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Abstract 

Background  Prostate cancer (PCa) is a leading cause of cancer-related death in men. Understanding the proteomic 
landscape associated with PCa risk can provide insights into its molecular mechanisms and pave the way for potential 
therapeutic interventions.

Methods  A proteome-wide Mendelian randomization (MR) analysis was employed to determine associations 
between genetically predicted protein concentrations in plasma and PCa risk. From an initial list of 4,364 proteins, 
significant associations were identified and validated. Multiple sensitivity analyses were also conducted to enhance 
the robustness of our findings.

Results  Of the 4,364 genetically predicted proteins, 308 exhibited preliminary associations with PCa risk. After rigor-
ous statistical refinement, genetically predicted concentrations of 14 proteins showed positive associations with PCa 
risk, with odds ratios spanning from 1.55 (95% CI 1.28–1.87) for ATG4B to 2.67 (95% CI 1.94–3.67) for HCN1. In contrast, 
genetically predicted concentrations of ATG7, B2M, MSMB, and TMEM108 demonstrated inverse associations with PCa. 
The replication analysis further substantiated positive associations for MDH1 and LSM1, and a negative one for MSMB 
with PCa. A meta-analysis harmonizing primary and replication data mirrored these findings. Furthermore, the MVMR 
analysis pinpointed B2M and MSMB as having significant associations with PCa risk.

Conclusion  The genetic evidence unveils a refined set of proteins associated with PCa risk. The findings underscore 
the potential of these proteins as molecular markers or therapeutic targets for PCa, calling for deeper mechanistic 
studies and exploration into their translational relevance.
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Introduction
Prostate cancer (PCa) remains one of the most prevalent 
forms of cancer in men worldwide, representing a 
significant public health challenge [1]. Despite advances 
in diagnostic techniques, surgical interventions, and 
adjuvant therapies, many patients progress to advanced 
stages of the disease, underscoring the need for 
innovative therapeutic strategies [2]. One promising 
avenue for identifying novel drug targets lies in the 
intricate molecular landscape of PCa, specifically within 
its proteome [3, 4]. The proteome, which encompasses 
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the entire complement of proteins expressed by an 
organism, offers a dynamic view of cellular function, 
unlike the more static genome [5, 6]. This rich dataset 
can be leveraged to identify proteins or pathways that 
play a critical role in PCa pathogenesis and could thus be 
potential drug targets.

Several epidemiological studies have endeavored to 
decipher the complex relationship between circulating 
proteins and the risk of PCa. For instance, elevated 
levels of prostate-specific antigen (PSA) in the blood 
have been ubiquitously recognized as a marker for 
prostate cancer risk, leading to its widespread use as a 
screening tool [7]. Beyond PSA, studies have indicated 
that increased circulating levels of insulin-like growth 
factor-1 (IGF-1) are associated with a heightened risk 
of PCa [8], but inconsistent findings remained [9]. The 
prior epidemiological studies, while foundational, have 
limitations. Their observational nature raises concerns of 
confounding and reverse causation, potentially skewing 
true associations between circulating proteins and 
prostate cancer risk. The Mendelian randomization (MR) 
approach offers a robust method for establishing causal 
relationships between exposures and outcomes [10]. MR 
leverages genetic variants as instrumental variables (IVs) 
to tease apart cause and effect, thus circumventing some 
of the confounding and reverse causation issues that 
typically plague observational studies [11]. In essence, by 
harnessing the natural experiments conferred by random 
assortment of alleles during meiosis, MR provides a more 
reliable window into causality. When applied proteome-
wide, such an analysis has the potential to reveal a 
multitude of proteins causally linked to PCa, offering 
tantalizing hints for drug discovery [12].

In the current study, by integrating advanced statistical 
methodologies with large-scale proteomic datasets, we 
aim to shed light on the potential plasma proteomic 
biomarkers for PCa, which may open a new avenue 
for the development of targeted therapies that could 
revolutionize PCa treatment. As the burden of PCa 
continues to grow globally, such insights are not just 
academically interesting but also have the potential to 
shape the future of therapeutic interventions.

