 202 (96) 194 (97)
>10 13 (3) 8 (4) 5(3)
LNI, n (%) 1
No 60 (14) 31(14) 29 (14)
Yes 362 (86) 188 (86) 174 (86)
radiation_therapy, n (%) 31(7) 14 (6) 17 (8) 0.586
No 337 (80) 179 (82) 158 (78)
Yes 54 (13) 26 (12) 28 (14)
residual_tumor, n (%) 10 (2) 4(2) 6 (3) 0.437
RO 269 (64) 139 (63) 130 (64)
R1 128 (30) 69 (32) 59 (29)
R2 3(1) 0 (0) 3(1)
RX 12 (3) 7 (3) 5(2)

RMST for the whole TCGA cohort was also eval-
uated. The 5- and 10-year RMST were 4.16
(95% Cl, 3.92-4.40) and 6.99 (95% ClI, 6.07-
7.91) years for the high-risk group, and 4.70
(95% Cl, 4.55-4.84) and 8.98 (95% ClI, 8.50-
9.50) years for the low-risk group with signifi-
cant difference between the high- and low-
risk groups in 5- (P=0.0003) and 10-year
(P=0.0005) (Figure 2D). Subgroup analysis
showed that when patients were stratified by
PSA level, the patients with a PSA level of <10
or 20 ng/ml had a significantly favorable prog-
nosis versus the patients with a PSA level of
>10 or 20 ng/ml, while 8-gene signature-bas-
ed risk group stratification still performed well
in predicting BFS in the subgroup with a PSA
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level of <10 or 20 ng/ml (Figure 2E and 2F).
Similarly, 8-gene signature-based risk group
stratification also performed well in the sub-
group with clinically staged T1-2, MO, or patho-
logically staged NO PCa (Supplementary Figure
1). These results indicated that the 8-gene sig-
nature was an effective predictor of BFS for
PCa patients even across subgroups stratified
according to PSA level or TNM status.

To confirm the predictive value of this
signature, three external sets, DKFZ2018,
GSE107299, and GSE70769, were utilized to
assess the findings from the discovery cohort.
The AUC values for predicting 1-, 2-, and 3-year
BFS were 0.803, 0.793, and 0.834 for the
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A Testing dataset B Inner-validation dataset C Whole TCGA dataset

1. D e [ O™

7 ® s

@« 0.50- 056

g 8 g

) o )

I o= E 025 E 025

= = =

000 oz o5 o7 100

False positive rate

Strata == risk = high - risk = low

False positive rate

Strata == risk = high

False positive rate

risk = low Strata = risk = high risk = low

g T 100] e T oo =
= 2 c
g on S an 3 om
@ a o
2 050 $ 050 L ow l
o p i
EI- 01 p=0003 ET 0251 b= 0.0089 8 0251 p<00001 :
Q o 000 000
8 "= S — —
Months Months [11 Months
T Number at risk 5 . . Number at risk w risk = high Number at risk
@ risk = high @ risk = high g
g P : } s 1% F 5 g § @ g z 3 3
o sk ] ) % o I3 ] E] ® % g I e G g %0
Months Months Months
D 5-Year E Strata =~ PSAvalue <10 < PSAvalue >= 10 Strata == PSAvalue <20 =+ PSAvalue >= 20
High risk Low risk § o T '™
2 >
E . c o7 S om ‘\'\-—--1_‘_“_‘_‘
> 2] = 2 2 <
£ o £ o © 050 D s
8 o] g <] 2 3
g o] £ <] E 021 p<ocbor E 9% o _coboss
(=g = Q 000 % 0.00
=] TTTTTT = TTTTT o [] ] 0 120 %0 o [ 4 3 130 160
0 6 12 048 Menths Months
I} o} Number at risk
@ PSAvalue <10 Numberatrisk ® PSAvalue <20
Years Years & L | Rt S . § 3
RMST: 4.16 RMST: 4.7 s o & g %5 3 % % 3 7
Months Month:
F PSA<=10 PSA <=20
10-Year . . ) sk = hi ol =
Strata == risk = high risk = low Strata ==~ risk = high risk = low
High risk Low risk T 100 = R
2 g
ars P
5 @ o o | e | 2 3
Z o Z o 0s0
3 g 3 . g = o
el ]
g ; : E ; : ET 028 5 0351 o000
o | o | Q e Q o
o TITTTT o TTTTTT [a3] om [] 40 120 180
0 6 12 048 Menth
s . Number atrisk & _ hiap Number atrisk
vears yeare poskshighyy § 5 3 g At N T SR
RMST: 6.99 RMST: 8.98 @ ! v e “ & % 2 [ZIN : @ W £ &
- N Menths Months

