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Abstract: Prostate cancer (PCa) is the second leading cause of cancer-related death in American men after lung
cancer. The current PCa diagnostic method, the serum prostate-specific antigen (PSA) test, is not specific, thus, al-
ternatives are needed to avoid unnecessary biopsies and over-diagnosis of clinically insignificant PCa. To explore the
application of metabolomics in such effort, urine samples were collected from 386 male adults aged 44-93 years,
including 247 patients with biopsy-proven PCa and 139 with biopsy-proven negative results. The PCa-positive group
was further subdivided into two groups: low-grade (ISUP Grade Group = 1; n = 139) and intermediate/high-grade
(ISUP Grade Group = 2; n = 108). Volatile organic compounds (VOCs) in urine were extracted by stir bar sorptive
extraction (SBSE) and analyzed using thermal desorption with gas chromatography and mass spectrometry (GC-
MS). We used machine learning tools to develop and evaluate models for PCa diagnosis and prognosis. In total,
22,538 VOCs were identified in the urine samples. With regularized logistic regression, our model for PCa diagnosis
yielded an area under the curve (AUC) of 0.99 and 0.88 for the training and testing sets respectively. Furthermore,
the model for differentiating between low-grade and intermediate/high-grade PCa yielded an average AUC of 0.78
based on a repeated test-sample approach for cross-validation. These novel methods using urinary VOCs and logis-
tic regression were developed to fill gaps in PCa screening and assessment of PCa grades prior to biopsy. Our study
findings provide a promising alternative or adjunct to current PCa screening and diagnostic methods to better target
patients for biopsy and mitigate the challenges associated with over-diagnosis and over-treatment of PCa.

Keywords: Prostate cancer, diagnostic model, VOCs, GC-MS, stir-bar supportive extraction, urinary biomarkers, risk
stratification, chemometrics, logistic regression, multivariate analysis

Introduction 3-5 years after diagnosis. All men are at risk of
developing prostate cancer, and age is the
strongest predictive risk factor, with the risk

increasing significantly with age. Additionally,

Prostate cancer (PCa) is a complex and hetero-
geneous disease that varies from small indo-

lent low-grade tumors to large aggressive life-
threatening tumors [1, 2]. Currently, PCa is the
most common non-cutaneous cancer and has
the second highest cancer-related death rate
after lung cancer among males in the United
States, accounting for nearly 11% of all cancer-
related deaths caused by cancer in men [1, 3].
Disease recurrence may result in metastasis,
with an average survival rate of approximately

risk factors, including family history, race, germ-
line mutations, diet, physical activities, and
exposure to chemicals, also contribute to the
development of the disease [4, 5].

Prostate cancer is predominantly detected
based on elevated or rising levels of serum
prostate-specific antigen (PSA), a glycoprotein
primarily expressed in prostate tissue [6], fol-
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lowed by multiparametric magnetic resonance
imaging (mpMRI) and/or tissue prostate biopsy,
which is the standard of care to verify the pres-
ence of cancer. However, elevated PSA levels
are not specific to PCa, as PSA can also be ele-
vated due to prostate infection, inflammation,
benign prostatic hyperplasia (BPH), or recent
ejaculation. Thus, PSA is not a reliable, ade-
quately sensitive, or specific biomarker for
prostate cancer screening. In view of this, PSA
values derived from PSA screening have re-
mained controversial due to concerns about
the risk of overdiagnosis and the resulting
overtreatment of low-risk PCa, which may over-
shadow the mortality reduction resulting from
screening for high-risk PCa [7].

The Gleason grading system refers to how
abnormal prostate cancer cells look and how
likely it would probably advance and spread
over time. A lower Gleason grade means that
the cancer is slower growing and not aggres-
sive, whereas higher numbers indicate faster-
growing cancer that is more likely to spread. In
the current PCa Gleason Grade Group categori-
zation, Grade Group X (GGX) had a Gleason
score lower than 6 (no cancer), while Grade
Group 1 (GG1) had a Gleason score of 6. Grade
Groups 2 (GG2) and 3 (GG3) had a Gleason
score of 7 (3 + 4) or (4 + 3), respectively.
Furthermore, GG4 has a Gleason score of 8,
while GG5 has a Gleason score of 9 or 10 [8].
Patients with low-grade PCa are typically low-
risk, and most patients diagnosed with low-risk
PCa are recommended for active surveillance
or observation instead of active PCa treatment.
However, some patients with low-risk PCa still
decide to pursue active treatment instead of
surveillance because they have too much anxi-
ety about the diagnosis of untreated “cancer”
and/or because they do not want to continue
repeating invasive testing as active surveil-
lance, which is a cause of concern for over-
treatment. Therefore, a non-invasive method
of identifying patients with intermediate/high-
grade PCa would be of great clinical value to
help decrease the unintended harm associated
with over-treatment and over-diagnosis of low-
risk PCa. Furthermore, a non-invasive method
of differentiating between low-grade PCa and
intermediate/high-grade PCa could be of great
clinical value for patients with low-grade PCa
undergoing active surveillance to optimize their
further work-up and intervention to minimize
unnecessary invasive testing and treatment.
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The field of metabolomics has emerged as an
evidence-based method for early disease diag-
nosis, therapy monitoring, and understanding
the pathogenesis of many diseases. Metabolo-
mics studies small biomolecules, i.e., metabo-
lites, in urine, blood, tissue, and other body flu-
ids in biological systems. It combines analytical
technique and multivariate data analysis to
identify and quantify significant metabolites
that are involved in different metabolic path-
ways in living organisms. The resulting data
provide insights into a biological system’s cur-
rent biochemical state under the influence of
intrinsic and extrinsic factors such as disease,
dietary and lifestyle choices, drugs, chemical
exposures, and hazardous agents. Mass spec-
trometry-based metabolomics techniques are
the most sensitive for the simultaneous analy-
sis of a large number of compounds [9, 10]. As
the metabolites are considered a read-out of
the physiology and biochemical activity of cells,
metabolomics provides a valuable platform
that can be explored in the identification of
cancer biomarkers and tumorigenesis drivers
in the individual system [11]. This method is a
rapidly expanding approach in translational
research and clinical diagnostics. Furthermore,
metabolomics uses a bottom-up approach in-
volving the comprehensive detection and quan-
titative analysis of all biological system metab-
olites [12-15]. Changes in metabolite concen-
trations, such as volatile organic compounds
(VOCs), in biological fluids are frequently indica-
tive of alterations in individuals’ physiological
state, making them valuable markers in diag-
nosing pathological conditions. The non-inva-
sive procedures of metabolomics for use in dis-
ease detection and monitoring have become
an attractive focus in recent research because
of the possibility of providing rapid, cost-effec-
tive, convenient, and efficient methods for dis-
ease diagnosis and monitoring [16-18].

