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Abstract

Background The lack of reliable screening biomarkers for prostate cancer (PC) diagnosis makes tissue biopsy the
gold-standard strategy. However, its frequent inconclusive results often lead to repeated procedures, increasing
patient burden and healthcare costs. In this context, machine learning (ML) presents a novel approach for identifying
gene signatures associated with tumor presence, offering a promising avenue for improved PC detection. Therefore,
the present study explored the diagnostic potential of an ML-based gene signature and its applicability in tissue and
plasma samples.

Methods This study evaluated the clinical applicability of an ML-based algorithm developed using TCGA data
(n=608) and tested in an independent dataset (n=349). The eleven candidate genes that contributed most to the
predictive model were initially profiled by targeted RNA-Seq in prostate tissue validation cohort (n=141) and further
validated in replication tissue (n=75) and plasma (n=>50) cohorts by gPCR and dPCR, respectively.

Results Gene expression analysis in prostate tissue led to the identification of a six-gene signature (DLXT, TDRD1,
AMACR, HPN, HOXC6, and OR51E2) with high diagnostic performance (AUC=95.9%). Expression patterns supported
the gene signature’s potential to identify false-negative cases and correctly classify inconclusive biopsy results. In
plasma, AMACR demonstrated added diagnostic value as a non-invasive biomarker when integrated with clinical
parameters (AUC=93.21%).

Conclusions These findings demonstrate that our ML-based gene signature can accurately distinguish PC from non-
tumoral tissue and resolve ambiguous biopsy results. Its integration alongside histopathology has the potential to
reduce diagnostic uncertainty, improving PC early detection and guiding clinical decision-making.
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This study validates a machine learning—derived gene expression signature that improves prostate cancer
diagnosis, particularly in cases with ambiguous or false-negative biopsy results.

The six-gene panel was experimentally validated using targeted RNA-Seq and PCR-based techniques in
independent cohorts of prostate tissue and plasma, showing excellent diagnostic performance.

By complementing standard histopathology, this molecular tool may enhance early detection, reduce
unnecessary repeat biopsies, and support the integration of precision medicine into routine prostate cancer care.
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Introduction
Prostate cancer (PC) remains one of the most preva-
lent malignancies in men worldwide, driving extensive
research efforts to enhance both treatment and diag-
nostic tools [1]. Despite advances, current diagnostic
approaches still have considerable limitations. The most
widely used screening tool, serum prostate-specific anti-
gen (PSA) testing, is not necessarily cancer-specific, often
leading to unnecessary biopsies. Moreover, prostate
biopsy is subject to sampling errors and tumor hetero-
geneity, resulting in false negatives and frequent re-biop-
sies, which carry risks such as infection, bleeding, and
urinary retention [2].

In recent years, the implementation of multiparamet-
ric magnetic resonance imaging (mpMRI) combined with
targeted biopsy has significantly improved PC detection
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and reduced unnecessary procedures, increasing diag-
nostic sensitivity and specificity by up to 14% compared
to conventional systematic biopsy approaches [2, 3].
However, even with mpMRI-guided strategies, clinically
significant tumors can still be missed, particularly due to
limitations in imaging resolution, operator variability, or
sampling error in multifocal disease [4, 5]. In fact, false-
negative results and ambiguous biopsy findings continue
to pose a diagnostic challenge, often leading to patient
anxiety and repeat procedures. This highlights the need
for complementary molecular tools that can refine diag-
nostic accuracy, especially in cases where conventional
methods fall short.

This diagnostic gap has driven efforts to identify
molecular biomarkers that can complement current PC
diagnosis methods. Among these, tissue-based gene
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signatures have shown particular promise. For instance,
ConfirmMDx detects DNA methylation changes in genes
like GSTPI, APC, and RASSF1, improving the predictive
accuracy beyond that of PSA by identifying epigenetic
field effects in histologically negative biopsy cores [6].
SelectMDx, on the other hand, measures urinary expres-
sion of genes such as DLXI and HOXC6 to predict the
presence of high-grade PC upon biopsy [7]. While these
signatures have demonstrated clinical utility in certain
contexts, their widespread implementation has been lim-
ited by variability across cohorts, inconsistent regulatory
approval, and challenges related to integration within
standard diagnostic workflows.

In this context, artificial intelligence (AI) and, particu-
larly, machine learning (ML), have emerged as a prom-
ising tool to uncover complex gene expression patterns
linked to tumor biology. By integrating high-throughput
molecular data with advanced computational model-
ing, ML-based approaches can identify precise gene sig-
natures that outperform traditional clinicopathological
variables in diagnostic and prognostic applications [8].
For instance, one such signature composed of 23 genes
exhibited superior predictive performance compared to
conventional clinicopathological features and previously
published molecular signatures, emphasizing the syner-
gistic role of both technologies in tackling complex dis-
eases such as PC [9].

