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Abstract

Human exhibit wide variations in their metabolic profiles because of differences in genetic factors, diet and lifestyle.
Therefore in order to detect metabolic differences between individuals robust analytical methods are required. A protocol
was produced based on the use of Liquid Chromatography- High Resolution Mass Spectrometry (LC-HRMS) in combination
with orthogonal Hydrophilic Interaction (HILIC) and Reversed Phase (RP) liquid chromatography methods for the analysis of
the urinary metabolome, which was then evaluated as a diagnostic tool for prostate cancer (a common but highly
heterogeneous condition). The LC-HRMS method was found to be robust and exhibited excellent repeatability for retention
times (,61%), and mass accuracy (,61 ppm). Based on normalised data (against creatinine levels, osmolality or MS total
useful signals/MSTUS) coupled with supervised multivariate analysis using Orthogonal Partial Least Square-Discriminant
Analysis (OPLS-DA), we were able to discriminate urine samples from men with or without prostate cancer with R2Y(cum)
.0.9. In addition, using the receiver operator characteristics (ROC) test, the area under curve (AUC) for the combination of
the four best characterised biomarker compounds was 0.896. The four biomarker compounds were also found to differ
significantly (P,0.05) between an independent patient cohort and controls. This is the first time such a rigorous test has
been applied to this type of model. If validated, the established protocol provides a robust approach with a potentially wide
application to metabolite profiling of human biofluids in health and disease.
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Introduction

Prostate cancer is the most prevalent cancer in the male

population in Western countries. Prostate cancer is highly

heterogeneous with highly variable clinical outcomes: indolent

disease tends not to progress even over many years while

aggressive (high grade) disease often progresses quickly to result

in metastases which inevitably result in premature death. In

addition, there is a significant limitation in specificity with the

current practice using serum prostate specific antigen (PSA)

measurement as a diagnostic tool. Hence, there is an urgent need

for better diagnostic and prognostic tests for prostate cancer.

Evolving evidence points to the input of highly versatile

metabolic pathways in fuelling carcinogenesis [1] thus detailed

analysis of the tumour-associated metabolome may reveal novel

biomarkers [2,3]. Analysis of urine, plasma and/or tissue samples

can be performed with Nuclear Magnetic Resonance (NMR)

spectroscopy or/and Mass Spectrometry (MS) combined with

separation techniques such as Liquid Chromatography (LC) and/

or Gas Chromatography (GC). Sreekumar et al. carried out

untargeted metabolomic profiling for prostate cancer using LC/

GC-MS across three different types of clinical samples (urine,

plasma and tissue). Over 1,000 features were detected across the

samples analysed [4]. A six-metabolite profile was suggested to

signify high risk of cancer progression and additional isotope

dilution GC-MS analysis identified sarcosine as a potential urinary

biomarker for aggressive prostate cancer. Disappointingly, sarco-

sine as a (urinary or plasma) biomarker in prostate cancer has not

been supported by several independent studies subsequently [5–

15]. In addition, only a handful of these studies have attempted to

perform untargeted metabolite profiling [6,16,17]. In these

subsequent studies, the use of GC-MS or differential mobility

analysis (DMA)-MS provided even more limited coverage of

metabolites when compared to the study by Sreekumar et al [4].

Hence, there is a real need to develop a robust methodological and
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analytical platform to facilitate future efforts in global profiling of

the metabolome in prostate cancer biomarker discovery [18].

Urine has some advantages for metabolomics studies since it has

a high abundance of metabolites, low content of protein, is

collected non-invasively and requires minimal sample preparation

prior to analysis. Recently, application of high resolution (HR) MS

based urinary metabolomics has gained popularity in the study of

cancer diagnosis and biomarker discovery, especially in combina-

tion with diverse LC techniques. HRMS shows higher coverage of

the metabolite profile than other methods and the ability to

identify potential biomarker compounds [19–24]. The introduc-

tion of Hydrophilic Interaction Liquid Chromatography (HILIC),

where the retention mechanism is orthogonal to that of Reversed

Phase (RP) Liquid Chromatography, offers a suitable separation

platform for the many highly polar metabolites in urine [25]. In a

recent study of bladder and kidney cancer biomarkers [22],

combined multivariate analysis (MVA) and Orthogonal Partial

Least Square-Discriminant Analysis (OPLS-DA) of pooled data

from RP and HILIC LC-HRMS showed 100% accuracy in

segregating cancer and healthy subjects correctly.

Data normalisation is considered an essential but unstandar-

dised step in human urinary analysis [26]. Principal Component

Analysis (PCA) score plots can be rendered completely different

simply depending on the normalisation method used, and the

value of candidate biomarkers can be invalidated by choosing a

‘‘wrong’’ internal component as the reference. The signal/level of

creatinine and total ion current (TIC) are commonly used as

normalisation factors in LC-HRMS based urinary metabolite

profiling studies [4,20,22,24]. Warrack et al introduced a new

normalisation strategy based on the MS Total Useful Signals

(MSTUS) which had encouraging correlation to the data based on

normalisation to urinary osmolality and recommended using at

least two different normalisation methods to ensure statistically

significant changes in metabolite profile [27].