In a recent discovery, a Belgian Malinois shep-
herd dog was trained to smell odor emanating
from the urine of men for PCa detection. The
study revealed that trained dogs could discrimi-
nate between urine samples from men with
PCa and healthy controls, and achieved a sen-
sitivity and specificity test assessment of 91%
[19]. The working principle behind these find-
ings was that VOCs present in the urine were
detected by the dogs in the urine odor, which
could readily be characterized with the aid of
gas chromatography-mass spectrometry (GC-
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MS) or gas sensors [20-22]. In our previous
study, the performance of VOCs was demon-
strated to have the potential to accurately dis-
tinguish between patients with PCa and PCa
negative [23]. However, there is a need to fur-
ther focus on the identification of patients with
intermediate- or high-grade PCa (ISUP Grade
Group = 2). This could help decrease the risk of
over-diagnosis and over-treatment of patients
with low-grade PCa (ISUP Grade Group = 1).
Additionally, differentiating between low-grade
PCa and intermediate/high-grade PCa could be
used for disease monitoring of patients with
low-risk PCa on active surveillance to deter-
mine the optimal timing for further work-up and
intervention. We hereby present the first study
showing the application of VOCs for the identifi-
cation of patients with PCa, as well as the dif-
ferentiation between patients with low-grade
PCa and intermediate/high-grade PCa.

Material and methods
Chemicals and materials

All chemicals were of analytical grade or higher.
Methanol (LC-MS grade) purchased from
Burdick & Jackson (Muskegon, Michigan, USA)
was used to prepare Mirex (internal standard,
99.0% purity; Dr. Ehrenstorfer GmbH, Augsburg,
Germany) in a 100 mg/L solution. Hydrochloric
acid (37%) was purchased from Sigma-Aldrich
(St. Louis, Missouri, USA). Ultra-pure deionized
water (DI, Milli-Q benchtop Lab water purifica-
tion system, Millipore, Bedford, Massachusetts,
USA) was used to prepare the 2 M HCI solution
and urine samples. Stir bar sorptive extrac-
tion (SBSE) stir bars (Twister®) coated with
polydimethylsiloxane with a film thickness of 10
mm x 1 mm and thermal desorption tubes
(TDT) were purchased from GERSTEL (Mulheim,
Germany). Perfluorotributylamine (PFTBA) was
purchased from Agilent Technologies (CA, USA)
for the mass spectrometer calibration.

Urine samples collection

Ethical approval and sample collection: Inter-
nal Review Board (IRB) approval (University of
Texas at El Paso (UTEP) IRB 836503-9) for
the study was obtained prior to the study.
De-identified urine specimens were obtained
from patients present at the Duke University
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Medical Center, Durham, North Carolina; Ea-
stern Virginia Medical Center, Norfolk, Virginia;
Michael H Annabi Internal Medicine Clinic,
El Paso, Texas, and Massachusetts General
Hospital, Boston, Massachusetts. Only de-
identified information (such as age, race, and
pathology outcomes) will be used to indicate
that the samples came from a participant posi-
tive or negative for PCa.

The subjects used in this study were 386 male
adults aged 44-93 years, and from this, 139 of
them were PCa-negative while 247 were PCa-
positive. Furthermore, the subjects were classi-
fied based on race, with African-Americans
(70), Caucasians (167), Hispanics (142), and
Others (7); details are provided in Table 1.
De-identified specimens were originally obtain-
ed using Internal Review Board (IRB) approved
protocols from patients prior to undergoing
transrectal ultrasound-guided prostate biopsy
for evaluation of elevated PSA or abnormal
digital rectal examination (DRE). Based on the
biopsy results, patients with a positive PCa
diagnosis represented the “PCa positive” ca-
ses, while those with no evidence of PCa on
biopsy were included in the “PCa negative”
group. Patient urine samples and their respec-
tive demographic data were collected.

Inclusion and exclusion criteria: Patients who
did not wish to participate in this study or whose
urinalysis was suspicious of infection were
excluded. Urine dipstick analysis was perfor-
med on all patients recruited for this study to
rule out any infection before office-based tran-
srectal ultrasound-guided biopsy. The patients’
urine samples (5 mL) were collected and stored
at -80°C before the urinary VOC analysis.

In this study, sex is not considered as a biologi-
cal variable because PCa is a male-specific
cancer. A total of 386 urine were initially sorted
into two cohorts based on their biopsy results:
PCa-positive (n = 247) and PCa-negative (n =
139). Patients with biopsy-proven PCa were fur-
ther divided into low-grade PCa (ISUP Gleason
Grade Group 1; n = 139) and intermediate/
high-grade PCa (ISUP Gleason Grade Groups
2-5; n = 108). Clinically, the low-grade group is
typically considered indolent PCa, while the
intermediate/high-grade group is deemed to
be clinically significant. Demographic data
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Table 1. Age and racial distributions of patients of PCa biopsy-proven positive (low-grade and intermediate/high-grade (I/H Grade)) and PCa
biopsy-proven negative subjects

A Summary African-Americans Caucasians Hispanics Others

Age Brack P P . Low- I/H . Low- I/H . Low- I/H . Low- I/H
(Ygeears)a H Tota Neg(a:?ive Pos(i:t?ve Negative o 7 Gr/ade Negative 20 Gr{ade Negative % Gr/ade Negative ¢ 00 Gr{';\de
44-49 10 1 9 1 2 2 0 4 1 0 0 0 0 0 0
50-59 90 28 62 6 9 8 12 23 19 9 2 0 1 0 1
60-69 146 46 100 7 13 8 12 35 27 26 10 4 1 0 3
70-79 106 47 59 3 4 5 8 11 9 35 15 15 1 0 0
80-89 29 14 15 1 1 0 2 0 1 11 9 0 0 0
90-99 5 3 2 0 0 0 3 0 0 0 1 1 0 0 0
Total 386 139 247 18 29 23 37 73 57 81 37 24 3 0 4
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Figure 1. Sample demographic data. A: Age and racial distribution of control (negative), low-grade and intermedi-
ate/high-grade PCa urine samples. B: Gleason Grade Group (GG) distribution of biopsy-proven positive PCa patients

for the risk assessment study.

showing the age and racial distribution of
patients in these groups are summarized in
Table 1 and Figure 1A. The distribution of
patients with biopsy-proven PCa in the Glea-
son group is shown in Figure 1B.

