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Introduction

Prostate cancer (PCa) is one of the most common 
malignancies in men and a leading contributor to 
cancer-related morbidity and mortality worldwide [1]. 
Incidence continues to rise with aging populations, and 
PCa accounts for a substantial clinical and socioeconomic 
burden. Early detection remains critical, as curative 
interventions are most effective when disease is confined 
to the prostate, whereas advanced disease has limited 
therapeutic options and is associated with poor prognosis. 

Current diagnostic strategies rely on a combination 
of clinical assessment, prostate-specific antigen (PSA) 
testing, magnetic resonance imaging (MRI), and 
histopathological confirmation by prostate biopsy. While 
PSA has been the cornerstone of early detection for 
decades, it lacks specificity: benign conditions such as 
prostatitis and benign prostatic hyperplasia (BPH) can 
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cause elevated PSA levels, leading to unnecessary biopsies 
[2-4]. Conversely, clinically significant cancers can occur 
at PSA levels traditionally considered “normal,” resulting 
in missed diagnoses. Biopsy remains the diagnostic gold 
standard but has limitations, including sampling error, 
with false-negative rates reported up to 20%, as well as 
risks of bleeding, infection, and patient reluctance [5]. 
Multiparametric MRI has improved localization and risk 
stratification, but it remains resource-intensive and is not 
universally accessible. These challenges highlight the 
unmet need for a noninvasive, cost-effective, and accurate 
adjunct or alternative to current pathways.

In recent years, attention has turned toward 
noninvasive biomarkers derived from biofluids. Advances 
in metabolomics have highlighted volatile organic 
compounds (VOCs) low-molecular-weight metabolites 
released in urine, breath, and other excretions—as potential 
indicators of underlying pathophysiology [6, 7].  VOCs 
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arise from altered cellular metabolism, oxidative stress, 
microbial activity, and host–tumor interactions, thereby 
capturing a biochemical ‘odor fingerprint’ characteristic 
of disease [8, 9]. Previous work has reported specific 
urinary VOCs associated with urologic cancers, including 
methane, iso-butane, hydrogen, ethanol, ammonia, and 
methyl mercaptan [10, 11]. Importantly, VOCs can be 
sampled noninvasively, offering a promising avenue for 
population-level screening or triage.

Biosensing platforms capable of capturing these VOC 
signatures are evolving rapidly. Semiconductor-based 
chemiresistive sensors, in particular, offer advantages 
of low cost, portability, and rapid measurement, 
distinguishing them from complex laboratory methods 
such as gas chromatography–mass spectrometry (GC–
MS). While GC–MS provides precise compound-level 
identification, it is impractical for large-scale clinical 
deployment. Conversely, semiconductor sensors can 
be deployed at the point of care and generate complex 
dynamic response patterns when exposed to VOC 
mixtures [12-14]. However, many prior studies have 
applied dimensionality-reduction approaches, such as 
principal component analysis, which emphasize overall 
clustering patterns but limit the interpretability of 
individual signal features. This can obscure mechanistic 
insights and hinder clinical translation.

The present study builds on these foundations by 
focusing on engineered sensor features derived from 
thermal cycle responses, including minimum resistance 
values, latency times, slope dynamics, and inter-cycle 
resistance gaps. These parameters capture both the 
intensity and temporal characteristics of VOC interactions 
with sensor surfaces and may more directly reflect 
pathophysiological alterations in prostate cancer [10, 
11].  By interrogating interpretable VOC-derived features 
rather than relying solely on pattern recognition, we aim 
to bridge the gap between statistical discrimination and 
clinically meaningful signals.