Methods
Study design
In this two-sample MR analysis, we set the plasma 
proteins as the exposures and the PCa was the outcome. 
SNPs associated with plasma protein levels were used 
as the IVs, referred to pQTL. Both cis- and trans-pQTL 
were considered. To ensure the consistence of genetic 
background, the exposure and outcome data were 
collected from participants with European ancestry.

Proteomic data source and pQTLs
We retrieved the genetic summary data of plasma 
proteins from Ferkingstad et  al.’s study [13]. In that 
study, the genome-wide association study (GWAS) was 
performed for 4,907 aptamers in 35,559 Icelanders to 
identify protein-associated SNPs (ie., pQTLs). Briefly, 
the authors initially adjusted rank-inverse normal 
transformed levels of each peotein for age, sex and 
sample age for the deCODE Health study. The residuals 
were then standardized again using rank-inverse normal 
transformation and the standardized values were used as 
phenotypes for GWAS that implementing using BOLT-
LMM. A total of 27.2 million variants were tested. Details 
of the proteome GWAS could refer to the original study 
[13].

To identify suitable genetic IVs from the protein 
GWAS data, we applied rigorous quality control steps. 
We began by pinpointing SNPs with genome-wide 
significance (P < 5 × 10–8). We then clumped SNPs to 
account for linkage-disequilibrium (LD) using a reference 
genome panel (window size = 10,000  kb, R2 < 0.01), 
retaining the SNPs with the lowest P-values in LD pairs 
exceeding the 0.01 R2 threshold. SNPs with a minor 
allele frequency (MAF) below 1% were discarded. We 
matched these selected SNPs against those in the PCa 
GWAS data (details see the below). If a SNP was missing 
in the outcome GWAS, we sourced a proxy SNP in 
strong LD (R2 > 0.8) with the original SNP. Ambiguous 
or palindromic SNPs with unclear strands were either 
excluded or adjusted for in the MR analysis.

To validate the strong association between the chosen 
instrumental SNPs and exposure—a fundamental 
assumption of MR analysis—we computed the F-statistic 
using the formula: F = R2(n—k—1)/k(1—R2). Here, R2 
denotes the variance proportion of exposure accounted 
for by the chosen genetic instruments, n is the sample 
size of the exposure GWAS, and k is the number of IVs 
chosen. R2 can be calculated using 2 × β2 × EAF × (1-
EAF), where β represents the IV’s estimated coefficient 
in the exposure GWAS and EAF stands for the effect 
allele frequency. An F-statistic exceeding 10 is deemed 
satisfactory.

Prostate cancer data source
The GWAS summary data of PCa were retrieved from 
the study of PRACTICAL Consortium [14], which 
meta-analyzed genotype data from 79,148 PCa cases 
and 61,106 controls of European ancestry. Genotypes 
for ~ 70 M SNPs were imputed for all samples using the 
October 2014 (Phase 3) release of the 1000 Genomes 
Project data as the reference panel. After excluding 
monomorphic SNPs and those with an imputation 
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R2 < 0.3, a total of 21,465,239 SNP across chromosomes 
1–22 and chromosome X were included in the GWAS. 
Per-allele odds ratios and standard errors were generated 
for the OncoArray and each GWAS, adjusting for 
principal components and study relevant covariates using 
logistic regression.

Mendelian randomization analysis
The analytic flowchart is shown in Fig. 1. In our primary 
analysis, we included 4,364 eligible proteins. To rapidly 
determine the associations between genetically predicted 
protein concentrations and PCa risk, we employed the 
inverse-variance weighted (IVW) method or the Wald 
ratio test. The IVW method was used when multiple IVs 
were available, while the Wald ratio test was selected in 
other instances. We employed the IVW as the primary 
method for its efficiency and simplicity in estimating the 
causal effect of plasma proteins on prostate cancer risk, 
particularly suitable for our large-scale dataset. IVW is 
robust when the instrumental variables are strong and 

valid, making it a practical choice for the initial analy-
sis phase. Odds ratio (OR) and the corresponding 95% 
confidence interval (CI) were calculated to quantify the 
association. To account for potential biases from multiple 
testing, we utilized the Bonferroni correction, designat-
ing a P value < 1.14e-5 (0.05/4364) as denoting statistical 
significance.

