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A B S T R A C T

Background: Prostate-specific antigen (PSA) testing has limited specificity, particularly at intermediate concen
trations, contributing to diagnostic uncertainty in prostate cancer (PCa). Infrared molecular fingerprinting (IMF) 
provides a rapid plasma-based readout of systemic biochemical variation and may capture PCa-associated mo
lecular information not fully reflected by PSA.
Methods: In the prospective Lasers4Life study, plasma from 2024 men was analysed, including 1012 treatment- 
naïve PCa patients, 752 men with benign prostatic hyperplasia (BPH), and 260 asymptomatic controls. Classi
fication models were evaluated using cross-validation and, for PCa-versus-BPH discrimination, temporally in
dependent held-out testing. Performance was quantified by receiver operating characteristic area under the curve 
(ROC AUC) and examined across PSA strata, comorbidities, and medications.
Results: IMF discriminated PCa from asymptomatic controls more strongly than from BPH, with cross-validated 
AUCs of 0.79 ± 0.08 and 0.67 ± 0.04, respectively. In an exploratory age- and PSA-matched subset of men with 
PSA below 12 ng/mL, comprising 200 PCa and 200 BPH cases, IMF showed higher discrimination than PSA 
alone, although performance remained modest (AUC 0.63 vs 0.56; p < 1 ×10⁻⁴). Most examined comorbidities 
and medications did not substantially alter IMF performance, although prostatitis reduced discrimination.
Conclusions: Plasma IMF detected PCa-associated variation in a pre-treatment diagnostic setting, including in
formation partly independent of PSA. However, discrimination was modest in the clinically relevant PCa-versus- 
BPH comparison and did not exceed PSA in the overall cohort. These findings support further evaluation of IMF 
as an adjunctive molecular-profiling approach, requiring independent multicentre validation, clinically signifi
cant PCa endpoints, and demonstration of additive value within established diagnostic pathways.

Introduction

Prostate cancer (PCa) is the second most commonly diagnosed can
cer in men worldwide [1]. A central challenge in PCa diagnostics is to 
identify clinically significant disease while avoiding unnecessary bi
opsies, overdiagnosis, and overtreatment of indolent tumours. Accurate 

early detection and risk stratification are therefore essential to guide 
biopsy decisions, treatment selection, and surveillance, while limiting 
treatment-related morbidity.

Current diagnostic pathways for PCa still have several limitations. 
Histopathological assessment using Gleason grading and grade group 
assignment remains the basis of risk classification, but depends on 
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prostate tissue biopsy and is vulnerable to sampling error, tumour het
erogeneity, and inter-observer variation [2]. PSA testing is widely used 
for initial risk assessment, yet lacks specificity and has limited ability to 
distinguish indolent from clinically significant PCa [3]. As a result, 
PSA-based pathways can lead to unnecessary biopsies and over
diagnosis, while a proportion of men with clinically significant PCa have 
PSA concentrations below commonly used biopsy thresholds [4-6]. 
Long-term screening data indicate a modest reduction in PCa mortality, 
which must be weighed against diagnostic and treatment-related harms 
[7,8]. These limitations support the development of minimally invasive 
approaches that can complement PSA and imaging, improve selection 
for biopsy, and refine risk stratification [9,10].

Contemporary PCa diagnostic pathways increasingly incorporate 
pre-biopsy multiparametric MRI (mpMRI) [11,12]. Blood-based and 
urine-based biomarker tests (e.g., kallikrein panels, urinary RNA 
markers) have also been evaluated as adjuncts to PSA for risk stratifi
cation [13-17]. Most such approaches, however, rely on predefined 
molecular targets or selected analyte panels. In contrast, infrared mo
lecular fingerprinting (IMF) provides an untargeted, high-throughput 
biochemical readout of plasma or serum. As a systems-level adjunct - 
rather than a replacement for PSA, mpMRI, or established risk models - 
its possible value within established PCa diagnostic pathways remains to 
be defined.