During the PCa modelling for the prediction of
any PCa using the logistic regression machine
learning model, 386 samples were randomly
divided into two groups, with 67% and 33% of
the data used for training and testing, respec-
tively. Likewise, during PCa risk modelling to dif-
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ferentiate between low-grade and intermedi-
ate/high-grade PCa using the logistic regre-
ssion model, the 247 PCa positive samples
were randomly sub-divided into two groups,
with 67% of the data used for training and 33%
for testing.

Volatile organic compounds extraction from
urine samples

To extract the VOCs from patients’ urine sam-
ples, the -80°C stored urine samples were
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thawed on ice at room temperature for approxi-
mately 30 min and centrifuged at 300 g for 10
min. Then, 1 mL of the supernatant was pipet-
ted into a clean 20 mL amber vial, followed by
the addition of 19 mL of DI H,0, 600 yL of 2 M
HCI, 300 uL of 1 ppm Mirex solution (internal
standard), and a clean stir bar (TWISTER™, 10
mm x 1 mm, GERSTEL). The mixture was stirred
at 1000 rpm for 2 h. Subsequently, the stir bar
was removed from the solution, rinsed with DI
H,0, dried with lint-free tissue paper, and trans-
ferred into a thermal desorption tube (TDT). The
tubes were then placed in an autosampler for
VOC analysis. This VOC extraction method was
described in our previous study assessing
VOCs'’ performance of VOCs for predicting PCa
in patients undergoing prostate biopsy [23].

Gas chromatography/mass spectrometry (GC-
MS) coupled with thermal desorption

The VOC analysis was performed using an
Agilent 8890 GC series system coupled with a
mass spectrometer 5977B GC/MSD (Agilent
Technologies, Delaware, USA). The system is in
line with a Gerstel Multipurpose Sample (MPS)
autosampler, Gerstel thermal desorption unit
(TDU), and cooler injection system (CIS). Helium
was used as the carrier gas at a constant flow
rate of 1.0 mL/min. The Thermal desorption
was programmed with an initial temperature of
45°C held for 30 s, then increased to 300°C
and held for 5 min at 60°C/min. The resulting
compounds released from the desorption pro-
cess were collected into the CIS at -40°C, and
the CIS was then heated to 300°C at 12°C/s
and held for 5 min in splitless mode. The vola-
tile compounds were then injected into the GC,
before being separated and analyzed on an
Agilent J&W HP - 5 ms Ultra Inert GC capillary
column (30 m length x 0.25 mm internal diam-
eter x 0.25 um film thickness). The column
oven temperature was held at 35°C for 5 min,
then increased to 300°C, and held for 10 min
at 10°C/min. The mass range was 20-500 m/z,
and the data were gathered in the scan mode,
as previously reported [23]. The Agilent Tech-
nologies GC-MS Enhanced Mass Hunter Work-
station and Data Analysis Resource Application
Software were used for programming this set-
up, as well as for data analysis. The NIST17
Library Search was used to identify the ana-
lyzed urinary volatile compounds present in
the patient’s urine samples. The NIST17 library
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search software identified each peak with the
peak area and overall matching quality (%). A
quality filter was then applied to remove any
identified compounds with less than 50%
matching quality.

Statistical data analysis

In modelling for the diagnosis of PCa and dif-
ferentiation between low-grade and intermedi-
ate/high-grade PCa, where the outcomes are
binary, an ultra-high dimensional classification
challenge emerges. Similar approaches were
employed for both types of analyses. To han-
dle missing values, missing VOC values were
imputed with zeroes. Variable screening was
carried out using the two-sample t-test, sim-
ple logistic regression, and Wilcoxon rank-sum
test. The results of the screening process were
effectively visualized through volcano plots and
heatmaps, providing valuable insights into the
data. VOC variables that showed a significant
difference (with p-value from Wilcoxon rank-
sum test less than a threshold o) between the
two statuses of outcome entered the subse-
quent modelling process.

To address the ultra-high dimensional classifi-
cation problem, various machine-learning me-
thods have been explored and compared using
a repeated test-sample approach. Notably, reg-
ularized logistic regression consistently demon-
strated superior performance in both PCa diag-
nosis and prognosis modelling. The final logistic
model for the entire dataset was determined
using the LASSO or I, penalty and fitted using
Firth’s approach. To assess the final model, a
range of performance measures was reported
based on jackknife-fitted values. These include
the area under the receiver operating charac-
teristic (ROC) curve (AUC), which reflects the
sensitivity and specificity based on an optimal
cut-off point. In addition, the important VOCs in
the model were further explored. All the above-
mentioned analyses were conducted using R
and MetaboAnalyst 5.0, an R-based online
open-source software developed in Canada.

Results

In this study, 386 urine samples were collected
from different medical institutions across the
United States for PCa screening and risk strati-
fication in PCa biopsy pathologic assessment.
The study samples were categorized based on
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age brackets (44-99 years). In addition, racial
diversity among the population was examined,
and African Americans, Caucasians, Hispanics,
and others were comparatively represented.
The pathologic Gleason Grade Groups (GG)
were also considered because this factor plays
a critical clinical role in any PCa risk assess-
ment and is one component of initial risk strati-
fication. The Gleason Grade Groups of the sam-
ples ranged from GG-1 to GG-5, in addition to
the PCa biopsy-proven negative samples, clas-
sified as negative controls. Details of the sam-
ple’s demographics are provided in Table 1
and Figure 1A, while Figure 1B indicates the
Gleason group distributions among the respec-
tive low-grade (GG 1) and intermediate/high-
grade (GG 2-5) PCa samples.