A protocol using a combination of GC-MS and LC-MS to carry

out metabolic profiling of plasma and serum was recently

described [28]. Unlike urine it is not necessary to normalise the

data for blood derived-samples in metabolomics studies. Although

comprehensive protocols using GC-MS and LC-MS to profile the

urinary metabolome have also been reported [29,30] none of them

have discussed or compared normalisation methods to any great

extent. In addition, the metabolite coverage by GC-MS is

necessarily limited to volatile components. The combination of

two orthogonal LC methods for metabolomic profiling has only

been applied during the period since the protocols described in

references 28 and 30. Building on our earlier work [25], we have

further optimised our methodology and analysis pipeline, and

profiled urine samples from patients with prostate cancer and

control urines by LC-HRMS using orthogonal separation

methods. The effect of three different normalisation methods in

data analysis was demonstrated. By using the results of clinical tests

the discriminating ability of metabolomic profiling of urine in

relation prostate cancer was evaluated by using both OPLS-DA

models and specific biomarkers. The study was guided by the

STAndards for the Reporting of Diagnostic accuracy (STARD)

criteria [31] and the evaluation checklist can be found in (File S1).

Materials and Methods

Chemicals and materials
HPLC grade acetonitrile (ACN) was purchased from Fisher

Scientific, UK. HPLC grade water was produced by a Direct-Q 3

Ultrapure Water System from Millipore, UK. AnalaR grade

formic acid (98%) was obtained from BDH-Merck, UK. Ammo-

nium carbonate and ammonium acetate were purchased from

Sigma-Aldrich, UK.

Sample collection
All samples studied were obtained with appropriate written

consent from patients. The collection of samples was approved by

the institutional ethics review board (Joint The Chinese University

of Hong Kong - New Territories East Cluster Clinical Research

Ethics Committee). Details on patient-related clinical information

including prostate cancer parameters are described in Table 1.

Sample preparation
The urine samples were stored at 230uC and thawed at room

temperature before preparation for LC-MS analysis. For analysis

using HILIC conditions, 200 ml of urine was thoroughly mixed

with 800 ml of acetonitrile, followed by centrifugation at 3000

revolutions per minute (RPM) for 5 minutes; 800 ml of supernatant

was then transferred to a LC vial. For the RP conditions 200 ml of

urine was diluted with 800 ml of water in a LC vial. The pooled

sample was prepared by gathering 100 ml of urine from each

sample which was then treated as above.

Measurement of creatinine and osmolality
50 ml of diluted samples and prepared creatinine standard

solutions were thoroughly mixed with 100 ml of creatinine

detection reagent (Enzo Life Sciences, UK) in a 96-well plate

and the absorbance was read at 490 nm by using a Spectra Max

M5 from Molecular Devices. The concentrations of creatinine in

the test samples were calculated using a 7-point calibration curve

in which each point was measured in duplicate. After calibrating

with standard solutions (Vitech Scientific Ltd., UK), freezing-point

depression measurement for each sample was performed with an

osmometer (Advanced Micro, Model 3300) in order to determine

the osmolality.

LC-MS data acquisition
Samples were randomly placed in the autosampler tray and the

LC-MS experiment was performed on an Accela 600 HPLC

system combined with an Exactive (Orbitrap) mass spectrometer

from Thermo Fisher Scientific (Bremen, Germany). A ZIC-

pHILIC column (15064.6 mm, 5 mm) and also an ACE C18-AR

column (15064.6 mm, 5 mm) (HiChrom, Reading UK) were

employed for HILIC and RP separations respectively. The mobile

phases used in HILIC conditions were 20 mM ammonium

carbonate buffer (pH 9.2) and pure ACN Under RP conditions

0.1% v/v formic acid in water and 0.1% v/v formic acid were

used as the mobile phases. The HILIC and RP LC eluting

gradient profiles and the MS parameter settings were described in

our previous study [25]. The selective MS2 fragmentation of

potential biomarkers was carried out by using Collision Induced

Dissociation (CID) at 35 V using a Surveyor HPLC system

combined with a LTQ-Orbitrap mass spectrometer from Thermo

Fisher Scientific (Bremen, Germany).

LC-MS data processing by MZMine 2.10 [32]
The raw data was split into a single ESI positive and negative

data set, and also converted into mzML format by using

ProteoWizard. The procedure and the settings of each step used

in MZMine 2.10 are described in File S2. Here the strategy of

using the data of pooled samples to filter out technical and

unrelated biological variations from the data set was introduced.

The five pooled samples were prepared along with test samples

and they were measured as quality controls (QCs) periodically

Metabolomic Profiling in Prostate Cancer
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throughout the whole LC-MS experiment. One of them was

injected three times and the rest were injected only once, therefore

7 sets of QC data were acquired to assess system stability and to

generate a repeatability filter. The features not presenting in all 7

QC data sets were removed because they were either caused by

the variation of the sample preparation or by the LC-MS system

during the data acquisition. Based on this filtered peak list, the

data for individual test samples were aligned and all features not

matching with the pooled sample peak list were removed. Features

within the QC data set are included only if they are observed in

.75% of the test samples. Finally, the features with a relative

standard deviation (RSD) for peak area less than 25% within the

QCs were used for further data analysis.

