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A B S T R A C T

Early detection of bladder cancer (BC) remains a major clinical challenge due to the limitations of current 
diagnostic methods, which are often invasive, expensive, or insufficiently sensitive, particularly for early-stage 
disease. Metabolomics approaches, when integrated with machine learning (ML) techniques, offer a powerful 
platform for identifying novel, non-invasive biomarkers. In this study, urinary volatile organic compounds 
(VOCs) were analysed from 87 BC patients and 90 age- and sex-matched cancer-free controls using headspace 
solid-phase microextraction coupled with gas chromatography–mass spectrometry (HS-SPME/GC-MS). Of the 90 
VOCs identified, 27 were selected and used to train five ML algorithms—random forest (RF), support vector 
machine (SVM), partial least squares-discriminant analysis (PLS-DA), extreme gradient boosting (XGBoost), and 
k-nearest neighbors (k-NN). Model performance was evaluated using cross-validation and an independent vali
dation set, with metrics including area under the curve (AUC), sensitivity, specificity, and accuracy. RF achieved 
the highest performance using all 27 features (AUC = 0.913; sensitivity, specificity, and accuracy = 85 %). After 
feature selection, an eight-VOC panel improved performance on the validation set (AUC = 0.872; sensitivity =
89 %, specificity = 92 %, accuracy = 91 %). The panel included ketones, aldehydes, a short fatty alcohol, and a 
phenol compound—seven elevated in BC, and one (acetone) decreased. This panel outperformed FDA-approved 
urinary assays and closely matched the specificity of urine cytology. These findings underscore the promise of 
VOC-based urinary biomarkers, in combination with ML, for the non-invasive detection of BC. Further large-scale 
validation studies are essential to confirm diagnostic utility and enable clinical translation.
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1. Introduction

Bladder cancer (BC) represents a significant global health concern, 
contributing to both incidence and mortality worldwide [1]. Current 
diagnostic methods for BC involve cystoscopy, urine cytology, and im
aging techniques [2]. Cystoscopy remains the clinical gold standard, 
with a meta-analysis [3] reporting a sensitivity of around 75 % and a 
specificity of 74 %. However, cystoscopy is an invasive procedure and 
may skip certain lesions, particularly flat or small ones, such as carci
noma in situ [4]. Urine cytology, a non-invasive test that examines 
exfoliated cells in urine, is commonly used alongside cystoscopy. While 
it demonstrates high specificity (~95 %) [5], its overall sensitivity is low 
(~37 %) [5] and may reach only 24 % [6] for low-grade tumours, with 
accuracy depending heavily on specimen quality and the cytopatholo
gist’s experience [2]. Cross-sectional imaging (computed tomography, 
CT; and magnetic resonance imaging, MRI) is indispensable for staging 
muscle-invasive disease but is of limited utility in detecting superficial 
lesions and may yield false positives in benign conditions such as benign 
prostatic hypertrophy or bladder inflammation [7]. The high recurrence 
nature of BC requires active, ongoing surveillance strategies that are 
tailored to individual patient risk profiles [8,9]. For instance, patients 
classified as low-risk typically undergo cystoscopic evaluation at three- 
and twelve-months post-diagnosis. Surveillance is often reduced to 
annual monitoring thereafter if no recurrence is detected. High-risk 
patients, in contrast, undergo both cystoscopy and urinary cytology 
every three months for the first two years, every six months through year 
5, and then shift to yearly exams [8,9]. Though effective at detecting 
recurrence, these intensive protocols expose patients to repeated inva
sive procedures, leading to discomfort and risks of complications such as 
bleeding, infection, and pain [8,10]. Additionally, the cumulative costs 
associated with frequent surveillance and treatment impose a substan
tial financial burden on healthcare systems [11].

To supplement these current methods, the U.S. Food and Drug 
Administration (FDA) has approved six urinary assays for BC detection 
and surveillance [12,13]. Among these, UroVysion (a fluorescence in 
situ hybridization assay detecting chromosomal abnormalities) and two 
assays for nuclear matrix protein 22 (qualitative “BladderChek” and 
quantitative ELISA) are intended for initial diagnosis [2,14,15]. While 
these tests offer the advantage of greater convenience and 
non-invasiveness, they are also limited by high false-positive rates, 
reduced specificity in patients with benign urological conditions, and 
poor sensitivity for low-grade tumours [12,13]. Consequently, despite 
these advances, there remains an unmet need for more accurate, 
non-invasive diagnostics that can reduce reliance on invasive cystoscopy 
and detect recurrence at an early, actionable stage.

Considering these challenges, exploring alternative tools, such as 
metabolomics-based approaches, is crucial for improving the effective
ness of BC diagnosis and ultimately enhancing patient outcomes. 
Metabolomics has demonstrated enormous potential to discover disease 
biomarkers and revolutionize our understanding of pathological pro
cesses. Its comprehensive approach involves analysing small (low mo
lecular weight) metabolites in biological matrices (e.g., blood, urine, 
exhaled breath, faeces) [16,17]. In particular, gas chromatogra
phy–mass spectrometry (GC-MS) has emerged as a key analytical tech
nique for profiling volatile organic compounds (VOCs) in biological 
samples. GC-MS enables the detection of subtle changes in metabolic 
profiles that are often associated with cancer, providing a readily 
accessible means for early disease detection [18]. VOCs are metabolic 
byproducts that reflect the biochemical changes occurring within the 
body [19]. Their distinctive odours vary based on molecular structure 
and concentration, often influenced by different physiological condi
tions. This variation may create unique scent signatures that serve as 
diagnostic biomarkers for certain diseases [20]. Trained animals, 
particularly dogs, possess remarkable olfactory abilities and have been 
shown to detect these changes in VOC profiles [21]. For example, dogs 
have identified “smell fingerprints” in biological samples associated 

