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Abstract
Modified nucleosides are formed post-transcriptionally in RNA. In cancer disease, the cell
turnover and thus RNA metabolism is increased, yielding higher concentrations of excreted
modified nucleosides. In the presented study, urinary ribonucleosides were used to differentiate
between breast cancer patients and healthy volunteers. The nucleosides were extracted from
urine samples using affinity chromatography and subsequently analyzed via liquid chromato-
graphy ion trap mass spectrometry (LC-IT-MS). The peak areas were related to the internal
standard isoguanosine and to the urinary creatinine level. For bioinformatic pattern recognition
we used the support vector machine. We examined 113 urine samples from breast cancer
patients (stage Tis-T4) and 99 control samples from healthy volunteers. We achieved a
sensitivity of 87.67% and a specificity of 89.90% when including 31 nucleosides. The medical
metabonomics concept based on the urinary nucleoside profile reveals a significantly improved
classification compared with currently applied breast cancer biomarkers such as CA15-3.
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Introduction

Metabonomics is a relatively new field in analytics, which has rapidly expanded in

recent years, building on from the established genomics and proteomic concepts. In

genomics, the genome including all DNA segments of an organism is studied.

Proteomics deals with the proteins expressed by the genome, with particular emphasis
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on structure and function. Metabonomics supplements these, by taking metabolic

changes resulting from genomic or environmental alterations into account.

The importance of metabolite identification and the possibility of differentiating

between physiologically variable groups (state) based on the metabolite pattern in

biological fluids has been described by several groups (Plumb et al. 2002, Gamache

et al. 2004, Griffin 2004, Kim et al. 2004, Lindon et al. 2004, Wilson et al. 2005).

The analytical data used were mainly obtained by nuclear magnetic resonance

imaging (NMR) (Kleno et al. 2004, Beger 2005, Lenz et al. 2005) or mass

spectrometry (MS) (Plumb et al. 2002, 2003, Wang et al. 2005, Wilson et al. 2005,

Yang et al. 2005). Metabonomics has been applied to several areas including drug

development (Plumb et al. 2002), biomarker elucidation for disease diagnosis

(Gamache et al. 2004, Kleno et al. 2004, Yang et al. 2005), nutrition research

(Kim et al. 2004) and examination of metabolic pathways in plants (Roessner et al.

2002). The most commonly used statistical method for classification in these studies

was principal component analysis.

Yang et al. (2004) applied principal component analysis to 113 mostly unidentified

peaks appearing in HPLC-UV-chromatograms, comprising all cis-diol structures

extracted from urine samples of hepatitis and hepatocirrhosis patients. In a more

recent publication, they expanded the method by coupling with tandem MS (Yang

et al. 2005). In both cases, the integrated peak areas were compared to both an

internal standard and the creatinine level in urine prior to principal component

analysis.

In our study, we analyzed nucleosides in urine samples from stage Tis to T4 breast

cancer patients and healthy volunteers. Most of the known modified nucleosides are

formed post-transcriptionally in RNA catalyzed by different enzymes (Bjoerk et al.

1987). They are formed during RNA metabolism and excreted in urine as end

products due to a lack of specific phosphorylases. In healthy adults, the nucleoside

excretion is constant, while in children up to the age of 16, the excretion rates are

higher (Sander et al. 1986, Itoh et al. 1993, Prankel et al. 1995, Liebich et al. 1997).

As the RNA turnover seems to be impaired in cancer patients, modified nucleosides

have been evaluated as possible tumour markers (Sasco et al. 1996, Liebich et al.

1997, Xu et al. 2000, Dieterle et al. 2003). Methylated nucleosides in particular play

an important role, e.g. the levels of 1-methylinosine and pseudouridine are higher in

urine from breast cancer patients (Tormey et al. 1980). In recent studies, Dudley et al.

(2003) identified the rare nucleoside 5?-deoxycytidine as potential urinary biomarker

for head and neck cancer. A number of modified nucleosides occurring in urine are

shown in Figure 1.

