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�
 ABSTRACT 

Early cancer diagnosis is crucial but challenging owing to the lack of 
reliable biomarkers that can be measured using routine clinical 
methods. The identification of biomarkers for early detection is com-
plicated by each tumor involving changes in the interactions between 
thousands of genes. In addition to this staggering complexity, these 
interactions can vary among patients with the same diagnosis as well as 
within the same tumor. We hypothesized that reliable biomarkers that 
can be measured with routine methods could be identified by exploiting 
three facts: (i) the same tumor can have multiple grades of malignant 
transformation; (ii) these grades and their molecular changes can be 
characterized using spatial transcriptomics; and (iii) these changes can 
be integrated into models of malignant transformation using pseudo-
time. Pseudotime models were constructed based on spatial tran-
scriptomic data from three independent prostate cancer studies to 
prioritize the genes that were most correlated with malignant transfor-
mation. The identified genes were associated with cancer grade, copy- 
number aberrations, hallmark pathways, and drug targets, and they 
encoded candidate biomarkers for prostate cancer in mRNA, IHC, and 
proteomics data from the sera, prostate tissue, and urine of more than 
2,000 patients with prostate cancer and controls. Machine learning– 
based prediction models revealed that the biomarkers in urine had an 
AUC of 0.92 for prostate cancer and were associated with cancer grade. 
Overall, this study demonstrates the diagnostic potential of combining 
spatial transcriptomics, pseudotime, and machine learning for prostate 
cancer, which should be further tested in prospective studies. 

Significance: Integrating spatial transcriptomics, pseudotime, 
and machine learning analyses is effective for identifying prostate 

cancer biomarkers that are reliable in different settings and 
measurable with routine methods, providing potential early di-
agnosis strategies. 
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Introduction 
Early cancer diagnosis may significantly reduce mortality but is 

complicated by the lack of accurate biomarkers that are easy to measure 
in the clinic. For example, PSA is a widely used biomarker for screening 

prostate cancer. Although the use of PSA is associated with decreased 
mortality, its lack of sensitivity and specificity has resulted in many 
unnecessary biopsies or missed prostate cancer diagnoses (1, 2). This has 
led to significant research efforts to identify accurate biomarkers that 
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can be measured in peripheral blood using routine methods for prostate 
cancer and other cancers (3–7). Examples of conventional biomarkers to 
diagnose prostate cancer include the Prostate Health Index. This mea-
sures three types of PSA and has AUCs ranging from 0.7 to 0.77, which 
are superior to PSA (0.56–0.6; refs. 8, 9). AUCs may be further im-
proved by combining biomarkers with imaging. Multiomics analyses of 
local tumor tissues have led to the identification of candidate biomarkers 
with very high AUCs (10–13). However, when measured in peripheral 
blood, these biomarkers had variable AUCs (14). 

A potential solution could be to measure biomarkers in local 
body fluids, such as urine (10–13). By combining urine biomarkers 
with clinical factors, or imaging, accuracy has been further im-
proved (AUCs of 0.78 and 0.89; ref. 15). Recent proteomic analyses 
of urine have resulted in the identification of more than 200 pro-
teins that collectively reached AUCs ranging from 0.71 to 0.81 for 
diagnosing prostate cancer (16). Another study (14) based on 
transcriptomics showed that only 18 urine mRNAs resulted in an 
AUC of 0.82 for prostate cancer. 

Despite the high AUCs, the authors recognized important limi-
tations. The analyses were based on bulk data, in which important 
signals in the data may be buried. This limitation is important be-
cause prostate cancer and other cancers involve altered interactions 
between multiple cell types in the same tumor and not only between 
tumor cells (14). 

Another limitation was that the biomarkers were prioritized using 
data-driven methods. This did not explain the selection of biomarkers 
nor their relative mechanistic importance compared with many 
others. The clinical relevance of such explainability is increasingly 
recognized (17). First, these limitations may be important if bio-
markers cannot be replicated in different clinical settings, which can 
vary greatly (18). If so, analyses of variations in the most important 
mechanisms may help to trace patient characteristics underlying such 
variations. Second, prioritization of the most important mechanisms, 
such as pathways, may also have implications for precision medicine, 
in that such mechanisms may include drug targets and biomarkers for 
those drugs. Third, clinical implementation of novel diagnostic and 
therapeutic methods will require explainable solutions for informed 
decisions by clinicians and patients. 

However, emerging technologies may provide solutions to sys-
tematically prioritize biomarkers based on an understanding of their 
relative importance. Single-cell RNA sequencing (scRNA-seq) and 
spatial transcriptomics (ST) can measure genome-wide changes in 
mRNA expression in thousands of individual cells (scRNA-seq), as 
well as their location in a tumor (ST; ref. 19). 

Such analyses have shown changes in the expression of thousands 
of genes across tumor cells and many other cell types. These changes 
can vary between different locations in the same tumor, time points 
in the same patient, as well as between patients with the same cancer 
diagnosis (20–25). A computational method called pseudotime (PT) 
can systematically organize cells in a linear trajectory based on the 
similarity of their expression profiles. PTs derived from bulk, 
scRNA-seq, and ST analyses of prostate cancer and other tumors, as 
well as cancer cell lines, support the idea that PTs model malignant 
transformations (20, 26–29). 

This led us to hypothesize that the genes most correlated with PT 
in most tumors are reliable biomarkers. In support of our hypoth-
esis, we found that PT was associated with the histologic grade of 
malignancy, copy-number aberrations (CNA), cancer-related path-
ways, and potential drug targets. 