Normalisation
For the creatinine or osmolality normalisation method, the peak

area of each feature in a sample was scaled to the creatinine

concentration or osmolality of the sample. For MSTUS method

under each combination of LC condition and ESI mode, the peak

areas of all features which remained through the three filters were

summed up and then were replaced by their percentages of the

total value.

Multivariate/statistical analysis
SIMCA-P 13 (Umetrics, Sweden) was used to carry out all

MVA. Prior to PCA and OPLS-DA, the data were mean-centered

and unit variance (UV) scaled. Pareto scaling was also tried but the

models generated were dominated by a few features with large

normalised values (e.g. creatinine and the dimer of urea). Thus,

considering the fact that in searching for biomarkers all features

are biologically equal and that most of the noise was removed by

the filters, UV scaling was used. P-values were calculated by the

two tail Student t test (Microsoft Office 2010). The ROC test was

performed by IBM SPSS Statistics 21.

Results and Discussion

LC-HRMS method evaluation and validation
Untargeted metabolomic profiling based on two orthogonal LC

separation methods was performed [33]: A ZIC-pHILIC column

Table 1. Clinicopathological characteristics of the tumor patients.

PSA at collection ng/ml DRE at collection GS1 GS2 T N M localized/Locally advanced/metatstatic dx

4.6 2a 3 3 2a 0 0 1

12.3 1 3 3 1c 0 0 1

10.1 1 4 3 1c 0 0 1

39.5 2a 4 3 2a 0 0 1

9 1 3 3 1c 0 0 1

8.8 1 3 3 1c 0 0 1

17.7 1 4 4 1c 0 0 1

6.2 1 4 4 1c 0 0 1

9.6 2c 3 5 2c 0 0 1

11.4 1 3 4 1c 0 0 1

1.48 2c 3 3 3b 0 0 2

8.7 2b 4 4 2b 0 0 1

29.5 2b 3 4 2b 0 0 1

51.6 3 3 3 3 0 0 2

63.3 3 4 5 3b 1 0 2

6.6 1 3 3 1c 0 0 1

23.6 2 4 4 3b 1 1 3

12.2 1 3 3 1c 0 0 1

9.4 1 3 4 1c 0 0 1

11.8 1 3 5 1c 0 0 1

52.2 4 4 5 4 0 0 2

35.5 3 3 5 3b 0 0 2

38 2a 4 3 2a 0 0 1

11.4 2a 3 4 2a 0 0 1

54.8 2c 3 4 3b 1 0 2

44.4 2b 4 3 2b 0 0 1

8.2 1 3 3 1c 0 0 2

413 3 5 4 3 0 1 3

32.1 3 3 4 3a 0 0 2

25.5 2b 3 4 3b 0 0 2

GS = Gleason Score T = T stages N = N stages M = M stages.
doi:10.1371/journal.pone.0065880.t001
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with a mobile phase pH at 9.2 for the HILIC method and an ACE

C18-AR column with a mobile phase pH at 2.6 for the RP

method, referred hereafter as ‘‘ZIC-pHILIC’’ and ‘‘RP’’ respec-

tively. In order to examine the complementarity of these two

orthogonal LC methods some standard metabolites were mea-

sured along with the samples under each LC condition. As shown

in our previous study alanine and b-alanine can be separated

under ZIC-pHILIC conditions [25]. Here a clear separation of the

isomers sarcosine, which was previously suggested as prostate

cancer marker, alanine and b-alanine was also achieved under

ZIC-pHILIC conditions but they all eluted at the column dead

volume under RP conditions (Figure S1 and S2 in File S3). The

LC-HRMS raw data were processed by MZMine 2.10 as

described in the Experimental section. Table 2 shows the number

of features remaining after each filter and their percentages based

on the originally detected features. The pooled sample repeatabil-

ity filter effectively removed more than 75% of detected features,

most of which originated from LC-HRMS system noise and

background signals. The numbers of features were modestly

decreased through the 25% missing filter, which removed

biological compounds which were very variable within the

samples. Through the peak area RSD filter features with large

peak area variations can be removed. Such features are generally

due to low MS responses or poor chromatographic peak shapes.

Approximately 5,200 features in total survived these three filters

and were pooled together as a holistic dataset for multivariate and

statistical analysis.

The stability of the LC-HRMS system was verified by

comparing the accurate masses (63 ppm) and retention times

(60.5 min) of compounds present in the urine against authentic

standards: 42 and 51 features were matched to the standards

under ZIC-pHILIC conditions in ESI positive and negative modes

respectively, and 39 and 34 features were assigned under RP

conditions. The system stability was monitored with respect to

variation in retention time, peak area and mass accuracy of these

identified metabolites in 7 QC samples under each LC-HRMS

condition (File S3). After MZMine processing, most of the

standard matched metabolites present in the samples showed

extremely low RSDs for mass accuracy (,1 ppm) and retention

time (,1%). Only few of them showed large variations for peak

area (.25%) because of their low MS responses; these were

excluded by the 25% RSD filter. Having developed the data

filtering methodology these filters were then applied to the data

from the 30 patient and 30 control samples. The features

remaining after applying the filters were then further processed.