Building on this rationale, our group recently devel-
oped a ML-based gene expression classifier trained on
publicly available transcriptomic datasets from prostate
tissue, which showed excellent diagnostic performance
in distinguishing tumor from non-tumor samples [10].
The model integrated gene importance rankings across
independent cohorts and was optimized using ensemble
algorithms to enhance robustness and reproducibility.
Despite its strong in silico performance, the clinical utility
of the classifier had not yet been evaluated in biological
specimens. In this study, we address this gap by experi-
mentally validating the top-ranked genes from the model
using targeted RNA-Seq and PCR-based approaches in
independent cohorts of prostate fresh tissue and plasma
samples. Our ultimate goal is to define a clinically mean-
ingful gene signature capable of complementing standard
diagnostic methods, enhancing PC detection, and sup-
porting informed clinical decision-making. This work
represents a key step toward bridging computational dis-
covery and real-world application in the field of molecu-
lar diagnostics.
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Materials and methods

Gene selection

To guide potential translation to liquid biopsy, we pri-
oritized genes from our previously published classifier
that were both overexpressed in tumoral tissue (T), com-
pared to non-tumoral (NT), and ranked highly for pre-
dictive relevance. Differential expression analyses were
performed on three datasets used to train and validate
the original model (TCGA-PRAD [11], GSE22260 [12],
and GSE114740), selecting genes with higher normalized
median expression in Tvs.NT samples. Predictive impor-
tance was assessed using SHapley Additive exPlanations
(SHAP) scores across datasets [13]. The relevance score
of each gene was calculated as the sum of the position
each gene occupied when sorted in descending order of
importance in each database, and the top eleven genes
(rank < 100) were selected for experimental validation.

Study population

This study included data from 266 men who underwent
prostate biopsy between 2012 and 2014, distributed
into two independent cohorts. In both cohorts, samples
were classified into non-tumoral (NT) or tumoral (T)
samples, with T cases further stratified by tumor aggres-
siveness into T1 (ISUP < 3) and T2 (ISUP > 3). The valida-
tion cohort (n=141: NT =41; T1=55; T2 =45) consisted
of fresh prostate tissue samples analyzed by targeted
RNA-Seq. The replication cohort included tissue samples
analyzed by quantitative PCR (qPCR; n=75: NT =20;
T1=20; T2=20) and plasma samples analyzed by digital
PCR (dPCR; n=50: NT =20; T1=18; T2=12). Updated
clinical data in 2024 enabled further stratification of NT
tissue samples into non-tumoral single-biopsy (NTS,
n=13) and non-tumoral multiple-biopsy (NTM, n=7)
groups, depending on whether one or more procedures
were required to rule out cancer. In addition to NT and T
tissue samples, a third group was included: pre-tumoral
(PT, n=15). Fresh prostate tissue and plasma were col-
lected by the Urology Service at Hospital Universita-
rio Virgen de las Nieves (Granada, Spain) and stored at
—-80°Cand -20 °C, respectively, until analysis. All partic-
ipants provided written informed consent, and the study
was approved by the Ethics Committee of Granada (CEI-
Granada, code 1638-N-18), following the Declaration of
Helsinki.
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RNA isolation from tissue and plasma samples

Total RNA from tissue samples was extracted using the
Trizol°/chloroform method, while RNA from 200 uL of
plasma was isolated according to the manufacturer’s pro-
tocol for the miRNeasy Serum/Plasma Kit (Qiagen). RNA
quantity and purity were assessed by A260/A280 ratio
using a NanoDrop™ 2000c spectrophotometer (Thermo-
Fisher Scientific), and RNA integrity was evaluated with
the 4200 TapeStation system (Agilent Technologies).

Gene expression analysis in fresh tissue samples by
targeted RNA-Seq

Custom capture library baits were designed with Sure-
Design software (Agilent Technologies). Library prepa-
ration, hybridization, and capture were performed using
the SureSelect XT HS2 RNA System for Illumina paired-
end sequencing libraries (Agilent Technologies), follow-
ing the manufacturer’s instructions. Final libraries were
quality-checked using the 4200 TapeStation (Agilent
Technologies) and subsequently pooled for sequenc-
ing. Sequencing was carried out on an Illumina NovaSeq
6000 platform using v2 200-cycle cartridges (2 x 100 bp,
Ilumina).