IMF using Fourier transform infrared (FTIR) spectroscopy provides a 
label-free, rapid, and high-throughput method for characterising the 
biochemical composition of blood-based matrices [18]. FTIR spectra 
capture composite information from major biomolecular classes, 
including proteins, lipids, carbohydrates, and metabolites, using 
microlitre-scale sample volumes. Combined with machine learning, IMF 
has shown promise for detecting and stratifying common 
non-communicable diseases [19]. In PCa, early pilot studies reported 
moderate classification of PCa patients and reference individuals [20, 
21] and analyses of PCa tumour tissue biopsies demonstrated that FTIR 
spectra capture tumour-associated and progression-related infrared 
signatures [22]. However, prior studies have generally been limited by 
small sample sizes (<100 individuals per group) [23], limited valida
tion, and susceptibility to dataset-specific bias and overfitting. Direct 
benchmarking against PSA-based models in the same study population 
has also been limited, leaving unclear whether plasma IMF profiles 
PCa-associated information beyond PSA.

In this prospective study of 2024 men, we evaluated plasma IMF as a 
minimally invasive adjunct for prostate cancer detection and risk 
assessment. We tested whether IMF profiles distinguish PCa from 
asymptomatic controls and benign prostatic hyperplasia (BPH), and 
whether they contain PCa-associated biochemical information not re
flected by PSA alone. Machine learning models were developed using 
matched groups and cross-validation, and evaluated on a temporally 
separated, independently enrolled, and independently measured test-set 
of individuals. We further assessed the influence of common comor
bidities and medication use, and examined performance in clinically 
relevant subgroups, specifically focusing on men with equivocal PSA 
levels. Together, these analyses were designed to assess whether plasma 
IMF provides reproducible molecular information that may complement 
established prostate cancer diagnostic pathways.

Materials and methods

Clinical study design

The prospective observational study “Lasers4Life” was approved by 
the LMU Munich Ethics Committee (#17–182 and #19–574 fed), con
ducted in accordance with the ICH-GCP guidelines and the Declaration 
of Helsinki, and registered in the German Clinical Trials Register (DRKS: 
ID DRKS00013217 and DRKS00019844). All participants provided 
written informed consent.

Subject recruitment, study enrolment, and venipuncture were 

performed at the Department of Urology, LMU University Hospital, 
Munich, Germany. Men with clinical suspicion of prostate cancer were 
prospectively enrolled. Clinical suspicion was defined as an elevated or 
rising PSA value, an abnormal finding on digital rectal examination, or 
both, consistent with standard urology referral criteria. Peripheral blood 
samples were collected prior to histopathological diagnosis and pro
cessed according to established standard operating procedures [21,24]. 
Following clinical assessment and, for the PCa and BPH groups, histo
pathologic evaluation, participants were classified into three groups: 
men with prostate cancer (PCa), men with benign prostatic hyperplasia 
(BPH), and asymptomatic reference (AR) individuals. The AR group 
comprised men without urological symptoms and without clinical sus
picion of prostate disease who attended the clinic for unrelated reasons. 
The BPH group comprised men with lower urinary tract symptoms who 
received a BPH diagnosis following histopathological evaluation; it is 
acknowledged that a proportion of BPH-classified participants may 
harbour occult prostate malignancy undetected at the time of enrol
ment, which may conservatively attenuate the observed 
PCA-versus-BPH discrimination.

Samples were organized into two independent cohorts from tempo
rally distinct and non-overlapping enrolment periods: sample set 1 
(enrolment and venipuncture from 2017 to 2021), and sample set 2 
(enrolment and venipuncture from 2023 to 2024). Phenotype distribu
tions for the two cohorts are shown in Supplementary Figure 1 (panels A 
- C and A’- C’, respectively). Enrolment, venipuncture, plasma pro
cessing, and sample handling followed the same standard operating 
procedures across both cohorts [21,24].

Analyses included only treatment-naïve participants with patholog
ically confirmed PCa and no history of malignant disease within the 
preceding two years. The exclusion criteria were as follows: age < 18 
years; history of any cancer or cancer therapy during the last two years; 
HIV, HCV or HBV positivity; acute infection; autoimmune disease; any 
contraindication to venipuncture; or classification as a vulnerable 
individual.

Blood sample collection and pre-analytical procedures

Venous blood was collected using 21 G Safety-Multifly needles 
(Sarstedt) into 4.9 mL or 7.5 mL EDTA plasma monovettes (Sarstedt), 
centrifuged within 3 h at 2000 × g for 10 min at 20 ◦C. Plasma super
natants were aliquoted and stored at − 80 ◦C. To standardise pre- 
analytical handling, all samples were thawed once, re-aliquoted, and 
re-frozen at − 80 ◦C, ensuring that each sample underwent exactly two 
freeze–thaw cycles before spectroscopic analysis. Immediately before 
measurements, aliquots were thawed at room temperature, mixed for 
30 s at 2000 rpm, and briefly centrifuged.