We determined the nucleosides using liquid chromatography/electrospray ionization

ion trap mass spectrometry (LC-ESI-IT-MS) after extraction by affinity chromato-

graphy. Only cis-diols were extracted using phenylboronic acid gel, which binds

cis-diols reversibly. The separation was performed using reversed phase liquid

chromatography, based on a method developed by Liebich et al. (1997) which was

adapted to make it compatible with mass spectrometric detection. We used a Bruker

Esquire High Capacity Ion Trap (HCT-IT MS) in positive ionization mode with the

mass range 50�500 Da for detection. The identification of the compounds of interest

had been performed in previous studies using an auto-LC-MS3 method to identify the

nucleosides not only according to retention time, but also according to their

characteristic fragmentation pattern (Kammerer et al. 2005b). Further structural
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elucidation of nucleosides is also possible using matrix-assisted laser desorption

ionization time-of-flight (MALDI-TOF) MS (Kammerer et al. 2005a) and by

measuring accurate masses using LC-ESI-oa-TOF MS (oai orthogonal acceleration)

(Bullinger et al. 2005).

The aim of our study was to classify 212 urinary samples from patients with breast

cancer and control samples from healthy volunteers on the basis of the LC-MS-

results. In preliminary studies, we identified 37 compounds in urine samples of breast

cancer patients as nucleosides/ribose containing compounds (Kammerer et al.

2005b). Thirty-one of these compounds were considered suitable for statistical

interpretation. The peak areas of the extracted ion chromatograms (EIC) of all

compounds were compared with the internal standard isoguanosine and to the

creatinine level for standardization.

The final classification of the 212 samples into breast cancer patients and control

samples was evaluated by means of a leave-one-out cross-validation procedure (Duda

et al. 2001). The underlying statistical model was a support vector machine (SVM)

(Cortes & Vapnik 1995, Schölkopf & Smola 2002) trained with an RBF-kernel

function to allow non-linear class separations. SVMs are learning algorithms capable

of handling large numbers of input vectors (Cortes & Vapnik 1995, Schölkopf &

Smola 2002, Guyon & Elisseeff 2003). They have been applied to various domains

including characterization of molecules (Holloway et al. 2005, Saeh et al. 2005, Lepp

et al. 2006) as well as microarray expression (Furey et al. 2000) and proteomics

Figure 1. Structures of some modified nucleosides occurring in urine.
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(Honda et al. 2005, Liu 2006) in conjunction with disease diagnosis. They are

generally used to generate a classification based on a varying number of descriptors.

SVMs have previously been used for cancer diagnosis based on mass spectrometric

data (Duan & Rajapakse 2005, Rajapakse et al. 2005).

In our study we achieved a cross-validated sensitivity of 87.67% and a specificity of

89.90% when including all 31 nucleosides. A further automatic selection of the most

relevant compounds yielded a sensitivity of 89.39% and a specificity of 88.89%.

Methods

Chemicals and materials

Methanol was of HPLC hypergrade and formic acid of analytical grade (both from

Merck, Darmstadt, Germany). Double distilled water from an in-house distillation

system was used for chromatography and preparation of solutions. The nucleosides

used as reference standards for HPLC separation were 5,6-dihydrouridine (DHU),

pseudouridine (C), cytidine (C), uridine (U), adenosine (A), 1-methyladenosine

(m1A), N6-methyladenosine (m6A), 5?-deoxy-5?-methylthioadenosine (MTA),

inosine (I), 1-methylinosine (m1I), guanosine (G), 1-methylguanosine (m1G), N2-

methylguanosine (m2G), N2
2-dimethylguanosine (m2

2G), 3-methyluridine (m3U),

5-methyluridine (m5U), xanthosine (X), N4-acetylcytidine (ac4C), N6-threonylcarba-

moyladenosine (t6A), N2,N2,7-trimethylguanosine (m2,2,7G) and adenylosuccinic

acid (sodium salt). All nucleosides were from Sigma (Taufkirchen, Germany) except

m2
2G, m2,2,7G and t6A which were obtained from Biolog (Bremen, Germany). The

internal standard isoguanosine was kindly donated by Prof. J.H. Kim of Seoul

University, South Korea. Affigel 601 was purchased from Biorad (Bremen, Germany).

Instrumentation

The LC equipment consisted of an HPLC 1100 system (Agilent, Waldbronn,

Germany) including a vacuum degasser (G 1379 A), a binary pump (G 1376 A), a

thermostatted autosampler (G 1330 A and G 1313 A), a column oven (G 1316 A) and

DAD detector (G 1315 B). The nucleosides were detected by a Bruker Esquire HCT

Ion Trap mass spectrometer equipped with an electrospray (ESI) source. The system

was controlled and data were collected by the Bruker software Esquire Control 5.1

and Data Analysis 3.1.

