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Abstract
Background : Biochemical recurrence (BCR) is considered as an indicator for prostate cancer (PCa)-
speci�c recurrence and mortality. However, lack of effective prediction model to assess the prognosis of
patients for optimization of treatment. The aim of this work was to construct a protein-based nomogram
that could predict BCR for PCa.

Materials and methods: Univariate Cox regression analysis was conducted to identify candidate proteins
from the Cancer Genome Atlas (TCGA) database. LASSO Cox regression was further conducted to pick
out the most signi�cant prognostic proteins and formulate the proteins signature for predicting BCR.
Additionally, a nomogram was constructed by multivariate Cox proportional hazards regression.

Results: We established a 5‐protein-based signature which was well used to identify PCa patients into
high‐ and low‐risk groups. Kaplan-Meier analysis demonstrated patients with higher BCR generally had
signi�cantly worse survival than those with lower BCR (p<0.0001). Time-dependent receiver operating
characteristic curve expounded that ours signature had excellent prognostic e�ciency for 1‐, 3‐ and 5‐
year BCR (area under curve in training set: 0.691, 0.797, 0.808 and 0.74, 0.739, 0.82 in the test set).
Univariable and multivariate Cox regression analysis showed that this 5‐protein signature was an
independent of several clinical signatures including age, Gleason score, T stage, N status, PSA and
residual tumor. Moreover, a nomogram was constructed and calibration plots con�rmed the its predictive
value in 3-, 5- and 10-year BCR overall survival.

Conclusion: Our study identi�ed a 5-protein-based signature and constructed a prognostic nomogram
that reliably predicts BCR in prostate cancer. The �ndings might be of paramount importance in tumor
prognosis and medical decision-making.

Introduction
Prostate cancer (PCa) is the second leading cause of tumor death among American male, accounting for
20% newly-diagnosed cancer with 31,620 deaths in 2019 [1]. Although radical prostatectomy (RP) is
considered to be an effective therapy for PCa patients, recent work reveals that approximately 20%-40%
patients suffered from biochemical recurrence (BCR) after RP [2]. BCR is de�ned as recurrent prostate
speci�c antigen (PSA) more than 0.2 µg/L and an indicator for distant metastasis or PCa-speci�c
mortality [2, 3]. 32%-45% among BCR patients with post-RP would die from PCa within 15 years [4]. Only
those with high risk (with 8-10 Gleason score or a PSA doubling time of <12 months) would bene�t from
salvage treatment [5]. Thus, early identi�cation of PCa patients with high BCR risk have great importance
for management strategies.

Known to relate to the survival of PCa patients, Gleason score, PSA, and tumor stage are currently
recommended to facilitate the prediction of BCR [6]. However, the prediction based on clinicopathological
features has a limited accurateness [7]. Patients with the same clinicopathological features might
undergo in�nitely different clinical endpoints [8]. Thus, accumulating nuanced BCR risk strati�cations
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have been developed by using additional molecular biomarkers. Strand et al.[9] �nd several DNA
methylation markers may be related to PCa initiation and progression. Further evidence demonstrates
that miRNAs and lncRNAs might be crucial regulators of biologic developments in PCa progression,
having potential as novel biomarkers for BCR [10].

It is well acknowledged that in malignant prostate disease multiple, although biochemical processes from
DNA to protein are in�uenced by many complicated biological factors, proteins directly reveal functions
of genes. Moreover, the correlation between levels of protein and mRNA expression is not always
observed [11]. Thus, aggressiveness of tumors may be better correlated with the quanti�cation of protein
[12]. However, little work to date addresses the potential function of protein-based signatures to predict
BCR in PCa. In the present study, in order to predict the BCR of PCa patients, we �rstly proposed to 1)
construct a multi‐protein‐based signature and nomogram with combination of clinicopathological
variables, thus aiding to prognosis BCR for PCa patients, 2) validate the predictive ability throughout time-
dependent receiver operating characteristic (ROC) curve, calibration plots, concordance index (C-index),
and decision curve analysis (DCA), 3) and perform GO (Gene Ontology) pathway enrichment analyses
and Gene Set Enrichment Analysis (GSEA) to investigate the potential biological functions.