To address this gap, we focused on direct analysis of 
signal-derived features from VOC sensor outputs [15, 
16]. Rather than applying dimensionality reduction, we 
extracted engineered characteristics including minimum 
values, latency, slope dynamics, and inter-cycle variance 
that may reflect disease-related biochemical alterations 
and tissue remodeling processes, as also described in 
transplant pathology [17]. In subsequent modeling, we 
emphasized overall discriminative performance. It should 
be noted that probability cutoffs derived from logistic 
regression are model-specific and not equivalent to clinical 
thresholds; therefore, the present analysis was intended 
to assess discriminative capacity rather than to establish 
actionable diagnostic thresholds.

Materials and Methods

Clinical Data Collection 
Demographic Data

This exploratory cohort study aimed to investigate 
alterations in electrical resistance derived from VOCs in 
urine samples using n-type metal oxide semiconductor 
sensors. Participants were male patients with 

histopathologically confirmed prostate adenocarcinoma, 
who had undergone PSA level monitoring both before 
and after surgery. Eligible subjects were also required 
to have been available for follow-up and able to provide 
urine samples for VOC analysis. Informed consent was 
obtained from all participants.

Demographic data included age, medications, 
and comorbidities or chronic conditions that could 
potentially affect VOC detection. Histopathological 
data were reviewed and recorded from medical records. 
Subjects were recruited from nephrology and urology 
outpatient clinics between August 2024 and July 2025. 
All participants were male, aged over 20 years, and had 
been mentally competent to independently consent to the 
use of their clinical and pathological information.

Urine collection for target VOCs
Participants provided ~20 mL urine samples, which 

were collected in sterile containers and analyzed within 
4 hours using our established biosensor protocol [10, 11]. 

Laboratory Evaluation
Histopathological evaluation of all prostate specimens, 

including biopsies and surgical samples, was initially 
performed by an experienced primary pathologist. Reports 
included the site and number of cancer-positive cores, 
histologic classification, highest Gleason score, and 
additional features such as pattern 4 proportion, intraductal 
carcinoma, and cribriform morphology. Tumor extent was 
described based on the percentage of core involvement 
and the presence of periprostatic, seminal vesicle, 
lymphovascular, or perineural invasion [18]. To ensure 
diagnostic accuracy and consistency of group allocation, 
all malignant biopsy specimens were independently 
reviewed by a second experienced pathologist, who was 
blinded to clinical information and group categorization.

Serum creatinine levels were obtained via the 
enzymatic method, performed using the cobas c 
702 clinical chemistry analyzer (Roche Diagnostics, 
Mannheim, Germany) [19]. Serum PSA concentrations 
were measured using the electrochemiluminescence 
immunoassay (ECLIA) method, performed on the 
cobas e 801 immunoassay analyzer (Roche Diagnostics, 
Mannheim, Germany) [20]. The estimated glomerular 
filtration rate (eGFR) was determined using the CKD-EPI 
Creatinine Equation (2021), based on serum creatinine 
values and relevant clinical parameters [21].

Gas Sensor Analysis
The gas sensing platform comprised five n-type 

metal oxide semiconductor sensors (S1–S5) integrated 
into a custom-designed chamber. Each measurement 
lasted six minutes and was divided into six thermal 
cycles (i1–i6). During each cycle, the sensor heater 
voltage was sequentially modulated from 2000 to 5000 
mV, allowing repeated exposure to a controlled heating–
cooling profile. Electrical resistance was continuously 
recorded at high temporal resolution across all sensors, 
producing dynamic response curves for subsequent feature 
extraction. Specifically, S1 was primarily responsive to 
alcohol and solvent vapors; S2 to hydrogen and ethanol; 
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variance (ANOVA) F-test was applied. The top 10 features 
ranked by F-score (with p < 0.001) were shortlisted for 
further evaluation. Scatter plots were generated to illustrate 
separation trends, and receiver operating characteristic 
(ROC) curves were constructed for univariate performance 
evaluation. For each candidate feature, the area under 
the ROC curve (AUC), one-way ANOVA p-value, and 
Spearman’s rank correlation (ρ, p-value) were reported.