Gene expression analysis in fresh tissue samples by gPCR
RNA reverse transcription was performed using Prime-
Script™ RT reagent Kit (Takara Bio). qPCR analysis was
carried out using TagMan probes (Life Technologies Co.;
Table S1). Expression analysis was performed according
to the manufacturer’s protocol, on a 96-well plate with
QuantStudio 6 Flex Real-Time PCR System (Applied
Biosystems).

Gene expression analysis in plasma samples by dPCR
Reverse transcription was performed using SuperScript
IV VILO Master Mix (ThermoFisher Scientific, Inc.).
Gene expression was analyzed by dPCR on QuantStudio™
Absolute Q™ dPCR (Applied Biosystems).

Table 1 Differential expression of candidate genes in tumoral
versus non-tumoral prostate tissue samples

Gene Logarithmic fold change p-value FDR

DLX1 36192 8.2951E-16 4.2028E-14
TDRD1 4.2084 5.04437E-20 1.5335E-17
AMACR 4.0521 1.9054E-20 1.1585E-17
HPN 2.2004 14315613 4.5808E-12
HOXCé 26725 4.5910E-14 1.6420E-12
ERG 2.7777 3.0216E-15 14132E-13
PLA2G7 2.1090 2.2468E-13 6.8304E-12
MMP9 0.8738 0.0085 0.02064
APOF 25391 34232E-14 1.3008E-12
OR51E2 3.2831 24831E-16 16775E-14
GLYATL1 2.7639 1.7127E-16 1.3016E-14

FDR=False Discovery Rate
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Bioinformatics analysis

Just the data obtained from the article [10] was the start-
ing point for the present validation data. All bioinfor-
matic analyses previously done were reported by Ramirez
Mena, A. et cols [10]. Regarding RNA-Seq analysis, reads
were quality-checked using FastQC (v0.12.1) and Mul-
tiQC (v1.18). Trimming and duplicate removal were
performed with Agilent Trimmer (v3.1.2) and Agilent
CREAK (v1.1.1), respectively. Reads were aligned using
BWA (v0.7.19), and gene counts were generated with fea-
tureCounts (v2.0.6). Differential expression analysis was
performed using edgeR v4.7.3, Statistical significance was
set at False Discovery Rate (FDR) < 0.05.

Statistical analysis

All analyses were performed using SPSS v.22 (IBM Cor-
poration, United States) and GraphPad Prism 10.2.3
(LCC). Data normality was assessed with the Shapiro-
Wilk test and non-parametric tests (Kruskal-Wallis
and U-Mann-Whitney) were applied. Statistical signifi-
cance was set at p<0.05. Genes showing significant dif-
ferential expression were further evaluated for their
diagnostic performance using Receiver Operating Char-
acteristic (ROC) curves, from which the area under the
curve (AUC) values were calculated to quantify their dis-
criminative ability. Significant genes were then combined
in a multivariable logistic regression model to assess their
collective ability to predict the presence of PC.

Results

Machine learning-based gene selection for genetic
signature validation

The present study is based on previous data reported
[10] where we have described the top 20 gene predic-
tors, according to their importance by SHAP obtained
from the Random Forest algorithm using the TCGA-
PRAD dataset. Table S2 presents a comprehensive list of
genes with overexpression in tumoral (T) relative to non-
tumoral (NT) tissue across all databases, sorted by their
score. The eleven genes with a rank below 100 (DLX1I,
TDRDI1, AMACR, HPN, HOXC6, ERG, PLA2G7, MMP9,
APOF, OR51E2, and GLYATL1) were selected for their
validation. More details about selected genes are shown
in Table S3.
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Study population description

Key characteristics of participants from validation and
replication cohorts are summarized in Table S4. Com-
pared to controls, patients with PC exhibited signifi-
cantly higher PSA levels, while no differences in age were
observed between groups. Among PC patients, stratifica-
tion by tumor aggressiveness revealed significant differ-
ences in the proportion of metastases across all cohorts.
Additionally, in the tissue cohorts, T2 patients showed
higher PSA levels and increased D’Amico risk compared
to T1.

Transcriptomic profiling of machine learning-selected
genes

To confirm the upregulation of the 11 ML—derived genes
(DLX1, TDRDI1, AMACR, HPN, HOXC6, ERG, PLA2G7,
MMP9, APOF, OR51E2, and GLYATLI), we first ana-
lyzed their expression in prostate tissue samples from
the validation cohort (n=141) using a targeted RNA-
Seq approach. Each gene displayed significantly higher
expression in tumoral (T) compared to non-tumoral
(NT) samples (Table 1), supporting their potential diag-
nostic relevance. These differences remained consistent
when patients were stratified by tumor aggressiveness
(Tables S5 and S6). Based on these results, the full
11-gene panel was carried forward for experimental vali-
dation by qPCR.