Normalisation and multivariate/statistical analysis
There is currently no consensus on normalisation method(s) in

urine metabolomics studies. We applied three independent

normalisation methods and the corresponding PCA score plots

are shown in Figure 1. Given the diversity in life style between

subjects, unsupervised MVA did not separate the samples from the

cancer and control groups. In addition no similarity could be

observed between the pattern structures which is reflected by the

completely different directions and distances (vectors) based on

one sample (shaped as diamond) referenced to three other samples

(shaped as 4-point star, 5-point star and inverted triangle) in each

pattern. The sum of the first and the second principal components

is less than 30% for each model reflecting the poor correlation

among the variables (features) in the dataset. Importantly, in all

four PCA models, the 7 QC features (in green) are close each other

as a cluster in the middle of the pattern, further confirming

excellent system stability throughout. As a supervised MVA

method, OPLS-DA was able to separate study groups according to

predefined biological criteria [22,34]. In this study as the test set 5

cancer subjects including 3 at early stage (T1N0M0) and 5 controls

were taken out from each group .The OPLS-DA models were

built up by using the remaining 25 prostate cancer and control

samples as a training set using data normalised using the three

different normalisation methods and un-normalised data. Figure 2

shows the discrimination of the training set and the prediction of

the test set obtained by applying OPLC-DA to the un-normalised

data and data normalised using three different methods. Very

clear separations between two groups were achieved for the

training set in the models generated with data following

normalisation to creatinine and MSTUS. Only one cancer and

one control sample crossed over the separation line in the model

generated with the osmolality method and raw data. The value of

R2Y(cum), which explains the discriminative power of the OPLS-

DA model, is more than 0.9 with creatinine and MSTUS

normalisation and 0.8 with osmolality normalisation but less than

0.7 with un-normalised data. The value of Q2Y(cum), which is

calculated by 7-folder cross-validation and able to indicate the

predictive power of the model, is about 0.3 for all the methods.

Although this value is not as high as expected (.0.5) all the

samples in the test set were correctly predicted for all three

normalisation methods except one in the MSTUS based model. It

is interesting to note that unlike PCA models the OPLS-DA

models with different normalisation factors show similar pattern

structures and this even the case with non-normalised data. The

vectors from the same sample to the other three are quite similar

in every OPLS-DA model (Figure 2). Based on the above

observations it seems that the normalisation strategy greatly affects

the outcome of the unsupervised MVA but not the supervised.

However, by removing the deviation of metabolite concentration

introduced by urine volume variation, normalisation improves the

performance of supervised MVA. The value of Variable Impor-

tance for the Projection (VIP) indicates the impact factor of the

variable to the model. Generally a variable is regarded important

to the model if its VIP value is .1. Overall 406 unique features

with VIP values .2 were selected from all three OPLS-DA

models. It was found that 76 were common in all three models, 89

Table 2. The numbers of remaining features and their percentages after each data filter.

LC conditions and ESI modes
Originally detected in all
samples After PS filter After 25% missing filter After 25% RSD filter (Final)

ZIC-pHILIC-Pos 7910 (100%) 1839 (23.25%) 1559 (19.71%) 1341 (16.95%)

ZIC-pHILIC-Neg 13254 (100%) 3327 (25.10%) 2875 (21.69%) 1676 (12.65%)

RP-Pos 6697 (100%) 1460 (21.80%) 1233 (18.41%) 1022 (15.26%)

RP-Neg 9264 (100%) 1691 (18.25%) 1416 (15.28%) 1209 (13.05%)

doi:10.1371/journal.pone.0065880.t002
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were in any two models and 241 were from only one model (Figure

S1 in File S4). Those features common in three models showed the

highest average VIP values in comparison to the ones common in

two or only in one model and they included 80% of top 10 features

in VIP value from each model and the remaining 20% could be

found in the group which was common in two models. As

recommended by Warrack et al [27] in order to ensure the

reliability of the biomarkers we focused on the VIP features which

were common in three normalisation methods. This group

included many features which showed the same m/z values under

different LC conditions or were detected in both positive and

negative ion modes with the same retention time. This observation

suggests that these features could be assigned to single metabolites

which would make them more reliable as genuine biomarkers.

Unpaired Student t and ROC tests were performed for these

features across all samples and the calculated P-values and area

under curve (AUC) obtained by ROC are shown in Table S1 in

File S4. As expected all of them showed high AUC (.0.63) and

low P-values (,0.05) and their ratios between the cancer and

control samples are also very similar each other under different

LC-HRMS conditions with different normalisation methods which

supports the reliability of the results. Some other features could

also be considered as potential biomarkers because of significant

statistical results although they were only present in a single LC-

HRMS condition. The discriminative ability of sarcosine for

prostate cancer was also evaluated (Table S1 in File S3); in keeping

with several earlier reports, we found no significant difference in

the sarcosine level between cancer and control groups [6,8–

10,12,15].