with cancer [22], diabetes [23], and Parkinson’s disease [24]. A notable 
case [25] in 1989 involved a dog detecting its owner’s melanoma, 
further highlighting the potential of VOCs as biomarkers. However, the 
data generated by analytical techniques like GC-MS are complex and 
high-dimensional. To interpret and extract clinically relevant patterns, 
machine learning (ML) algorithms can be applied [26]. These algo
rithms effectively analyse multivariate data, identifying correlations and 
distinct VOC signatures that differentiate BC patients from cancer-free 
individuals [27]. This facilitates the development of robust, 
non-invasive diagnostic models. Both unsupervised and supervised ML 
approaches are useful [28]: unsupervised methods can reveal hidden 
patterns without prior knowledge of sample classification, while su
pervised methods such as partial least squares-discriminant analysis 
(PLS-DA), support vector machines (SVM), and random forests (RF) are 
typically preferred for their accuracy in classifying labelled samples and 
predicting outcomes [29].

A growing number of studies [30–36] have investigated urinary 
VOCs as potential biomarkers for BC detection using metabolomics. 
Most rely on headspace solid-phase microextraction coupled to GC-MS 
(HS-SPME/GC-MS) [30–32,34], though instrumentation varies (e.g., 
HS-SPME/GC × GC-TOF-MS [35] or HS-SPME/GC-TOF-MS with 
portable GC-ion mobility spectrometry [36]). These studies also vary in 
cohort size and the number and identity of candidate biomarkers re
ported. For instance, Pinto et al. [30] identified 17 altered volatiles with 
a combined sensitivity of 70 %, specificity of 89 %, and accuracy of 80 
%. Lett et al. [31] reported a VOC panel of eight compounds yielding 71 
% sensitivity and 72 % specificity. Ligor et al. [35] described 12 com
pounds exclusive to BC patients, while Cauchi et al. [34] achieved 90 % 
sensitivity and 88 % specificity using 16 candidate VOCs. Other studies, 
including those by Jobu et al. [32] and Tyagi et al. [36], identified 
smaller groups of five and 13 VOCs, respectively, with performance 
metrics ranging from 27 % sensitivity to 94 % specificity [36]. These 
findings demonstrate the promise of urinary VOCs as BC biomarkers but 
also underscore the variability in methods, cohort sizes, and statistical 
strategies.

Our study was designed to build upon and extend previous research 
in this area. In contrast to previous studies, we expanded the cohort size 
to include 177 urine samples, thereby enhancing the statistical power of 
our findings. Furthermore, while previous studies [30–36] primarily 
used chemometric methods, exploratory analyses, and some ML, we 
implemented more complementary ML classifiers, including RF, SVM, 
k-nearest neighbors (k-NN), and extreme gradient boosting (XGBoost). 
This comprehensive comparison allowed us to identify which algorithms 
most reliably distinguish BC cases from controls and to develop a 
consensus panel of VOCs that maintained high predictive performance 
across models. We employed HS-SPME/GC-MS to generate a 
high-dimensional profile of urinary VOCs and volatile carbonyl com
pounds (VCCs) - a subclass of VOCs including aldehydes and ketones. 
These complex data were then subjected to an ML workflow to identify a 
concise panel of urinary biomarkers that consistently deliver high pre
dictive performance across models. By integrating robust analytical 
chemistry with a comprehensive ML framework, this work aims to yield 
a non-invasive biomarker panel capable of early BC detection.

2. Materials and methods

2.1. Chemicals

4-Methyl-2-pentanone (≥99 %), nonanal (95 %), 2-ethyl-1-hexanol 
(≥99.6 %), 2,5-dimethylbenzaldehyde (99 %), hexanal (98 %), p- 
cresol (≥99 %), m-cresol (≥99 %), o-cresol (≥99 %), and O-(2,3,4,5,6- 
pentafluorobenzyl)-hydroxylamine hydrochloride (PFBHA) (≥99 %) 
were purchased from Merck (Darmstadt, Germany). 4-Heptanone (≥97 
%), cyclohexanone (≥99 %), benzaldehyde (≥99.5 %), methylglyoxal 
(40 %, aqueous solution), and formaldehyde (37 %, aqueous solution) 
were purchased from Sigma-Aldrich (Madrid, Spain). Glyoxal (40 %, 
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aqueous solution), and acetaldehyde (≥99.5 %) were purchased from 
Fluka (Madrid, Spain). Acetone (≥99.7 %) was purchased from Labor
Spirit (Loures, Portugal). Sodium chloride was purchased from VWR 
(Leuven, Belgium).

2.2. Subject recruitment and urine collection

Volunteers for this study were recruited at the Portuguese Institute of 
Oncology of Porto (IPO Porto) and the Faculty of Pharmacy of the 
University of Porto. This study received approval from the Ethics 
Committee of IPO Porto (CES 82/022) and the Ethics Committee of the 
Faculty of Pharmacy of the University of Porto (CEFFUP). Urine samples 
from 177 individuals were collected in the morning (without fasting), 
including 87 patients diagnosed with BC and 90 cancer-free individuals 
(control group). All individuals signed an informed consent before 
entering the study. The control group consisted of individuals without a 
diagnosis of cancer but with age-related comorbidities (e.g., hyperten
sion, diabetes, hypercholesterolemia). Data on the smoking habits of 
both groups were collected. Urine samples were matched between the 
BC and control groups for age and sex. BC and control groups were 
randomly divided into two different sets: a training set consisting of 70 
% of the samples (n = 61 BC, and n = 63 controls), and a validation set 
consisting of 30 % of the samples (n = 26 BC, and n = 27 controls). 
Demographic and clinical data of BC patients and controls are shown in 
Table 1.