We further examined proteins that exhibited significant 
associations with PCa risk in the primary analysis and 
possessed multiple IVs. For validation, we employed an 
array of sensitivity tests, including MR-Egger regression, 
MR-PRESSO, weighted median, and weighted mode 
methods. The IVW method gauged between-SNP 
heterogeneity, while the MR-Egger regression intercept 
test evaluated the potential presence of horizontal 
pleiotropy. We also performed HEIDI (Heterogeneity in 
Dependent Instruments) tests in the SMR software to 
exploit if the observed association was due to vertical 
pleiotropy rather than the LD with the causal variant. 
[15]. A PHEIDI of < 0.05 indicates that the observed 

Fig. 1  The study flowchart
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association could be due to two distinct genetic variants 
in high LD with each other rather than pleiotropy.

To corroborate these associations, we retrieved 
the GWAS summary data for PCa from the FinnGen 
project’s R9 release, comprising 13,216 cases and 119,948 
controls [16]. This data facilitated repeated MR analyses 
to confirm associations between the pinpointed proteins 
and PCa. Subsequently, we meta-analyzed the ORs drawn 
from diverse data sources.

To comprehensively account for potential horizontal 
pleiotropy, we executed a multivariable MR (MVMR) 
analysis. MVMR allows for the adjustment of additional 
confounding variables and is especially beneficial in 
dissecting the effects of multiple, possibly interrelated, 
exposures [17]. This was particularly relevant for 
our study, where plasma proteins have multifaceted 
biological roles and could be involved in complex 
pathways influencing PCa risk. Here, covariates like 
smoking habits, body mass index (BMI), and alcohol 
consumption were integrated. Genetic data pertaining 
to smoking and alcohol was sourced from a GWAS on 
risk tolerance and associated behaviors, covering over 
a million participants [18]. Smoking classification was 
based on individual history (categorized as ever vs. never 
smokers), while alcohol consumption was quantified by 
weekly drink intake. Genetic data for BMI was derived 
from a GWAS examining height and BMI across nearly 
700,000 European subjects [19]. In scenarios devoid of 
between-SNP heterogeneity, the MVMR-IVW method 
was employed; otherwise, the MVMR-weighted median 
approach was utilized.

We also performed Gene Ontology (GO) and KEGG 
enrichment analyses and constructed protein–protein 
interaction (PPI) network for the PCa-related proteins. 
The PPI network was developed utilizing the STRING 
online tool. The interaction data were sourced through 
diverse methods including textual analysis, experimental 
results, database records, co-expression analysis, 
proximity in genomic context, gene fusion evidence, and 
observed co-occurrence patterns. We incorporated only 
those proteins into the network that had an interaction 
confidence score higher than 0.7 with the target protein. 
Furthermore, we confined our analysis to a maximum 
of 30 interacting proteins within the immediate vicinity 
(the first shell) of the PPI network, deliberately excluding 
any secondary shell interactions for clarity and focus. We 
compared the mRNA expression levels of the selected 
proteins between tumor and non-tumor tissues using 
the TCGA database (52 non-tumor vs. 497 tumor). 
Furthermore, we evaluated the prognostic values of these 
proteins based on their mRNA expression levels.

All statistics were performed using R program (v 
4.1.3). TwoSampleMR, MendelianRandomization, and 

MRPRESSO packages were used for MR and MVMR 
analyses. ClusterProfiler package was utilized for 
enrichment analysis and STRING database was applied 
for the construction of PPI network.

Results
In our primary assessment, 4,364 genetically-predicted 
proteins met the criteria for screening via the IVW 
method or Wald ratio test. This led to the identification 
of 308 proteins significantly associated with PCa risk (P 
value < 0.05; Fig. 2A; Supplementary Table S1). GO analy-
sis demonstrated these proteins were notably enriched in 
biological processes such as peptidyl-tyrosine modifica-
tion, peptide hormone response, and the JAK-STAT sign-
aling pathway. Concerning cellular components, these 
proteins were predominantly located in cytoplasmic vesi-
cle lumens, the collagen-rich extracellular matrix, and 
the secretory granule lumen. Their molecular functions 
were significantly tied to receptor ligand activity and 
cytokine receptor binding (Fig. 2B). Furthermore, KEGG 
analysis revealed their notable presence in pathways like 
PI3K-Akt, cytokine-cytokine receptor interaction, HIF-1, 
and JAK-STAT (Supplementary Figure S1).