Infrared fingerprinting measurement

Infrared molecular fingerprinting (IMF) was performed using Fourier 
transform infrared (FTIR) spectroscopy, as previously described for 
blood-based molecular fingerprinting [25]. Infrared light is resonantly 
absorbed as molecules are excited into higher vibrational energy levels. 
As the energy levels are unique to the constituent molecules, the infrared 
(IR) spectrum serves as an “infrared molecular fingerprint” that carries 
quantitative information on the sample’s molecular composition [25].

An automated FTIR spectrometer (CLADE™ MIRA-Analyzer, 
Esslingen, Germany) was used to perform liquid-phase spectroscopic 
measurements with a flow-through transmission cuvette (CaF2, 8 µm 
path length). The spectra were acquired with a resolution of 4 cm− 1 in a 
spectral range between 950 cm− 1 and 3050 cm− 1. Each plasma sample 
measurement was followed by a reference water measurement to cali
brate the infrared absorption spectra, leading to a total measurement 
time of 3.5 min per sample.
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Data pre-processing

A total of 18 outlier spectra were removed using the Local Outlier 
Factor method implemented in Scikit-Learn [26] (v. 1.1.3). Outlier 
detection was performed on spectral data without diagnostic label 
annotation. The removed outlier spectra are not included in the cohort 
description in Table 1.

Water subtraction for each spectroscopic measurement was per
formed using the corresponding water reference measurement. To cor
rect for potential over-subtraction of the water spectrum, an established 
approach was applied [27]. A pre-recorded water spectrum was scaled 
and subtracted so as to obtain a flat baseline in the wavenumber region 
from 2000 cm− 1 to 2300 cm− 1, where there are no other known sig
nificant absorbing molecules in blood plasma apart from water. Each 
spectrum vector was normalized through division by the Euclidean 
norm.

Matching of case and control groups

Age, body mass index (BMI), and comorbidity burden were consid
ered potential sources of bias for the classification analysis. To mitigate 
confounding, case and control groups were matched for age and BMI 
before training classification models, and performance was additionally 
evaluated in comorbidity-stratified subgroups. To minimise 

measurement-related bias, samples from different subgroups were ana
lysed in a randomised order during FTIR measurements. Models were 
trained on the matched training cohort and evaluated on an independent 
held-out test set to assess generalisability and reduce the risk of 
overfitting.

Only male individuals were included. Case and control groups were 
matched for age and BMI using optimal pair matching based on Maha
lanobis distance within propensity score calipers [28] in R (v 3.5.1). 
Samples from different subgroups were measured in randomized order. 
Group sizes and the distribution of the matched parameters for each 
binary classification model are reported in Supplementary Tables 1–3. 
Matching was performed prior to model training.

Comorbidity and medication subgroup analyses

Subgroup analyses focused on four common, biologically relevant 
comorbidities: hypertension, type 2 diabetes, prostatitis, and impaired 
kidney function (defined as eGFR <60 mL/min). These conditions were 
selected because they were prevalent in the study cohort (Table 1) and 
could plausibly alter systemic plasma composition, with potential effects 
on infrared spectral profiles [19]. The medications analysed (finasteride, 
tamsulosin, dutasteride, silodosin, and alfuzosin) represent commonly 
used pharmacological treatments for BPH and were assessed because 
their use was enriched in the BPH comparator group.

Fig. 1. Infrared molecular fingerprinting scheme. (A) Plasma samples are extracted from the venous blood drawn from study participants. The samples are 
measured using an FTIR spectrometer to obtain an absorption spectrum. (B) Absorption spectra of all 2024 study participants (normalized) plotted as a function of 
wavenumber. The inset zooms into a section of the spectra spanning wavenumbers between 1250 and 1450 cm− 1. (C) Mean difference in the absorbance between the 
following pairs of sub-groups: (i) PCa-versus-AR individuals in orange, and (ii) BPH-versus-AR in light blue. The shaded region represents the standard deviation 
within the AR group (σAR). PCa: Prostate Cancer, AR: Asymptomatic references, BPH: Benign Prostatic Hyperplasia
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Handling of missing data

Two individuals had missing values for BMI and were excluded from 
the study. For the comparative analysis between infrared fingerprinting 
and PSA testing, individuals with missing PSA values were excluded 
from the analysis to ensure paired availability of both tests. This reduced 
the BPH cohort and the matched PCa group size by 15 each (from 752 to 
737).