A total of 156 urine samples were initially collected and processed 
according to an ultracentrifugation protocol [37]. Urine was collected in 
sterile 120 mL polypropylene containers and immediately transferred 
into 50 mL Falcon tubes for an initial centrifugation at 3700×g for 20 
min at 4 ◦C. The resulting pellets were discarded, and the supernatants 
were aliquoted into 2 mL Eppendorf tubes and kept at − 80 ◦C. For ul
tracentrifugation processing, these supernatants were further centri
fuged at 3000×g for 15 min at 4 ◦C, filtered through 0.22 μm PVDF 
membrane filters (Millipore, MA, USA), and ultracentrifuged at 200, 
000×g for 48 min at 10 ◦C. The final supernatants were aliquoted into 2 
mL Eppendorf tubes and stored at − 80 ◦C until analysis. To expand the 
cohort size, an additional 21 urine samples (n = 4 controls and n = 17 
BC), which had been processed using a standard centrifugation protocol 
(3700×g, 20 min, 4 ◦C), were also included.

2.3. Sample preparation

Urine samples were prepared according to two protocols previously 
optimized [30,38]. Urine samples were thawed at room temperature. 
One of the protocols involved the analysis of VOCs, by adding 0.54 g of 
NaCl to 2 mL of urine in a 10 mL glass vial. A second protocol focusing on 
the analysis of VCCs was also carried out, requiring prior derivatization 
of the carbonyl groups. In this procedure, 7.5 μL of O-(2,3,4,5,6-penta
fluorobenzyl) hydroxylamine hydrochloride (PFBHA) (40 g/L solution) 
was added to 250 μL of urine in a 10 mL glass vial. VOCs and VCCs were 
extracted from urine samples by HS-SPME using conditions previously 
established in our laboratory [30,38,39]. For VOCs, each urine sample 
was first incubated for 11 min at 44 ◦C with continuous stirring (250 
rpm) in a Combi-PAL autosampler (Varian Pal Autosampler, Zwingen, 
Switzerland). Then, the compounds were extracted from the headspace 
for 30 min (44 ◦C, 250 rpm) using a divinylbenzene/carbox
en/polydimethylsiloxane (DVB/CAR/PDMS) fibre (Supelco Inc., Belle
fonte, PA, USA), and thermally desorbed into the GC system for 4 min at 
250 ◦C. In the VCCs protocol, each sample was incubated for 6 min at 
62 ◦C with continuous stirring (250 rpm) in a Bruker CTC PAL-xt 
autosampler (Bruker Daltonics, Bremen, Germany). Derivatized mole
cules were then extracted from the headspace for 51 min (62 ◦C, 250 
rpm) using a polydimethylsiloxane/divinylbenzene (PDMS/DVB) fibre 
(Supelco Inc., Bellefonte, PA, USA). The thermal desorption of VCCs into 
the GC injector was carried out for 5 min at 250 ◦C. Samples were 
injected randomly for both methods, and quality control (QC) samples 
were consistently injected after every ten samples.

2.4. GC-MS analysis and metabolite identification

A SCION single quadrupole (SQ) mass spectrometer (Bruker Dal
tonics, Bremen, Germany) coupled to a 436-GC model was used for VOC 
analysis. The GC system was equipped with a fused silica capillary col
umn (Rxi-5Sil MS, 30 m × 0.25 mm internal diameter × 0.25 μm; Restek 
Corporation, U.S., Bellefonte, PA, USA) and high purity helium C-60 
(Gasin, Porto, Portugal) as a carrier gas, operating at a constant flow rate 
of 1.0 mL/min. The oven temperature was programmed at 40 ◦C for 1 
min, increased at 5.0 ◦C/min to 250 ◦C where it was held for 5 min, and 
then increased at 5.0 ◦C/min to 300 ◦C. The transfer line, ion source, and 
manifold temperatures were maintained at 250, 260, and 41 ◦C, 
respectively. The SQ-MS was operated in electron impact (EI) mode (70 
eV). Data acquisition was performed in full scan mode from m/z 40 to 
400 with a scan time of 500 ms. A 436-GC model coupled to an EVOQ 
triple quadrupole (TQ) mass spectrometer (Bruker Daltonics, Bremen, 
Germany) was used for VCC analysis. The column and the carrier gas 
were the same as described in the VOC analysis. The oven temperature 
was programmed at 40 ◦C for 1 min, increased at 5.0 ◦C/min to 250 ◦C 
where it was held for 5 min, and then increased at 20.0 ◦C/min to 
300 ◦C. The transfer line, ion source, and manifold temperatures were 
maintained at 260, 270, and 41 ◦C, respectively. The TQ-MS was oper
ated in EI mode (70 eV), and data acquisition was performed in full scan 
mode from m/z 35 to 600 with a scan time of 250 ms. The software used 
in both instruments was a Bruker Daltonics MS workstation (version 
8.2.1, Bruker Daltonics, Bremen, Germany).

Metabolites were identified by comparing the mass spectra and 
retention indices (RI) of the chromatographic peaks in urine samples 
with those obtained from the National Institute of Standards and 
Technology (NIST) standard reference database (version 14, Gaithers
burg, MD, USA). A tolerance of ±20 was defined to accept the difference 
between the experimental and theoretical RI from NIST, and a minimum 
reverse match of 750 was considered. Identification was further verified 
by analysis of commercial standard compounds under the same condi
tions. This procedure allowed for the establishment of confidence levels 
in metabolite identification, as recommended for metabolomic studies 
[40,41].