Figure 2. Prognostic analysis and performance evaluation of the 8-gene signature in the discovery set. The time-
dependent ROC analyses and Kaplan-Meier analysis of the 8-gene signature for predicting 1-, 2-, and 3-year BFS
in the training dataset (A), inner-validation dataset (B), and whole TCGA dataset (C). Patients are stratified into
high- and low-risk groups with a cut-off of the median value in the training set. (D) The 5- and 10-year RMST of the
high- and low-risk groups in the TCGA discovery cohort. (E) Kaplan-Meier curves for BFS in the patients with low and
high PSA levels (cut-off value 10 or 20 ng/ml). (F) Kaplan-Meier BFS analyses of the 8-gene predicative model in the
subgroup with a PSA level of <10 or 20 ng/ml. ROC: receiver operating characteristic; BFS: biochemical recurrence-
free survival; RMST: restricted mean survival time; TCGA: The Cancer Genome Atlas Project; PSA: prostate-specific

antigen.

DKFZ2018 dataset, 0.759, 0.743, and 0.727
for the GSE107299 dataset, and 0.646, 0.770,
and 0.733 for the GSE70769 dataset, respec-
tively (Figure 3A-C, top panels). Patients were
classified into the high- and low-risk groups
using the median risk score derived from each
dataset. As expected, the high-risk group had a
significantly inferior BFS as compared to the
low-risk group (P=0.019 for the DKFZ2018
dataset, P<0.0001 for the GSE107299 datas-
et, and P=0.0015 for the GSE70769 dataset)
(Figure 3A-C, bottom panels).
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Comparing the 8-gene signature with commer-
cial prognostic gene panels

In addition, in view that the marketed Decipher,
Oncotype DX Prostate, or Prolaris tumor-based
molecular panel has been recommended by
the NCCN Guidelines for initial risk stratifica-
tion in the appropriate PCa patients, the perfor-
mance of this 8-gene signature was also evalu-
ated via comparison with that of these three
commercial prognostic gene products. The
genes of these three commercial panels were

Am J Cancer Res 2022;12(7):3318-3332
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Figure 3. Validation of the 8-gene signature. The time-dependent ROC and Kaplan-Meier curves for evaluating the
performance of the 8-gene signature in the validation datasets, DFKZ 2018 (A), GSE107299 (B), and GSE70769
(C). (D) Comparison of the 8-gene signature with three commercial panels using ROC analyses for predicting 1-,
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2- and 3-year BFS. (E) The nomogram plot for predicting 1-, 2- and 3-year BFS in PCa patients. (F) The calibration
curves of the nomogram showing the probability of BFS at 1-, 2- and 3-year after radical prostatectomy. (G) The
DCA curves comparing the net clinical benefit among all significant clinical factors, including the nomogram. ROC:
receiver operating characteristic; BFS: biochemical recurrence-free survival; DCA: decision curve analysis.

Table 2. Univariate and multivariate Cox regression analyses of risk score and clinical pathological

variables in the TCGA cohort

Univariate Cox

Multivariate Cox

Characteristics No Of Pts

HR (95% CI) P. value HR (95% CI) P. value
Age (=60 vs. <60) 422 1.52 (0.88-2.65) 0.1300
Gleason score (>6 vs. <6) 422 2.71 (0.66-11.12) 0.1500
Clinical M (M1 vs. MO) 399 0 (O-Inf) 0.8200
Clinical T (T3/4 vs. T1/2) 352 3.9 (2.16-7.04) 1.00E-06 2.57 (1.33-4.94)  0.0047
Pathologic N (N1 vs. NO) 368 1.84 (1-3.4) 0.0470 1.1 (0.55-2.17) 0.7900
Pathologic T (pT3/4 vs. pT1/2) 417 5.4 (2.31-12.6) 1.20E-05 3.31(1.24-8.84) 0.0170
PSA (210 vs. <10) 409 9.14 (3.57-23.43)  2.10E-08 4 (1.37-11.68) 0.0110
LNI (Yes vs. No) 417 2.04 (0.74-5.63) 0.1600
LNI_N (= median vs. < median) 366 0.6 (0.34-1.06) 0.0740
Risk (High vs. Low) 422 0.32 (0.18-0.57) 5.30E-05 0.31(0.15-0.62) 0.00094

listed in Supplementary Table 1. As demon-
strated by time-dependent ROC curves in