The separation of the nucleosides was performed on a LiChroCART Superspher

100 RP-18 endcapped column (150�2.0 mm, 4 mm; Merck, Darmstadt, Germany)

with LiChroCART Superspher 100 RP-18 precolumn (1�2.0 mm, 4 mm; Merck).

High-resolution FTICR MS spectra of semipreparatively isolated nucleosides were

measured in positive ionization mode using an APEX II ESI-FTICR MS mass

spectrometer equipped with a 4.7 T magnet (Bruker Daltonics, Bremen, Germany).

Samples were introduced via syringe pump (Cole Parmer, Vernon Hills, IL, USA)

infusion at a flow rate of 80 ml h�1 via a 608 off-axis grounded capillary sprayer needle

(Analytica of Branford Inc.). The capillary exit voltage was adjusted to 15�25 V. For

internal and external calibration, a homologous series of polyethyleneglycols (PEG

400) was used. For data acquisition and post-processing, the XMASS version 5.0.10

software (Bruker Daltonics) was applied. Calculating the corresponding molecular

formulae, we were able to identify the metabolites N2,N2,7-trimethylguanosine
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(C13H20N5O5 [M�H�], ppm error: 0.527) and N6-succinyladenosine (C14H18N5O8

[M�H�], ppm error: 0.784).

Samples

We examined 113 urine samples of female breast cancer patients with different stages

of cancer (Tis to T4) and 99 samples of female healthy volunteers. All samples were

randomly collected at the Frauenklinik, University Hospital Tübingen and stored at

�808C until extraction. The urine samples were taken and examined in agreement

with the participants. The clinical trial has been approved by the local ethics

committee of University Hospital Tübingen. The breast cancer patients included in

this study were aged 29�87 years, the healthy control subjects were aged 16�78 years.

All samples were taken preoperatively with no neoadjuvant hormonal, irradiation or

chemotherapies applied.

Sample preparation

The nucleosides were extracted from urine samples using phenylboronic acid gel. The

isolation procedure was carried out according to Liebich et al. (1997). The urine

samples were alkalinized to pH 8.5 with 2.5% ammonia solution and centrifuged at

2400 g for 10 min. Subsequently, 10 ml of the obtained supernatant was mixed with

0.5 ml internal standard solution (0.25 M isoguanosine in water) and then put on the

column (500 mg affigel 601, column dimensions: 150�15 mm), preconditioned with

45 ml ammonium acetate solution (pH 8.5, 0.25 M). After washing with 20 ml

ammonium acetate solution (pH 8.5, 0.25 M) and 6 ml methanol-water (1:1, v/v),

elution was carried out with 25 ml 0.1 M formic acid in methanol-water (1:1, v/v).

Afterwards, the column was washed with 25 ml 0.1 M formic acid in methanol-water

(1:1, v/v) and 25 ml methanol-water (1:1, v/v) and then reconditioned with 45 ml

ammonium acetate solution (pH 8.5, 0.25 M) for the next sample. The collected

elution solvent was removed using a rotary evaporator and the residue was dissolved

again in 0.5 ml of 25 mM KH2PO4. The creatinine level, which the nucleoside areas

were related to, was determined by a modified Jaffé method (Bartels et al. 1975).

Chromatographic conditions

Fifteen microlitres of the extracted samples were injected into the HPLC system. The

separation of the nucleosides was performed using a gradient as described in Table I.

MS parameter optimization

The mass spectrometric parameters were tuned for optimization of the sensitivity in

positive electrospray mode (see Table I). This was done by direct infusion of solutions

of 16 standard nucleosides (10 mg ml�1). As the standard nucleosides showed

differences in their optima for skimmer voltage, capillary exit voltage, octupole 1 and 2

voltages, trap drive and octupole RF amplitude, we optimized these parameters

separately for all nucleosides and set them to an average value to find a compromise

for all nucleosides, especially considering those occurring in lower concentrations in

urine.
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The skimmer voltage was set to a value at which the signal intensity was maximal

while the nucleoside fragmentation was extensively prevented.

A multiple reaction monitoring method would have been more accurate and

selective, but impossible to realize with such a high number of nucleosides, as the

number of compounds which may be selected is limited to 10.