Results

Clinical Demographic Data 
A total of 117 participants were included, comprising 

21 normal controls, 67 patients with BPH, and 29 patients 
with histologically confirmed prostate cancer. Patients 
with BPH and prostate cancer were significantly older 
than healthy controls (22.9 ± 4.9 vs. 67.5 ± 10.5 vs. 74.0 
± 10.2 years; p < 0.01). Body mass index was higher in 
BPH patients (25.2 ± 3.4 kg/m²) compared with controls 
(20.0 ± 3.0 kg/m²; p < 0.01) and cancer patients (22.1 ± 
3.7 kg/m²; p < 0.01), while no significant difference was 
observed between controls and cancer patients (p = 0.12). 
(Table 1). 

The eGFR was significantly lower in BPH (78.2 ± 17.6 
mL/min/1.73 m²) and prostate cancer patients (72.5 ± 19.3 
mL/min/1.73 m²) compared with controls (116.4 ± 12.3 
mL/min/1.73 m²; p < 0.01), with no significant difference 
between BPH and cancer groups.

Prostatic volume was higher in BPH (39.1 ± 21.0 mL) 
and prostate cancer patients (59.5 ± 28.2 mL) compared 
with controls (15.8 ± 2.1 mL; p < 0.01). Serum PSA levels 
increased across groups (controls: 0.16 ± 0.1 ng/mL; 
BPH: 4.3 ± 7.0 ng/mL; prostate cancer: 328.6 ± 571.9 
ng/mL; p < 0.01). Smoking status distribution differed 
significantly (p < 0.01): most controls were never-smokers 
(76.2%), whereas current smokers were prevalent in BPH 
(55.2%) and prostate cancer (51.7%) groups. Among 
prostate cancer cases, 62.1% had high-grade Gleason 
patterns, 62.0% were classified as grade 4–5, and 55.2% 
had radiologically evident bone metastases at diagnosis.

Sensor-Derived Resistance Dynamics Across Thermal 
Cycles

Reproducible resistance dynamics were observed 
across all five sensors (Figure 1), arranged from right 
to left (Sensor 1 to Sensor 5), over six thermal cycles 
within the 6-minute measurement period. For each 
cycle, application of heater voltage produced a drop in 
electrical resistance, indicating increased conductivity 
during heating. After cessation of heating, resistance 
values gradually returned toward baseline; however, 
recovery was incomplete, and baseline resistance levels 
progressively decreased with successive cycles. This 
cumulative decline was consistently observed across all 
sensors.

When data were color-coded by clinical group 
(green = normal, red = prostate cancer, blue = BPH), 
partial group-wise separation was evident, particularly 
in Sensors 2 through 4. Normal samples demonstrated 
clustering at higher resistance levels, whereas prostate 
cancer and BPH groups showed overlapping but lower 

S3 to ammonia and hydrogen sulfide; S4 to butane and 
liquefied petroleum gas; and S5 to trimethylamine and 
methyl mercaptan. A schematic of the sensor platform and 
heat cycle sequence is shown in Supplementary Figure 1.

Feature Extraction
Raw resistance signals obtained from each sensor 

across six thermal cycles were transformed into 
quantitative features to capture characteristic response 
dynamics. For every cycle, the minimum resistance 
value (Min) was calculated to reflect the nadir of sensor 
activation; the latency to minimum (Time) was derived 
as an indicator of kinetic delay; the slope of resistance 
change (Slope) was estimated from the steepest descent 
during heating to capture dynamic sensitivity; and the 
recovery gap (Gap) between successive cycles was 
measured to assess inter-cycle variance. This feature 
engineering procedure yielded 120 structured variables 
per subject (5 sensors × 6 cycles × 4 parameters), 
thereby enhancing interpretability beyond raw waveform 
inspection and providing a systematic basis for signal 
analysis and biomarker prediction [10, 11]. 