Materials And Methods
Collection of Protein and Clinical Data

The preset endpoint of our work was BCR after RP. The data acquisition and application were performed
based on the publication policies and guidelines for the protection of human subjects.

Reverse-phase protein array (RPPA) protein data for prostate adenocarcinoma was searched and derived
from the Cancer Proteome Atlas (TCPA) [13]. PCa samples for all trials were from RP specimens. ‘Impute’
package in R was applied to pre‐process the protein pro�le data as well as �ll lacking values. Before use
all selected expression datasets were standardized.

The Cancer Genome Atlas (TCGA) was used to download clinical data and genes sequencing information
(Fragments Per Kilobase Of Exon Per Million Fragments Mapped, FPKM) from PCa samples. PCa
Patients irrespectively of age, vital status, tumor type, race and ethnicity were included from this study.
After analyzing the download data, patients without data integrality were eliminated: 1) with follow-up
periods less than 30 days, and 2) de�cient clinical information of age, recurrence, TNM stage. Finally, a
total of 341 patients (recurrence-free 282 and 59 with BCR) were selected for further analysis and
randomly assigned to the test set (n=172) and training set (n=169), respectively.

Identi�cation and validation of the multitype-protein‐based prognostic signature

Univariate Cox regression analysis was applied to identify the prognostic protein signature in the training
set. To construct prognostic protein signature, only proteins with |log2 fold‐change (FC)| > 2 and P < 0.05
were marked as signi�cantly expressed proteins and deemed as candidate proteins for further model
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construction. Log-rank tests and Kaplan–Meier (KM) survival curve analysis were subsequently used to
investigate the prognostic capability of identi�ed proteins after univariate Cox regression analysis. Using
‘glmnet’ package in R, least absolute shrinkage and selection operator (LASSO)-penalized cox regression
analysis was conducted to further narrow proteins for predicting BCR in the training set. Regression
coe�cients and coe�cients of other unrelated variables were set as zero by LASSO in terms of the
regulation weight λ [14]. The best λ was gotten base on minimum cross‐validation mistake using 10‐fold
cross‐validation. In terms of the optimal λ value, a list of prognostic proteins with related coe�cients was
screened from the levels of protein pro�ling and BCR data.

In order to investigate the prognostic accuracy of �nal proteins, hierarchical clustering analysis was
conducted to classify the data in terms of the similar expression patterns throughout ‘heatmap’ package
in R in the training dataset. The cut‐off risk score was calculated by median risk score using Survival in R
because it is easy to for clinical application. Patients in each dataset were allocated into either low- or
high‐risk group using mean risk score based on proteins signature. In order to further prove the
discriminatory power of the protein-signature, we conducted the KM analysis with log-rank test, ROC
curve and C-index.

Univariate and multivariate Cox regression analysis of BCR in all datasets were conducted to explore
whether this protein-base-signature was independent of age, PSA, Gleason scores and tumor stage in
each dataset. KM curves were applied to investigate the diagnostic value of multi-protein prognostic
signature in different clinical features, including age, Gleason score, T stage, N status, PSA and residual
tumor. Additionally, the area under curve (AUC) were calculated by time-dependent ROC curve to compare
the prognostic performance between the protein-based signature and above independent clinical
variables in the training, test and entire sets.

Construction and validation of predictive nomogram

Using the package of ‘rms’ in R, all independent prognostic proteins and relevant clinical data were
included in the construction of a prognostic nomogram throughout a multivariate Cox regression analysis
in the entire set. The stepwise method was applied to pick out the most ideal model, and a risk score was
assigned to the expression level of each prognostic protein and coe�cients weighted throughout the
penalized Cox model.