Statistical models

Binary classification models based on logistic regression were 
developed using the Scikit-learn [26] (v. 1.1.3) open-source machine 
learning framework in Python (v. 3.9.12). Model development and 
performance estimation were carried out using a nested cross-validation 
approach in all cases except one, in which a held-out test set was utilized 
(represented by the black curve in Fig. 2B). Results were visualized using 
receiver operating characteristic (ROC) curves and the classification 
efficiency was quantified by the area under the ROC curve (AUC). In the 
cases where cross-validation was performed, the mean and standard 
deviation of the AUCs were reported. For selective cross-validation an
alyses across comorbidity-specific subgroups, training in each 
cross-validation fold was performed without further selection criteria, 
while validation was performed separately for subsets of individuals 
who are either positive or negative for the specified comorbidity or 
medication intake.

Results

Infrared molecular fingerprinting of blood plasma

The study included 2024 participants, with cohort characteristics 
summarized in Table 1. Plasma was analysed by infrared molecular 
fingerprinting (Fig. 1A), generating an infrared absorption spectrum 
(absorbance versus wavenumber) per individual (Fig. 1B). Differential 
absorbance profiles (“differential fingerprints”) were computed by 
subtracting the mean normalized spectrum of matched asymptomatic 
reference controls (AR; individuals without prostate-related symptoms) 
from the mean normalized spectra of the case groups: PCa (orange) and 
BPH (light blue), as shown in Fig. 1C. The grey shaded area represents 
the standard deviation of the AR group. Group-level differences moti
vated supervised classification analyses.

Prostate cancer detection

We linked infrared molecular fingerprints to the participants’ clinical 
data to evaluate their ability to detect PCa. Fig. 2A shows ROC curves for 
binary classifiers distinguishing asymptomatic references (AR) from PCa 
(orange) and BPH (cyan). All 260 AR control individuals and 260 
matched PCa case individuals were used in both comparisons 
(Supplementary Table 1). Fig. 2A' summarizes the mean AUC values 
with standard deviations. Cross-validated performance was high for the 
BPH-versus-AR classifier (AUC = 0.87 ± 0.04), and moderate for the 

Table 1 
Overall cohort characteristics across 2024 study participants including categorization into the main physiological groups, distribution of anthropometric factors, 
measured blood parameters, and comorbidities.

Cohort characteristics (N ¼ 2024)

Category ​ N Age (y) BMI (kg/m2) ​ ​ ​
Prostate cancer ​ 1012 67.6 ± 8.2 26.8 ± 3.8 ​ ​ ​
Benign prostatic hyperplasia ​ 752 69.7 ± 8.9 26.4 ± 3.7 ​ ​ ​
Asymptomatic reference ​ 260 65.7 ± 10.7 27.1 ± 5.0 ​ ​ ​
Anthropometric parameters ​ Mean Std. Dev. Min Max Median ​
Age (y) ​ 68.1 8.9 44 90 68 ​
Body height (cm) ​ 178 14 154 202 178 ​
Body weight (kg) ​ 84.4 13.6 48 235 83 ​
BMI (kg/m2) ​ 26.7 4 15.5 74.2 26.2 ​
​ ​ ​ ​ ​ ​ ​ ​
BMI categories ​ Underweight (<18.5) Normal (18.5 – 25) ​ Overweight (>25) ​ ​
N ​ 9 742 ​ 1273 ​ ​
Smoking status ​ Never smoker Former smoker ​ Active smoker ​ ​
N ​ 1101 721 ​ 202 ​ ​
Blood parameters ​ Mean Std. Dev. Min Max Median ​
Leukocytes(/nL) ​ 7.1 2.1 0.4 25.6 6.8 ​
Haemoglobin(g/dL) ​ 14.7 1.4 7 18.7 14.8 ​
Thrombocytes(/nL) ​ 240 72 65 1358 231 ​
eGFR (mL/min) ​ 78.7 17.1 10 115 82 ​
Comorbidities ​ Positive Negative ​ Unspecified ​ ​
Hypertension ​ 1007 1005 ​ 12 ​ ​
Type 2 Diabetes ​ 259 1734 ​ 31 ​ ​
Prostatitis ​ 505 1516 ​ 3 ​ ​
Thyroid disease ​ 297 1693 ​ 34 ​ ​
eGFR < = 60 mL/min ​ 235 1602 ​ 187 ​ ​
PSA > 4 ng/mL ​ 1300 514 ​ 210 ​ ​