From these 308 genetically-predicted proteins, post-
multiple testing corrections left 18 with significant 
associations with PCa (14 positive and 4 negative; 
P < 1.14e-5; Fig. 2A; Supplementary Table S1). Seventeen 
of these proteins were functionally annotated using the 
STRING database, except for MDH1 (Supplementary 
Table  S2). Among them, only B2M, MSMB, and SNX1 
had multiple IVs (Table  1; Supplementary Table  S3), 
all with F-statistics > 10. Significant between-SNP 
heterogeneity was observed for B2M and MSMB, 
with MSMB also exhibiting horizontal pleiotropy 
(Table  1). After conducting the HEIDI test, we found 
that the association between MSMB and PCa might be 
influenced by pleiotropy, as indicated by a P-value of 
0.127. In contrast, for the associations of PCa with the 
other 17 proteins, no significant evidence of pleiotropy 
was detected, as detailed in Supplementary Table  S3. 
A constructed PPI network based on these 18 proteins 
comprised 47 nodes and 137 edges, showcasing an 
average local clustering coefficient of 0.69 and a highly 
significant PPI enrichment (P = 2.02e-13; Supplementary 
Figure S2A). This network notably aligned with 
immunological pathways such as antigen processing 
and T-cell-mediated cytotoxicity (Supplementary Figure 
S2B).

The primary analysis suggested that genetically-pre-
dicted concentrations of MDH1, HCN1, LSM1, PLS1, 
TEAD3, SSB, IFNA7, PTK2, CYR61, IFNGR2, UNC51, 
WFDC11, SNX1, and ATG4B were positively associ-
ated with PCa risk, with the OR ranged from 1.55 (95% 
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CI 1.28–1.87) for ATG4B to 2.67 (95% CI 1.94–3.67) 
for HCN1 (Table  1; Fig.  3). Conversely, proteins like 
ATG7, B2M, MSMB, and TMEM108 showed nega-
tive associations with PCa (Table 1; Fig. 3). Sensitivity 
analyses of proteins with multiple IVs (B2M, MSMB, 
SNX1) affirmed these associations across different 
MR methods (Supplementary Table  S4). Compared to 
the PCa tumor tissue, the expression levels of MDH1, 
B2M, MSMB, LSM1, TEAD3, CYR61, and TMEM108 
were significantly higher, whereas the levels of IFNGR2, 
UNC5A, and ATG4B were significantly lower in non-
tumor tissue (Supplementary Figures  S3-18). The 
differences of mRNA expression levels were mostly 
inconsistent with the results of MR analyses. Moreover, 
we found that high levels of HCN1 and ATG4B were 
significantly associated with a poor prognosis (Supple-
mentary Figures S4 and S17).

Replicating the MR analysis using FinnGen’s PCa 
GWAS summary data reaffirmed positive associations 
for MDH1 and LSM1 and a negative one for MSMB 
with PCa (Fig. 3). However, for most proteins, barring 
HCN1, ATG7, and CYR61, the direction of association 
mirrored the primary analysis, despite not all reaching 
statistical significance. Meta-analytic outcomes closely 
paralleled the primary findings (Fig.  3). MVMR analy-
sis specifically flagged significant associations between 
PCa risk and both B2M and MSMB (Table 1). Notably, 

most proteins displayed conditional F-statistics < 10 in 
this analysis.

Discussion
In this proteome-wide MR analysis aimed at 
understanding the risk proteins for PCa, our 
comprehensive approach entailed the meticulous 
examination of 4,364 genetically-predicted proteins. 
Such an extensive preliminary assessment underscores 
the complex proteomic intricacies possibly associated 
with a prostate precancerous metabolic state, which 
can serve as a precursor to tumor development and 
represents an elevated risk of PCa. From this vast 
assortment, 308 plasma protein concentrations were 
discernibly associated with PCa risk, a testament to the 
multitudinous potential molecular interactions linked 
with this malignancy. However, post stringent statistical 
rigor, primarily to account for potential false positives 
inherent in such expansive datasets, a select group of 18 
plasma protein concentrations emerged as paramount, 
meriting further exploration due to their pronounced 
association profiles with PCa.