We identified 45 genes that were highly positively or negatively 
correlated with PT trajectories. The diagnostic relevance of the 

mRNA and protein products of these genes was supported by an-
alyses of sera, prostate tissue, and urine samples from more than 
2,000 patients with prostate cancer and controls. As protein analyses 
are more readily performed with routine clinical methods, we used 
machine learning to construct prediction models based on proteins 
for prostate cancer diagnosis. Those models reached an AUC of 
0.69 in sera and 0.92 in urine. This considerably outperformed the 
models based only on serum PSA levels. Furthermore, we found that 
these biomarkers outperformed serum PSA levels in predicting 
cancer grades. Hence, we propose that prospective studies of can-
didate biomarkers are warranted and that analytic principles are 
tested to identify biomarkers in other cancers. To the best of our 
knowledge, combining ST, PT, and machine learning to identify 
biomarkers is a novel approach. Therefore, we made the data and 
codes freely available for clinical studies on the diagnostic potential 
of our strategy for prostate cancer and other cancers. 

Materials and Methods 
Spatial data retrieval and sample annotation 

We retrieved ST data from the HEST-1k dataset (30), which 
contains more than 1,000 ST profiles, including 320 cancer samples 
from 25 cancer types. Human prostate cancer samples with at least 
1,000 spots were filtered. To avoid overrepresentation of a single 
slide, we excluded samples from a study (31), which analyzed the 
technical replicates of sample MEND156 from the author’s previous 
study (32). The resulting samples were annotated by an expert 
pathologist. 

To annotate the retrieved data, we used Semla software in R (33). 
Semla facilitates the annotation of Seurat objects containing spatial 
data, allowing the selection and annotation of specific spots for later 
analysis. Histologic annotations were performed on all hematoxylin 
and eosin–stained whole-slide images, categorizing spots into normal 
glands, prostatic intraepithelial neoplasia (PIN), and cancer. The 
cancer spots were further divided into five grades according to the 
Gleason score in the fifth edition of the World Health Organization 
classification of male and genitourinary tumors from 2022. Only spots 
identified by pathologist as normal, PIN, or cancer were subsequently 
analyzed. Once the labeling process was completed, the annotated 
Seurat object was saved for subsequent analyses. The workflow for the 
spatial data processing is shown in Supplementary Fig. S1. 

Data preprocessing and outlier removal 
To focus on malignant transformation, we retained samples 

containing both benign and cancerous cells, excluding spots that 
were predominantly composed of non-epithelial cells. Noisy spots 
and genes were filtered by removing spots with fewer than 100 genes 
and genes expressed in fewer than three spots. Additionally, spots 
with more than 20% mitochondrial genes were excluded. The data 
were log-normalized and scaled, and highly variable genes were 
identified and annotated for further analyses. 

Principal component analysis (PCA) was used to identify outlier 
spots and reduce data dimensionality by calculating the orthogonal 
components. First, PCA was performed for each sample considering 
the distribution of highly variable genes. Outlier spots were removed 
by retaining only those between the 0.0025 and 0.9975 quantiles 
across the first 10 components. After outlier removal, reduction by 
PCA was recomputed to reduce dimensionality, retaining the first 
10 components for downstream analyses. 

All steps were performed using the Scanpy (1.9.8) Python (RRID: 
SCR_008394, v 3.12.8) package with normalize_total, log1p, pca, 
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and scale. All functions were applied with default parameters, unless 
stated otherwise. 

PT 
We used PT to track prostate cancer progression in ST data. PT 

reflects cellular progression by calculating the distances among the 
diffusion vectors of each spot. The analysis followed the workflow 
recommended in the Scanpy package. First, Louvain clustering (34) 
with a resolution of 0.5 was used to cluster the spots. Small clusters 
with fewer than 20 spots were excluded from further analyses. The 
rationale behind this is that smaller clusters can be faulty, which could 
be because of lower cell quality or quantity in that region or a higher 
ratio of non-epithelial cells. To construct PTs, we first identified a root 
spot, which served as a reference point, representing a benign state. 
To provide a more accurate identification of the root spot, the cluster 
with normal spots was used as an input to the set_root function from 
the stlearn package (35). This method uses a semiautomated approach 
to identify the root spot based on the input cluster. The transitions 
between the spots were assessed using diffusion-like random walks 
(36). Shortly, the probability of transitioning between two spots de-
pends on the similarity of their gene expression profiles. The diffusion 
map was computed using a diffmap function. The motivation for 
using diffusion map was mainly its ability to handle highly complex, 
non-linear data as well as being more robust to handle noise, com-
pared with other alternatives, such as PCA. Each spot was assigned a 
PT value ranging from 0 to 1. PT (37) was implemented using the dpt 
function in the Scanpy package. 

CNA analysis 
To analyze the CNA of the spots in the spatial samples, we used a 

CopyKAT (38) method. The benign cells were used as reference, and 
we used Pearson correlation as a distance function. We used default 
parameters to run the analysis. The final heatmaps were reordered 
using the hierarchical clustering with Ward agglomeration. 

Enrichment analysis 
Gene set enrichment analysis (39) is a method used to identify 

sets of genes that are overrepresented within a known list of bio-
logically relevant genes. GSEApy (40) was used to identify pathways 
and drugs for which the associated genes were overrepresented in 
our list of relevant genes. 

The associated pathways were identified using the MSigDB_-
Hallmark_2020 database, which stores the gene sets associated 
with specific pathways. Only significantly represented pathways 
were retained for further analysis (adj. P value < 0.05). 

Potential drugs were identified using DGIdb_Drug_Targets_2024, 
which stores gene sets associated with specific drugs. Only signifi-
cantly enriched drugs were retained (adj. P value < 0.05). 

scRNA-seq analysis 
To analyze scRNA expression in patients with prostate cancer, we 

analyzed a publicly available dataset from a study on the hetero-
geneity of tumor-associated epithelial cells in prostate cancer (41). 
The dataset included scRNA expression data from 11 patients, 
comprising six biopsies from three patients (two biopsies per pa-
tient) and 12 radical prostatectomy (RP) samples from eight pa-
tients. Of these, four patients provided paired RP samples (one from 
a tumor-only section and one from a normal region), whereas the 
remaining four patients provided a single tumor–only RP sample. 
Briefly, the samples were sequenced using the SeqWell S3 protocol 
(42) and pre-processed using the DropSeq (43) workflow. 