Prostate cancer patients (N ¼ 1012)

Gleason score 6 7a 7b 8 9 10 Unspecified
N 213 367 210 90 118 4 10
N with PSA < = 4 ng/mL 54 31 2 3 10 0 1
Average PSA (ng/mL) 9.9 10.7 18.7 21.4 34.3 36.5 50.8
Prostate tumour volume percent (%) < ¼ 10 11 – 25 26 – 50 51 – 75 > 75 ​ Unspecified
N 282 343 192 44 20 ​ 131
Tumour T-stage pT1 pT2 pT3 pT4 ​ ​ Unspecified
N 39 518 327 3 ​ ​ 125

Continuous variables are summarized by the mean, standard deviation (std. dev.), minimum (min), maximum (max), and median; numbers of individuals per group 
(N) are shown as counts. The bottom panels correspond to the prostate cancer group consisting of 1012 participants. Gleason score, tumour T-stage, and tumour 
volume percentage were all assigned based on pathological analysis after prostatectomy. BMI: Body Mass Index, eGFR: Estimated Glomerular Filtration Rate, PSA: 
Prostate-Specific Antigen.
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PCa-versus-AR classifier (AUC = 0.79 ± 0.08). Because AR comparisons 
are less clinically stringent, we next assessed PCa-versus-BPH 
discrimination.

In the clinically more stringent PCa-versus-BPH comparison, sepa
rate binary classification models in each cohort were trained and tested 
on the temporally separated cohort. Figure panels 2B and 2B' display 
three evaluations: (i) within-cohort cross-validation within sample set 1 
(blue), (ii) within-cohort cross-validation within sample set 2 (green), 
and (iii) model training on sample set 1 with independent testing on 
sample set 2 (black). Cross-validation AUC was higher in sample set 1 
(ROC AUC of 0.67 ± 0.04) than in sample set 2 (0.56 ± 0.07). Gleason 
score and tumour stage distributions were similar across cohorts 
(Supplementary Figure 1).

When a model was trained on sample set 1 and tested on sample set 
2, an AUC of 0.58 was achieved, indicating limited discrimination in the 
independent temporal validation cohort. This is analogous to the within- 
cohort performance in sample set 2, suggesting limited discriminative 
signal within that cohort. Consistent with the aforementioned observa
tions, the model that was trained on sample set 2, which demonstrated 
comparatively limited cross-validation performance, also exhibited 
limited performance when tested on sample set 1 (Supplementary Figure 
2A). Minor shifts in age distribution or other unmeasured confounding 
variables may have contributed to these differences. Altogether, PCa- 
versus-BPH generalization was modest.

Impact of comorbid conditions and medication intake

Chronic conditions may influence infrared molecular fingerprints 
and obscure PCa-associated signals. We evaluated whether four preva
lent comorbidities - hypertension, type 2 diabetes, prostatitis, and 
reduced kidney function (defined as eGFR <60 mL/min) - altered binary 
PCa-versus-BPH classification.

Using 10-fold selective cross-validation in 752 PCa patients and 752 

matched BPH individuals (Supplementary Table 2), we assessed 
whether each comorbidity altered discrimination. Similar AUCs in 
comorbidity-positive and -negative validation subsets suggested limited 
interference with PCa classification (Supplementary Figure 2B). The 
ROC AUC for PCa-versus-BPH showed a slight decrease when validated 
on the prostatitis-positive subgroup compared to the prostatitis-negative 
subgroup (0.60 ± 0.09 and 0.66 ± 0.04, respectively; paired t-test, 
p < 0.001; Supplementary Figure 2B). We attribute this decrease to the 
fact that prostatitis induces inflammatory changes that may alter plasma 
molecular makeup in ways that partially overlap with or obscure cancer- 
associated spectral features.

We further investigated whether medications commonly prescribed 
for BPH could influence classification performance. Analysed medica
tions included finasteride, tamsulosin, dutasteride, silodosin, alfuzosin, 
and their combinations. Individuals receiving BPH medication showed a 
marginally lower ROC AUC (0.60 ± 0.11) than those without BPH 
medication intake (0.65 ± 0.05). Yet, this difference was not statisti
cally significant (Figure panels 2C, 2C'). Overall, prostatitis modestly 
reduced IMF discrimination, whereas BPH medication showed only a 
non-significant trend toward lower AUC.