Figure 3D and Supplementary Table 2, the
AUC values of the 8-gene signature were
numerically higher than those of three commer-
cial panels for predicting 1- and 2-year BFS
(1-year AUC: 0.737 vs. 0.612, 0.712, and
0.718; and 2-year AUC: 0.760 vs. 0.619, 0.698,
and 0.726), though the differences were not
significant. For 3-year BFS prediction, the AUC
values of the 8-gene signature and three com-
mercial panels were similar (3-year AUC: 0.737
vs. 0.702, 0.761, and 0.784). Additionally, the
C-index of this signature was also comparable
to that of three commercial panels (0.646 vs.
0.639, 0.669, and 0.650). These results
revealed the 8-gene signature’'s good perfor-
mance for early BCR prediction in PCa.

Identifying the independent prognostic mark-
ers and building a predictive nomogram

The independent prognostic factors for PCa
were determined by Cox regression analyses
of data from the TCGA cohort. The unadjusted
univariate Cox regression analysis revealed
that clinical T stage (P<0.001), pathologic N
(P=0.047), and T stage (P<0.001), PSA (P<
0.001), and 8-gene signature-based risk group
classifier (P<0.001) were significantly correlat-
ed with BFS in PCa patients. In addition, multi-
variate Cox regression analysis displayed that
risk score remained a strong predictor for BFS
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alongside clinical T stage, pathologic T stage,
and PSA (Table 2).

For the development of a more reliable pre-
diction tool for clinical practice, a nomogram
was established via integrating all significant
clinical factors, including the risk score, clinical
T stage, pathologic N and T stage, and PSA, to
predict 1-, 2- and 3-year BFS in PCa (Figure
3E). Calibration plots showed the nomogram
with a strong predictive ability for 1-, 2-, and
3-year BFS, as demonstrated by the consisten-
cy between predicted and actual survival time
(Figure 3F). DCA curves showed that the net
clinical benefit of the nomogram was higher
than that of any other character alone (Figure
3G). Additionally, the C-index of 0.742 for the
nomogram was the highest among all factors
determined.

Gene set enrichment analyses

GSEA analysis was implemented between the
high-/low-risk score tumor samples and normal
tissues in the TCGA cohort to investigate the
underlying molecular mechanism of the 8-gene
signature. Figure 4A and 4B showed the hall-
marks with significant differences, and the top
5 hallmarks were listed in Table 3. Compared
with normal tissues, the tumor samples from
the two risk groups showed the up-regulation
of “MYC targets V1" and the suppression of
“epithelial-mesenchymal transition”. In addi-

" ow

tion, hallmarks “myogenesis”, “apoptosis”, and
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Figure 4. Gene set enrichment analyses, tumor immunity, and mRNA expression profiling analysis. A, B. Gene set
enrichment analyses are conducted between the high-/low-risk tumor samples and normal tissues in the TCGA
discovery cohort to identify enriched or depleted gene sets. C. Difference analysis of 64 immune cells infiltration
between the high- and low-risk groups in the TCGA cohort using xCell algorithm. *P<0.05, **P<0.01, ***P<0.001,

and ****pP<0.0001.

“TNF-a signaling via NF-kB” were also inhibited
in the high-risk group, whereas “MYC targets
V2" was highly expressed and “UV response
DN” and “apical surface” were inhibited in the
low-risk group compared to normal tissues
(Table 3). These results revealed different bio-
logical features between the high- and low-risk
groups.

Correlation with the infiltration levels of im-
mune cells

Through the xCell algorithm, we investigated

the relationship between this 8-gene signature
and the immune infiltrate. Among the 64 sub-

3327

types of immune cells in tumors determined via
xCell, the low-risk group was more infiltrated by
multiple subtypes of immune cells, including
memory B cells, T helper 2 cells, central memo-
ry CD8 T cells, CD4+ memory T cells, CD4+
naive T cells, activated dendritic cells, mono-
cytes, as well as M2-polarized macrophages
than the high-risk group (Figure 4C). Besides,
the immune score is higher in the low-risk group
than in the high-risk group (Figure 4C).

mMRNA expression analysis

In view that the immunotherapeutic benefits
were associated with immune checkpoint high
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Table 3. Significantly enriched hallmarks in the TCGA cohort by GSEA