Differential expression analysis between malignant and nonma-
lignant cells was performed using the FindMarkers function of the 
Seurat library in R. The log2 fold change was computed for all genes 
with an adjusted P value below 0.05. Each sample was analyzed 
separately. The results were saved and plotted in Python (RRID: 
SCR_008394, v 3.12.8) using the Seaborn and Matplotlib (RRID: 
SCR_008624) packages. 

IHC of SPON2 in healthy prostate tissues, benign prostate 
hyperplasia, and prostate cancer 

Eleven prostate biopsy specimens, including cancer cells of three 
different Gleason grades, matched adjacent normal glands, and 
hyperplastic glands, were collected at the Xiyuan Hospital of China 
Academy of Chinese Medical Sciences from 2019 to 2024. All 
pathologic slides were independently reviewed and verified by two 
trained pathologists according to the Gleason score in the fifth 
edition of the World Health Organization classification of male and 
genitourinary tumors from 2022. 

Paraffin-embedded tissues were sectioned (4 μm) and prepared. 
The tissue sections were placed in an incubator at 72°C for 40 minutes 
for deparaffinization, followed by dewaxing in xylene three times for 
10 minutes. Rehydration was performed using a graded ethanol series 
(100%, 100%, 95%, and 75%) for 2 minutes at each concentration. 
The sections were washed five times with PBS (pH 7.3) for 2 minutes, 
and antigen retrieval was performed using EDTA (pH 9. 0) at a high 
pressure and 120°C for 2.5 minutes. The sections were immediately 
cooled to room temperature and washed with PBS. Endogenous 
peroxide activity was eliminated by incubating sections in 3% H2O2 
for 10 minutes at room temperature. The sections were then incu-
bated with SPON2 antibody (diluted 1:600; Proteintech, cat. #20513- 
1-AP, RRID: AB_2878696) for 1 hour at 37°C. The sections were then 
incubated with anti–mouse/rabbit IgG for 30 minutes at room tem-
perature. After three washes, immunoreactivity was visualized using 
diaminobenzindine (DAKO) for 3 minutes. 

Three random digital images at �200 magnification per specimen 
were photographed using an Olympus BX41 fluorescence microscope 
(Olympus) to calculate the average optical density (AOD). The digital 
images were obtained using a digital pathology system (NanoZoomer 
2.0-RS slide scanner, Hamamatsu) at �400 magnification. AOD 
[AOD ¼ integrated optical density (IOD)/area] was calculated using 
Image-Pro Plus v6.0 software (Media Cybernetics; RRID: 
SCR_007369) and was used in this study for statistical analysis. 

Bulk RNA analysis 
Two bulk RNA-seq datasets were used in this study: one from 

local tissue and one from urine. 
We retrieved the bulk RNA expression of 1,223 prostate samples 

from a comprehensive prostate cancer transcriptome atlas (44). This 
dataset, constructed by batch correction of 11 studies, was filtered to 
retain 714 primary cancer samples and 174 normal prostate tissue 
samples for further analysis. The workflow for bulk RNA expression 
processing is shown in Supplementary Fig. S2. 

The differentially expressed genes between primary cancer and 
normal samples were identified using a Student t test, P values were 
adjusted for multiple testing using the Benjamini–Hochberg method, 
and the log2 fold change was computed. Final plots were constructed 
using the Matplotlib package (RRID: SCR_008624) in Python (RRID: 
SCR_008394, v. 3.12.8). 

Urine bulk RNA expression was retrieved from a recent prostate 
cancer study (14). Briefly, a first-catch urine sample following digital 
rectal examination (DRE) was obtained and analyzed using 
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OpenArray Technology (Thermo Fisher Scientific) in the original 
study. For our analysis, data were retrieved, focusing on the col-
umns “Differential Expression (Cancer vs. Normal) – logFC” and 
“Differential Expression (Cancer vs. Normal) – adj. P.Val." Only 
candidate biomarkers with significant differential expression (adj. P 
value <0.05) were included. The log2-fold changes in these bio-
markers were extracted and visualized using Matplotlib (RRID: 
SCR_008624) in Python (RRID: SCR_008394, v3.12.8). 

Tissue proteomics analysis 
We analyzed the prostate proteomic data of 306 patients from a 

previous study (45). Briefly, three surgical samples were collected 
from each patient: one corresponding to benign tissue and the other 
two corresponding to primary and secondary Gleason score grading 
areas, respectively. The samples were annotated independently by two 
pathologists, and the protein abundance was determined using data- 
independent acquisition proteomics technology. Analogous to bulk 
RNA analysis, Student t test and the Benjamini–Hochberg method 
were applied to identify differentially expressed proteins. The log2 fold 
change was computed to estimate the level of change in expression 
between benign and malignant tissues for the candidate biomarkers. 

UK Biobank proteomics 
We analyzed data from the UK Biobank (UKBB), a prospective 

cohort study comprising more than 500,000 individuals recruited from 
the United Kingdom (46). In this analysis, proteomics data as well as 
clinical information, including the date of recruitment, date of diag-
nosis, and diagnostic codes based on the International Classification of 
Diseases, 10th Edition (ICD-10), were utilized. Patients with prostate 
cancer were identified using ICD-10 code C61, with inclusion restricted 
to individuals diagnosed at the time of sampling. Healthy controls were 
defined as those without ICD-10 codes during the follow-up period. 
The MatchIt (47) package was used to match patients with prostate 
cancer with healthy controls, with age as the matching criterion. 