Clinical Allocation and Assessment
Participants were initially categorized into three 

groups for demographic characterization: (1) normal male 
subjects, (2) patients with benign prostatic hyperplasia 
(BPH), and (3) patients with histopathologically 
confirmed prostate adenocarcinoma. For the purpose of 
signal analysis, groups (1) and (2) were subsequently 
combined into a non-PCa cohort, allowing a binary 
comparison between prostate cancer and non-cancer 
cases. Subjects with an eGFR below 15 mL/min/1.73 m² 
or those with high-grade prostatic intraepithelial neoplasia 
(PIN) were excluded. Smoking status was classified into 
three categories based on standardized definitions from 
the National Health Interview Survey: never, former, and 
current smokers [22].

For the cancer group, the diagnosis of prostate 
adenocarcinoma was confirmed by pathological 
examination of biopsy or surgical specimens. In the BPH 
group, inclusion required histopathological confirmation 
and either lower urinary tract symptoms or a prostate 
volume ≥25 mL as determined by transabdominal 
ultrasonography [23]. 

For the normal control group, inclusion required a PSA 
<4 ng/mL, a normal DRE, and prostate volume ≤20 mL. 
Biopsy was not performed in this group; therefore, strict 
PSA and ultrasound criteria were applied to minimize 
misclassification. To ensure clear separation, individuals 
with prostate volumes of 21–24 mL were excluded.

Statistical analysis 
All analyses were conducted using SPSS version 18.0, 

R version 2.9.1, and Python 3.10 [24-26].  Continuous 
variables were summarized as mean ± standard deviation 
(SD), categorical variables as counts and percentages, 
and a two-sided p < 0.05 was considered statistically 
significant.

To identify discriminative volatile organic compound 
(VOC) features from sensor signals, an analysis of 



Chatiwat Piyarom et al

Asian Pacific Journal of Cancer Prevention, Vol 273048

Clinical Characteristics Normal
(n= 21)

BPH
(n=67)

CA prostate 
(n=29)

P value
Normal 
vs. BPH

Normal vs. 
CA prostate

BPH vs. CA 
prostate

Age (years: mean ± SD) 22.9±4.9 67.5±10.5 74.0±10.2 <0.001 <0.001 0.02
BMI (Kg/m2: mean ± SD) 20.0±3.0 25.2±3.4 22.1±3.7 <0.001 NS <0.001
eGFR (mL/min: mean ± SD) 116.4 ± 12.3 78.2 ± 17.6 72.5 ± 19.3 <0.001 <0.001 NS
Prostatic Volume (mL: mean ± SD) 15.8±2.1 39.1±21.0 59.5±28.2 <0.001 <0.001 0.007
PSA (ng/mL: mean ± SD) 0.16±0.1 4.3±7.0 328.6±571.9 <0.001 0.013 0.015
Smoking Status 
(%: Never/Former/Current)

76.2/9.5/14.3 22.4/22.4/55.2 13.8/34.5/51.7 < 0.001 

 Table 1. Baseline Demographic and Clinical Characteristics of Study Participants

Abbreviations: BPH, benign prostatic hyperplasia; CA prostate, prostate cancer; BMI, body mass index; eGFR, estimated glomerular filtration rate; 
PSA, prostate-specific antigen; SD, standard deviation; NS, not significant; Chi-sq, chi-square test; n, number of participants.

Feature AUC Spearman (ρ) Spearman p-value
Gap_S5_i2 0.77 0.4 p<0.001
Slope_S5_i4 0.76 0.38 p<0.001
Gap_S2_i6 0.75 0.38 p<0.001
Gap_S3_i5 0.75 0.37 p<0.001
Slope_S2_i1 0.75 0.37 p<0.001
Gap_S2_i1 0.75 0.37 p<0.001
Slope_S2_i6 0.75 0.37 p<0.001
Min_S3_i5* 0.26 -0.37 p<0.001
Slope_S3_i5 0.74 0.37 p<0.001
Min_S2_i6* 0.26 -0.37 p<0.001

Table 2. Top 10 VOC-derived features with highest 
univariate discriminative performance (AUC, 
Spearman’s ρ, p-value)

Note: Features with AUC < 0.5 and negative Spearman’s ρ indicate 
inverse discrimination, meaning lower values are associated with 
prostate cancer cases.