Comparisons of infrared molecular fingerprinting to the diagnostic efficacy 
of PSA

To benchmark IMF against standard clinical testing, we evaluated 
PSA, which was available for nearly all participants. Fig. 3A displays the 
PSA distributions for 737 PCa patients and 737 age- and BMI-matched 
individuals with BPH (Supplementary Table 3), with median PSA con
centrations of 8.5 ng/mL and 4.4 ng/mL, respectively.

We compared models using PSA alone, infrared fingerprints alone, or 
both. The corresponding ROC curves are shown in Fig. 3B, and AUC 
values are summarized in Fig. 3C. In the overall cohort, the PSA-only 
classifier outperformed IMF, with a ROC AUC of 0.73 ± 0.05 

Fig. 2. Detection of prostate cancer and benign prostatic hyperplasia from blood plasma infrared molecular fingerprints. (A) ROC curves for binary 
classification of asymptomatic reference (AR) individuals from individuals with PCa (orange) and BPH (cyan) on performing 10-fold cross-validation with 5 repe
titions in sample set 1. (A’) Area under the ROC curves (ROC AUC) shown in A. (B) ROC curves for binary classification between PCa patients and BPH references on 
performing (i) cross-validation within sample set 1 shown in blue, (ii) cross-validation within sample set 2 shown in green, and (iii) model training on sample set 1 
and testing on sample set 2 shown in black. (B’) Area under the ROC curves displayed in B. (C) ROC curves obtained with the PCa-versus-BPH binary classification 
model on cross-validating with medication-stratified subsets in the combined cohort. (C’) Area under the ROC curves displayed in C. Predictions were evaluated on 
held-out cross-validation folds or, where indicated, on the temporally independent test cohort. PCa: Prostate Cancer, AR: Asymptomatic references, BPH: Benign 
Prostatic Hyperplasia, ROC: Receiver Operating Characteristic, AUC: Area Under the Curve, CV: Cross-Validation.
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compared to 0.64 ± 0.04 for the infrared fingerprint classifier. These 
findings indicate that IMF did not outperform PSA in the overall cohort, 
although its partly distinct signal may still be relevant in selected PSA- 
overlapping settings. Combining PSA and IMF yielded a slightly higher 
cross-validation ROC AUC of 0.75 ± 0.04. The optimum weight values 
of 0.88 for the PSA-based prediction, and 0.12 for the infrared 
fingerprint-based prediction were obtained by performing an inner 
cross-validation on each split of the (outer) cross-validation. The com
bined model thus relied predominantly on PSA.

To assess IMF in a setting where the PSA discrimination is limited, we 
randomly selected 200 PCa patients with PSA below 12 ng/mL. This 
threshold reduced the dominance of high-PSA cases, in which the 
probability of malignancy is substantially increased, while retaining 
sufficient sample size for matched analysis. We selected 200 age- and 
PSA-matched BPH individuals for comparison (Supplementary Table 3). 
This was an exploratory PSA-matched analysis.

The PSA distributions for these subsets are displayed in Fig. 3D, with 
median PSA values of 4.2 ng/mL (PCa patients) and 3.5 ng/mL (BPH 
references). Fig. 3E presents the ROC curves for models using PSA only 
(grey) or the infrared fingerprints only (red) as the input, with AUCs 
summarized in Fig. 3F. In this PSA-matched setting, infrared finger
printing showed higher discrimination than PSA alone, achieving an 
AUC of 0.63 ± 0.09 compared to 0.56 ± 0.09 for PSA (p < 10− 4). 
Although the absolute discrimination remained moderate, this 
improvement indicates that infrared fingerprints capture diagnostic in
formation not represented by PSA concentration alone.

Together, these results indicate that infrared molecular profiles 
capture PCa-associated biological variation partly independent of PSA. 

IMF did not surpass PSA in the overall cohort, but demonstrated higher 
discrimination in the exploratory PSA-matched analysis. This should not 
be interpreted as broad diagnostic superiority.

Discussion

Blood-based infrared molecular fingerprinting (IMF) has shown po
tential for several malignancies [20,21,29,30,31], including prostate 
cancer (PCa) [21,23], as well as non-communicable diseases [19,32]. 
Infrared microspectroscopy of prostate tissue sections has also distin
guished malignant from benign tissue [33]. However, the clinical set
tings in which IMF of blood matrices may address unmet diagnostic 
needs remained insufficiently defined.