NAME SIZE NES NOM p-val FDR g-val Groups

HALLMARK_MYC_TARGETS_V1 200 1.699985701 0.000137665 6.09E-05 HighRisk vs. Normal
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION 200 -2.167283953 1.67E-09 7.37E-10 HighRisk vs. Normal
HALLMARK_MYOGENESIS 199 -2.766214294 1.67E-09 7.37E-10 HighRisk vs. Normal
HALLMARK_APOPTOSIS 160 -1.910151921 1.10E-05 4.86E-06 HighRisk vs. Normal
HALLMARK_TNFA_SIGNALING_VIA_NFKB 200 -2.209713985 1.67E-09 7.37E-10 HighRisk vs. Normal
HALLMARK_MYC_TARGETS_V2 58 1.748083455 0.004336176  0.002738637 LowRisk vs. Normal
HALLMARK_MYC_TARGETS_V1 200 1.936585623 2.67E-07 1.69E-07 LowRisk vs. Normal
HALLMARK_UV_RESPONSE_DN 144 -1.873905197 0.000107974 6.82E-05 LowRisk vs. Normal
HALLMARK_EPITHELIAL_MESENCHYMAL_TRANSITION 200 -1.808381186  0.000177091  0.000111847 LowRisk vs. Normal
HALLMARK_APICAL_SURFACE 44 -1.875651113  0.003511655  0.002217887 LowRisk vs. Normal

expression, IFNy pathway activation, T cell acti-
vation, and activated tumor microenvironment,
we also evaluated the mRNA expression of
common immune checkpoints, and represen-
tative genes of IFNy pathway, effector T cell, T
cell receptor, and the tumor microenvironment
in the high- and low-risk patients of the TCGA
dataset (Supplementary Figure 2A-D). In the
tested immune checkpoints (PD-1, PD-L1,
PD-L2, LAG3, CTLA-4, TIM3, and VTCN1), only
the mRNA expression of PD-L1 and TIM3 was
nearly significantly (P=0.0655) or significantly
(P=0.0097) different between the two groups,
both lower in the high-risk group than in the
low-risk group. In terms of the activity of the
IFNy pathway, T cell, and TME, the high-risk
group had significantly lower mRNA expression
in some representing genes than the low-risk
group, including GZMB, IFI16, IFI30, IRF1,
CD3D, CD4, CD74, GRAP2, IL2RB, IL1B, IL6,
PTGS2, and TNF, suggesting that high-risk
score was associated with the immunosup-
pressive microenvironment (Supplementary
Figure 3A-D). Additionally, the mRNA expres-
sion of DNA damage repair (DDR) genes was
also analyzed. Among 106 DDR genes ana-
lyzed, the high-risk group had 11 up-regulated
and 31 down-regulated genes compared with
the low-risk group (Supplementary Figures 2E,

3E; Supplementary Table 3). These findings
suggested that high-risk patients are more like-

ly to have immunosuppressive microenviron-
ment and DNA damage response than low-risk
patients.

Discussion

PCa is one of the most deadly urinary tumors in
males globally. Progression to BCR is a signifi-
cant turning point in PCa development. Once
BCR, the majority of PCa patients will metasta-
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size, leading to ultimate death [21]. Early BCR
accounts for nearly half of all tumor BCR follow-
ing RP, and PCa patients with early BCR always
suffer from dismal long-term outcomes com-
pared with those without early BCR, although
significant progress has been made in adjuvant
therapy. Therefore, it is advisable to effectively
stratify PCa with a high risk of early BCR after
RP, so as to carry out early intervention before
the progression of metastasis.

Herein, an 8-gene signature for predicting early
BCR was established using gene expression
and BFS data from the TCGA PCa cohort. In the
light of the risk scores computed based on the
expression level of 8 genes, patients in the
discovery dataset can be separated into the
high- and low-risk groups with significant differ-
ences in BFS and 5- and 10-year RMST. This
gene classifier also effectively helped stratify
patients with a PSA level of <10 or 20 ng/ml
into different risk groups. Besides, it was suc-
cessfully validated in three external datasets
that this gene panel significantly discriminated
between the high- and low-risk groups for BFS.
This 8-gene classifier was also an independent
predictor of BFS. A nomogram was developed
via integrating the 8-gene classifier and clinico-
pathological indicators, which could precisely
predict BFS. Additionally, it was noteworthy that
the high-risk patients were more prone to the
immunosuppressive microenvironment and
DDR variations than the low-risk patients.