In order to investigate the predictive accuracy among the nomogram, the signature and other
clinicopathological factors including age, Gleason score, T stage, N status, PSA and residual tumor, the
AUC of ROC was performed. Calibration plots were conducted to further assess the predictive
performance of the nomogram. Prognostic results and outcomes of the nomogram were shown in the
calibrate curve, in which the 45° line represented the best prediction. Bootstraps for 200 resamples were
applied to these activities. C-index was subsequently performed to explore the predicted probabilities of
the nomogram. Finally, a decision curve analysis (DCA) was used so as to investigate the clinical net
bene�t of diverse probability thresholds for possible clinical outcomes and reliability of the nomogram
[15].
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Functional enrichment analysis and identi�cation of proteins

We �rst calculated the Pearson correlation coe�cient between levels of proteins from the signature and
expression of corresponding genes. With screened proteins after univariate Cox regression analysis, we
performed GO pathway enrichment analysis. A p-value of < 0.05 was considered as the cut-off criteria.
GSEA was conducted to investigate potential biological functions throughout GSEA software on JAVA
platform for proteins used for the construction of the signature[16]. We obtained the annotated gene set
c2.cp.kegg.v7.0.symbols.gmt by using the Molecular Signatures Database (MSigDB), which was latter
selected as the reference set to investigate whether genes are distributed randomly or enriched in
high/low-expression groups. FDR<0.05 and p<0.05 were preset as the cut‐off criteria to identify an
enriched group. To obtain co-expression proteins, Sankey diagram was performed by using ‘ggplot2’
package in R.

Statistical analysis

Patients with PCa were randomly assigned into high- and low-risk groups by the ‘caret’ package of R (set.
Seed =1,000, p = 0.50). A signature was constructed by univariate Cox regression analysis throughout
‘Survival’ package in R. To evaluate the prognostic power of multi‐protein‐based signature, time‐
dependent receiver operating characteristic (ROC) analysis and concordance index (C-index) were
conducted based on the ‘survival ROC’ R package. BCR, from the day of RP to the time of recurrence or
the date censored, was calculated in terms of KM model, and the log‐rank test was used to evaluate the
statistical differences between high/low-risk groups. Multivariate Cox regression model was conducted
for the formulation of nomogram using ‘rms’ package. Hazard ratios (HR) and 95% con�dence intervals
were obtained to identify proteins related to BCR. Calibration plots were used to investigate whether
actual outcomes approximate discriminatory power for nomogram. All statistical calculations were
conducted with R 3.5.0 software.

Result
Collection of samples and patients

After exclusion of samples without adequate clinical information, totally 341 patients were included in
the present study from TCGA. The average age was 61.5 years and median follow‐up was 2.68 years.
Moreover, 30 of 341 patients had low Gleason scores (≤6) PCa and 140 patients had high Gleason
scores (≥8) PCa. All patients were undergone RP and pathologically diagnosed with BRC, with assigned
to training set (n=169) and testing set (n=172), respectively.

Prognostic proteins were screened by univariate Cox regression analysis to �ltered out proteins correlated
with BCR. In terms of the cut‐off standard of P value <0.05 and |log2FC| >2, totally 21 proteins
signi�cantly related to BCR were identi�ed �nally. As clearly shown in Supplementary Figure S1, KM
analyses expounds the accuracy of the 21 selected proteins and discriminative power for further analysis
(p<0.05).
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Development and validation of proteins signature

LASSO Cox regression analysis was conducted to construct a prognostic model in the training set, which
picked out 5 proteins (alpha-Catenin, BRD4, DJ1, SMAD1 and YB1) after initial �ltration of univariate Cox
regression identi�ed 21 proteins (Figure 1). An equation to calculate the risk score for their BCR risk was
derived according to selected levels of �ve proteins weighted by the regression coe�cients, as following:
risk score = (-2.771× levels of alpha-Catenin) + (1.577× levels of BRD4) + (-2.239× levels of DJ1) +
(2.152× levels of SMAD1) + (2.428× levels of YB1). Among these �ve prognostic proteins, three (BRD4,
SMAD1, YB1) demonstrated positive coe�cients, suggesting high expression levels were associated with
high-risk BCR. Two (alpha-Catenin and DJ1) in the Cox regression analysis showed negative coe�cient,
indicating that their high expression levels were related to better BCR.