Figure 1. Raw sensor output waveform from five metal oxide sensors across six thermal cycles. Urinary VOC responses 
measured by five metal oxide semiconductor (MOS) gas sensors over a 6-minute session consisting of six consecutive 
thermal cycles. Sensor channels are displayed from right to left (Sensor 1 to Sensor 5). Electrical resistance was 
recorded every 0.15 seconds, yielding 2,400 data points per sensor. Thermal stimulation was applied during cycles 
2–6 by modulating heater voltages at five discrete levels (2000, 2500, 3500, 4500, and 5000 mV), while cycle 1 served 
as the non-heated baseline. Each heating cycle induced a marked decrease in electrical resistance followed by partial 
recovery, a pattern reproducible across all sensors. Curves represent three diagnostic groups: healthy controls (green), 
benign prostatic hyperplasia (blue), and prostate cancer (red). The groups can also be distinguished by differences in 
signal trajectories and amplitudes across heating cycles. 

resistance trajectories across cycles.

Potential VOC signals identification
For subsequent signal analysis, participants were 

regrouped into two categories: prostate cancer (PCa) 
versus non-PCa (normal controls and BPH combined). 
This binary classification was consistent with the study 
aim of identifying VOC features predictive of cancer 
presence.

Univariate screening identified several features with 
strong discriminative ability for separating PCa from 
non-PCa cases. As shown in Table 2, the top-ranked 
feature, Gap_S5_i2, achieved an AUC of 0.77 with a 
positive Spearman correlation (ρ ≈ 0.40, p < 0.001) and 
a significant group difference by ANOVA (p < 0.001). 
Larger values were observed in the PCa group. Other 
leading features included Slope_S5_i4 (AUC 0.76, ρ ≈ 
0.39, p < 0.001) and Gap_S2_i6 (AUC 0.75, ρ ≈ 0.38, p 
< 0.001). The top-10 list was dominated by gap and slope 
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metrics, particularly from Sensors 5 and 2. 

Predictive modeling with VOC signal and PSA
Although several demographic and clinical variables 

(Table 1) showed significant group-level differences, 
these were treated as background descriptors rather than 
diagnostic predictors. Age, BMI, renal function, and 
smoking status, while statistically different, were non-
specific. PSA was retained as the sole clinical predictor 
for modeling, given its role as the established biomarker 
and diagnostic benchmark. This approach allowed direct 
comparison of VOC-derived features against PSA without 
confounding effects from demographic variables.

Following the univariate screening, Gap_S5_i2 
was selected as the representative VOC-derived signal 
feature for model development, based on its highest 
discriminative performance (AUC 0.77, ρ ≈ 0.40). To 
benchmark its clinical relevance, predictive models were 
constructed using three configurations: (i) signal-only 
(Gap_S5_i2), (ii) PSA-only, and (iii) a combined model 
integrating both signal and PSA. Logistic regression was 

used to derive risk equations for each configuration, and 
model probabilities were evaluated using ROC curve 
analysis.

Logistic regression equations and risk stratification
For each model, predicted probabilities were translated 

into binary risk categories using the optimal cutoff 
determined by Youden’s J statistic, maximizing the 
balance between sensitivity and specificity. This enabled 
direct comparison of discrimination and clinical utility 
across the three predictor sets. Performance outcomes 
are summarized in Table 3. Supplementary data provide 
details of the regression equations.