Extraction and identification of volatile organic
compounds

To comprehensively determine and identify the
corresponding VOCs that constitute the study,
previously reported extraction and work-up pro-
tocols for urinary VOCs profiling procedures
were employed [23]. The extracted VOCs were
analyzed using GC-MS coupled with a thermal
desorption unit in scan mode. Compounds
were identified based on mass spectrometry
measurements, and the abundance of each
compound was determined with respect to in-
strument response signals based on the area
under the peak. Mirex was used as an internal
standard to calculate the relative abundance of
each VOC extracted from the urine.

Using our published procedures [23], a total of
22,538 VOCs were identified in 386 urine
samples. In the logistic regression Machine
Learning (ML) prediction model for the diagno-
sis of any PCa, significant VOCs were deter-
mined and selected using the Wilcoxon Rank-
sum test with a threshold of P < 0.3 and LASSO
regression regularization for variable screen-
ing. The selected variables were used to gener-
ate ROC curves and the respective AUC values
to determine the degree of sensitivity, specific-
ity, and diagnostic accuracy. Furthermore, the
raw data extracted from the NIST17 Library
were separately subjected to PLS-DA multivari-
ate analysis, a versatile algorithm used for pre-
dictive and descriptive modelling, and discrimi-
native variable selection.
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Logistic regression and partial least square
discriminant analysis (PLS-DA)

The extracted urinary VOCs were analyzed for
identification and quantification, and the data
were subjected to a logistic regression machine
learning algorithm and multivariate statistical
analysis (PLS-DA). The logistic regression pre-
diction model was explored. The diagnostic
performance of differential VOC metabolites
was evaluated using ROC curves, and the AUC
values were computed as a measure of diag-
nostic accuracy to compare the groups. Like-
wise, PLS-DA was employed to explore the re-
lationships between many different attributes
because it can reduce data dimensionality,
identify similarities, and discriminate samples
with an extensive dataset without losing any
vital information therein. Consequently, PLS-DA
was employed in both the diagnosis model of
PCa and the risk model for differentiation
between low-risk and intermediate/high-risk
PCa.

From the analysis, Table 2A depicts the VOCs
selected by the Logistic regression model in
PCa biopsy-proven positive and PCa biopsy-
proven negative urine samples. Table 2B pres-
ents the top ten (10) most significant (P < 0.05)
VOCs selected by the Wilcoxon rank-sum test
in PCa biopsy positive and PCa biopsy negative
urine samples with percentage occurrence and
Table 2C represents the top ten (10) most
significant (P < 0.05) VOCs selected by the
Wilcoxon rank-sum test in low-grade and In-
termediate/high-grade (referred to as high-
grade in the table) PCa urine samples with per-
centage occurrence. The logistic regression
model parameters such as the AUC values, per-
centages of sensitivity, specificity, and accura-
cy generated are presented in Table 3. From
the data shown in Table 3, the logistic regres-
sion model predicted differences between pa-
tients negative for PCa and those with any PCa
with 96% sensitivity, 76% specificity, and an
accuracy level of 89% for the training set, and
92% sensitivity, 82% specificity, and an accu-
racy level of 87% for the testing set.

Discriminating between PCa biopsy-proven
positive and negative urine samples: From the
logistic regression analysis for the PCa diagno-
sis, ROC curves of training and testing sets of
PCa biopsy-proven negative and positive PCa
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Table 2. A: VOCs selected by Logistic regression model in PCa biopsy-proven positive and PCa biopsy-
proven negative urine samples. B: The top ten (10) most significant (P < 0.05) VOCs selected by the
Wilcoxon rank-sum test in PCa biopsy positive and PCa biopsy negative urine samples with percent-
age occurrence. C: The top ten (10) most significant (P < 0.05) VOCs selected by the Wilcoxon rank-
sum test in low-grade and Intermediate/high-grade (herein referred to as high-grade in the table) PCa
urine samples with percentage occurrence

A Compound Chemical Name Molecular p-values PCa Status
(CAS) Formula
1 000088-26-6 3,5-di-tert-Butyl-4-hydroxybenzyl alcohol C,;H,,0, 0.0002 PCa Positive
2 000063-42-3 Lactose C.,H,,0,, 0.003  PCa Positive
3 000078-90-0 1,2-Propanediamine C,HN, 0.01 PCa Positive
4 000205-25-4 TH-Benzo[c]carbazole CeHyN 0.018 PCa Positive
5 000079-29-8 2,3-dimethylbutane CH,, 0.019 PCa Positive
6 000115-77-5 2,2-bis(hydroxymethyl)propane-1,3-diol C.H,,0, 0.038  PCa Positive
7 000107-21-1 Ethane-1,2-diol C,HO, 0.038  PCa Positive
8 000083-47-6 Clionasterol C,oHg,0 0.041  PCa Positive
9 000094-22-4  Propyl 4-nitrobenzoate C,,H,,NO, 0.007  PCa Negative
10 000054-91-1 Pipobroman C,H,Br,N,0, 0.013 PCa Negative
mpoun Molecular -val % r-

B Co ((?:;) ds Chemical Name Fzr?;:zlz (Ff)< %'L:)Z) rgr?zz PCa Status
1 000098-86-2 Acetophenone C,H,COCH, 5.28 x 10 79% Positive

2 000540-97-6 Dodecamethylcyclohexasiloxane C,,H,:04Sig 3.55 x 10 65% Positive

3 001222-05-5 Galaxolide C,gH,s0 1.04 x 108 80% Positive

4 000088-29-9 Versalide C,H,0 1.24 x 108 81% Positive

5 000541-02-6 Decamethylcyclopentasiloxane C,oH3,0:Sig 3.34 x 108 65% Positive

6 000629-50-5 Tridecane CoHae 2.16 x 10" 79% Positive

7 1000364-61-2 1,1,3,3,5,5,7,7-Octamethyl-7-(2-methylpropoxy)tetrasiloxan-1-ol C,,H,,0.Si, 1.69 x 104 69% Positive

8 000101-86-0 Octanal, 2-(phenylmethylene)- C,;H,,0 2.18 x 104 94% Positive

9 000112-31-2 Decanal C,oH,0 2.85 x 10 64% Positive
10 000872-05-9 1-Decene CyoH,0 3.40 x 10 67% Positive

Compounds . Molecular -value % Occur- _.