To investigate the predictive performance of the signature, patients were assigned into the high- and low-
risk groups based on median risk score as cut‐off value of each protein. PCa patient cohorts with a risk
score of 1.804 or lower were divided into the low‐risk group, otherwise the others belonged to the high‐risk
group (Figure 2A). For the BCR, the higher risk score meant worse prognosis. Thereby, the higher levels of
proteins with positive weighting coe�cient suggested higher risk scores. The distribution of survival
status of the PCa patients and the levels of proteins were analyzed. The results demonstrated that
compared with low-risk groups, death of patients was signi�cantly more in high-risk groups (Figure 2B).
The levels of proteins with positive coe�cients were higher in high-risk groups (Figure 2C). We also
discovered that patients with high BCR risk inclined to express high-risk proteins, whereas samples with
low BCR tended to express protective proteins.

Kaplan-Meier analysis demonstrated patients with higher BCR generally had signi�cantly worse survival
than those with lower BCR (p<0.0001) (Figure 3). In the training set, AUCs of the 5‐protein‐based
signature at 1‐, 3‐ and 5‐year survival times were 0.691, 0.797, 0.808 and 0.74, 0.739, 0.82 for the test set
severally, suggesting that the prognostic signature had a great speci�city and sensitivity (Figure 3). The
C-index of the signature was 0.679 (95%CI: 0.599 to 0.759) in the training set, 0.704 (95%CI: 0.613 to
0.794) in the test set and 0.693 (95%CI: 0.634 to 0.752) in the entire set.

Throughout the univariate and multivariate Cox proportional hazards regression analyses, the 5-protein
predictive signature was con�rmed to be independent of with other clinicopathological factors, including
age, Gleason grades, T stage, N status, PSA and residual tumors in predicting the BCR-free survival (Table
1). The KM survival analysis also indicated the discriminative capability of the signature in different
clinical prognostic features (Supplementary Figure S2). To further evaluate the predictive accuracy
between the signature and the other clinicopathological factors, we calculated the AUC of ROC which
showed that the 5-protein-based signature had signi�cantly better prognostic performance than any other
clinical factors in the training, test and entire sets (Figure 4).

Identi�cation and validation of the nomogram
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The nomogram was conducted in the entire set by multivariate Cox regression analysis of 5 proteins with
preset clinicopathological covariables, including age, Gleason grades, T stage, N status, PSA and residual
tumors. The result demonstrated great prognostic performance in BCR of PCa patients (Figure 5A).
Calibration plots con�rmed the predictive value of the prognostic nomogram in 3-, 5-and 10-year BCR
overall survival (OS) (Figure 5B), indicating the good agreement with the actual outcome. The C-index of
the nomogram was 0.777 (95%CI: 0.699 to 0.855) in the training set, 0.771 (95%CI: 0.691 to 0.851) in the
test set and 0.764 (95%CI: 0.701 to 0.827) in the entire set. Finally, net bene�t curves outlined the
nomogram was better than the signature and other clinicopathological factors (Figure 5C).

Validation and functional Characteristics of the 5 proteins

There were positive correlations between 5 proteins and corresponding genes by calculated the Pearson
correlation coe�cient (Supplementary �gure S3). Outcomes of GO enrichment analysis indicated that
these protein-related genes are enriched in immune- or cell differentiation-related GO terms (Figure 6A),
suggesting that the effect of prognostic proteins on cancer might be related to the tumor
microenvironment. Additionally, GSEA in TCGA database was conducted to ascertain the �ve proteins
related biological signaling pathway between high‐ and low‐risk groups (Figure 6B). According to
signi�cant protein sets (FDR<0.05 and p<0.05), �ve pathways were screened: 1) base excision repair, 2)
DNA replication, 3) nucleotide excision repair, 4) pyrimidine metabolism, and 5) spliceosome. Finally,
Sankey diagram revealed the association with co-expression proteins and the 5-protein signature, which
may interact with each other by certain molecular mechanism (Figure 6C).

Discussion
The majority of patients with early BCR will develop clinical recurrence and require timely intervention [2].
Up to date, some novel biomarkers were identi�ed for the BCR of PCa [6, 9, 10]. However, most of these
studies were only concerned with one or a few genes, and little work was carried out for clinical predictive
performance of proteins. Their clinical applicability was also restricted due to high cost [14]. Due to the
heterogeneity of prostate cancers [17], a protein-base-panel of biomarkers may be more useful in
prognosis malignant prostate disease than a single gene. To the best of our knowledge, it is the �rst time
to construct a prognosis protein-based model for patients with PCa after RP.