Blood samples for proteomic analysis were collected during the 
baseline assessment conducted between 2006 and 2010. The follow- 
up period was October 31, 2022. Proteomic profiling of blood 
plasma samples was performed using the Olink Explore 1536 plat-
form, which captures 2,923 unique proteins. 

Urine proteomics 
Urine proteomics data were analyzed using the results of a recent 

study (16). Briefly, urine samples from patients with cancer and 
BPH controls were collected before and after DRE. After centrifu-
gation, the extracellular vesicles of urine were isolated, and pro-
teomic analysis was performed using mass spectrometry to 
determine protein abundance. The post-DRE urine centrifuged at 
20,000� g for 30 minutes was reported to be the most accurately 
reflected prostate tissue proteome and was therefore used in our 
analysis. Serum PSA levels were measured in all the patients. 
Datasets from both the discovery and validation datasets were in-
cluded in our analysis, which included 123 patients with cancer and 
36 BPH controls. The workflow for urine proteomic processing is 
presented in Supplementary Fig. S3. 

Construction of prediction models 
Machine learning approaches were employed to build predictive 

models for the proteomic datasets described above. The same 
pipeline was used in both studies. 

Proteins with more than 20% missing values were excluded from 
analysis. Data were divided into training (70%) and test (30%) sets, and 

missing data (2% for urine proteomics and 8% for UKBB data, re-
spectively) were imputed using the MissForest model. Next, we used 
ridge regression to determine the optimal parameter. The β coefficients 
from the model were used to assess the importance of the candidate 
biomarkers. For cancer prediction, a binomial model was used with the 
candidate biomarkers as features, and cancer status was used as the 
response variable. For grade prediction, a Gaussian model was used 
with the candidate biomarkers as features and the transformed 
[healthy ¼ 0, grade group 1(GG1) ¼ 1, GG2 ¼ 2, GG3 ¼ 3, and 
GG4 ¼ 4] grade as a response variable. All models were constructed 
using training data, and the test data were then used to evaluate the 
predictions of cancer status and progression. The baseline model was 
computed using linear regression with PSA values as the feature vari-
able. To evaluate the results, the AUCs were used for cancer prediction. 
For grade prediction, correlation, root mean squared error (RMSE), and 
R-squared errors were used. We used bootstrapping to estimate the 
uncertainty of the AUCs and ROC curves. To do that, we randomly 
sampled the patients for the training of the models in a stratified 
manner for 1,000 times. The results were evaluated using all the patients 
that were not used in the training of the models. The mean (IQR) 
values for both AUC and ROC curves are presented in the results. In 
order to analyze whether the candidate biomarkers overperform the 
other genes or proteins, we used the same prediction pipeline for 
randomly selected genes/proteins. We selected the same number of 
genes/proteins as the number of our candidate biomarkers captured in 
the datasets. We repeated this analysis 1,000 times to get a distribution 
of results with randomly selected proteins. 

The missForest, missForestPredict, glm, and cv.glmnet functions 
of the missForestPredict and glmnet R packages were used. 

Survival analysis 
From UKBB, 340 patients with prostate cancer were followed 

from the assessment until the end of the follow-up period (October 
31, 2022). We used the Xena tool (48) to download the information 
about the progression-free interval (PFI) and the follow-up period 
of the patients from The Cancer Genome Atlas and linked them 
using the patient ID with the tissue bulk RNA data used in the 
article. The missing proteomics data from UKBB were excluded 
(>20% of missing values) and imputed using the same approach as 
in the prediction models. We used the Cox proportional hazards 
model from the survival (RRID: SCR_021137) package in R with the 
proteins/genes as covariates and the overall survival (OS)/PFI as the 
response variable. 

Ethics statement 
The study was conducted in accordance with ethical guidelines 

of the Declaration of Helsinki. Analyses of samples from UKBB 
were based on ethical approval from the National Information 
Governance Board for Health and Social Care and the National 
Health Service Northwest Multi-Center Research Ethics Com-
mittee. All participants gave written informed consent through 
electronic signatures before enrolling in the study. This research 
has been conducted under approved UKBB project ID 102162. 
The analyses of prostate tissues with IHC were approved by the 
Ethics Committee of Xiyuan Hospital, China Academy of Chi-
nese Medical Sciences, Beijing, after obtaining written informed 
consent from the patients. 

Data availability 
The scRNA data used in this study are publicly available in the 

Gene Expression Omnibus under the identifier GSE176031, the bulk 
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RNA data are publicly available in the BioStudies database under the 
identifier E-MTAB-9930, the tissue proteomics data are publicly 
available in iProX under the identifier IPX0005748000, the urine 
proteomics data are publicly available in MassIVE under the iden-
tifier MSV000092061, and the UKBB data are available at https:// 
www.ukbiobank.ac.uk/ for approved researchers through the UKBB 
data access protocol. IHC figures are available at Zenodo: 10.5281/ 
zenodo.14699624. All other raw data are available upon request 
from the corresponding author. 

This article includes code hosted on Code Ocean, a compu-
tational reproducibility platform that allows users to view, 

modify, run, and download the code: https://codeocean.com/ 
capsule/3933609/tree/v1. 