In this prospective cohort of more than 2000 individuals, including 
over 1000 men with PCa, plasma-based IMF captured PCa-associated 
molecular variation, consistent with previous findings [21,30]. 
Because participants were enrolled and sampled before diagnosis and 
treatment initiation, the study reflects a clinically relevant 
pre-treatment diagnostic setting. These findings support the biological 
plausibility of plasma IMF as a source of PCa-associated molecular in
formation. However, modest discrimination in the PCa-versus-BPH 
comparison indicates that, although plasma IMF contains 
PCa-associated molecular information, IMF should not be interpreted as 
a stand-alone diagnostic test at this stage. Rather, its potential value lies 
in further development as an adjunctive molecular-profiling approach 
within established diagnostic pathways.

Discrimination was stronger for PCa versus asymptomatic matched 
controls (AUC 0.79) than for PCa versus BPH (AUC 0.67), likely 

Fig. 3. Detection of PCa from infrared (IR) fingerprints as compared to prostate-specific antigen (PSA) testing. (A) Distribution of total serum PSA con
centrations in the BPH and PCa groups. (B) Mean ROC curves obtained with the binary classifier model using (i) prostate-specific antigen concentration values (grey), 
(ii) IR fingerprint data (red), and (iii) a combination of both PSA and IR fingerprints, on cross-validating in the combined cohort. (C) Mean and standard deviation of 
ROC AUCs for the cases displayed in (B). (D) Distribution of serum PSA in subsets of the BPH and PCa groups containing 200 individuals each with matched PSA. (E) 
ROC curves corresponding to BPH-versus-PCa classification models trained on (i) serum PSA values (grey), and (ii) IR fingerprinting data (red) from the selected 
subsets with matched PSA. (F) Mean and standard deviation of ROC AUCs for the analyses displayed in (E). PCa: Prostate Cancer, BPH: Benign Prostatic Hyperplasia, 
PSA: Prostate-Specific Antigen, IR: Infrared, ROC: Receiver Operating Characteristic, AUC: Area Under the Curve.
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reflecting greater biological and clinical overlap between malignant and 
benign prostatic disease. The PCa-versus-BPH comparison is the more 
clinically relevant benchmark, as both groups may present with lower 
urinary tract symptoms and elevated or borderline PSA values. More
over, men classified as PCa-negative after bladder outlet obstruction 
surgery (e.g., TURP or HoLEP) may still harbour occult prostate malig
nancy. Incidental cancers detected in TURP and HoLEP specimens, 
together with long-term follow-up data, indicate that a subset of patients 
initially considered as benign are later diagnosed with PCa [34-36]. 
Occult PCa in the BPH comparator group may therefore have attenuated 
classification performance, suggesting that the observed discrimination 
could represent a conservative estimate of IMF signal strength.

Systemic molecular profiling is inherently susceptible to confound
ing by comorbidities and medication use. Age and body mass index were 
addressed through matching and are therefore unlikely to have sub
stantially influenced the results. Chronic conditions such as hyperten
sion and type 2 diabetes may influence infrared molecular fingerprints 
[19]. Other relevant clinical factors in these cohorts included prosta
titis and abnormal kidney function. Comorbidity-stratified analyses 
suggested that most common chronic conditions did not dominate the 
cancer-associated IMF signatures. Prostatitis was an important excep
tion and was associated with significantly reduced discrimination (AUC 
0.60 ± 0.09 in prostatitis-positive versus 0.66 ± 0.04 in 
prostatitis-negative individuals, p < 0.001). This is biologically plau
sible, as prostatitis involves inflammatory cell infiltration and may 
introduce inflammation-related variation that overlaps with, or ob
scures, PCa-associated spectral signatures. Prostatitis should therefore 
be considered a potential modifier of IMF performance in future clinical 
studies.

Concomitant medication use represents another potential source of 
variation in plasma composition. In this study, diagnostic performance 
was only modestly reduced among participants receiving medication, 
and exploratory analyses showed no statistically significant association 
between BPH medication use and IMF performance. These results should 
be interpreted cautiously, as medication classes may have distinct bio
logical effects that were not fully resolved here. Notably, 5-α-reductase 
inhibitors, such as finasteride, can lower serum PSA concentrations [37], 
potentially complicating PSA-based PCa detection. Medication-specific 
effects on IMF performance therefore require dedicated prospective 
evaluation.