Table 1 
Demographic and clinical data of cancer-free controls and BC patients.

Group Cancer-free controls BC patients

Training set Validation set Training set Validation set

Number of 
samples (F/M)

63 (17/46) 27 (7/20) 61 (18/43) 26 (7/19)

Age range 
(years)

45–90 45–90 42–87 43–86

Mean age ± SD 
(years)

62.5 ± 11.6 63.8 ± 12.4 66.7 ± 9.9 66.4 ± 11.9

Smoking habits
Current smoker 7 2 32 13
Former smoker 9 7 8 2
Never smoker 21 8 5 4
Unknown 26 10 16 7
Stage and grade
NMIBC Ta – – 25 10

T1 – – 14 10
MIBC T2 – – 10 2

T3 – – 8 2
T4 – – 4 2

LG – – 16 7
HG – – 44 14
Unknown grade – – 1 5

BC bladder cancer, F female, M male, SD standard deviation, NMIBC non-muscle 
invasive bladder cancer, MIBC muscle-invasive bladder cancer, LG low-grade, 
HG high-grade.
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2.5. Statistical analysis

2.5.1. Data pre-processing
After converting the GC-MS raw data files from VOCs and VCCs to 

netCDF format, they were imported into PARADISe (v.6.0.1) software 
[42]. Data pre-processing comprised all steps performed to transform 
the raw chromatographic data into clean, structured datasets ready for 
statistical analysis. The first pre-processing step involved automated 
data alignment, essential for managing complex and large datasets, 
particularly when significant shifts occur during interval selection. Once 
alignment was complete, the next phase entailed manually selecting 
retention time intervals for each peak or co-eluted peak, allowing for 
precise individual modelling. This was succeeded by PARAFAC2 
modelling and fitting, which deconvoluted the peaks and facilitated the 
putative identification of compounds by matching mass spectra of the 
PARAFAC2 components with the NIST mass spectral library. Ultimately, 
a comprehensive report was generated, exporting a final matrix that 
detailed the peak areas of the selected components. The exported 
PARADISe matrices included a report detailing the peak integration 
(peak areas) for all the exported peaks from each sample, along with 
information on the intervals and models, as well as the most suitable 
chemical identification based on the NIST match factor (the highest 
match factor). Another sheet also provides the m/z spectra for each 
exported peak [42].

During the selection step in PARADISe, artifact peaks originating 
from the fibre and the chromatographic column, such as siloxanes and 
cyclosiloxanes, were sistematically excluded. These were recognized 
based on mass spectra exhibiting characteristic fragment ions (m/z 73, 
147, 207, 281), high match factors with siloxane-based compounds in 
the NIST library, and their consistent presence in blanks and QC samples 
at comparable or higher abundance than in urine samples. Finally, the 
data were normalized to the total signal area to ensure comparability 
across samples. Among the 90 compounds identified using both pro
tocols (comprising 64 VOCs and 26 VCCs), ten were detected in both 
VOC and VCC chromatograms, resulting in duplicates. For each dupli
cate compound, the entry with the lower relative standard deviation 
(RSD, calculated from the QC samples as the standard deviation of the 
peak area divided by the mean peak area, and expressed as a percentage) 
and higher signal-to-noise ratio (S/N, calculated as the peak height 
divided by the baseline noise level) was retained. This refinement yiel
ded a final set of 80 unique compounds for analysis. Of these, 46 com
pounds with an S/N below 10 were excluded, reducing the dataset to 34 
compounds. Additionally, seven compounds known to originate from 
exogenous sources were removed, yielding two final matrices: one 
containing 14 VOCs and the other 13 VCCs. These normalized matrices 
were then auto-scaled before multivariate analysis.

2.5.2. Data processing
Data processing encompassed the analytical and statistical proced

ures performed on the pre-processed datasets to build predictive models 
and evaluate performance. First, the reproducibility of both analytical 
protocols was assessed by principal component analysis (PCA) in 
MetaboAnalyst 6.0 [43] using all samples (n = 90 BC, n = 87 cancer-free 
controls) and their respective QCs (n = 15 for VOCs; n = 14 for VCCs) 
(Fig S-1). Upon confirming reproducibility, the normalized VOC and 
VCC matrices were concatenated, resulting in a single dataset 
comprising 27 compounds.

The dataset was divided into training (70 %) and validation (30 %) 
sets. To ensure balanced representation of the target classes, we matched 
participants based on age and sex. To develop a robust and generalizable 
model capable of accurately identifying patterns and relationships in the 
data between BC and cancer-free controls, five different ML algorithms 
were implemented, including SVM, RF, PLS-DA, k-nearest neighbors (k- 
NN), and extreme gradient boosting (XGBoost). ML analyses were per
formed using Python software (https://www.python.org/), with li
braries such as pandas [44], numpy [45], scikit-learn [46] and xgboost 