Results 
Patient summary and histologic annotation of the spots 

To study prostate cancer progression, we used publicly available 
ST samples from a repository of ST data (30). Histologic annota-
tions were performed by a pathologist who independently examined 
all the hematoxylin and eosin–stained whole-slide images, catego-
rizing spots into normal glands, PIN, and cancer. The cancer spots 
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Figure 1. 
PT is associated with histologic and molecular 
development of prostate cancer. A, A histo-
gram showing the distribution of cancer grade 
per sample. B, Boxplots showing the PT dis-
tribution in different cancer grades in one 
representative sample (MEND160). The cen-
terline corresponds to the median, the box 
limits to the upper and lower quartiles, the 
whiskers to the 1.5� IQR, and the points to 
outliers. ***, P < 0.001 as assessed by the 
Mann–Whitney U test with Holm method– 
adjusted P values. C, The spatial plots and 
Uniform Manifold Approximation and Projec-
tion (UMAP) plots in MEND160. Each dot cor-
responds to one spot. The color of the spots in 
the left figure corresponds to cancer grade and 
to PT in the figure on the right. D, CNA analysis 
in MEND160. Chromosomes are given on x-axis 
and spots on the y-axis are ordered using un-
supervised hierarchical clustering. The colors 
on the bars next to the heatmap represent 
histologic annotations and PT, respectively. 
Plots B–D were constructed using the spots 
from sample MEND160. Color labels for plots 
A–D are presented on the bottom right area of 
the figure. 
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were further subcategorized into five grades based on the Gleason 
score criteria. After quality control and removal of outliers for each 
sample, we retained ST samples from six patients (see Materials and 
Methods; Supplementary Fig. S1). The number of samples from 
each patient ranged from one to four, which resulted in the analysis 
of 12 ST samples. The patient summary is provided in Supple-
mentary Data S1, and the sample characteristics and inclusion cri-
teria are provided in Supplementary Table S1. A total of 
19,695 spots were included in the final analysis, representing an 
average of 1,641 spots per sample and 4,800 unique genes per spot. 
The distribution of different cancer grades varied greatly, ranging 
from predominantly benign samples to those with a high number of 
malignant sites (Fig. 1A). This led us to address the main question 
of this study, i.e., finding reliable biomarkers given the complexity 
and variability of cellular and molecular changes. 

PT is associated with histologic and molecular changes in 
prostate cancer 

PT is a quantitative metric that organizes cells into trajectories 
based on expression similarity. Here, we used PT to construct cel-
lular trajectories starting with the expression profiles of spots in 
histologically normal tissue from prostate cancer. Each spot in-
cluded 1 to 10 cells. Each spot was assigned a value of 0 to 1. A low 
value, close to 0, indicates a profile close to the normal tissue, 
whereas a value close to 1 indicates spots for which expression 
profiles differed most from those in the normal tissue. We hy-
pothesized that increased PT would be associated with the pro-
gression of malignant transformations as measured by histologic 
changes and CNAs. 

We used a semiautomated approach (35) to identify benign cellular 
spots that represented the initial state of the developmental trajectory 
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Figure 2. 
Prioritization and pathway analysis of genes that were highly correlated with PT. A, Number of unique genes that were highly correlated with PT. The x-axis 
corresponds to the number of samples. B, The correlation coefficients of the genes with the PT. Only genes that were consistently either positively (red) or 
negatively (blue) correlated in at least four samples are shown. The HC count corresponds to the number of samples with the correlation coefficient greater than 
0.5 or less than �0.5 in red or blue, respectively. HNC, highly negatively correlated; HPC, highly positively correlated. C, Enrichment of hallmark pathways among 
the 45 HC genes. D, Drug enrichment analysis of the 45 HC genes. 

AACRJournals.org Cancer Res; 85(13) July 1, 2025 2519 

Discovery of Biomarkers for Prostate Cancer 

https://aacrjournals.org/


and computed the PT for each sample separately. A representative 
example of the correlation between PT and malignant transformation 
is shown in Fig. 1B–D. These results show the correlations between 
the resulting PT and histologic annotations for sample MEND160, 
both spatially and using the Uniform Manifold Approximation and 
Projection. Supplementary Figs. S4–S14 provide visualizations for all 
other samples. We found that in each sample, PT was significantly 
correlated with cancer progression based on histologic annotations (P 
value < 0.05, Supplementary Data S2, Supplementary Fig. S15). We 
also found that groups of spots predicted as aneuploid by CopyKAT 
(38) had significantly (P value < 0.05, Mann–Whitney U test) higher 
PT than spots predicted as diploid in all samples, except MEND147 
(Supplementary Data S3). 

Taken together, the associations between PT and histologic 
changes, as well as the CNA analysis, supported that PT provided a 
higher-order representation of malignant transformations. 

The genes most correlated with PT were associated with 
cancer hallmark pathways and enriched for drug targets 

As PT was associated with malignant transformations, as mea-
sured by histologic changes and CNAs, we hypothesized that the 
genes most consistently correlated with PT would be promising 
biomarkers. To identify such genes, we computed the Spearman 
correlation coefficient between each gene and PT for each sample. 
We found that the number of highly correlated (HC; absolute value 
of correlation higher than 0.5) genes varied greatly between the 
samples, ranging from 12 to 436, with a median and IQR value of 
48.50 (45.00–70.25; Supplementary Fig. S16). Despite the great 
variations, we found that many HC genes were present in multiple 
samples. Of the 674 HC genes, more than 30% were shared by at 
least two samples (Fig. 2A). Therefore, we applied the elbow 
method (Fig. 2A) to identify genes that were consistently highly 
expressed in at least four samples. The elbow method is a practical 
approach used to estimate the optimal number of samples needed 

for an analysis. Once this optimal number is reached, including 
additional samples is not likely to significantly change the number 
of genes identified or the overall results of the study. This approach 
yielded 45 genes, of which, 17 were highly positively correlated and 
28 were highly negatively correlated (Fig. 2B). 