Decision thresholds determined by Youden’s J showed 
that the signal-only model (Gap_S5_i2) achieved an 
AUC of 0.77, with sensitivity 0.63 and specificity 0.69 
(Youden’s J = 0.44). The PSA-only model achieved a 
higher AUC of 0.83, with sensitivity 0.63 and specificity 
0.95 (Youden’s J = 0.65). The combined Signal+PSA 
model yielded the highest performance (AUC 0.88), 
balancing sensitivity (0.77) and specificity (0.88) at a 
cutoff of 0.34 (Youden’s J = 0.66) (Table 3).

The ROC–AUC curves in Figure 2 display the three 
logistic regression models evaluated on the full dataset 
without resampling. At the Youden-optimized cutoffs, the 
Signal-only model using Gap_S5_i2 showed moderate 
discrimination, PSA alone performed better, and the 
combined Signal+PSA model provided the highest AUC 
with a favorable balance of sensitivity and specificity. 

Model AUC Sensitivity Specificity Youden’s J 
Signal only 0.77 0.63 0.69 0.44
PSA only 0.83 0.63 0.95 0.65
Signal + PSA 0.88 0.77 0.88 0.66

Table 3. Apparent Performance of the Three Logistic Regression Models for Prostate Cancer Detection

Model AUC 95% CI (Low) 95% CI (High)
Signal only 0.77 0.67 0.86
PSA only 0.83 0.72 0.93
Signal + PSA 0.88 0.76 0.9

Table 4. Discriminatory Performance of Logistic 
Regression Models for Prostate Cancer Detection

Figure 2 ROC curves comparing the three logistic regression models for prostate cancer detection. The ROC curves 
compare the apparent (in-sample) performance of three models: a signal-only model based on Gap_S5_i2 (blue 
line, AUC = 0.771), a PSA-only model (orange line, AUC = 0.828), and a combined signal + PSA model (green 
line, AUC = 0.881). The diagonal dashed line indicates the reference line for random classification. The combined 
model achieved the highest AUC, showing improved discriminatory ability compared with either predictor alone. 
Abbreviations: AUC, area under the curve; PSA, prostate-specific antigen; ROC, receiver operating characteristic. 
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These represent apparent (in-sample) performance and 
may be optimistic relative to out-of-sample estimates.

Logistic regression equations were derived for each 
model to quantify the probability of prostate cancer as a 
function of the predictors. Detailed formulas are presented 
in Supplementary data, enabling computation of patient-
specific probabilities.

Diagnostic Performance of the Models
To evaluate diagnostic performance, three logistic 

regression models were directly fitted to the dataset: 
(1) signal-only, (2) PSA-only, and (3) signal combined 
with PSA. The discriminatory ability of each model was 
assessed using the area under the ROC curve (AUC) 
with corresponding 95% confidence intervals (CI). As 
summarized in Table 4, the signal-only model achieved an 
AUC of 0.77 (95% CI: 0.67–0.86). The PSA-only model 
showed higher discrimination with an AUC of 0.83 (95% 
CI: 0.72–0.93). The combined model that included both 
PSA and the signal-derived feature (Gap S5_i2) produced 
the highest point estimate of discrimination, with an AUC 
of 0.88 (95% CI: 0.76–0.90).

Although the confidence interval of the combined 
model overlapped with those of the single-feature models 
reflecting the modest sample size and inherent variability 
the higher AUC estimate of the combined model indicates 
an incremental gain in discrimination when signal-
derived features are incorporated with PSA. These results 
demonstrate that PSA alone retains strong discriminatory 
ability, but the integration with VOC-based signal features 
can improve diagnostic performance. The relatively wide 
confidence intervals underscore that these are apparent 
(in-sample) estimates and require external validation in 
larger cohorts to establish robustness and generalizability.