Identification of a potential biomarker panel
All the features used in MVA were searched by accurate mass

with a 3 ppm tolerance window against an in-house metabolite

library [25]. 1673 and 1159 features were putatively identified as

metabolites or related signals under ZIC-pHILIC and RP

conditions respectively. The identification results in Excel format

can be downloaded from our website: http://www.metabolomics.

strath.ac.uk and people wishing to file share raw data are welcome

to contact us. The biomarkers in File S4 were successfully assigned

to genuine metabolites but some of them with several isomers. In

order to finalize the identity of the biomarkers an MS2 experiment

was carried out. A feature mentioned in Table S1 in File S4

(145.062 m/z in ESI negative and 147.076 m/z in ESI positive

mode) was assigned the formula C5H10N2O3 with mass error less

than 1 ppm. Three isomers can be assigned to this formula in the

HMDB. These are glutamine, ureido isobutyric acid and

alanylglycine. As can been seen in figure 3A the interesting

feature refers to Peak B in the extracted ion chromatograms. By

MS2 analysis Peaks A and C showed the same fragmentation

pattern which can be explained as shown in figure 3B and were

identified as glutamine by comparing with a standard MS/MS

spectrum in the HMDB. Peak B showed a completely different

fragmentation pattern and corresponds to ureido isobutyric acid

from the interpretation of the MS2 spectra. No standard MS/MS

spectrum was found in any public database. The fragmentation

seems to be directed by the ureido group in the molecule

(figure 3B). The absence of a free amine group reduces the polarity

of the molecule which explains the opposite elution order to that of

glutamine under the two orthogonal LC conditions (figure 3A).

Finally by checking the raw data Peak A was identified as being

Figure 1. PCA score plots with different normalisation methods. Cancer subjects are labelled in red, controls in blue and QCs in green. The
vector from diamond to 5-point star is labelled in black, to 4-point star in green and to inverted triangle in purple. (A–C) Normalisation to creatinine,
MSTUS and osmolality respectively. (D) raw data without normalisation.
doi:10.1371/journal.pone.0065880.g001
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due to an in-source fragment of alpha-N-phenylacetyl-L-glutamine

which is a highly abundant component in human urine.

Alanylglycine might correspond to the tiny peak before and after

Peak B under ZIC-pHILIC and RP conditions respectively.

However, its signal at MS level 1 was too weak to obtain reliable

MS2 fragmentation. The final potential biomarkers and their

identities, including MS2 fragmentation data, are shown in File S5.

More potential biomarkers were identified under the ZIC-pHILIC

conditions than under RP conditions. It was interesting to note

that there were some biomarkers identified from food e.g.

stachydrine and 3-hydroxystachydrine. Their reliability/authen-

ticity as biomarkers was naturally suspected.

From our literature review for cancer diagnosis by metabolo-

mics no studies have assessed the discriminative ability of proposed

biomarkers in a single paper by testing samples collected

completely independently of the original study. We carried out

analysis on urine samples obtained from 30 additional prostate

cancer patients and compared data against the control samples

analysed earlier. Based on the optimal methodology identified

above these 60 samples were compared only under ZIC-pHILIC

conditions and the data was normalised against creatinine

concentration. In the comparison between the controls and the

independently collected prostate cancer samples 14 out of 33

biomarkers were below the 0.05 P-value threshold including

ureido isobutyric acid which had almost identical statistical results

in both ES1 positive and negative modes (Table 3). Some of the

food metabolites did not show significant difference between

cancer and healthy groups. Four out of 14 validated biomarkers

were identified with confidence as ureido isobutyric acid,

indolylacryloyglycine, acetylvanilalinine and 2-oxoglutarate all of

which have not been reported in the previous metabolite profiling

studies for prostate cancer.

Based on the total 90 subjects (60 cancer v.s. 30 controls) the

diagnostic power for prostate cancer was evaluated by an ROC

test for each of them as well as for their combined power. The

peak area was UV scaled and if the level of the biomarker was

higher in the cancer group than in the healthy group, it would be

treated as positive influence and lower as negative influence. The

generated AUC value for the combined biomarkers was 0.896 and

the sensitivity and specificity were also improved at the best cut-off

point compared to other single biomarkers (Figure 4. The

diagnostic efficacy could be improved further by including more

single biomarkers but due to their putative identification they were

not included in the combination. Overall, the use of the combined

biomarker panel is comparable to the use of PSA testing (AUC at

0.94). With future refinement, such a panel may be of clinical use

either in isolation or in combination with PSA itself. Due to the

limitation of number of subjects measured in this study and the

uncertainty of the significance of a few significant biomarkers

selected from over a thousand features, further validation of the

panel and the specific biomarkers will be performed with more

subjects and the data will be publically accessible on our website:

http://www.metabolomics.strath.ac.uk.