Considering that the ST analyses did not have single-cell reso-
lution, we next analyzed whether the HC genes were expressed in 
epithelial cells using the scRNA-seq data. We analyzed 
21,743 single cells from 18 samples, six of which were biopsies 
from three different patients and 12 from RPs from eight different 
patients. We computed the differentially expressed genes between 
malignant and nonmalignant epithelial cells in each patient sep-
arately, as well as all patients together. We found that the direction 
of log fold change aligned with our PT analysis in 29 of 31 dif-
ferentially expressed candidate biomarkers (Supplementary Fig. 
S17). This independent analysis supported the relevance of the HC 
genes. Moreover, a literature review showed that 30 of the 45 HC 
genes had been associated with malignant transformation, and 
11 of the HC genes were specifically associated with prostate 
cancer (Supplementary Note S1). To obtain a functional overview 
of all the 45 potential biomarkers, we analyzed their enrichment in 
the molecular signatures database of hallmark pathways using 
gene set enrichment analysis. We found that the most significant 
pathways included epithelial–mesenchymal transition and other 
prostate cancer–related pathways, such as androgen response and 
apoptosis (Fig. 2C). 

Next, we evaluated whether HC genes were significantly enriched 
for drug targets based on The Drug Gene Interaction Database (49). 
This resulted in eight significant drugs, of which, six were relevant 
or potentially relevant for prostate cancer: one of the drugs, pem-
brolizumab had been already approved for treating prostate cancer 
(50). Three drugs had been or are currently being tested in clinical 
trials for prostate cancer, namely ipilimumab (51), platinum (52), 
and nivolumab (53). Two others have demonstrated in vitro 
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Figure 3. 
SPON2 IHC in healthy prostate, BPH, and prostate cancer. 
SPON2 AOD and representative samples stained with he-
matoxylin and eosin (H&E) and SPON2 (IHC) for normal, 
BPH, and prostate cancer samples. The centerline corre-
sponds to the median, the box limits to the upper and 
lower quartiles, the whiskers to the 1.5� IQR, and the points 
correspond to samples. 
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inhibitory effects on cancer cells, namely ataluren (54) and cyclo-
heximide (55) (Fig. 2D). These findings further supported the rel-
evance of the prioritized genes. Therefore, these 45 HC genes will be 
referred to as candidate biomarkers. 

IHC shows correlation between mRNA and protein changes in 
prostate tissues 

The local protein expression of several candidate biomarkers had 
been previously analyzed by IHC or tissue microarrays in prostate 
cancer, including transmembrane protein with EGF-like and two 
follistatin-like domains 2, Spondin-2 (SPON2), β-microseminoprotein, 
S100 calcium-binding protein A6, and TIMP metallopeptidase inhibitor 
1 (a literature-based summary of the candidate biomarkers in relation 
to malignant transformation is given in the Supplementary Note S1; 
refs. 56–61). 

These analyses revealed protein changes in the same direction as 
the mRNA changes described above. However, a striking finding in 
all of these studies was the great inter-patient variability in mRNA 
expression. This had been observed in spatial and single-cell data 
and was also found at the protein level in IHC and tissue microarray 
analyses. Such variations between patients with prostate cancer 
could confound analyses of differences between patients and con-
trols. However, the variations could also have a clinically relevant 
explanation. The analyses above showed that the HC genes were 
associated with malignant transformation. Thus, the observed var-
iability could imply that the candidate biomarkers had diagnostic 
potential for prostate cancer grade. To analyze this potential, we 
focused on SPON2 because it is thought to have pivotal roles in 
cancer progression, by promoting growth, development, and cell 
proliferation. Also, several studies support its potential as a bio-
marker (62). In our analyses, it was one of the genes most positively 
correlated with PT. This led us to perform IHC analyses of 
SPON2 in multiple biopsies from 11 patients (Supplementary Data 
S1). This encompassed 32 normal, 33 BPH, 32 GG3, 29 GG4, and 
32 GG5 samples (Supplementary Table S2). These analyses showed 
no or weak SPON2 expression in healthy controls and hyperplastic 
biopsies. Although there were considerable intra- and inter- 
individual variations, high SPON2 expression was found in pros-
tate cancer, which increased in high-grade tumors (Fig. 3). 

Taken together, our findings supported the diagnostic potential 
of the candidate biomarkers. However, they also exhibited consid-
erable intra- and inter-individual variations, which were associated 
with cancer grades. This indicated that altered proportions between 
multiple candidate biomarkers would be more diagnostically useful 
than changes in the absolute levels of individual biomarkers. This 
led us to evaluate whether predictive models based on multiple 
biomarkers could improve the diagnostic accuracy. 

Analyses of tumor tissue, urine, and sera supported the 
diagnostic relevance of the candidate biomarkers 

To test the diagnostic relevance of the candidate biomarkers, we 
first analyzed the bulk RNA expression data from 714 prostate 
cancer tumor tissue samples and 174 normal samples (Supple-
mentary Data S1; see Materials and Methods; Supplementary Fig. 
S2; ref. 44). We found that 33 of 36 differentially expressed (adj. 
P value <0.05) candidate biomarkers had the same directionality as 
predicted from the ST data, i.e., up- or downregulated (Fig. 4A). 

As a number of studies point to discrepancies between RNA and 
protein expression, we further analyzed the extent to which our 
candidate biomarkers were translated into proteins. We analyzed 
prostate proteomics data from 306 patients (Supplementary Data 

S1). Each patient provided three samples corresponding to the 
primary and secondary grading areas as well as the adjacent benign 
area. We found that 28 of 31 candidate biomarkers that were dif-
ferentially expressed (adj. P value < 0.05) had the same directionality 
as their transcripts at the protein level (Fig. 4A). 

As biomarkers are routinely analyzed in the blood, we con-
structed prediction models based on the protein levels of the can-
didate biomarkers in plasma from 340 patients with prostate cancer 
and age-matched healthy controls from the UKBB (Supplementary 
Data S1). We applied the bootstrap approach with 1,000 repetitions 
to estimate the uncertainty of the predictions. The feature impor-
tance of the prediction model is presented in Supplementary Fig. 
S18. This analysis resulted in a mean (IQR) AUC of 0.69 (0.68–0.71; 
Fig. 4B). By comparison, the mean (IQR) AUC for PSA alone was 
0.66 (0.66–0.66). Such AUC levels are of limited clinical value 
compared with PSA, which is routinely measured in the clinic. To 
further compare the relevance of the candidate biomarkers, we re-
peated the prediction pipeline using the same number of randomly 
chosen proteins. This was repeated 1,000 times. This approach 
yielded a mean (IQR) AUC of 0.58 (0.54–0.61). 