Among the eight genes included in this panel,
six of them have been experimentally verified to
be associated with cancer. HAS3, one family
member of HSA, is responsible for producing
both secreted and cell-associated forms of
hyaluronan and has been widely reported to be
linked to tumor progression, metastasis, and
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poor prognosis in multiple human cancers. It
has been documented that the increase of
HAS3 expression is associated with a dismal
prognosis in oral cancer and breast cancer [22,
23]. Up-regulation of HAS3 could enhance the
proliferation of gastric cells and colon cancer
cells [24, 25]. Consistently, HAS3 down-regula-
tion is also reported to be an indicator of poor
outcome in urothelial carcinoma of the upper
urinary tract and the bladder [26]. The anti-
cancer effect of HAS3 remains controversial.
Consistently, in PCa, HAS3 has been demon-
strated to promote the growth of TSU PCa
cells but inhibit the cell proliferation and migra-
tion of LNCap PCa cells [27, 28]. ADPRHL1 is a
pseudoenzyme expressed in the developing
heart myocardium of all vertebrates. Wan et al.
reported that ADPRHL1 might play a critical
role in the recurrence of uveal melanoma [29].
But the role of ADPRHL1 in PCa is not revealed.
TGM3, one of the critical enzymes contributing
to the formation of protein polymers in the epi-
dermis and the hair follicle, has been reported
as a tumor suppressor involved in the modula-
tion of cell proliferation, epithelial-to-mesen-
chymal transition, apoptosis in colorectal can-
cer, esophageal cancer, and hepatocellular
carcinogenesis [30-33]. However, the associa-
tion of TGM3 with PCa has not ever been
reported. LGI3, a secreted protein that belongs
to LGl/epitempin family, is highly expressed in
the brain and regulates neuronal exocytosis
and differentiation [34, 35]. In the last few
years, some studies documented that the high
expression of LGI3 is associated with favorable
outcomes in glioma and non-small cell lung
cancer, which might be attributed to increased
innate tumor immunity in the tumor microenvi-
ronment [36, 37]. Hence, LGI3 might be a
potential therapeutic target in PCa. SPTBN2
belonging to the spectrin family is widely re-
ported to act as a structural carrier for stabiliz-
ing and activating membrane channels, recep-
tors, and transporters involved in neurogenesis
and degenerative diseases. Increasing evi-
dence points out that SPTBN2 could serve as a
crucial clinical parameter of tumor progression
and survival for some cancers, such as ovarian
cancer, bladder cancer, and colorectal cancer
patients with m6A modifications [38, 39].
Moreover, Wen et al. identified SPTBN2 as a
signature gene, emerging in pathogenesis and
pattern recognition of seven common cancers
[40]. However, the exact role of SPTBN2 in PCa
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is still unknown. SLC25A27 encodes a neuro-
nal mitochondrial uncoupling protein-4 (UCP4),
which protects neurons against oxidative st-
ress and mitochondrial dysfunction [41, 42]. It
has been discovered that the positivity of UC-
P4 is associated with classical prognostic fac-
tors such as lymph node metastases, p53 and
Ki-67 in breast carcinomas. As yet it is not
clear whether UCP4 is related to PCa. PCDH-
GA1, a member of the protocadherin family,
mediates the formation and maintenance of
specific synaptic connections [43]. LENGO is a
member of the leukocyte receptor complex
[44]. They have never been documented asso-
ciated with cancer to date. Further investiga-
tion of the role of above-mentioned genes in
PCa are in our plan.