[47], with visualization supported by matplotlib [48] and seaborn [49]. 
All ML algorithms were implemented in Python. Hyperparameter opti
mization for each model was first performed on the training set using 
Grid Search [46] within a 3-fold cross-validation framework. This 
combined approach made the tuning of model parameters more reliable 
and reduced the risk of overfitting to a specific training or validation set, 
helping to create a model that performs well on new, unseen data. Next, 
the ML models were applied to the individual compounds that were 
shown to have the highest feature importance rank for discriminating 
between BC patients and cancer-free individuals. This ranking process 
allowed us to identify a biomarker panel with the highest discriminatory 
power by selecting the SelectKBest [50] ANOVA F-test (features with the 
highest importance scores). Following training set, the performance of 
the established panel was evaluated using an independent validation set, 
allowing for a comparative assessment of outcomes across multiple ML 
algorithms. Classification performance was assessed by calculating 
sensitivity as the number of true positives divided by the sum of true 
positives and false negatives, specificity as the number of true negatives 
divided by the sum of true negatives and false positives, and accuracy as 
the sum of true positives and true negatives divided by the total number 
of samples. Performance metrics also included the area under the curve 
(AUC) from ROC analysis, for both the training and validation sets to 
comprehensively assess and compare the predictive abilities of the 
models. Finally, univariate analysis was performed on the 
biomarker-panel metabolites using the unpaired Mann-Whitney test 
(statistical significance, p-value <0.05) in GraphPad Prism (version 
8.0.2, San Diego, CA, USA), and boxplots were also generated to visually 
display the distribution of these compounds in the BC group versus the 
control group.

3. Results

This study evaluated the potential of urinary volatile profiles to 
distinguish between patients with BC (n = 87) and cancer-free controls 
(n = 90). The cohort consisted of 62 male and 25 female BC patients, 
reflecting the higher prevalence of BC among men. Most BC patients 
were current smokers (n = 45), in contrast to cancer-free individuals 
(only 9 were current smokers). Notably, most cancer-free individuals 
had never smoked (n = 29). Regarding BC stage, most patients were 
diagnosed with non-muscle invasive bladder cancer (NMIBC) (n = 59), 
while a smaller number were diagnosed with more advanced stages of 
muscle-invasive BC, specifically stages T3 (n = 10) and T4 (n = 6). As for 
grade, most BC patients received a diagnosis of high-grade BC (n = 58), 
compared to those diagnosed with low-grade BC (n = 23). Most of the 
compounds identified belonged to the classes of ketones (n = 13) and 
aldehydes (n = 11). The remaining compounds (n = 3) were a short fatty 
alcohol, phenol, and fatty acid. Further details regarding retention time 
(RT), the most abundant ions (m/z), experimental and theoretical 
retention indices (RI), R-match, CAS number, RSD based on repeated 
analysis of QC samples, and the identification level are provided in 
Supplementary Table S-1.

3.1. ML methods for BC detection

To verify the analytical reproducibility, a PCA was performed for 
VOCs and VCCs using the QC samples and all samples under study, as 
illustrated in Fig S-1. The clustering of the QC samples indicated a good 
reproducibility of the analytical methodology.

The dataset comprising the 27 identified volatile metabolites (all 
features) was used to train and evaluate several ML algorithms – namely 
RF, k-NN, SVM, PLS-DA, and XGBoost – to discriminate between BC and 
control samples. For each algorithm, performance metrics were derived 
using the entire dataset with all features. Feature importance rankings 
were generated for all the models, allowing the identification of the 
subset of compounds with higher importance for discrimination. 
Confusion matrices were generated for each model to evaluate their 
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diagnostic performance, providing insight into sensitivity, specificity, 
and overall classification accuracy. These metrics are summarized in 
Table 2, which details the comparative performance of the five 
algorithms.

For each algorithm, three sets of metrics are presented: performance 
using all 27 features on the training set, performance of the optimized 
model applied to the training set, and performance of the optimized 
model on the independent validation set. When using all features, the RF 
model yielded the best predictive performance, achieving a sensitivity, 
specificity, and accuracy of 85 %, with an AUC of 0.913 (Table 2). 
XGBoost achieved identical values for sensitivity, specificity and accu
racy but reported a lower AUC. The SVM and PLS-DA models demon
strated comparable performance, with a sensitivity of 85 %, a specificity 
of 77 %, and an accuracy of 81 %, with AUCs of 0.811 and 0.830, 
respectively. In contrast, the k-NN algorithm exhibited the lowest per
formance among the ML algorithms, with a sensitivity of 78 %, a spec
ificity of 65 %, an accuracy of 72 %, with an AUC of 0.716. After feature 
selection and hyperparameter optimization, each algorithm’s best- 
performing model was identified and re-evaluated on the training set. 
All algorithms improved under this approach. XGBoost exhibited perfect 
performance on the training data, which may indicate a tendency to
ward overfitting. Validation set results revealed the practical perfor
mance of each model. Given the higher AUC and overall performance 
metrics, the RF algorithm remained the top-performing approach with a 
sensitivity of 89 %, specificity of 92 %, accuracy of 91 %, and an AUC of 
0.872. SVM and PLS-DA yielded similar AUCs (0.830), with SVM 
showing slightly better balance between sensitivity and specificity. K- 
NN maintained low performance on validation, consistent with its re
sults using all features. This RF model demonstrated the most robust 
performance, showing strong accuracy not only on the training data but 
also when applied to independent test data, indicating good generaliz
ability. This model also allowed the identification of an eight-biomarker 
panel including three ketones (4-methyl-2-heptanone, 4-methyl-2-pen
tanone, and acetone), three aldehydes (nonanal, hexanal, and 2,5-dime
thylbenzaldehyde), one short fatty alcohol (2-ethyl-1-hexanol), and one 
phenol compound (p-cresol). Seven of the eight selected biomarkers 
were present in higher levels in BC samples compared to cancer-free 
controls, while one biomarker was present in lower levels (Fig S-2). 
The variation values reported for each compound represent univariate 
measures of variance, reflecting the differences in metabolite levels 
between BC and control groups and the measurement uncertainty 
associated with each metabolite. These variations differ across com
pounds depending on how distinctly their relative abundance separate 
the two groups. By contrast, the feature importance scores were derived 
using the SelectKBest method with ANOVA F-test rankings within the RF 
model, indicating each compound’s contribution to the overall classifi
cation performance when considered as part of the combined biomarker 
panel. Consequently, metabolites showing high univariate variation 
may not necessarily contribute strongly to group discrimination if their 
differences lack consistency or specificity, whereas others with moder
ate variation may achieve higher importance by exerting a synergistic 
effect within the multivariate model. The focus of this study was 
therefore to establish a biomarker panel that collectively yields the 