We performed the Cox proportional hazards analysis to test the 
association of the candidate biomarkers with the OS in 340 patients 
with prostate cancer from the UKBB, as well as with the PFI in 
505 patients with prostate cancer from The Cancer Genome Atlas 
data. We found that four of 20 proteins expressed in the UKBB were 
significantly (P value < 0.05) associated with the OS (Supplementary 
Fig. S19) and five of 45 genes were significantly (P value < 0.05) 
associated with PFI (Supplementary Fig. S20). 

Prediction models based on the candidate biomarkers showed 
high AUCs in urine 

As suggested in introduction, a potential solution to improve the 
prediction performance of our models could be to analyze the ex-
pression of candidate biomarkers in urine. We first analyzed the 
mRNA expression of candidate biomarkers using data from a pre-
vious study of mRNAs in the urine of men diagnosed with localized 
prostate cancer (14). The study included 761 men with a median 
(IQR) age of 63 years (58–68), of whom 293 had cancer of GG2 or 
greater, 106 had cancer of GG1, and 362 had no cancer (Supple-
mentary Data S1). We found that 38 of 39 candidate biomarkers 
were differentially expressed (adj. P value < 0.05) in the same di-
rection as in our spatial analysis (Fig. 4A). 

As we found that the candidate biomarkers were consistently differ-
entially expressed as mRNAs in multiple datasets in both tissues and urine, 
we hypothesized that they would have diagnostic potential as proteins, 
which are more stable and easier to measure using routine methods. 

We constructed prediction models for prostate cancer diagnosis 
based on recently published urinary proteomes (16). In that publication, 
a prediction model based on more than 200 proteins resulted in high 
AUC values. The material consisted of 123 patients with prostate cancer 
and 36 patients with BPH (Supplementary Data S1; see Materials and 
Methods; Supplementary Fig. S3). Urine was collected after DRE, and 
urinary extracellular vesicles of size 20,000 � g were isolated. 

We divided the dataset into training (70%) and test (30%) sam-
ples and constructed models using ridge regression. As the number 
of patients was limited, we performed the bootstrapping with 
1,000 repetitions to estimate the uncertainty of the results. For 
comparison with the widely used PSA test, predictions based on the 
individual’s serum PSA levels were used as a baseline. Furthermore, 
to assess the added prediction value of candidate biomarkers, we 
performed the analysis with the same number of randomly chosen 
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proteins and repeated it 1,000 times. Although serum PSA differ-
entiated the patients with cancer in test samples with a mean (IQR) 
AUC of 0.63 (0.63–0.63) and the randomly chosen genes with a 
mean (IQR) AUC of 0.88 (0.85–0.91), the candidate biomarkers 
yielded a mean (IQR) AUC of 0.92 (0.91–0.94; Fig. 4C). The relative 
importance of the features in the prediction model is presented in 
Supplementary Fig. S21. 

Given that the candidate biomarkers were identified using PT, 
which is a measure of malignant transformation, we tested whether 
the candidate biomarkers could be beneficial in predicting the grade 
of cancer progression. We used the training data to construct pre-
diction models for cancer grade and tested them using the test data. 
The relative importance of the features in the prediction models is 
presented in Supplementary Fig. S22. We found that our model 
(R2 ¼ 0.295, RMSE ¼ 1.458, correlation ¼ 0.588) outperformed the 
baseline model based on serum PSA (R2 ¼ 0.191, RMSE ¼ 1.561, 
correlation ¼ 0.445), thus providing potential clinical utility in the 
detection of clinically significant prostate cancer (Fig. 4D). 

Discussion 
In this study, we aimed to address a general problem in cancer 

diagnosis, namely that there is a lack of accurate biomarkers that 
can be measured using routine clinical methods, focusing on 
prostate cancer. Data-driven analyses of multiomics data, such as 
machine learning, have identified several promising combinations of 
biomarkers for prostate and other cancers. However, it has proven 
difficult to demonstrate the relevance of such biomarkers across 
different clinical settings. This problem may depend on the 
daunting complexity and heterogeneity of prostate and other can-
cers. Each tumor may involve thousands of genes that can vary 
between different tumors with the same diagnosis, as well as within 
the same tumor at different time points, locations, and cell types. 
Therefore, the prioritization of biomarkers that are both reliable in 
different settings and measurable with routine methods involves 
formidable challenges. Here, we hypothesized that these challenges 
could be systematically addressed using ST and PT to characterize 
the genes most correlated with malignant transformations in most 
prostate tumors. This hypothesis was based on a previous study on 
prostate cancer which showed that PT could organize bulk tran-
scriptomic data from different stages of prostate cancer into a tra-
jectory of malignant transformations. Using PT, this study identified 
and experimentally validated a potential drug target, EZH2, which is 
an activator of androgen receptor signaling (44). 