In comparison with several existing gene sig-
natures, our multi-gene panel demonstrated
sound performance in risk stratification of
BCR, wherein its AUCs for 1-, 2-, and 3-year
BFS in the discovery cohort were 0.737, 0.760,
and 0.737, respectively, and remained stable in
three external validation sets. For example,
Yuan et al. developed a 4-gene signature, and
its AUCs for 1- and 3-year BFS in the training
set are 0.83 and 0.799, respectively, but its
AUCs in the validation set are 0.638 and
0.723, respectively [7]. Long et al. also devel-
oped a 4-gene signature, and its AUCs for 1-,
2- and 3-year BFS are 0.827, 0.774 and 0.810
for the training set, and 0.718, 0.675, and
0.638 for the validation set [45]. Lv et al. es-
tablished a 5-immune-related gene signature,
and its AUC for 3-year BFS is 0.71 for the train-
ing dataset and 0.775 for the validation datas-
et [46]. In addition, our multi-gene panel had
superior performance in predicting early BCR
compared with three commercial panels in
terms of AUC values for 1- and 2-year BFS pre-
diction and C-index. Early BCR risk stratification
tools have significant clinical value in personal-
ized therapy. The patients with low-risk early
BCR could be managed by active surveillance,
while those with high-risk early BCR may require
adjuvant therapies or/and closer clinical man-
agement. Given that this signature could be
used for risk stratification in the subgroup with
a PSA level of <10 or 20 ng/ml or a low TNM-
stage, our signature may help identify low-risk
patients more accurately, avoid unnecessary
overtreatment, and select an optimal manage-
ment strategy.
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In addition, this signature might reflect the
changes of TME from different aspects as
shown by xCell and mRNA expression profiling,
which offered convenience to monitor the infil-
tration of immune cells and the potentiality to
assist rational diagnosis and individualized
treatment. DNA damage is a primary driver of
cancer initiation and progression, while loss-of-
function alterations of DDR genes promote a
more aggressive PCa phenotype [47, 48]. A
recent study has shown that the DDR altera-
tion signature has a substantial prognostic
value and may be utilized for risk stratification
in PCa [45]. More instructively, DDR could help
guide clinical decision-making in PCa. For
example, DDR deficiency has been well-docu-
mented as a predictor of sensitivity to platin-
um agents in castration-resistant PCa [49-51];
and the FDA has approved olaparib for use in
metastatic castration-resistant PCa patients
with a pathogenic mutation in a homologous
recombination repair gene and previous experi-
ence of enzalutamide or abiraterone therapy
[52]. We consistently found that the high-risk
score patients had a more severe DNA damage
response than the low-risk score patients,
which might provide treatment information for
the patients with future relapse.

Some limitations still exist in this study. Firstly,
this study is performed based on available ret-
rospective data derived from public datasets,
and thus it should be regarded as indicative for
future research rather than conclusive. Secon-
dly, most patients in these datasets were
the European American population. Therefore
extrapolating these results to the patients of
other ethnicities should be done with caution.
Thirdly, the underlying molecular mechanisms
of the selected eight genes in early BCR of PCa
remain to be further explored. To summarize,
our study built an 8-gene signature that can
reliably predict early BCR after RP, which will
contribute to the personalized management of
PCa patients.
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Supplementary Table 1. List of the genes in three commercial panels for PCa risk-stratification

Test Biomarkers Genes Ref

OncotypeDx 17 genes BGN, COL1A1, SFRP4, FLNC, GSN, TPM2, GSTM2, GAM13C, KLK2, AZGP1, [1-3]
SRD5A2, TPX2, ARF1, ATP5E, CLTC, GPS1, PGK1

Decipher 22 genes LASP1, IQGAP3, NFIB, S1PR4, THBS2, ANO7, PCDH7, MYBPC1, EPPK1, TSBP, [4-7]
PBX1, NUSAP1, ZWILCH, UBE2C, CANK2N1, RABGAP1, PCAT-32, GLYATL1P4/
PCAT-80, TNFRSF19

Prolaris 46 genes FOXM1, CDC20, CDKN3, CDC2, KIF11, KIAA0101, NUSAP1, CENPF, ASPM, [8-12]
BUB1B, RRM2, DLGAPS5, BIRC5, KIF20A, PLK1, TOP2A, TK1, PBK, ASF1B,
C18orf24, RAD54L, PTTG1, CDCA3, MCM10, PRC1, DTL, CEP55, RAD51,
CENPM, CDCAS8, ORC6L, RPL38, UBA52, PSMC1, RPL4, RPL37, RPS29,
SLC25A3, CLTC, TXNL1, PSMA1, RPLS, MMADHC, RPL13A, LOC728658,
PPP2CA, MRFAP1

Supplementary Table 2. The AUC values of the 8-gene signature and three commercial panels for
predicting 1-, 2- and 3-year BFS

Panel 1 year-AUC p value 2 year-AUC p value 3 year-AUC p value
8-gene vs. Decipher 0.737vs.0.612 0.226 0.760vs.0.619 0.074 0.737vs.0.702 0.563
8-gene vs. OncotypeDx  0.737 vs.0.712 0.776  0.760vs. 0.698 0.347 0.737vs.0.761 0.651
8-gene vs. Prolaris 0.737vs.0.718 0.820 0.760vs.0.726 0.616 0.737vs.0.784  0.376
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Supplementary Figure 1. Performance evaluation of the 8-gene signature in the subgroups stratified according to TNM status or Gleason score in the TCGA cohort.
Kaplan-Meier BFS analyses of the 8-gene predicative model in the subgroup with clinical stage T1-2 PCa (A), clinical stage MO PCa (B), pathologic stage T1-2 PCa
(C), pathologic stage NO PCa (D), or a Gleason score of <6 (E) or 7 (F). BFS: biochemical recurrence-free survival; TCGA: The Cancer Genome Atlas Project; PCa:
prostate cancer.
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Supplementary Figure 2. mRNA expression profiles of different gene classifications between high-risk and low-risk groups in the TCGA cohort. The heat maps show
mRNA expression profiles of different gene classifications between high-risk and low-risk groups, including common immune checkpoints (A), representative genes
of IFNy pathway, effector T cell (B), T cell receptor (C), and the tumor microenvironment (D), and DNA damage repair genes (E). TCGA: The Cancer Genome Atlas
Project.
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Supplementary Figure 3. Comparison of mRNA expression of different gene classifications between high-risk and low-risk groups in the TCGA cohort. The mRNA