In the present study, we established and validated the 5‐protein‐based signature (alpha-Catenin, BRD4,
DJ1, SMAD1 and YB1) to prognosis BCR of patient with PCa. Initial concerns on the poor value of
proteins is not supported in the present study [18], because signi�cant correlations between gene
expressions and levels of protein were observed. The results of KM curves and C-index revealed that 5‐
proteins‐based signature may be of importance in categorizing patients into high‐ and low‐risk BCR
groups as an effective prognostic indicator. Shao et al [6]. established a 5-lncRNAs-based signature to
predict PCa BCR with AUC=0.72. However, our 5-protein-based signature had the more clinical utility,
outperforming the known model with AUC=0.809 in the entire cohort, 0.808 in the test cohort and 0.820 in
the training cohort. Additionally, the current TNM staging system is closely associated with the prognosis
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of PCa. Consistently, in the present study the univariable and multivariable Cox regression analysis also
showed that tumor TN stage was a signi�cant prognostic factor for PCa. Of note, our 5-protein signature
turned out independent of tumor stage throughout KM analysis, suggesting the ability to discriminate
PCa patients with high BCR risk from the strati�ed groups.

Furthermore, Greke et al. identi�ed a four-protein cancer nomogram of PTEN, SPP1, SMAD4, and CCND1
that were related to lethal outcomes among PCa patients based on clinical features [19]. However, their
nomogram failed to provide long-term and independent predictive information beyond clinical factors. In
contrast, our 5-protein–based nomogram had greater discriminatory ability than other clinicopathological
features. Moreover, calibration plots and DCA showed great predictive performance in 3-, 5-and 10-year
BCR overall survival. Overestimating the risk of indolent PCa patients who are more appropriate for active
surveillance implies a higher public health burden because of overtreatment [6]. Thereby, our nomogram
with strong discriminative power could provide new insights on appropriate treatments and better clinical
management for PCa patient cohorts.

Given considerable value to discriminate BCR, the potential predictive performance of the individual
proteins included in our �nal �ve-protein-signature needed to be revealed. Our work revealed that three
proteins (BRD4, YB1 and SMAD1) were risk factors for PCa patients. It is coincident with the study of Tan
et al. [20] that report that expression levels of BRD4 are notably increased in malignant prostate
specimens and related to clinical stage and metastasis. Further analysis demonstrates that BRD4 even
mediates migration and invasion of castration-resistance prostate cancer (CRPC) through direct
transcriptional regulation [21]. YB-1 has also been revealed to correlate with cancerous transformation
and poor outcomes in CRPC. Around 66% of patients with high YB-1 expression were reported to relapse
within 5 years of postoperative chemotherapy [22]. Potential molecular mechanism may be explained
that upregulated YB-1 contributed to reduced intracellular androgen accumulation, thus weaning PCa off
androgen dependency and upregulating tumor survival [23]. In accordance with the present study, SMAD1
is reported to be signi�cantly elevated in patients with high-risk PCa [24]. The same conclusion is also
drawn by increasing evidence which show the downregulation of SMAD1 contributed to the PCa
proliferation, migration and invasion [25]. However, there is limited work regarding the association
between SMAD1 and PCa, so that the underlying mechanism of these �ndings require further
investigation.

In the present study, two (alpha-Catenin and DJ1) were protective factors for PCa progression. This
�nding re�ects the study of Aaltomma et al.[26] who expounds that changes in the alpha-catenin-
regulated cell-cell adhesion mechanism seems be present in almost half of all prostate tumors.
Furthermore, alpha-catenin is a promising prognostic marker for PCa speci�c survival, lack of which may
indicate PSA failure as well as shortened survival [26, 27]. It is well-demonstrated that lack of alpha-
catenin expression leads to reduced cell-cell adhesion and loss of the epithelial phenotype, which could
be reversed after repletion of alpha-catenin [28]. Although Xu et al. [29] indicates that PSA with DJ-1/
PARK7 has novel potential to identify population without cancer from those with PCa, signi�cance of DJ-
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1/ PARK7 in PCa progression is not well understood. More research is needed to explore more about DJ-1
in PCa.