However, to the best of our knowledge, PT and ST have not been 
systematically used to identify biomarkers. In support of our analysis, 
we found that PT was associated with malignant transformations as 
measured by histologic changes and CNAs. The relevance of CNAs lies 
in that these consist of gains and losses of DNA. They have important 
carcinogenic roles by contributing to cancer initiation and progression 
by increasing chromosomal instability and aneuploidy (63). We also 
found that groups of spots predicted as aneuploid had significantly 
higher PT than spots predicted as diploid in all samples. To test 
whether PT also reflected mechanisms underlying malignant transfor-
mation, we performed pathway analysis of the genes most correlated 

with PT. This showed that they were enriched with cancer hallmark 
pathways, like transepithelial migration and androgen response. Those 
pathways included several genes of known importance for prostate 
cancer. A summary of the potential relevance of the candidate bio-
markers for cancer progression is given in Supplementary Note S1. 
Some examples can be given here. As mentioned in the results, SPON2 
has pleiotropic roles in tumor progression and has been proposed as a 
biomarker. AMACR is frequently overexpressed in prostate cancer and 
has been proposed as a biomarker (64). Moreover, a large body of 
literature implicates the androgen-regulated protein transmembrane 
protein with EGF-like and two follistatin-like domains 2 in prostate 
cancer (65). In further support of clinical relevance, the HC genes were 
also enriched for drug targets in prostate cancer. The candidate bio-
markers were also differentially expressed between patients with pros-
tate cancer and controls in independent samples from different cohorts 
that encompassed peripheral blood, prostate tissues, and urine. The 
limitations of our study include the fact that PT was based on ST, which 
is hampered by variable accuracy in measuring mRNA expression, 
particularly for low-abundance transcripts. Another limitation is that 
PT may not fully capture the complexity and heterogeneity of 
branching events in different tumors. Moreover, we measured only the 
ST data from the 12 samples. This could be an important limitation 
because of the considerable intra- and inter-individual variation in 
mRNA expression. However, the relevance of the candidate biomarkers 
was supported by analyses of mRNA and protein expression levels in 
more than 2,000 cancer samples from prostate tissue and urine. Fur-
thermore, the mRNA variations in the ST data were associated with a 
clinical phenotype of potential clinical relevance, namely, prostate 
cancer grade. This was confirmed at the protein level. IHC of inde-
pendent prostate tissues showed that a candidate biomarker, SPON2, 
had higher expression in prostate cancer than in healthy and hyper-
plastic tissues, as well as in high prostate cancer grade. 

This led us to test the diagnostic potential of the candidate bio-
marker proteins in plasma from UKBB as blood is generally used for 
the detection of prostate cancer biomarkers. Using machine learn-
ing, we constructed a prediction model in a training set, which 
reached an AUC of 0.69 in a test set. We found that this was better 
than randomly chosen proteins but a marginal improvement com-
pared with PSA. One explanation could be variable accuracy of 
blood biomarkers compared with biomarkers in local fluids (66). 
Because of this and previous studies of prostate cancer biomarkers 
in urine (14, 44), we hypothesized that a prediction model using 
urine could be more effective for predicting prostate cancer. Using a 
similar model on urine data, we obtained an AUC of 0.92 in the test 
set. By comparison, the corresponding AUC of a model using PSA 
only reached an AUC of 0.63, which was similar to the AUC in 
plasma from UKBB. Interestingly, in urine, the randomly chosen 
candidate biomarkers reached an AUC of 0.88. This supports that 
proteins in local fluids, like urine in the case of prostate cancer, are 
more informative for prediction models than those from blood 
and thus have better diagnostic potential. Although our candidate 
biomarkers further improved prediction performance, they may 
also have another important advantage, namely explainability. As 
mentioned in the introduction, this is increasingly recognized as 
crucial for clinical implementation of precision diagnostics and 

Figure 4. 
Validation of candidate biomarkers in prostate tissue and urine from prostate cancer and controls. A, Log-fold change (FC) of differentially expressed candidate 
biomarkers using mRNAs in prostate tissue, mRNAs in urine, and proteins in urine from prostate cancer compared with controls. B, ROC curves of prediction 
models based on plasma proteomics from UKBB. C, ROC curves of prediction models based on urine proteins and serum PSA. D, Prediction of prostate cancer 
grade based on the candidate biomarker levels in urine (left) and the PSA levels in serum (right). 
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therapeutics. In both cases, clinical decisions are more likely to be 
more successful if they are based on informed and participatory 
decisions by patients and clinicians. The candidate biomarkers were 
associated with malignant transformation in ST data, enrichment 
for CNAs, cancer hallmark pathways, drug targets, and grade. Al-
though these findings reflect the complexity of malignant transfor-
mation, increasing efforts are devoted to find solutions for 
presentation of such information in helping clinicians evaluate and 
discuss clinical decisions with patients. By comparison, biomarkers 
derived only from data-driven methods often function as black 
boxes, making it difficult for clinicians and patients to understand 
how predictions are made (17). Another problem that can result 
from a lack of mechanistic understanding of biomarkers is that the 
accuracy of diagnostic predictions can vary greatly between clinical 
settings. If so, understanding of the reasons for such variations may 
help context-dependent clinical implementation and interpretation 
of biomarkers. A limitation of the prediction models using urine 
protein levels of the candidate biomarkers is that they were analyzed 
in less than 200 samples, which may affect the robustness of the 
results. To approximate the uncertainty of the predictions, we 
employed bootstrapping and demonstrated that the IQR of AUCs 
for our models indicated high predictive accuracy. In this context, it 
is of note that our findings showed agreement in analyses of blood, 
tissue and urine from almost 2,000 patients. 

In further support of the relevance of the candidate biomarkers, we 
found that they correlated with prostate cancer grade. Notably, the 
candidate biomarkers included known drug targets for prostate cancer. 
This raises the possibility that ST and PT can be used to identify drug 
targets and that the protein levels of these targets may be used as a 
companion diagnostic tool to personalize treatment with such drugs. As 
the analysis of proteins in urine is a tractable diagnostic tool, we pro-
pose prospective studies to test the diagnostic potential of the candidate 
biomarkers in prostate cancer. Given the increasing availability of ST 
data in the public domain, we propose that this analytic approach can 
be applied to prioritize biomarkers in other cancers. We have made all 
data and methods freely available for such studies. 
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