Evaluation of gene expression profiling in PC diagnosis
To assess the diagnostic potential of each candidate gene,
expression levels were measured by qPCR and compared
between tumor (T) and non-tumor (NT) tissue sam-
ples. Six genes, DLXI (p=0.0008), TDRD1 (p=0.0041),
AMACR (p=0.0111), HPN (p=0.0367), HOXC6
(p=0.0003), and OR51E2 (p=0.0039), showed statisti-
cally significant differential expression (Fig. 1 Tables S7
and S8). In the stratified analysis by tumor aggressiveness
(T2vs.T1), AMACR also showed significant differences
(p=0.0389), suggesting its potential as a marker of both
diagnosis and aggressiveness (Fig. 1; Tables S7 and S8).
To evaluate the diagnostic performance of these six
genes, ROC curve analyses were conducted. HOXC6 and
DLX1 displayed the best individual performance, with
HOXC6 achieving an AUC=0.8693 (95% confidence
interval (CI): 0.7571-0.9815; sensitivity: 93.10%, speci-
ficity: 50%) and DLX1 an AUC=0.8117 (95% CI: 0.6775—
0.9460; sensitivity: 95%, specificity: 57.89%) (Figure
S1A-F; Table 2. A logistic regression model incorporat-
ing all six genes improved the AUC to 0.959, supporting
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the robustness of the combined signature (Figure S1G,
Table 2).

In clinical practice, patients with negative biopsies
often undergo repeated procedures to rule out cancer.
In our cohort, 7 of 20 patients (35%) with initial nega-
tive biopsies required additional biopsies, all of which
remained negative (Fig. 2A). We compared the gene
expression profiles of NTS (single biopsy) and NTM
(multiple biopsies) patients with those of confirmed
tumor cases (T) to assess the model’s ability to dis-
tinguish true negatives. As expected, NTS and NTM
showed no significant differences in gene expression, and
both were clearly distinct from T samples (Fig. 2B; Tables
S9 and S10), highlighting the potential of the signature to
reduce unnecessary biopsies and complement standard
histopathological evaluation.

Evaluation of gene expression profiling in prostate biopsy
for false-negative identification

To explore the clinical value of the proposed gene sig-
nature in detecting false-negative prostate biopsies,
we analyzed a third group of individuals (Pre-Tumoral,
PT) who had initial biopsy results classified as negative
but were diagnosed with PC within four years (Fig. 2A).
The expression profiles of the six candidate genes were
assessed to determine whether these cases aligned more
closely with tumor-positive or tumor-negative samples.
The PT group showed gene expression patterns more
similar to T than to NT samples, with DLXI, TDRDI,
HOXC6, and OR51E2 showing the most notable differ-
ences (Fig. 2C; Tables S11 and S12). These results suggest
that incorporating the gene signature into routine biopsy
analysis could help identify false-negative cases earlier,
thereby reducing misclassification and supporting timely
intervention.

Evaluation of gene expression profiling in PC survival

In our study population, overall survival (OS) rates were
90% at 3 years, 86.67% at 5 years, and 69.09% at 10 years.
AMACR, HPN, and OR5IE2 were significant for OS,
showing reasonable specificity and sensitivity values to
predict disease progression (Fig. 3). In contrast, survival
analyses predicated upon the expression levels of DLX1,
TDRD1, and HOXC6 exhibited no statistically significant
differences (Figure S2).

Translation of gene expression profiling to liquid biopsy

Among the six candidate genes, only AMACR and
OR51E2 were detectable in plasma samples. AMACR
expression was significantly higher in patients compared
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Table 2 ROC parameters of biomarkers both individually and combined in fresh tissue samples for PC diagnosis.

Biomarker AUC 95% Cl PPV NPV Sensitivity Specificity
(T vs.NT)

DLX1 08117 0.6775-0.9460 0.7037 0.9167 0.9500 0.5789
TDRD1 0.7806 0.6339-0.9273 0.6333 0.8333 0.9048 0.4762
AMACR 0.7141 0.5730-0.8551 0.6176 0.6667 0.7778 0.4800
HPN 0.6870 0.5422-0.8319 06111 0.6667 0.8148 04167
HOXCé6 0.8693 0.7571-0.9815 0.7941 0.7778 0.9310 0.500
OR51E2 0.7426 0.6069-0.8784 0.6176 0.8750 0.9130 0.5185