Our findings offer a profound deep dive into specific 
proteins and their associations with PCa risk, opening 
avenues for both mechanistic understanding and clinical 
applications. At the forefront is MDH1, a pivotal compo-
nent of the mitochondrial citric acid cycle [20]. The posi-
tive association with PCa risk necessitates an exploration 

Fig. 2  The prostate cancer associated plasma proteins and their enriched pathways. A the association between plasma proteins and prostate 
cancer risk. The blue and red dash lines denote P < 0.05 and P < 1.14e-5, respectively. B the Gene Ontology enrichment analysis of the 308 proteins 
showing significant association with prostate cancer



Page 6 of 10Sun et al. BMC Cancer          (2024) 24:905 

Ta
bl

e 
1 

St
at

is
tic

s 
of

 M
en

de
lia

n 
ra

nd
om

iz
at

io
n 

an
al

ys
is

 fo
r p

la
sm

a 
pr

ot
ei

ns
 a

nd
 p

ro
st

at
e 

ca
nc

er

a  B
et

w
ee

n-
SN

P 
he

te
ro

ge
ne

ity
 w

as
 m

ea
su

re
d 

by
 IV

W
 m

et
ho

d
b  H

or
iz

on
ta

l p
le

io
tr

op
y 

w
as

 m
ea

su
re

d 
by

 M
R-

Eg
ge

r r
eg

re
ss

io
n 

in
te

rc
ep

t t
es

t

Pr
ot

ei
ns

U
ni

va
ri

ab
le

 M
en

de
lia

n 
ra

nd
om

iz
at

io
n

M
ul

tiv
ar

ia
bl

e 
M

en
de

lia
n 

ra
nd

om
iz

at
io

n

N
o.

 o
f I

V
M

ea
n 

F-
st

at
is

tic
s

Be
tw

ee
n-

SN
P 

he
te

ro
ge

ne
it

ya
H

or
iz

on
ta

l 
pl

ei
ot

ro
py

b
O

dd
s 

ra
tio

 (9
5%

 C
I)

N
o.

 o
f I

V
Co

nd
iti

on
al

 
F-

st
at

is
tic

s
O

dd
s 

ra
tio

 (9
5%

 C
I)

P 
va

lu
e

Q
-v

al
ue

P 
va

lu
e

P 
va

lu
e

M
D

H
1

1
87

.4
2.

14
 (1

.7
0–

2.
69

)
71

1
8.

9
1.

04
 (0

.6
8–

1.
71

)
0.

23
8

H
C

N
1

1
40

.8
2.

67
 (1

.9
4–

3.
67

)
71

1
3.

7
1.

04
 (0

.6
8–

1.
45

)
0.

74
1

AT
G

7
1

36
.4

0.
36

 (0
.2

5–
0.

51
)

71
1

3.
5

1.
02

 (0
.8

7–
1.

33
)

0.
54

2

B2
M

16
94

.2
33

.4
0.

00
4

0.
50

4
0.

79
 (0

.7
2–

0.
86

)
85

6
22

.4
0.

89
 (0

.8
2–

0.
95

)
1.

25
e-

3
M

SM
B

10
3

19
7.

3
18

8.
7

3.
9e

-7
0.

00
2

0.
94

 (0
.9

2–
0.

96
)

10
25

44
.3

0.
90

 (0
.8

6–
0.

94
)

1.
39

e-
6

LS
M

1
1

38
.2

2.
36

 (1
.7

1–
3.

25
)

71
1

6.
2

1.
35

 (0
.6

1–
1.

99
)

0.
32

5

PL
S1

1
45

.8
2.

16
 (1

.5
8–

2.
97

)
71

1
7.

6
1.

25
 (0

.9
4–

1.
53

)
0.

09
7

TE
A

D
3

1
34

.1
2.

45
 (1

.7
0–

3.
53

)
71

1
2.

1
1.

19
 (0

.8
7–

1.
41

)
0.

12
8

SS
B

1
34

.9
2.

42
 (1

.6
9–

3.
48

)
71

1
6.