highest performance for early BC detection, rather than relying solely on 
individual metabolite variation. The ROC curve, confusion matrix, and 
feature importance using the SelectKBest method based on ANOVA F- 
test scores for the RF model are presented in Fig. 1, while corresponding 
results for the other algorithms are provided in Fig S-3. Table 3 presents 
the eight biomarker-panel metabolites estimated by the RF model, along 
with their respective feature importance scores. Additionally, Supple
mentary Table S-1 provides a comprehensive list of the 27 volatile me
tabolites that were identified and used in the ML analysis.

4. Discussion

In this study, we defined an eight-biomarker panel of urinary VOCs 
that demonstrated potential for BC detection. Among the candidate 
biomarkers identified in this study, seven compounds depicted higher 
levels in the urine of BC patients compared to cancer-free controls (4- 
methyl-2-heptanone, 4-methyl-2-pentanone, nonanal, 2-ethyl-1-hexa
nol, 2,5-dimethylbenzaldehyde, hexanal, and p-cresol). Conversely, 
one compound (acetone) was found to be present in lower levels. Among 
the eight compounds in the biomarker panel, six (4-methyl-2-heptanone 
[36], nonanal [31,36], hexanal [30,34], 2-ethyl-1-hexanol [31], 2, 
5-dimethylbenzaldehyde [35], and p-cresol [30]) had been previously 
reported to vary significantly between BC and controls, whereas two 
compounds - acetone and 4-methyl-2-pentanone – were not previously 
associated with BC.

The eight-biomarker panel includes three aldehydes, namely nona
nal, 2,5-dimethylbenzaldehyde, and hexanal. Nonanal has been associ
ated with BC [31,36] as well as with other cancer types, such as renal 
cell carcinoma (RCC) [52] and head and neck squamous cell carcinoma 
[53]. In the context of BC, nonanal has been identified as a potential 
biomarker in the study by Tyagi et al. [36] (no tendency specified). 
However, another study reported decreased levels of nonanal in BC [31], 
in contrast to our findings, where higher levels of nonanal were observed 
in urine of BC patients in comparison with controls. Elevated levels of 
nonanal have also been detected in the urine of RCC and head and neck 
squamous cell carcinoma patients compared to control groups. In the 
study by Wang et al. [52], the increased presence of nonanal and other 
aldehydes in RCC patients suggested that oxidative stress may 
contribute to the production of these compounds. Likewise, Opitz et al. 
[53] demonstrated that aldehydes, such as nonanal, are byproducts from 
lipid peroxidation of unsaturated fatty acids, a process closely linked to 
oxidative stress. This stress may result from an imbalance between free 
oxygen radicals and antioxidants, leading to the overproduction of 
reactive oxygen species (ROS), which play a critical role in various 
pathological processes, including carcinogenesis.

In our study, we observed that 2,5-dimethylbenzaldehyde was pre
sent in higher levels in the urine of BC patients compared with controls, 
which aligns with the findings of Ligor et al. [35] Similarly, Lima et al. 
[38] reported the presence of higher levels of this compound in the urine 
of prostate cancer (PCa) patients in comparison with controls.

Hexanal has been widely associated with various cancer types, such 
as pancreatic ductal adenocarcinoma [54], BC [30,34], head and neck 
squamous cell carcinoma [53], lung cancer [55–58], and colorectal, 

Table 2 
Performance of ML models used for BC detection based on the training set using all features, the best model on the training set, and the best model on the validation set.

Algorithm All 27 features (Training set) Best model (Training set) Best model (Validation set)

AUC Sens. Spec. Accu. AUC Sens. Spec. Accu. AUC Sens. Spec. Accu.

RF* 0.913 85 85 85 0.960 95 97 96 0.872 (8 features) 89 92 91
XGBoost 0.849 85 85 85 1 1 1 100 0.849 (27 features) 85 85 85
SVM* 0.811 85 77 81 0.900 89 79 84 0.830 (5 features) 85 81 83
PLS-DA* 0.830 85 77 81 0.914 94 75 85 0.830 (27 or 12 features) 85 77 81
k-NN 0.716 78 65 72 0.968 97 87 92 0.716 (5 features) 78 65 72

Accu. Accuracy, AUC area under the curve, RF random forest, k-NN k-nearest neighbors, PLS-DA partial least squares-discriminant analysis, Sens. Sensitivity, Spec. 
specificity, SVM support vector machine, XGBoost extreme gradient boosting. *with optimization and scaling.
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leukaemia, and lymphoma [59]. Higher levels of hexanal in the urine of 
cancer patients were reported in six studies [34,53,55,57,58,60], while 
lower levels were reported in three studies [30,54,59]. In our study, 
hexanal was found at higher levels in the urine of BC patients compared 
with controls, a finding consistent with the results reported by Cauchi 
et al. [34]. However, this contrasts with another study [30] that re
ported lower levels of hexanal in BC. Several factors may account for 
these differences. One possibility is the variability in the activity of 
aldehyde dehydrogenase (ALDH), the enzyme responsible for converting 
hexanal to its carboxylic acid. An upregulation of ALDH in certain BC 
cases could lead to reduced hexanal levels [30], while decreased ALDH 
activity may result in higher levels of this compound [18]. Furthermore, 
differences in the extent of lipid peroxidation [30] – which reflects 
varying levels of oxidative stress and subsequent membrane degradation 