C ((?AS) Chemical Name Formula (Pp< 0.05) rence Risk Level
1 024569-83-3 Methyl Glyphosate C,H,,NO_P 0.00059 61% High-grade
2 024851-98-7 Methyl dihydrojasmonate C,;H,,0, 0.00098 68% Low-grade
3 000057-56-7 Semicarbazide CH,N,O 0.00174 66% High-grade
4 000059-42-7 L-Phenylephrine C,H,,NO, 0.00181 73% Low-grade
5 042775-75-7 5-ethyl-1,2,3,4-tetrahydronaphthalene CHys 0.00241 100% High-grade
6 1000417-21-0 Norcodeine, N-trimethylsilyl-, trimethylsilyl ether C,,H,sNO,Si, 0.0024 100% High-grade
7 002460-77-7 2,5-Di-tert-butyl-1,4-benzoquinone [(CH,),C],CH,(=0) 0.00371 57% High-grade
8  114274-97-4 2-phenyl-3-decyn-1-ol C,H,,0 0.00456 100% Low-grade
9 000110-63-4 Butane-1,4-diol HO(CH,),0H 0.00505 100% High-grade
10 007087-68-5 N,N-Diisopropylethylamine CgH N 0.00507 74% Low-grade

were generated as shown in Figure 2A. The
AUC diagnosis and prediction values for the
training and testing datasets were 0.99 and
0.88, respectively. This shows that the model
has a high prediction accuracy in differentiating
between patients without PCa and patients
with PCa.

In addition, the PLS-DA analysis score plot was
generated to discriminate between PCa biopsy-
proven negative and positive patients Figure
2B. To further explain the variance observed in
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the PLS-DA score plot, the variable importance
in projection (VIP) loading plot of the top 25
most significant VOCs with their corresponding
CAS number was provided in Figure 2B. The
Variable Importance in Projection (VIP) scores
estimate the importance of each variable in the
projection used in a PLS-DA model and are
often used for variable selection. VIP is a
weighted sum of squares of the PLS-DA load-
ings considering the amount of explained
Y-variable in each dimension. A variable with a
VIP Score close to or greater than 1 can be con-
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Table 3. AUC values, percentages of sensitivity, specificity and accuracy from Logistic regression

models

Groups Sample-Set AUC

Sensitivity (%) Specificity (%) Accuracy (%)

0.99
0.88
0.78

Training
Testing
Cross-validation

PCa Positive vs Negative

Low-grade vs Intermediate/High-grade

96%
92%
80%

76% 89%
82% 87%
70% 75%

A ROC Curve for training set

ROC Curve for testing sot

Senstivity
05
Senstivity
0s
1
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Figure 2. A: ROC curves of training and testing sets of PCa biopsy-proven negative and positive PCa. PLS-DA plots of
PCa biopsy-proven negative and positive patients. B: The variable importance in projection (VIP) loading plot of the
top 25 most significant VOCs (indicated in their corresponding CAS numbers). The colored boxes on the right of the
PLS-DA score plot indicate the relative concentrations of the corresponding metabolites in each group under study.
C: Boxplots of some of the significant VOCs in discriminating PCa biopsy-proven negative and positive urine samples.
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Figure 3. ROC curve of training and testing sets of low-grade and interme-
diate/high-grade PCa based on jackknife prediction of LASSO regularized
logistic regression model with tuning parameter of 0.027 (mean) and AUC

value of 0.78.

sidered important in the model. The VIP impor-
tant features (i.e., VOCs) identified by PLS-DA in
descending order of importance. The plot rep-
resents the relative contribution of the VOCs to
the variance between the PCa biopsy-proven
negative and positive urine samples. The col-
ored boxes on the right of the PLS-DA score
plot indicate the relative concentrations of the
corresponding metabolites in each group under
study. Furthermore, boxplots of some of the top
significant VOCs in discriminating PCa biopsy-
proven negative and positive urine samples
were provided in Figure 2C to show the differ-
ences in the relative concentrations of some
significant VOCs when compared between the
two groups.

Discriminating between low-grade PCa and
intermediate/high-grade PCa: Moreover, the
same methodology used for the PCa diagnosis
was explored in the risk assessment (progno-
sis) study. Likewise, the ROC curve was gener-
ated for the training and testing sets of low-
grade and intermediate/high-grade PCa based
on jackknife prediction of LASSO regularized
logistic regression model with tuning parame-
ter of 0.027 (mean) and AUC value of 0.78 as
shown in Figure 3.
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riate statistical algorithm was
explored (as applied in the PCa
diagnosis section) using the
raw dataset extracted from
the NISTA17 Library. Figure 4A
illustrates the PLS-DA score
plot of the low-grade and
intermediate/high-grade urine
samples, whereas the VIP lo-
ading plot in Figure 4B shows
the representative biomarkers
(25 out of 123 significant
VOCs) (information will be av-
ailable on request from the
corresponding authors) res-
ponsible for the distinction in
the score plot. The VOCs were
selected based on their p-val-
ues significant (P < 0.05) by
the Wilcoxon rank-sum test
analysis with the percentage (%) of occurren-
ce to discriminate between the low-grade and
intermediate/high-grade urine samples (Table
2C). These results suggest that PLS-DA can
also be employed for the prediction of interme-
diate/high-grade cancer among patients with
PCa. This could be helpful in monitoring the
disease of patients diagnosed with low-grade
PCa on active surveillance to help determine
the timing of repeat prostate biopsies. In addi-
tion, Figure 4C shows some selected signifi-
cant VOCs that contributed to the separation
observed in the PLS-DA score and VIP loading
plots.