expression profiling analyses for common immune checkpoints (A), representative genes of IFNy pathway, effector T cell (B), T cell receptor (C), and the tumor

microenvironment (D), and DNA damage repair genes (E) between the two risk groups. *P<0.05, **P<0.01, ***P<0.001, and ****P<0.0001. TCGA: The Cancer

Genome Atlas Project.



Supplementary Table 3. The differentially expressed DNA damage repair genes between the high-risk

and low-risk groups in the TCGA cohort
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Gene P value High-risk Low-risk
BLM 0.029829042 -0.103942574 0.112135092
BRCA2 0.041661165 -0.097468548 0.105150798
BRIP1 0.019382566 -0.113383545 0.122320179
CCNB1 0.004667985 -0.134548703 0.145153527
CDC25C 0.030037404 -0.102600358 0.110687085
CDK1 0.005217301 -0.134560353 0.145166095
CHEK1 0.001822992 -0.148519804 0.160225799
CHEK2 0.001515887 -0.150122304 0.161954603
COPS3 1.22E-05 -0.205155828 0.221325745
COPS7B 0.000934291 0.154170673 -0.166322056
COPS8 0.024320428 -0.10586488 0.11420891
DDB1 0.005700649 -0.129984756 0.140229859
EXO1 0.004029355 -0.13711129 0.147918091
FANCA 0.028976696 -0.103627351 0.111795024
FANCC 0.013443946 0.113788324 -0.122756862
FANCD2 0.021192817 -0.10931184 0.117927551
FANCI 0.004434624 -0.135842843 0.146549669
FANCL 0.021431007 0.107706194 -0.116195352
FEN1 0.00713573 -0.127940837 0.138024844
GTF2H1 0.020075807 -0.109635925 0.11827718
GTF2H4 3.37E-06 0.214328168 -0.231221029
INO80C 0.017749556 -0.111841635 0.120656739
MDC1 0.042617574 0.095275714 -0.102785129
MUTYH 0.040772495 0.095478393 -0.103003784
NFRKB 0.002788265 0.138511415 -0.149428571
PARP2 0.00411484 0.134869937 -0.14550008
PCNA 0.002844698 -0.142599687 0.153839071
POLE 0.026184095 0.104749878 -0.113006026
PRPF19 0.029342079 -0.102880734 0.11098956
RAD1 0.046810852 -0.093702158 0.10108755
RAD51AP1 0.031127262 -0.102810912 0.110914235
RBBP8 0.024392086 -0.105786426 0.114124273
REV1 0.000253648 0.170397492 -0.183827837
RNF168 0.00072464 -0.158764688 0.171278161
RPA1 0.032319255 -0.100279107 0.108182879
RUVBL1 0.03174482 -0.101103648 0.109072408
SUMO3 0.005093212 -0.130476075 0.140759904
UBE2N 0.028733437 -0.103123008 0.11125093
UBE2T 0.026203703 -0.10546642 0.113779044
USP10 0.002250907 -0.142820558 0.154077351
XRCC3 0.005761013 0.129838086 -0.14007163
YWHAE 0.006637241 -0.127494558 0.13754339




A novel 8-gene panel for PCa early BCR prediction

References

(1]

(2]

(3]

(4]

(5]

(6]

(7]

(8]

(9]

(10]

[11]

(12]

Cullen J, Rosner IL, Brand TC, Zhang N, Tsiatis AC, Moncur J, Ali A, Chen Y, Knezevic D, Maddala T, Lawrence
HJ, Febbo PG, Srivastava S, Sesterhenn IA and McLeod DG. A biopsy-based 17-gene genomic prostate score
predicts recurrence after radical prostatectomy and adverse surgical pathology in a racially diverse population
of men with clinically low- and intermediate-risk prostate cancer. Eur Urol 2015; 68: 123-131.