– could also impact the levels of hexanal produced [18].
The eight-biomarker panel also comprises three ketones, including 4- 

methyl-2-heptanone, 4-methyl-2-pentanone, and acetone. In our study, 
we found that 4-methyl-2-pentanone was present at higher levels in the 
urine of BC patients compared with controls. This compound was pre
viously identified as a potential urinary biomarker of BC in the study of 
Tyagi et al. [36] (no tendency specified). Notably, it has not been 
recognized as a potential biomarker in the urine of patients with other 
cancer types. 4-Methyl-2-heptanone was identified in our study at 
higher levels in the urine of BC patients compared with controls. To the 
best of our knowledge, this is the first time that 4-methyl-2-heptanone is 
shown as a potential BC biomarker. Previously, its higher levels were 
only reported in the urine of patients with head and neck squamous cell 
carcinoma [53]. Regarding acetone, our study found lower levels of this 

Fig. 1. a) ROC curve, b) confusion matrix, and c) feature importance scores of urinary VOCs estimated using an RF model. Input features were preselected using the 
SelectKBest method based on ANOVA F-test scores. The feature importance plot shows all 27 features ranked by importance, with the top eight metabolites 
considered for the biomarker panel.
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compound in the urine of BC patients compared with controls. This 
compound has not been previously associated with BC as a potential 
biomarker. Two studies found increased urinary levels of acetone in 
gastro-esophageal [61] and head and neck squamous cell carcinoma 
[53] patients, whereas another study reported decreased levels in the 
urine of lung cancer patients [55]. Higher levels of acetone may reflect 
the underlying cancer status or physiological adaptations, such as 
malnutrition, that shift metabolism towards ketogenic processes [61]. In 
the human body, acetone is primarily produced through the decarbox
ylation of acetoacetate, a ketone body generated during lipolysis and the 
catabolism of ketogenic amino acids. In cancer, metabolic reprogram
ming – such as the Warburg effect – leads to increased glycolysis and 
reduced reliance on the Krebs cycle, resulting in the accumulation of 
excess acetyl coenzyme A [18]. This surplus is diverted toward keto
genesis in the liver, enhancing the production of ketone bodies, 
including acetone. As a result, elevated levels may be observed in cancer 
patients, reflecting the metabolic shifts associated with tumour pro
gression [18]. However, if ketogenesis is downregulated, due to suffi
cient glucose availability or impaired fatty acid oxidation, less acetone is 
generated. Also, acetone can be further metabolized by enzymes such as 
CYP2E1 into acetol, resulting in its lower levels [18].

The remaining two compounds in the eight-biomarker panel belong 
to the fatty alcohol and phenol classes, namely 2-ethyl-1-hexanol and p- 
cresol, respectively. In our study, 2-ethyl-1-hexanol was present at 
higher levels in the urine of BC patients compared with controls. Inter
estingly, elevated levels of 2-ethyl-1-hexanol have also been observed in 
patients with lung [62] and breast [63] cancers, however reduced levels 
have been reported not only in BC [31] but also in two studies involving 
PCa [64,65]. In the study by Liu et al. [65] decreased levels of this 
compound were found in PCa patients, leading the authors to suggest 
that lower levels of 2-ethyl-1-hexanol may impair PCa cell apoptosis, 
potentially facilitating the progression of the disease. In cases where 
increased levels of 2-ethyl-1-hexanol are observed, the findings suggest a 
metabolic shift characterized by enhanced conversion of hydrocarbons 
into fatty alcohols [18,66]. This process is mediated by ADH and cyto
chrome P450 enzymes, both of which play a crucial role in metabolizing 
aldehydes and ketones derived from hydrocarbons [18]. Therefore, the 
elevated levels of 2-ethyl-1-hexanol likely reflect a response to increased 
oxidative stress and altered enzymatic activity in cancer cells [67].

p-Cresol has been found in our study at higher levels in the urine of 
BC patients compared with controls. Similarly, this trend has been re
ported in several studies involving different types of cancer, such as BC 
[30], lung [55], breast [66,68], colon [68], colorectal, leukaemia, and 
lymphoma [59]. In fact, p-cresol has been found altered in the urine of 
cancer patients with the same tendency (increased) throughout studies. 
p-Cresol is primarily produced by the gut microbiota through the 
fermentation of aromatic amino acids, namely tyrosine and phenylala
nine [69]. Once synthesized, it undergoes hepatic conjugation via 

sulphation and glucuronidation, facilitating its excretion primarily 
through urine [69]. This increase may reflect alterations in gut microbial 
composition associated with BC, potentially leading to enhanced pro
duction of p-cresol. Notably, p-cresol has been implicated in promoting 
cancer cell migration and invasion via activation of Ras and mTOR 
signalling pathways, suggesting that elevated urinary p-cresol levels 
may not only serve as a biomarker but also contribute to tumour pro
gression [70].

The incorporation of VOCs into specific biochemical pathways is a 
highly challenging process due to the considerable diversity of VOCs, 
their multiple potential sources, and the inherent complexity of meta
bolic networks. These factors result in insufficient data for meaningful 
pathway enrichment analysis and make it difficult to establish clear 
associations. Additionally, individual metabolic variability, environ
mental influences, and intricate biological interactions further hinder 
this association [18]. Moreover, the participation of VOCs in metabolic 
pathways remains difficult to elucidate due to their limited exploration 
in current research [18].