Several serum [13-15,38] and urine biomarkers [16] have been 
proposed for PCa detection, yet PSA remains the most widely used test in 
clinical practice [39]. Ongoing debate regarding the benefit-harm bal
ance of PSA-based screening [40-43] has driven efforts to improve 
risk-stratification through clinical risk factors [14], biomarkers and 
MRI-informed strategies [11,12,42]. PSA has limited specificity at the 
commonly used 4 ng/mL threshold, contributing to false-positive find
ings and unnecessary biopsies [44], while low PSA does not reliably 
exclude malignancy. In the prostate cancer prevention trial, PCa was 
detected on biopsy in 15.2% of men with PSA ≤ 4 ng/mL, and 6.6% with 
PSA ≤ 0.5 ng/mL [5]. These limitations provide a rationale for evalu
ating IMF in clinical contexts where PSA-based discrimination is 
uncertain.

IMF should therefore not be positioned as a replacement for PSA, 
MRI, or established risk models. Its more plausible role is as a candidate 
adjunctive in vitro diagnostic modality that may refine molecular risk 
assessment, particularly in men with equivocal PSA values before biopsy 
or MRI referral. Any such role must be evaluated within an increasingly 
sophisticated diagnostic landscape that already includes validated 
biomarker and imaging strategies, such as kallikrein-based tests, the 
Stockholm3 model, 4Kscore and MRI-informed pathways [11-14]. 
Established multi-analyte tools have reported stronger discrimination 
for clinically significant or high-grade prostate cancer than IMF ach
ieved in the present PCa-versus-BPH analysis. However, these compar
isons are indirect because endpoints, study populations, and diagnostic 
pathways differ.

IMF also differs methodologically from targeted biomarker ap
proaches: Whereas kallikrein-based tools combine predefined protein 
measurements with clinical variables, IMF captures a broader untar
geted composite molecular profile of plasma from a single spectroscopic 
assay. This broader molecular readout is scientifically attractive, but its 
clinical relevance will depend on improved discrimination, validation 
against clinically significant disease, and demonstration of additive 
value within contemporary risk-stratification pathways. The present 
results thus position plasma IMF as a scalable source of PCa-associated 
molecular information that warrants further translational development.

Several limitations should be considered. Firstly, this was a single- 
centre study, which may limit its generalisability to population-based 
screening or primary-care settings. Secondly, independent multicentre 
validation is required prior to clinical translation. Thirdly, the perfor
mance in the clinically relevant PCa-versus-BPH comparison was 
modest, and IMF did not outperform PSA overall. Fourthly, the PSA- 
matched subgroup analysis was exploratory. The fifth point to 
consider is that the study evaluated the detection of PCa in general, 
rather than clinically significant PCa. Finally, occult PCa in the BPH or 
asymptomatic control groups could not be excluded where systematic 
diagnostic verification was not performed, and longitudinal follow-up 
would be needed to address this limitation. These limitations are 
counter balanced by methodological strengths, including the prospec
tive enrolment, large cohort size, standardised pre-analytical and 
analytical workflows, randomised measurement order, and temporally 
separated validation. Collectively, these features support the reliability 
of the observed biological IMF signal, while defining the evidence 
required for clinical translation. Advancements in laser-based infrared 
spectroscopy [45] and automated pre-analytical workflows have the 
potential to further improve scalability. Although the IMF assay is rapid, 
high-throughput, and requires only microlitre-scale plasma volumes, 
clinical adoption will require reproducible performance and demon
strated additive value within established diagnostic pathways.

Conclusions

In this prospective study, plasma IMF detected PCa-associated mo
lecular variation in a pre-treatment diagnostic setting. Diagnostic per
formance was modest, particularly in the clinically relevant PCa-versus- 
BPH comparison, and did not exceed PSA in the overall cohort. 
Exploratory PSA-matched analyses suggest that IMF may capture 
biochemical information partly independent of PSA, supporting further 
evaluation as an adjunctive molecular profiling approach in selected 
diagnostic contexts. Performance was not substantially altered by most 
examined comorbidities or concomitant medications, although prosta
titis modestly reduced discrimination. These findings support further 
translational development of IMF as an adjunctive molecular-profiling 
approach, while clinical implementation will require multicentre vali
dation against clinically significant PCa and demonstrated additive 
value within contemporary PSA-, biomarker-, and MRI-informed 
pathways.
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