9
1.

34
 (0

.8
4–

1.
86

)
0.

51
4

IF
N

A
7

1
32

.8
2.

49
 (1

.7
1–

3.
62

)
71

1
4.

1
1.

08
 (0

.5
8–

1.
87

)
0.

62
2

PT
K2

1
45

.8
2.

16
 (1

.5
8–

2.
97

)
71

1
5.

7
1.

74
 (0

.6
2–

2.
56

)
0.

22
1

C
YR

61
1

33
.8

2.
46

 (1
.7

0–
3.

55
)

71
1

4.
8

1.
28

 (0
.7

4–
1.

80
)

0.
65

2

IF
N

G
R2

1
38

.9
2.

31
 (1

.6
4–

3.
26

)
71

1
2.

1
1.

42
 (0

.8
2–

2.
04

)
0.

52
1

U
N

C
5A

1
40

.6
2.

23
 (1

.5
9–

3.
15

)
71

1
4.

3
1.

61
 (0

.8
1–

2.
21

)
0.

61
1

W
FD

C
11

1
44

.1
2.

16
 (1

.5
6–

3.
01

)
71

1
8.

6
1.

55
 (0

.9
7–

2.
04

)
0.

06
1

SN
X1

3
37

.6
1.

2
0.

53
7

0.
54

8
1.

57
 (1

.2
9–

1.
92

)
71

5
13

.8
1.

41
 (0

.7
0–

1.
92

)
0.

28
9

AT
G

4B
2

64
.5

0.
8

0.
36

7
1.

55
 (1

.2
8–

1.
87

)
71

1
5.

9
1.

39
 (0

.9
1–

1.
82

)
0.

25
8

TM
EM

10
8

1
35

.2
0.

50
 (0

.3
6–

0.
68

)
71

1
3.

7
0.

79
 (0

.3
6–

1.
25

)
0.

68
1



Page 7 of 10Sun et al. BMC Cancer          (2024) 24:905 	

Fig. 3  The association between eighteen plasma proteins and prostate cancer risk
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into the metabolic pathways operative within the tumo-
rigenic processes of prostate cells. Given that neoplasias 
are characterized by distinct metabolic profiles compared 
to non-tumorous cells [21], the prominence of MDH1 
could denote a metabolic aberrancy, indicative of tumo-
rigenic progression, thus heralding its potential as both a 
biomarker and therapeutic target. The pronounced asso-
ciation of HCN1 with PCa risk is particularly compelling. 
Traditionally attributed a role in the hyperpolarization-
activated cyclic nucleotide-gated channels of neuronal 
cells [22], its emergence in the context of PCa suggests 
hitherto uncharted functionalities or interactions. This 
warrants rigorous investigation into the mechanistic 
involvement of HCN1 in prostate carcinogenesis, poten-
tially unveiling novel molecular targets. Proteins such as 
LSM1, PLS1, and TEAD3 further broaden the proteomic 
spectrum of interest. TEAD3, as an integral constituent 
of the Hippo signaling pathway, plays a pivotal role in cel-
lular proliferation and apoptotic determinants [23]. Its 
association with PCa underscores the pathway’s potential 
dysregulation in this malignancy, emphasizing the trans-
lational implications for targeted interventions.

Conversely, proteins like ATG7, B2M, and MSMB 
exhibiting inverse associations with PCa proffer 
alternative avenues of interest. The corroborative 
association of MSMB, known for its tumor-suppressive 
attributes [24], reiterates its potential protective role 
in PCa, rendering it invaluable for both diagnostic and 
therapeutic paradigms. B2M is a crucial component 
of the major histocompatibility complex (MHC) class 
I molecule. Its role in antigen presentation to cytotoxic 
T lymphocytes directly implicates it in tumor immune 
interactions. In the current study, an inverse association 
between B2M and PCa suggests that decreased 
B2M expression or function might facilitate prostate 
tumorigenesis by impairing immune surveillance [25]. 
It’s noteworthy that past research has indicated B2M 
alterations in advanced PCa stages, with elevated serum 
levels linked to higher disease severity [26–28]. However, 
tissue expression and serum levels of B2M might convey 
different implications. From a therapeutic standpoint, 
the MSMB-PCa and B2M-PCa inverse associations open 
avenues for potential immunotherapeutic strategies. 
Enhancing MSMB and B2M expression could potentially 
augment immune recognition of PCa cells. Furthermore, 
MSMB and B2M levels might offer utility as a diagnostic 
or prognostic indicator in PCa.