Our signature is derived from BCR-related proteins. Hence, our signature is closely related to BCR and will
be appropriate for prognostic evaluation. Furthermore, above pathway analysis con�rms once again that
our 5-protein signature is closely associated with cancer metastasis and BCR. Interestingly, the Sankey
diagram indicated the possibility of interaction between �ve proteins in our signature and co-expression
ones. This �nding is consistent with the study of Augustin et al.[30] who suggest that prostate tumor
grade is associated with expressions of p53 and alpha-catenin. Mutations of the p53 gene and depletion
of alpha-catenin are observed in pats of PCa [30]. In addition, Sankey diagram in the present study
broadly supported the work of Gulino-Debrac et al.[31] who indicates that alpha-catenin and VEGFR2
seems to be related to the mechanotransduction mechanism for adherent junction strengthening
endothelial cell-cell contacts. Though most co-expression proteins have not yet functionally annotated in
PCa, undoubtedly, future studies should reveal potential molecular connections in the PCa progression.

Although the protein-base model showed an accurate survival prognosis, there are several limitations of
our work. Firstly, only patients with complete BCR information were included in the present study, which
may cause a selection bias. The size of samples and patients in our work was also limited. More large‐
scale trials are needed to investigate the prognostic value of this 5‐proteins signature. Secondly, we only
included data set from TCGA platform, which does not encompass all potential proteins. The potential
molecular mechanisms of several proteins in our signature are not completely clear. Further larger
researches are needed to explore the exact molecular mechanisms of these prognostic proteins.

Conclusion
To predict biochemical recurrence following radical prostatectomy in prostate cancer, we �rstly identi�ed
and validated an innovative prognostic proteomic signature, which could identify PCa patients into high‐
and low‐risk groups. Moreover, this 5-protein-based signature is independent of clinical factors and
outperforms other known prognostic signatures, indicating the discriminative power and contribution to
personalized management of PCa patients.
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Page 14/22

Variable  Univariate analysis  Multivariate analysis

HR 95%CI of HR P value HR 95%CI of HR P value

Training dataset (n=169)         

Age         

<65    1.00 

>65      1.01  0.95 to 1.07 0.87 

Gleason scores         

<=6  1.00   1.00 

7   0.52  0.06 to 4.84 0.56   0.96  0.11 to 8.18 0.97 

8,9,10  1.81  0.20 to 16.21 0.60   6.70  0.90 to 49.62 0.06 

T stage         

T1&2  1.00   1.00 

T3&4  2.71  0.76 to 9.7 0.13   4.64  1.41 to 15.30 0.01 *

N status         

N0  1.00   1.00 

N1  1.28  0.55 to 2.97 0.56   2.68  1.20 to 6.03 0.02 *

PSA         

<10 ng/mL      1.00 

10 to 20 ng/mL      1.52  0.65 to 3.56 0.33 

>20 ng/mL      1.28  0.50 to 3.23 0.60 

Residual tumor         

No  1.00   1.00 

Yes  1.16  0.54 to 2.50 0.71   2.14  1.04 to 4.42 0.04 *

Risk score         

low  1.00   1.00 

high  3.65  1.27 to 10.50 0.02 *  6.33  2.42 to 16.58 0.0002 ***

         

Test dataset (n=172)         

Age         

<65      1.00 

>65      1.06  1.00 to 1.12 0.04 *

Gleason scores         

<=6  1.00   1.00 

7   4.27   1.00      

8,9,10  5.13   1.00      

T stage         

T1&2  1.00   1.00 

T3&4  2.71  0.69 to 10.73 0.15   5.44  1.58 to 18.67 0.007 **

N status         

N0  1.00   1.00 

N1  1.11  0.46 to 2.67 0.82   2.24  1.03 to 4.85 0.04 *

PSA         

<10 ng/mL      1.00 

10 to 20 ng/mL      1.09  0.43 to 2.76 0.86 

>20 ng/mL      1.23  0.46 to 3.31 0.69 

Residual tumor         
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No  1.00   1.00 

Yes  1.28  0.57 to 2.87 0.55   2.33  1.10 to 4.91 0.03 *

Risk score         

low  1.00   1.00 

high  4.53  1.89 to 10.87 0.0007 ***  5.70  2.42 to 13.43 <0.0001 ***

         