Discussion

Serum, tissue, and urinary sample matrices
have been investigated in metabolomics as
potential cancer screening techniques [24-26].
Urine is the most common biospecimen col-
lected during routine testing as it comprises a
significant source of organic metabolic com-
pounds [27]. Studies reported that dogs could
detect cancers by smelling the urine from pa-
tients with prostate [28], bladder [29], breast
and lung cancer [30]. Those studies highlight-
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Figure 4. A: PLS-DA score plot of biopsy-proven positive low-grade and intermediate/high-grade PCa. B: The VIP load-
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right of the PLS-DA score plot indicate the relative concentrations of the corresponding metabolite in each group un-
der study. C: Examples of boxplots of significant VOCs in PCa low-grade and intermediate/high-grade urine samples.

ed the applications of urinary VOCs for cancer

detection.

VOCs are a diverse carbon-based group of
chemical compounds that reflect metabolo-
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mics and are suspected to be predictive of PCa

status. Importantly, VOCs can serve as patho-
gen identifiers and invariably as disease signa-

ture biomarkers. Analysis of urinary VOCs may
be able to provide a fast and non-invasive diag-
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nostic method to help identify patients with
PCa as well as differentiate between patients
with low-grade PCa and intermediate/high-
grade PCa.

Discriminate between PCa biopsy-proven posi-
tive and negative urine samples

Logistic regression modelling analysis for PCa
diagnosis: In the first part of this study, we
investigated the difference in urinary VOCs
between PCa-positive and -negative patients
using samples from 139 PCa biopsy-negative
and 247 PCa biopsy-positive patients. To avoid
omitting important predictors for the presence
of PCa, a relatively high threshold (P < 0.3) was
applied to screen variables to develop the
regression model, resulting in a total of 2,354
potential VOCs. After L1 regularization, the final
logistic model for predicting the presence of
PCa comprised 10 VOCs, as listed in Table
2A. These 10 VOCs are considered significant
based on the model analysis outcome and also
possess the potential to distinguish between
PCa-positive and PCa-negative patients.

To assess the performance of this predictive
model, ROC curves were generated for the
training and testing datasets are shown in
Figure 2A. The ROC (receiver operating charac-
teristic) curve is a plot illustrating the perfor-
mance of a classification model. It is a binary
classifier model at varying threshold values.
The curve plots the true positive rate against
the false positive rate at each threshold set-
ting. In other words, it is a probability curve, and
the AUC represents the degree or measure of
separability. It explains how much the model
is capable of distinguishing between different
groups. In using this model for diagnosis, an
AUC of 0.5 suggests no discrimination (i.e., no
ability to diagnose patients with and without
the disease or condition based on the test), 0.7
to 0.8 is considered acceptable, 0.8 to 0.9 is
considered excellent, more than 0.9 is consid-
ered outstanding and 1 indicates perfect per-
formance. AUC is mostly considered because it
is the most reliable metric that calibrates the
trade-off between sensitivity and specificity at
the best-chosen threshold, or cut-off point.
Accuracy measures how well a single model is
doing, whereas AUC compares two models as
well as evaluates the same model’s perfor-
mance across different thresholds. Figure 2A
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illustrates that the AUC diagnosis and predic-
tion values for the training and testing datasets
were 0.99 and 0.88, respectively. This shows
that this diagnostic model has a high prediction
accuracy in differentiating between patients
without PCa and patients with PCa.

Partial least square-discriminant analysis for
PCa diagnosis: Additionally, the PLS-DA analyti-
cal method was used to discriminate between
samples from patients negative for PCa and
patients with any PCa. From the PLS-DA multi-
variate analysis, PCa positive and PCa negative
were easily distinguished in the score plots, as
illustrated in Figure 2B. The variable impor-
tance in projection (VIP) score measures the
importance of a variable in the PLS-DA statisti-
cal model. The score sums up the contributions
of a variable to the model. The X-axis indicates
the VIP scores corresponding to each variable
(i.e., VOC) on the y-axis, and the black dots in
the loading plot indicate the factors with the
highest VIP scores and thus are the most con-
tributory variables in class discrimination in the
PLS-DA model. There were 229 VOCs with VIP
scores greater than 1 (information will be avail-
able on request from the corresponding au-
thors), although only 25 are shown in Figure 2B
score plot to demonstrate the findings. The VIP
loading plot in Figure 2B shows that most of the
significant 25 VOCs for the predictive model
were elevated in the PCa-positive group but
were downregulated in the PCa-negative group.
Figure 2C also depicts some examples of the
different VOC concentration levels between
PCa positive and negative groups, while Table
2B depicts the top ten (10) most significant
VOCs that were selected based on their p-val-
ues (P < 0.05) by the Wilcoxon rank-sum test
analysis in positive PCa biopsy-positive and
negative urine samples with the percentage (%)
of occurrence (Table 2B). These VOCs could be
potential biomarkers for non-invasive differen-
tiation between patients without PCa and pa-
tients with PCa. For patients who are unlikely to
have PCa based on biomarkers, this could help
avoid unnecessary invasive prostate biopsies
and the associated harms. Conversely, for
patients found to be highly likely to have PCa
based on biomarkers, this could help patients
better understand their risk of having PCa and
make a better decision on whether to undergo
prostate biopsy.
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Discriminate between low-grade PCa and inter-
mediate/high-grade PCa

This study further explored the use of VOCs in
PCa to differentiate between patients with low-
and intermediate/high-grade PCa. As an explor-
atory study, we categorized the 247 PCa biop-
sy-proven positive patients’ urine samples into
two sub-groups: 139 were categorized as low-
grade with an ISUP Gleason Grade Group 1,
and 108 were classified as intermediate/high-
grade with an ISUP Gleason Grade Group 2 and
above (Table 1 and Figure 1B).