Van Den Eeden SK, Lu R, Zhang N, Quesenberry CP, Shan J, Han JS, Tsiatis AC, Leimpeter AD, Lawrence HJ,
Febbo PG and Presti JC. A Biopsy-based 17-gene genomic prostate score as a predictor of metastases and
prostate cancer death in surgically treated men with clinically localized disease. Eur Urol 2018; 73: 129-138.
Klein EA, Yousefi K, Haddad Z, Choeurng V, Buerki C, Stephenson AJ, Li J, Kattan MW, Magi-Galluzzi C and
Davicioni E. A genomic classifier improves prediction of metastatic disease within 5 years after surgery in
node-negative high-risk prostate cancer patients managed by radical prostatectomy without adjuvant therapy.
Eur Urol 2015; 67: 778-786.

Karnes RJ, Choeurng V, Ross AE, Schaeffer EM, Klein EA, Freedland SJ, Erho N, Yousefi K, Takhar M, Davicioni
E, Cooperberg MR and Trock BJ. Validation of a genomic risk classifier to predict prostate cancer-specific mor-
tality in men with adverse pathologic features. Eur Urol 2018; 73: 168-175.

Erho N, Crisan A, Vergara IA, Mitra AP, Ghadessi M, Buerki C, Bergstralh EJ, Kollmeyer T, Fink S, Haddad Z,
Zimmermann B, Sierocinski T, Ballman KV, Triche TJ, Black PC, Karnes RJ, Klee G, Davicioni E and Jenkins RB.
Discovery and validation of a prostate cancer genomic classifier that predicts early metastasis following radi-
cal prostatectomy. PLoS One 2013; 8: e66855.

Ross AE, Feng FY, Ghadessi M, Erho N, Crisan A, Buerki C, Sundi D, Mitra AP, Vergara IA, Thompson DJ, Triche
TJ, Davicioni E, Bergstralh EJ, Jenkins RB, Karnes RJ and Schaeffer EM. A genomic classifier predicting meta-
static disease progression in men with biochemical recurrence after prostatectomy. Prostate Cancer Prostatic
Dis 2014; 17: 64-69.

Klein EA, Haddad Z, Yousefi K, Lam LL, Wang Q, Choeurng V, Palmer-Aronsten B, Buerki C, Davicioni E, Li J,
Kattan MW, Stephenson AJ and Magi-Galluzzi C. Decipher genomic classifier measured on prostate biopsy
predicts metastasis risk. Urology 2016; 90: 148-152.

Canter DJ, Freedland S, Rajamani S, Latsis M, Variano M, Halat S, Tward J, Cohen T, Stone S, Schlomm T,
Bishoff J and Bardot S. Analysis of the prognostic utility of the cell cycle progression (CCP) score generated
from needle biopsy in men treated with definitive therapy. Prostate Cancer Prostatic Dis 2020; 23: 102-107.
Cuzick J, Swanson GP, Fisher G, Brothman AR, Berney DM, Reid JE, Mesher D, Speights VO, Stankiewicz E,
Foster CS, Mgller H, Scardino P, Warren JD, Park J, Younus A, Flake DD, Wagner S, Gutin A, Lanchbury JS and
Stone S. Prognostic value of an RNA expression signature derived from cell cycle proliferation genes in pa-
tients with prostate cancer: a retrospective study. Lancet Oncol 2011; 12: 245-255.

Bishoff JT, Freedland SJ, Gerber L, Tennstedt P, Reid J, Welbourn W, Graefen M, Sangale Z, Tikishvili E, Park J,
Younus A, Gutin A, Lanchbury JS, Sauter G, Brawer M, Stone S and Schlomm T. Prognostic utility of the cell
cycle progression score generated from biopsy in men treated with prostatectomy. J Urol 2014; 192: 409-414.
Freedland SJ, Choeurng V, Howard L, De Hoedt A, du Plessis M, Yousefi K, Lam LL, Buerki C, Ra S, Robbins B,
Trabulsi EJ, Shah NL, Abdollah F, Feng FY, Davicioni E, Dicker AP, Karnes RJ and Den RB. Utilization of a ge-
nomic classifier for prediction of metastasis following salvage radiation therapy after radical prostatectomy.
Eur Urol 2016; 70: 588-596.

Cooperberg MR, Davicioni E, Crisan A, Jenkins RB, Ghadessi M and Karnes RJ. Combined value of validated
clinical and genomic risk stratification tools for predicting prostate cancer mortality in a high-risk prostatec-
tomy cohort. Eur Urol 2015; 67: 326-333.