Discussion

Demographics and Clinical Parameters
In the descriptive analysis, comparing the clinical 

categories of normal, BPH, and prostate cancer revealed a 
marked difference in age distributions. However, prostate 
cancer is typically rare in younger men, with the average 
age at diagnosis reported around 67 years [27]. BPH 
also shows a strong age-related prevalence, affecting 
approximately half of men by age 60 and up to 80% by 
age 80 [28]. Nevertheless, younger individuals can still 
present with either prostate cancer or BPH due to early 
onset or genetic predispositions, indicating that the age 
distinction between groups is less clear-cut in real-world 
clinical practice [29].  The eGFR values also reflected 
this limitation, as they are strongly associated with age. 
Consequently, it is difficult to distinguish whether the 
observed differences arise from true pathophysiological 
variation or simply from the age effect embedded in eGFR 
calculation [17, 30, 31]. Other parameters, including 
BMI, smoking status, and prostate volume, have been 
reported to influence prostate cancer risk in previous 
studies [32-34]. However, these variables often confound 
each other, reducing the clarity of causal interpretation. 
For this reason, PSA was chosen as the principal clinical 
predictor in the present analysis, since it is the most 

widely accepted biomarker for prostate cancer screening 
and diagnosis [35].

VOCs in Prostate Cancer Detection
Previous research on urological cancers, including 

kidney, ureter, and bladder (KUB) malignancies, 
highlighted methane, iso-butane, ethanol, and hydrogen 
as volatile compounds with discriminatory potential in 
disease detection [10, 11]. Traditional approaches relied 
on comparing mean signal differences between groups to 
identify candidate features [36]. However, such methods 
are inherently biased toward features that increase with 
disease status, while potentially overlooking negatively 
correlated signals that decrease in affected individuals.

To address this limitation, the present study applied 
a correlation-based approach. Specifically, Spearman’s 
correlation coefficients were used to rank VOC-derived 
features according to both the strength and direction of 
their association with prostate cancer, thereby considering 
features with positive as well as negative correlations. 
The top ten ranked features were subsequently selected 
for modeling. Interestingly, these top-ranking correlations 
were predominantly derived from sensors 2, 3, and 5, which 
correspond to target gases similar to those implicated in 
earlier research [10, 11], namely hydrogen, ethanol, 
ammonia, hydrogen sulfide (H₂S), trimethylamine, and 
methylmercaptan.

Further evaluation using AUC analysis revealed that 
the sensors targeting trimethylamine and methylmercaptan 
showed the greatest potential to evolve into reliable 
predictor gases. Importantly, this predictive capacity was 
specific to the heating cycle at 2500 mV, highlighting 
both sensitivity and specificity in the detection process. 
This finding does not contradict earlier work: prior studies 
primarily demonstrated associations, whereas the present 
analysis advances the field by employing a correlation-
driven strategy that integrates directionality of expression 
into statistical modeling, thereby enabling risk prediction 
rather than simple group-level association.

Comparison of PSA, VOCs, and Combined Models
Logistic regression analysis demonstrated that the 

signal-only model yielded a moderate AUC of 0.77, 
while the PSA-only model achieved a higher AUC of 
0.83. Importantly, the combined model incorporating 
both PSA and VOC-derived features provided the best 
performance, with an AUC of 0.88. These findings 
highlight that PSA remains the principal biomarker for 
prostate cancer detection [37, 38], but integration with 
VOC fingerprints enhances specificity and may help 
reduce false-positive results. From a clinical perspective, 
the combined approach suggests that VOC patterns could 
serve as a confirmatory tool, supporting the interpretation 
of elevated PSA values as cancer-related rather than 
being attributable to benign conditions such as prostatic 
hyperplasia or inflammation.

Notably, within the VOC features, gases such as 
trimethylamine and methylmercaptan emerged as 
promising discriminators, particularly at specific heating 
cycles. Unlike traditional GC–MS–based approaches, 
semiconductor sensors allow real-time, low-cost 
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recognition of these compounds with greater practical 
applicability. This suggests a potential pathway for 
future work to refine target-gas–based detection, whereby 
incorporating trimethylamine and methylmercaptan may 
further improve diagnostic specificity when combined 
with PSA testing.