Logistic regression modelling analysis for PCa
prognosis: For variable screening, we noticed
that the predictive power of individual VOCs in
modelling differentiation between low-grade
PCa and intermediate/high-grade PCa is sig-
nificantly weaker (information will be available
on request from the corresponding authors). To
identify the most effective approach, we parti-
tioned the data into training and test samples
with a ratio of 70:30 and conducted experi-
ments with a variety of machine learning (ML)
algorithms, including regularized logistic regres-
sion with different types of penalties, partial
least squares, decision trees, support vector
machines (SVM), kernel KNN, random forests
(RF), naive Bayes classifier, and boosting. In
addition, two thresholds of a (& = 0.20 and o =
0.05) were assessed for variable screening.
The performance of each approach was evalu-
ated using the AUC measure based on the test
sample. According to the results, regularized
logistic regression with LASSO or elastic net
demonstrated strong performance (informa-
tion will be available on request from the cor-
responding authors). An intriguing observation
was that using a smaller o threshold resulted in
higher AUC values across all methods (informa-
tion will be available on request from the cor-
responding authors). This can be attributed to
the fact that a smaller « filters out more vari-
ables, thus simplifying the prediction task.
Considering that LASSO enables variable selec-
tion, we decided to focus our efforts on further
exploring regularized logistic regression with
the LASSO penalty as the chosen approach.

To enhance the reliability of our evaluation, we
conducted experiments using regularized logis-
tic regression with LASSO penalty, employing
100 runs of random data partitioning. The aver-
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age AUC obtained from these experiments, with
a threshold of o = 0.05, was calculated to be
0.78 (Standard Deviation (SD) of 0.095), indi-
cating good predictive performance. Conversely,
at « = 0.20, the average AUC was 0.52 (SD
0.059), highlighting a significant drop in perfor-
mance. With over 100 runs, we obtained the
optimal selected tuning parameter A values
from a histogram plot with a mean of 0.027 and
an SD of 0.024 (detailed information will be
available on request from the corresponding
authors).

Consequently, our final model for the entire
dataset was a regularized logistic regression
model that includes 97 VOCs (information will
be available on request from the corresponding
authors) employing an o threshold of 0.05 for
variable screening and a tuning parameter of A
= 0.027 for the LASSO penalty. To obtain the
standard error (SE) and handle the complete
separation, the final model fitting was per-
formed using Firth’s approach. To evaluate the
performance of the final model, a Jackknife
approach was employed to compute the leave-
one-out predicted probability of each subject in
the intermediate/high-grade PCa category. The
resulting area under the curve (AUC) was 0.78
(with 95% confidence intervals of 0.726 and
0.841) (Figure 3). It demonstrated that this
model prognosis prediction rate with the AUC
value of 0.78 is good in discriminating between
low-grade and intermediate/high-grade PCa.
Furthermore, as shown in Table 3, the logistic
regression model had sensitivity (80%) and
specificity (70%) in predicting the difference
between patients with low-grade and interme-
diate/high-grade PCa.

However, it was observed that the predictive
power of our model differentiating between
low-grade PCa and intermediate/high-grade
PCa prognosis is significantly weaker (Figure 3)
than what was demonstrated in the prediction
of PCa diagnosis (Figure 2A). It could be due to
the fact that PCa is a heterogeneous disease
and that the variations among indolent low-
grade tumors to large aggressive life-threaten-
ing tumors could not be simplified as binary
outcomes. For example, GG2 cancer is Gleason
3 + 4. For that diagnosis, the amount of pattern
4 can vary from minimal, e.g., 5%, to approach-
ing 50%. The greater the presence of pattern 4
in the GG 2 diagnosis, the more indicative it
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becomes of unfavorable clinical significance
and risk; while GG 2 with less than 20% pattern
4 behave like GG 1. Thus, it could be difficult for
a binary algorithm diagnostic model to distinct-
ly separate or discriminate between low-grade
and intermediary/high-grade samples during
PCa prognosis compared to when the model is
used for diagnosis.

Partial least square-discriminant analysis for
PCa prognosis: Among the 123 significant
VOCs found in the PLS-DA multivariate statisti-
cal analysis for the PCa risk stratification mo-
del, 74 VOCs were elevated in intermediate/
high-grade PCa compared with low-grade PCa,
while 49 VOCs were decreased in intermedi-
ate/high-grade PCa relative to patients with
low-grade PCa (information will be available on
request from the corresponding authors). The
top ten significant VOCs selectede by PLS-DA,
methyl glyphosate (C,H, NO_P), semicarbazide
(CH,N,0), and 5-ethyl-1,2,3,4-tetrahydronaph-
thalene (C,H,,), with p-values 5.95 x 104, 1.70
x 10 and 2.40 x 103 respectively, are signifi-
cantly elevated in intermediate/high-grade
PCa group; while methyl dihydrojasmonate
(C,;H,,0,) and L-phenylephrine (C,H,,NO,) are
significantly elevated for the low-grade PCa
group, with p-values 9.76 x 10* and 1.80 x
10 respectively. These VOCs could be explor-
ed as clinical biomarkers for the identification
of patients with intermediate/high-grade PCa
to help decrease unnecessary prostate biop-
sies and decrease the risk of over-diagnosis
and over-treatment of low-grade PCa patients.
Additionally, these VOCs may be further validat-
ed and explored as clinical biomarkers for mon-
itoring patients diagnosed with low-grade PCa
during active surveillance to help determine the
optimal timing for further intervention, includ-
ing repeating prostate biopsies or changing to
active treatment.

It should be noted that this study implement-
ed non-targeted metabolomics to screen for
metabolites that are significantly different bet-
ween the urine of PCa patients and cancer-neg-
ative controls, as well as between the urine of
low grade PCa and of intermediate/high grade
PCa. Significant VOCs were identified using sta-
tistical analysis (i.e., Wilcoxon Rank-Sum Test)
and machine learning (i.e., Logistic Regression
and PLS-DA). Thus, the selection of those VOCs
was unbiased and without any specific pathway
considerations.
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As shown in Table 2, many significant VOCs,
such as 3,5-di-tert-Butyl-4-hydroxybenzyl alco-
hol, 2,3-dimethylbutane, Acetophenone, Tride-
cane, Decanal, and 1-Decene are hydrocar-
bons, ketones and aldehydes that could be due
to oxidative stress, which is a common denomi-
nator in the pathogenesis of cancer and other
chronic diseases [31].