The four identified biomarkers are not linked in an obvious way

although individually they have some interesting biochemical

background as biomarkers of other medical conditions. Ureidoi-

sobutyric acid (UIBA) is well established as a urinary marker of an

inborn error of metabolism due to ureidopropionase deficiency

Figure 2. OPLS-DA score plot with different normalisation methods. Cancer subjects are shaped as squares and controls as circles. The
training set is labelled in filled red and the test set in hollowed blue. The four selected subjects and the vectors are same shaped and coloured as
Figure 1.
doi:10.1371/journal.pone.0065880.g002
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where its levels are elevated [35]. In the current case its levels are

lower in subjects with prostate cancer. UIBA is a metabolite of the

DNA base thymidine. UIBA is also a DNA degradation product

derived from oxidative damage of thymidine and such damaged

bases are removed from DNA by the repair enzyme DNA

glycosylase [36–38]. Failure to remove such residues can result in

mutations being formed during replication due to incorrect base

pairing with the damaged site. Lower levels of UIBA might point

to reduced rates of excision repair.

Indoylacroylglycine (IAG) has been proposed as a marker for

autism in children. Its origin is unclear although it has been

proposed that it is produced by metabolic transformation of

tryptophan by gut microflora. However, it has been established

that its levels fluctuate in human urine according to the time of

year and higher levels may relate to increased exposure to UV

light. In this respect it is analogous to urocanic acid which is

produced from histidine in response to UV radiation [39].

N-acetylvanilalinine (AVA) has been monitored in urine for the

detection of a rare inborn error of metabolism due to aromatic

amino acid decarboxylase (AAD) deficiency [40]. In the group of

biomarkers presented in table 3 there is an unidentified marker

(268.083 m/z, negative mode), which like AVA is highly elevated

in prostate cancer patients. This marker differs in elemental

Figure 3. LC-HRMS/MS results of isomers of C5H10N2O3. Extracted ion chromatograms under 4 different LC-HRMS conditions (A) and the
interpretation of their MS2 fragmentations (B).
doi:10.1371/journal.pone.0065880.g003
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composition by one oxygen atom from AVA suggesting it might be

hydroxylated AVA.

Conclusions

The current study has established a simple robust protocol for

screening of urine for biomarkers by using orthogonal LC methods

in conjunction with HRMS. A data extraction protocol based on

MZmine was established to remove technical and biologically non-

related variations. Applying the developed method we successfully

performed a preliminary study on urinary metabolomics for

diagnosis of prostate cancer and biomarker discovery. In

comparison with previous studies much more comprehensive

metabolite profiling was achieved by employing two orthogonal

LC methods combined with HRMS which provided a greater

opportunity to uncover more potential biomarkers. The lower

effect of different normalisation methods on supervised MVA

models (OPLS-DA) than on unsupervised (PCA) models was

reported for the first time. In addition, a clear improvement in

Table 3. The statistical results for biomarkers surviving testing against a new cohort of patients.

Polarity m/z Rt Name Formula P-value Ratio

N 268.083 13.47 Unknownc C12H15NO6 ,0.0001 4.66

P 236.149 11.51 Unknownc C14H9N2O2 ,0.0001 0.37

P 240.102 8.24 N-hydroxy-2-acetamidofluoreneb C15H13NO2 0.0003 0.13

N 243.078 6.74 indolylacryloyglycinea C13H12N2O3 0.0007 2.58

N 145.062 11.66 Ureidoisobutyric acida C5H10N2O3 0.0014 0.54

N 210.026 5.00 Unknown 0.0016 0.30

N 172.025 15.20 Unknownc C6H7NO5 0.0020 2.47

N 252.088 5.01 acetylvanilalininea C12H15NO5 0.0022 3.94

N 258.992 16.48 Caffeic acid sulfatea C9H8O7S 0.0026 2.29

P 147.077 11.66 Ureidoisobutyric acida C5H10N2O3 0.0030 0.57

N 401.182 6.40 Thr-Trp-Prob C20H26N4O5 0.0041 0.49

N 145.014 15.52 2-oxoglutaratea C5H6O5 0.0067 1.97

N 275.023 13.21 Dihydro ferulic acid sulphateb C10H12SO7 0.0332 0.23

P 169.061 7.77 2,3-diaminosalicylic acida C7H8N2O3 0.0462 2.19

a: identified by accurate mass and MS2 fragmentation.
b: only identified by accurate mass in the in-house database.
c: only elemental composition predicted formula (,3 ppm).
doi:10.1371/journal.pone.0065880.t003

Figure 4. ROC testing results of validated biomarker (UIBA) and the combined biomarker.
doi:10.1371/journal.pone.0065880.g004
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discriminative ability for prostate cancer with normalised data in

OPLS-DA models proves the necessity of normalisation. The

complete discrimination of men with prostate cancer could be

achieved in OPLS-DA models with sensible accuracy of prediction

on a test set. The new biomarkers included UIBA which was

identified under all LC-HRMS conditions and survived through

the validation test of using a new cohort of patients from a

different geographic region. The diagnostic ability obtained by

combining the validated biomarkers was close to the level of the

PSA test. Further validation experiments will be carried in our lab

including with more detailed clinical and pathological testing and

the testing of further groups of subjects to prove the utility of the

biomarkers found in the current study. We hope that other groups

pursuing similar protocols aimed at diagnosis of prostate cancer

will be able to test the candidate biomarkers we have described

Supporting Information

File S1 START checklist for reporting of studies of
diagnostic accuracy.

(DOCX)

File S2 Text (MZMine 2.10 procedure and settings).