All combined 0.9593 0.8950-1 0.9259 0.9000 0.9615 0.8182

AUC Area Under the Curve, C/ Confidence Interval, NPV Negative Predictive Value, PPV Positive Predictive Value

to controls (p=0.0319); however, no significant differ-
ence was observed for OR51E2 (Figure S3; Tables S13 and
S14). ROC curve analyses were performed for AMACR,
OR51E2, and PSA, the current clinical biomarker for
PC diagnosis, both individually and in combination
through logistic regression models (Figures S4; Table
S15). All combinations outperformed PSA alone, with the
AMACR +PSA model achieving the highest diagnostic
accuracy (AUC=0.9321; 95% CI=0.7984-1), 96.43% sen-
sitivity, and 100% specificity (Figure S4D; Table S15).

Discussion

The development of non-invasive biomarkers remains
a central goal in oncology, particularly for improving
early detection in PC. While numerous studies have
explored potential candidates, results remain inconclu-
sive. Urine proteomics, for instance, has identified pro-
teins such as SLURP1 with elevated expression in PC,
although treatment-dependent variability limits their
reliability [14]. Similarly, a retrospective study analyzing
long non-coding RNAs, including PCA3, DLX1, HOXCe,
and TMPRSS2:ERG, has shown diagnostic value in urine
samples, with PCA3 demonstrating moderate sensitivity
and good specificity for distinguishing PC from non-PC
cases [15].

In this study, we identified a six-gene signature (DLX1,
HPN, AMACR, TDRD1, HOXC6, and OR51E2) capable
of improving PC detection, offering a promising strategy
for managing biopsies classified as negative or uncertain
under current approaches. All six genes exhibited signifi-
cant expression patterns correlated with OS, reinforcing
their clinical relevance. Importantly, the classifier identi-
fied individuals potentially misclassified by conventional
histopathology, highlighting its value as a complementary
tool in challenging diagnostic scenarios. This molecular
approach may enable earlier detection and more precise
management.

Among these genes, AMACR showed the strongest link
to PC, with previous studies reporting expression levels

up to 682 times higher in tumor compared to normal tis-
sue [16]. Other genes, such as DLX1, OR51E2, or HOXC6,
have also been associated with PC biology. DLX1 and
HOXC6 are part of SelectMDx, a test used for PC risk
stratification [17], and DLX1 has been proposed as a non-
invasive biomarker for PC because of its involvement in
ERG/AR signaling [18]. OR51E2, a surface protein related
to KLK2, has been associated with treatment response
and survival outcomes [19] and has also been described
as a potential biomarker for PC [20]. Despite these indi-
vidual associations, no previous study has evaluated the
combined diagnostic potential of DLX1, HPN, AMACR,
TDRD1, HOXC6, and ORSIE?2 as an integrated gene sig-
nature in the context of prostate biopsy analysis.

AMACR and OR5IE2 also emerged as promising non-
invasive biomarkers in plasma. Although the sample size
limited statistical significance, the findings align with
previous reports. OR51E2 has been described as circulat-
ing mRNA with SIM2 [21], though not yet validated in
aggressive subtypes. AMACR has shown strong diagnos-
tic and prognostic value across several biological matri-
ces, including free mRNA [21], urinary exosomes [22],
and plasma, where its overexpression correlates with
poor outcomes [21]. These data align with our findings in
both tissue and blood samples.

A major clinical challenge in PC diagnosis is manag-
ing patients with persistently negative biopsies but rising
PSA levels. There is currently no standardized protocol to
determine when or how re-biopsies should be conducted
[23]. Clinicians increasingly demand new strategies, such
as more specific PSA-based assays, imaging techniques,
or molecular tissue analyses, to address this uncertainty
[24]. Despite recent advances, such approaches are not
yet incorporated into clinical guidelines, and consen-
sus is still lacking [25]. We propose that incorporat-
ing molecular analysis, specifically the gene signature
described here, into current diagnostic workflows may
help reduce unnecessary repeat biopsies and improve
risk stratification.
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Conclusions

This study supports the clinical value of a six-gene sig-
nature for PC diagnosis, particularly in patients with
inconclusive biopsy results. These genes are associated
with tumor presence and aggressiveness, enhancing early
detection and reducing diagnostic uncertainty. Among
them, AMACR stands out for its robust expression in
both tissue and plasma, reinforcing its potential as a
non-invasive biomarker. Integration of this signature into
clinical workflows may enable more precise patient strat-
ification and support personalized management strate-
gies. Further validation in larger, independent cohorts
will be necessary to confirm its utility and facilitate trans-
lation into routine clinical practice.
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