Regarding the performance of our eight-biomarker panel, it was 
compared to traditional methods and three FDA-approved urinary 
biomarker tests for the detection of BC. Our panel demonstrated superior 
performance in this regard. Specifically, it achieved a sensitivity of 89 %, 
which is higher than that of all standard and FDA-approved tests (see 
Table 4). In terms of specificity, our panel reached 92 %, a value that 
was only exceeded by urine cytology, which reported a specificity of 93 
%.

One limitation of our study is the small number of samples available 
for each disease stage and grade (Table 1), which prevented the use of 
ML algorithms. As a result, robust comparisons between these subgroups 
and the control group could not be performed. Another limitation was 
the imbalance in smoking status within the control group, with a small 
number of current smokers (n = 9) compared to individuals who never 
smoked (n = 29), which may have limited the ability to explore the 
influence of smoking on urinary VOC profiles. Nevertheless, our findings 
demonstrated that BC patients and cancer-free individuals exhibit 

Table 3 
List of the eight metabolites selected for the biomarker panel by the RF model, along with their respective feature importance scores.

Compound namea Effect size ± ESSE
b Variation ± uncertainty (%) Feature importancec Down- or upregulated

4-Methyl-2-heptanone (4-methylheptan-2-one) d, g 1.53 ± 0.34 188.9 ± 10.8 78.7 ↑
4-Methyl-2-pentanone (4-methylpentan-2-one) d, f 0.76 ± 0.31 51.7 ± 9.1 16.9 ↑
Acetone (propan-2-one) d, f − 0.53 ± 0.30 − 26.3 ± 9.4 9.8 ↓
Nonanal d, f 0.51 ± 0.30 166.4 ± 30.2 8.4 ↑
2-Ethyl-1-hexanol (2-ethylhexan-1-ol) d, f 0.50 ± 0.30 81.8 ± 19.9 7.9 ↑
2,5-Dimethylbenzaldehyde e, f 0.43 ± 0.30 60.1 ± 18.0 7.5 ↑
Hexanal d, f 0.34 ± 0.30 28.4 ± 12.2 6.4 ↑
p-Cresol (4-methylphenol) d, f 0.42 ± 0.30 385.9 ± 53.5 6.1 ↑

a Common metabolite name (IUPAC name).
b Effect size ± ESSE (effect size standard error) determined as described in the reference [51].
c Feature importance based on SelectKbest f-test.
d e Compounds detected through VOCs and VCCs analytical methods, respectively.
f Identified metabolites (confirmed using a chemical reference standard).
g Putatively annotated compounds (spectral MS similarity with the NIST database).

Table 4 
Performance of standard diagnostic tests, FDA-approved tests, and the set of 
eight-biomarkers for BC detection.

Test Sensitivity (%) Specificity (%)

Cystoscopy 75 [3] 74 [3]
Urine cytology 37 [5] 95 [5]
UroVysion (FISH) 63 [2] 87 [2]
NMP22 (ELISA) 69 [2] 77 [2]
NMP22 BladderCheck (POC) 58 [2] 88 [2]
Eight-biomarker panela 89 92

ELISA enzyme-linked immunosorbent assay, FISH fluorescence in situ hybridi
zation, NMP22 nuclear matrix protein 22, POC point-of-care.

a Performance achieved by the RF model on the validation set.
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distinct urinary volatile profiles. By applying different ML algorithms, 
we identified a panel of eight compounds that, when combined, ach
ieved high performance for BC detection with a sensitivity of 89 %, a 
specificity of 92 %, and an accuracy of 91 %. Importantly, establishing a 
panel of compounds, rather than relying on a single biomarker, is crucial 
because individual compounds may not show the ability to discriminate 
cancer patients from cancer-free individuals when assessed alone. In 
contrast, the combination of multiple compounds can enhance detection 
performance and provide a more robust BC detection signature. These 
results underscore that VOC profiling through metabolomics offers a 
promising, non-invasive approach for early BC detection by analysing 
specific compounds in urine. However, to translate this eight-biomarker 
into clinical practice, further work is needed to establish robust quan
tification and standardization. Key steps include: 1) accurate quantifi
cation of the volatile compounds in the panel to obtain detailed 
concentration data that distinguish BC from control samples, using one 
or more internal standards to control for variability in sample prepara
tion, extraction, and instrument performance over time, providing 
consistent results regardless of the laboratory performing the analysis; 
2) algorithm development using these quantitative data to classify 
samples based on the concentration of each metabolite; and 3) valida
tion of the quantification method and the algorithm in a large and in
dependent cohort. These steps are crucial for ensuring the clinical 
applicability of the eight-biomarker panel.
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trap microextraction combined with chromatographic and statistical data to 
discriminate different types of cancer based on urinary volatomic biosignature, 
Anal. Chim. Acta 1023 (2018) 53–63, https://doi.org/10.1016/j.aca.2018.04.027.

[69] X. Chen, F. Xiang, X. Cao, J. Zou, B. Zhang, X. Ding, Effects of p-cresol, a uremic 
toxin, on cancer cells, Transl. Cancer Res. 12 (2023) 367–374, https://doi.org/ 
10.21037/tcr-22-2042.

[70] Y.H. Hsu, H.P. Huang, H.R. Chang, The uremic toxin p-cresol promotes the 
invasion and migration on carcinoma cells via ras and mTOR signaling, Toxicol. 
Vitro 58 (2019) 126–131, https://doi.org/10.1016/j.tiv.2019.03.029.
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