Many compounds selected by the logistic re-
gression model and PLS-DA were related to
products of agricultural or industrial applica-
tions. Although it is out of the scope of this
study to examine the potential source of these
VOCs detected in urine, we further examined
the biological significance of several signifi-
cant VOCs specifically found in differentiating
low- and intermediate/high-grade prostate can-
cer (Table 2C).

Significant volatile organic compounds of bio-
logical importance

Methyl Glyphosate was found to be the most
significant VOC predominantly in high-grade
PCa (P = 0.00059). It was also an unexpected
urinary metabolite found in the samples as it is
an herbicide. It is known that Glyphosate is a
broad-spectrum, non-selective, post-emergent,
systemic herbicide that Kills or suppresses all
plant types, apart from those genetically modi-
fied and designed to resist glyphosate [32].
Glyphosate is among the most utilized herbi-
cides in the United States and the second most
utilized weedkiller in agriculture, gardens, and
industry. Although the U.S. Environmental Pro-
tection Agency (EPA) reported no evidence that
glyphosate causes cancer in humans, the cy-
totoxicity and oxidative stress responses of
glyphosate in a human prostate study demon-
strated that glyphosate is a very toxic in vitro
assay with the potential ability to induce apop-
totic effects as well as oxidative stress [33].
Glyphosate is an organophosphate compounds
and exposure to organophosphate insecticides
has been linked to prostate cancer in many
studies, where it has been reported that
organophosphate insecticides are significantly
associated with aggressive prostate cancer
[34]. Recently, concerns have been raised
about human exposure to glyphosate following
an assessment by the International Agency for
Research on Cancer (IARC) that re-classified
glyphosate as ‘probably carcinogenic to hu-
mans’ [35]. Additionally, occupational exposure
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to pesticides increases the risk of prostate and
other cancer types [36-38].

Semicarbazide was found to be the 3" signifi-
cant compound in the PLS-DA analysis. It is a
minor thermal decomposition product of azodi-
carbonamide employed to produce gaskets of
food jars [39]. Semicarbazide inhibits semi-
carbazide-sensitive amine oxidase. Research
found that the level of specific semicarbazide-
sensitive amine oxidase activity in serum was
significantly elevated in patients with skeletal
metastases as compared to both controls and
PCa patients without signs of skeletal metasta-
ses [40]. Semicarbazide was found to modify
testicular morphology in male zebrafish and
lower the somatic testicular index, ultimately
reducing reproductive regulation. Likewise, se-
micarbazide has been reported to inhibit the
mediated effect of glutamic acid decarboxylase
(GAD) and gamma-aminobutyric acid (GABA),
which have been tested and validated in the
reproductive system of male zebrafish, to ca-
use disorders via GABA in males [41, 42].
Overproduction of GABA can directly regulate
nuclear androgen receptor (AR) signalling to
drive prostate cancer [43, 44]. Taking into con-
sideration that semicarbazide interferences
with GABA system [45], the role of semicarba-
zide as biomarkers could be further investi-
gated.

The clinical implication of 5-ethyl-1,2,3,4-tetra-
hydronaphthalene in association with prostate
cancer is unknown. Generally, naphthalene is a
polycyclic aromatic hydrocarbon associated
with health effects, including cancer. Naphtha-
lene and its metabolites are harmful to humans.
Naphthalene induces respiratory tract toxicity
in mice [46].

Methyl dihydrojasmonate and I-phenylephrine
levels were significantly associated with low-
grade PCa. Based on several studies conduct-
ed on methyl dihydrojasmonate, there is cur-
rently no data on the carcinogenic, mutagenic,
or genotoxic potential of this compound [47,
48]. Phenylephrine is mainly used as a vaso-
constrictor and is not usually recommended for
regular prescriptions. However, it is used in
acute medical conditions to increase mean
arterial pressure in the presence of high cardi-
ac output and acute tachyarrhythmias induced
by norepinephrine [49]. Thus, it could be sug-
gested that these two VOCs may not be directly
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related to risk in PCa but probably to PCa
patients’ anticancer drug metabolites due to
prostate cancer management.

Potential clinical implications

Considering the low specificity of the current
PCa diagnosis method (serum PSA screening),
more than 80% of men with elevated PSA con-
centration often have to undergo PCa biopsy;
and they will either not be diagnosed with PCa
or be diagnosed with an indolent form of PCa,
which invariably might not lead to morbidity or
mortality. Thus, it is of essence to develop a
more accurate, precise, and fast method for
PCa diagnosis and prognosis to prevent the
challenges associated with overdiagnosis and
overtreatment of PCa. With this study, a more
accurate method has been developed for PCa
diagnosis (AUC = 0.88) and prognosis (AUC =
0.78) with the use of VOCs metabolomics meth-
odology which has the potential of providing a
good alternative to the current method for PCa
diagnosis and prognosis. Differentiating bet-
ween low-grade PCa and intermediate/high-
grade PCa could also be applied to disease
monitoring of patients with low-risk PCa on
active surveillance for further intervention wh-
en needed. This reported methods are non-
invasive, faster, and more accurate, and it
could also be a more cost effective option for
the PCa patients for both diagnosis and pro-
gnosis.

Conclusion

In this study, we established a panel of urinary
VOC biomarkers that could potentially help dis-
tinguish between patients without PCa and
those with PCa, as well as differentiate bet-
ween patients with low-grade PCa and interme-
diate/high-grade PCa. Urinary VOC biomarkers
are non-invasive and cost-effective for use in
the diagnosis of PCa and disease monitoring in
patients with low-grade PCa. When used as a
tool for helping with PCa diagnosis, the use of
these biomarkers could help decrease the
need for diagnostic prostate biopsies, decrea-
se the problems of over-diagnosis and over-
treatment of low-grade PCa, and improve
patients’ understanding of their risk of PCa
prior to deciding to pursue a prostate biopsy. In
addition, when used as a tool for monitoring
disease progression in patients with low-grade
PCa, the use of these biomarkers could help
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determine the optimal timing for repeat pros-
tate biopsies for patients undergoing active
surveillance to prevent unnecessary repeat
prostate biopsies and more quickly identify
patients with PCa that have become more
aggressive. Hence, upon further clinical valida-
tion, this urinary VOC assessment method
could provide improved outcomes in the identi-
fication and management of patients with PCa.
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