(DOCX)

File S3 Text (LC-HRMS results of standard reference
compounds), two Figures (representative LC-HRMS
chromatograms of alanine, b-alanine and sarcosine
under ZIC-pHILIC and C18-AR conditions) and a Table
(Student t-test results of scarcosine between cancer and
healthy group).
(DOCX)

File S4 A Figure (Venn diagram of features with VIP
beyond 2 using different normalisation methods) and a
Table (statistic data table of some potential biomark-
ers).
(DOCX)

File S5 Text (List of discovered biomarkers with LC-
HRMS and MS/MS information under different LC
conditions and their statistic data with different nor-
malisation methods).
(XLSX)

Author Contributions

Conceived and designed the experiments: TZ DGW HL. Performed the

experiments: TZ LW MA. Analyzed the data: TZ LW. Contributed

reagents/materials/analysis tools: LM LB IA NYL ACFN. Wrote the

paper: TZ DGW.

References

1. Yuneva MO, Fan TW, Allen TD, Higashi RM, Ferraris DV, et al. (2012) The

metabolic profile of tumors depends on both the responsible genetic lesion and
tissue type. Cell Metab 15: 157–170.

2. Issaq HJ, Fox SD, Chan KC, Veenstra TD (2011) Global proteomics and
metabolomics in cancer biomarker discovery. Journal of Separation Science 34:

3484–3492.

3. Claudino WM, Goncalves PH, di Leo A, Philip PA, Sarkar FH (2012)
Metabolomics in cancer: A bench-to-bedside intersection. Crit Rev Oncol

Hematol 84: 1–7.

4. Sreekumar A, Poisson LM, Rajendiran TM, Khan AP, Cao Q, et al. (2009)

Metabolomic profiles delineate potential role for sarcosine in prostate cancer
progression. Nature 457: 910–914.

5. Cavaliere B, Macchione B, Monteleone M, Naccarato A, Sindona G, et al.

(2011) Sarcosine as a marker in prostate cancer progression: a rapid and simple

method for its quantification in human urine by solid-phase microextraction-gas
chromatography-triple quadrupole mass spectrometry. Anal Bioanal Chem 400:

2903–2912.

6. Wu H, Liu T, Ma C, Xue R, Deng C, et al. (2011) GC/MS-based metabolomic
approach to validate the role of urinary sarcosine and target biobiomarkers for

human prostate cancer by microwave-assisted derivatization. Anal Bioanal

Chem 401: 635–646.

7. Darbon JM (2009) [Analysis of the metabolome suggests a major potential role of
sarcosine in the progression of cancer of the prostate]. Bull Cancer 96: 355–356.

8. Jentzmik F, Stephan C, Miller K, Schrader M, Erbersdobler A, et al. (2010)
Sarcosine in Urine after Digital Rectal Examination Fails as a Marker in

Prostate Cancer Detection and Identification of Aggressive Tumours. Eur Urol
58: 12–18.

9. Jentzmik F, Stephan C, Lein M, Miller K, Kamlage B, et al. (2011) Sarcosine in

prostate cancer tissue is not a differential metabolite for prostate cancer

aggressiveness and biochemical progression. J Urol 185: 706–711.

10. Issaq HJ, Veenstra TD (2011) Is sarcosine a biomarker for prostate cancer?
Journal of Separation Science 34: 3619–3621.

11. Schalken JA (2010) Is urinary sarcosine useful to identify patients with significant

prostate cancer? The trials and tribulations of biomarker development. Eur Urol

58: 19–20.

12. Bohm L, Serafin AM, Fernandez P, Van der Watt G, Bouic PJ, et al. (2012)
Plasma sarcosine does not distinguish early and advanced stages of prostate

cancer. S Afr Med J 102: 677–679.

13. Miyake M, Gomes Giacoia E, Aguilar Palacios D, Rosser CJ (2012) Sarcosine, a

biomarker for prostate cancer: ready for prime time? Biomark Med 6: 513–514.

14. Lucarelli G, Fanelli M, Larocca AM, Germinario CA, Rutigliano M, et al.
(2012) Serum sarcosine increases the accuracy of prostate cancer detection in

patients with total serum PSA less than 4.0 ng/ml. Prostate 72: 1611–1621.

15. Struys EA, Heijboer AC, van Moorselaar J, Jakobs C, Blankenstein MA (2010)

Serum sarcosine is not a marker for prostate cancer. Ann Clin Biochem 47: 282.

16. Martinez-Lozano P, Criado E, Vidal G, Cristoni S, Franzoso F, et al. (2011)
Differential mobility analysis-mass spectrometry coupled to XCMS algorithm as

a novel analytical platform for metabolic profiling. Metabolomics Online

FirstTM.

17. Thysell E, Surowiec I, Hornberg E, Crnalic S, Widmark A, et al. (2010)

Metabolomic characterization of human prostate cancer bone metastases reveals

increased levels of cholesterol. PLoS One 5: e14175.

18. Trock BJ (2011) Application of metabolomics to prostate cancer. Urol Oncol 29:

572–581.

19. Kim K, Aronov P, Zakharkin SO, Anderson D, Perroud B, et al. (2009) Urine

metabolomics analysis for kidney cancer detection and biomarker discovery. Mol

Cell Proteomics 8: 558–570.