Clinical Significance and Future Directions
The present findings support the role of VOC 

fingerprints as a complementary tool to PSA in prostate 
cancer screening. While PSA remains the cornerstone 
of detection, combining sensor-derived VOC features 
with PSA values offers a more practical triage strategy 
by improving specificity and reducing the burden of 
unnecessary diagnostic procedures. From a clinical 
perspective, the integration of VOC sensor data into 
existing clinical workflows could provide a rapid, 
non-invasive adjunct that enhances the reliability of early 
prostate cancer detection.

Future work should extend beyond single-center 
analyses and include multicenter, prospective validation 
to establish generalizability across diverse patient 
populations. Moreover, the incorporation of sensor-based 
VOC profiles into AI-driven decision-support systems 
represents a logical next step, enabling real-time risk 
stratification and potentially guiding individualized 
diagnostic pathways. Together, these advances highlight 
the promise of VOC biosensing as a scalable and clinically 
relevant complement to conventional biomarkers in 
prostate cancer detection.

Limitations
This study has several limitations. The sample size was 

modest, and data were obtained from a single center, which 
may limit the generalizability of the findings. In addition, 
model performance was evaluated within the study cohort, 
and further validation in independent populations will be 
important. 

A notable limitation is the marked age difference 
between the normal control group (mean age 22.9 years) 
and the BPH and cancer groups (mean ages 67.5 and 74.0 
years, respectively). Since metabolic profiles and urinary 
VOC patterns are known to vary with age, it is difficult to 
fully distinguish disease-specific biomarker signals from 
age-related metabolic changes. This age disparity may 
have influenced the observed differences in VOC features 
and eGFR values. Future studies should include age-
matched control groups to better isolate disease-specific 
VOC signatures.

A second limitation concerns the definition of the 
normal control group. Normal controls were defined using 
clinical and imaging criteria (PSA <4 ng/mL, normal 
digital rectal examination, and prostate volume ≤20 
mL) without histopathological confirmation by biopsy. 
Although these stringent criteria were applied to minimize 
the likelihood of misclassification, the possibility of occult 
prostate cancer cannot be entirely excluded. This may have 
resulted in a slight underestimation of the true diagnostic 
performance of the VOC-based models.

A third limitation relates to model validation. All 
reported performance metrics represent apparent (in-

sample) estimates without cross-validation or external 
validation. The use of Youden’s J statistic to determine 
optimal cutoffs within the same dataset used for model 
development may lead to optimistic estimates of 
diagnostic performance. Therefore, the true discriminative 
ability of these models in independent populations may be 
lower than reported here. Prospective validation in larger 
multicenter cohorts with predefined decision thresholds 
will be necessary before clinical implementation.

A fourth limitation relates to potential unmeasured 
confounding factors that may influence urinary VOC 
composition. Variables such as diet, medications, 
comorbidities, hydration status, and timing of sample 
collection were not systematically controlled in this 
exploratory study. These factors may contribute to 
between-group variation in VOC profiles. Future studies 
should incorporate standardized sample collection 
protocols and consider multivariable adjustment to better 
isolate disease-specific VOC signals.

Despite these limitations, the main contribution of 
this study remains the demonstration of the potential of 
VOC-based biosensing, both alone and in combination 
with PSA, as a complementary approach for prostate 
cancer detection.

In conclusion, this study demonstrates that urinary 
VOC fingerprints, particularly signals related to 
trimethylamine and methylmercaptan, can complement 
PSA testing in the detection of prostate cancer. While PSA 
remains the most established biomarker, the integration of 
VOC-derived features improved diagnostic performance 
and reduced the likelihood of false positives associated 
with benign prostatic conditions. The findings support 
the potential role of VOC biosensing as a rapid, non-
invasive adjunct in clinical screening workflows. Future 
multicenter studies and external validation are warranted 
to confirm these results and to explore the integration of 
VOC profiles into AI-driven diagnostic platforms.
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