Entire dataset (n=341)         

Age         

<65      1.00 

>65      1.03  0.99 to 1.08 0.11 

Gleason scores         

<=6  1.00      

7   1.76  0.23 to 13.56 0.59   2.76  0.37 to 20.82 0.33 

8,9,10  3.40  0.44 to 26.47 0.24   10.57  1.45 to 76.81 0.02 *

T stage         

T1&2  1.00   1.00 

T3&4  2.52  1.01 to 6.31 0.048 *  4.89  2.07 to 11.53 0.0003 ***

N status         

N0  1.00   1.00 

N1  1.11  0.61 to 2.00 0.74   2.36  1.35 to 4.11 0.003 **

PSA         

<10 ng/mL      1.00 

10 to 20 ng/mL      1.32  0.70 to 2.45 0.39 

>20 ng/mL      1.26  0.64 to 2.49 0.50 

Residual tumor         

No  1.00   1.00 

Yes  1.22  0.70 to 2.11 0.49   2.16  1.29 to 3.62 0.004 **

Risk score         

low  1.00   1.00 

high  4.22  2.18 to 8.14 <0.0001 ***  5.98  3.17 to 11.31 <0.0001 ***

 

Supplemental Figure Legends
Supplementary �gure S1: Kaplan–Meier survival curve analysis of the 21 prognostic proteins in the
signature.

Supplementary �gure S2: Kaplan–Meier survival analysis of the �ve proteins risk score in diverse
subgroups. (A) age <65/>65 (B) Gleason score 6/7, Gleason score 8/9/10, (C) N0 status, N1 status, (D)
T1-T2 stage, T3-T4 stage, (E) PSA 0-10, PSA>10, (F) R0 non-residual-cancer, R1 residual-cancer.

Supplementary �gure S3: Pearson correlation coe�cient between levels of 5 proteins and their
corresponding genes. (A) BRD4-BRD4, (B) CTNNA1-ALPHACATENIN, (C) PARK7-DJ1, (D) SMAD1-SMAD1,
and (E) YB1-YBX1.
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Figures

Figure 1

LASSO Cox regression analysis. (A) Ten‐time cross‐validation for tuning parameter selection in the lasso
model. (B) LASSO coe�cient pro�les of the 21 predictive proteins associated with BCR. A vertical line is
drawn at the value selected by 10‐fold cross‐validation.
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Figure 2

Identi�cation of the integrated prognostic classi�er in the training set. (a) The distribution of risk score.
The median risk score cut‐off is 1.804. (b) Each point in the scatterplot represents the survival status of
patients. (c) Heat map showed differentially expressed proteins between BCR-free patients and patients
with BCR.
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Figure 3

Kaplan-Meier survival analysis and ROC curves according to the prognostic signature. Kaplan–Meier
curves for (A) the training group (N=172); (B) the test group (N=169); (C) the entire group (N=341). ROC
curves at 1, 3, 5 years for (D) training group, (E) test group.
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Figure 4

ROC curves compare the prognostic power between the prognostic signature and clinicopathological
features. (A) Training set. (B) Test set. (C) Entire set. P values indicate the area under curve (AUC) at 5
years for multi-protein-based signature verse the AUC at 5 years for other features.
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Figure 5

PCa survival nomogram, calibration curve and Net bene�t curves. (A) Survival nomogram. each variable
axis represents the value of individual patient, and a line is plotted upward to decide the number of points
received for each variable value. The Total Points axis represents the total of these numbers, and a line is
plotted downward to the survival axes to deicide the probability of 3-, 5- and 10-year BCR-free survival. (B)
The calibration curve for predicting PCa patient survival at 3, 5 and 10 years in the entire cohort. (C) Net
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bene�t curves for the nomogram, signature and other clinical features, along with their con�dence
intervals. P values indicate the area under curve (AUC) at 5 years for nomogram verse the AUC at 5 years
for other features.

Figure 6

Functional Characteristics of 5 proteins. (A) GO enrichment analysis, (B) Gene set enrichment analysis,
(C) Sankey diagram of the signature.
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