20. Ganti S, Weiss RH (2011) Urine metabolomics for kidney cancer detection and

biomarker discovery. Urol Oncol 29: 551–557.

21. Issaq HJ, Nativ O, Waybright T, Luke B, Veenstra TD, et al. (2008) Detection

of bladder cancer in human urine by metabolomic profiling using high

performance liquid chromatography/mass spectrometry. J Urol 179: 2422–

2426.

22. Huang Z, Chen Y, Huang W, Gao Y, Lin L, et al. (2012) Holistic metabonomic

profiling of urine affords potential early diagnosis for bladder and kidney

cancers. Metabolomics Online FirstTM.

23. Woo HM, Kim KM, Choi MH, Jung BH, Lee J, et al. (2009) Mass spectrometry

based metabolomic approaches in urinary biomarker study of women’s cancers.

Clin Chim Acta 400: 63–69.

24. Chen J, Wang W, Lv S, Yin P, Zhao X, et al. (2009) Metabonomics study of liver

cancer based on ultra performance liquid chromatography coupled to mass

spectrometry with HILIC and RPLC separations. Anal Chim Acta 650: 3–9.

25. Zhang T, Creek DJ, Barrett MP, Blackburn G, Watson DG (2012) Evaluation of

coupling reversed phase, aqueous normal phase, and hydrophilic interaction

liquid chromatography with Orbitrap mass spectrometry for metabolomic

studies of human urine. Anal Chem 84: 1994–2001.

26. Ryan D, Robards K, Prenzler PD, Kendall M (2011) Recent and potential

developments in the analysis of urine: a review. Anal Chim Acta 684: 8–20.

27. Warrack BM, Hnatyshyn S, Ott KH, Reily MD, Sanders M, et al. (2009)

Normalization strategies for metabonomic analysis of urine samples.

J Chromatogr B Analyt Technol Biomed Life Sci 877: 547–552.

28. Dunn WB, Broadhurst D, Begley P, Zelena E, Francis-McIntyre S, et al. (2011)

Procedures for large-scale metabolic profiling of serum and plasma using gas

chromatography and liquid chromatography coupled to mass spectrometry. Nat

Protoc 6: 1060–1083.

29. Chan EC, Pasikanti KK, Nicholson JK (2011) Global urinary metabolic

profiling procedures using gas chromatography-mass spectrometry. Nat Protoc

6: 1483–1499.

30. Want EJ, Wilson ID, Gika H, Theodoridis G, Plumb RS, et al. (2010) Global

metabolic profiling procedures for urine using UPLC-MS. Nat Protoc 5: 1005–

1018.

31. Bossuyt PM, Reitsma JB, Bruns DE, Gatsonis CA, Glasziou PP, et al. (2003)

Towards complete and accurate reporting of studies of diagnostic accuracy: The

STARD initiative. Clinical Chemistry 49: 1–6.

32. Pluskal T, Castillo S, Villar-Briones A, Oresic M (2010) MZmine 2: modular

framework for processing, visualizing, and analyzing mass spectrometry-based

molecular profile data. BMC Bioinformatics 11: 395.

Metabolomic Profiling in Prostate Cancer

PLOS ONE | www.plosone.org 9 June 2013 | Volume 8 | Issue 6 | e65880



33. Theodorides G, Gika GH, Wilson DI (2011) Mass Spectrometry-based Holistic

Analytical Approaches for Metabolite Profiling In Systems Biology Studies. Mass
Spectrometry Reviews 30: 884–906.

34. Bylesjo M, Rantalainen M, Cloarec O, Nicholson JK, Holmes E, et al. (2006)

OPLS discriminant analysis: combining the strengths of PLS-DA and SIMCA
classification. Journal of Chemometrics 20: 341–351.

35. Kuhara T, Ohse M, Inoue Y, Shinka T (2009) Five cases of beta-
ureidopropionase deficiency detected by GC/MS analysis of urine metabolome.

J Mass Spectrom 44: 214–221.

36. Ide H, Petrullo LA, Hatahet Z, Wallace SS (1991) Processing of DNA base
damage by DNA polymerases. Dihydrothymine and beta-ureidoisobutyric acid

as models for instructive and noninstructive lesions. J Biol Chem 266: 1469–

1477.
37. Wallace SS (2002) Biological consequences of free radical-damaged DNA bases.

Free Radic Biol Med 33: 1–14.

38. Bjelland S, Seeberg E (2003) Mutagenicity, toxicity and repair of DNA base
damage induced by oxidation. Mutat Res 531: 37–80.

39. Marklova E (1999) Where does indolylacrylic acid come from? Amino Acids 17:
401–413.

40. Abdenur JE, Abeling N, Specola N, Jorge L, Schenone AB, et al. (2006)

Aromatic l-aminoacid decarboxylase deficiency: unusual neonatal presentation
and additional findings in organic acid analysis. Mol Genet Metab 87: 48–53.

Metabolomic Profiling in Prostate Cancer

PLOS ONE | www.plosone.org 10 June 2013 | Volume 8 | Issue 6 | e65880