The replication of our findings using FinnGen’s PCa 
GWAS summary data reinforces the robustness of our 
analytical approach. However, the contrary associations 
in the replicated data for proteins like HCN1, ATG7, 
and CYR61 elucidate the inherent challenges in cross-
cohort validations, underscoring the necessity for even 

more expansive datasets or collaborative meta-analyses. 
The congruence of the meta-analytic outcomes with our 
primary results accentuates the veracity of our findings. 
Furthermore, the MVMR analysis, which emphasized the 
associations of B2M and MSMB with PCa, illuminates 
these proteins’ potential roles in immunity and tumor 
suppression, suggesting a multifaceted approach to ther-
apeutic intervention.

The GO and KEGG enrichment analyses provided 
deeper insights into the biological relevance of these 
proteins. Several of these proteins are involved in 
pathways like the JAK-STAT and PI3K-Akt signaling 
pathways, both of which have previously been implicated 
in various cancers, including PCa [29, 30]. Our results 
corroborate these known associations, providing further 
evidence for their pivotal roles in prostate carcinogenesis. 
The prominence of proteins within these pathways may 
suggest a centralized node of dysregulation that could be 
targeted therapeutically.

The vast disparity between the initial protein 
candidates and the final select cohort is emblematic of 
the profound molecular complexities associated with 
PCa pathogenesis. Each pinpointed protein, whether 
previously documented in PCa pathophysiology or 
emergent from our study, represents a potential nexus in 
the intricate web of molecular events driving or deterring 
prostate carcinogenesis. Such specificity and granularity 
are indispensable, for they not only spotlight the 
multifactorial nature of PCa’s molecular underpinnings 
but also illuminate myriad therapeutic avenues awaiting 
exploration. As we delve deeper into these findings, our 
focal point remains firmly on the biological implications 
of these associations, their translational relevance, 
and the broader impact on clinical paradigms in PCa 
management. Due to the absence of suitable proteomic 
data for PCa tissue, we focused on comparing the mRNA 
expression levels of the 18 identified proteins between 
tumor and non-tumor tissues. Our analysis revealed 
that these results were mostly inconsistent with the 
MR findings. This discrepancy could be attributed to 
several factors, including the fundamental differences 
between blood and tumor tissue composition, as well as 
the limited sample size available for PCa in the TCGA 
database. Given these findings, there is a clear need for 
future research to bridge the gap between blood and 
tissue proteomes and to further explore the clinical 
applicability of proteomic data in this context.

Our analysis, while insightful, encounters inherent 
limitations. The foundational assumptions of MR, 
such as the absence of horizontal pleiotropy, could 
potentially introduce biases. Although we have 
applied several methods to detect and overcome 
potential pleiotropy, residual pleiotropy cannot 
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be fully ruled out, thus necessitating careful 
interpretation for our findings. Our results, derived 
predominantly from specific populations, might 
lack universal generalizability, emphasizing caution 
when extrapolating to diverse genetic backgrounds. 
While associations were established, direct causality 
remains to be further validated through mechanistic 
studies. The vast scope of our protein testing, despite 
stringent statistical corrections, carries the risk of 
false discoveries. Additionally, the reliance on existing 
GWAS datasets implies that any biases within them 
could have influenced our findings. Furthermore, 
although we validated some findings using FinnGen’s 
PCa GWAS data, not all associations consistently 
reached significance. Thus, while our study provides 
a foundational perspective, the results should be 
interpreted considering these constraints, warranting 
further validation and investigation.

In conclusion, our proteome-wide MR analysis has 
shed light on the intricate molecular underpinnings 
of PCa. The identified proteins and pathways offer 
tantalizing hints for drug discovery and therapeutic 
interventions. While further research is needed to 
validate these findings and translate them into clinical 
applications, our study represents a significant stride 
towards a more comprehensive understanding of PCa 
and the development of targeted treatments.
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