As we wanted to include compounds which are very likely nucleosides, but as we

were not able to identify them, we could not perform a standard quantification due to

the missing standard substances. Thus, we determined values which were related to an

internal standard as well as to the urinary creatinine level.

Integration procedure

We used extracted ion chromatograms (EIC) of the corresponding masses for manual

integration, using Bruker DataAnalysis 3.1. The EICs were processed with a Gauss

function smoothing algorithm contained in DataAnalysis software. For analytical and

physiological normalization, the integrated peaks areas of the analyzed metabolites

were related to the peak area of the internal standard isoguanosine and the determined

urinary creatinine level (in mmol ml�1) prior to the bioinformatical analysis. The

creatinine level is a constant parameter which nucleoside concentrations in urine are

usually related to for comparing different samples (Bartels et al. 1975, Liebich et al.

1997, Liebich et al. 2005)

Table I. LC and MS settings.

LC conditions

Solvent system

A 5 mM ammonium formate buffer, pH 5.0

B methanol/water (3/2, v/v)�0.1% formic acid

Gradient system

0 min 1% B

15 min 15% B

40 min 60% B

50 min 1% B

55 min 1% B

Equilibration time between runs 10 min, 1% B

Flow rate 125 ml min�1

Run time 55 min

MS settings

Mode Positive

Scan range 50�500 Da

Capillary voltage 5 kV

End plate offset voltage �500 V

Nebulizer gas (nitrogen) 35 psi

Dry gas (nitrogen) 7.0 l min�1

Dry temperature 3258C
Capillary exit voltage 75 V

Skimmer voltage 15 V

Octopole 1 7.5 V

Octupole 2 1.7 V

Octupole RF amplitude 110 Vpp

Trap drive 35.7

440 A. Frickenschmidt et al.
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Learning the class separation between healthy and cancer patients with

support vector machines

The basic concept of a SVM classification is depicted in Figure 2. The idea is to

separate two classes of points (in our case nucleoside concentration profiles of healthy

and breast cancer patients) by means of an optimally separating hyperplane. This

hyperplane is constructed such that the margin (i.e. the distance of the hyperplane to

the point closest to it) is maximized. Non-linear classifications can be performed by

mapping the data in a non-linear fashion into some higher dimensional space and then

calculating the optimal hyperplane there.

The mapping is usually achieved by means of so-called kernel functions, which are a

special class of similarity measures. A kernel function that is often employed is the

radial basis function kernel (RBF-kernel):

k(x; y)�exp

�
Ix � yI2

2s2

�
(1)

In contrast to techniques like principal component analysis (PCA), which only aim to

reduce the dimensionality of the data, SVMs construct a decision function of the form

f (x)�sgn

�Xn

i�1

aiyik(x; xi)�b

�
(2)

where the ai are so-called Lagrangian multipliers and b a bias term. Both are learned

from a set of n training data points D�f(x1; y1); . . . ; (xn; yn)g⁄Rd �f�1;�1g: Hereby

xi represents the ith input vector, which is labelled with yi � f�1;�1g to characterize its

class membership. SVMs are predictive models, i.e. given an unclassified vector x the

decision function (2) can be asked to forecast its class membership.

Figure 2. (A) Example of a support vector machine (SVM) classification between crosses and circles by

means of an optimal separating hyperplane (sold black line). The hyperplane only relies on the points lying

on the margin (dashed lines). These are the so-called support vectors (marked by extra circles). (B) Example

of a non-linear SVM classification between crosses and circles.
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Results and discussion

Evaluation of the analytical method

Proof of reproducibility. A standard solution containing 17 nucleosides and the internal

standard was injected 11 times. These values were normalized to the internal standard

isoguanosine and the average and standard deviation were calculated.

The standard deviation for the nucleosides was between 1.7 and 8.5% except for

guanosine (10.2%), which was considered acceptable for further analysis.

Additionally, a urine sample of a healthy volunteer extracted as described above was

injected five times and the deviation was calculated for the above mentioned 17

standard nucleosides as well as 19 further compounds which were already identified as

nucleosides or ribosyl derivatives (Kammerer et al. 2005b). The deviations were

between 1.7 and 8.4% and thus comparable to those determined for the standard

solution.

Proof of linearity. For proof of linearity, a urine sample was extracted as described

above and diluted 1:2, 1:5, 1:10, 1:50 and 1:100. These solutions were mixed 1/1 with

the internal standard solution and injected in the HPLC system. The integrated peak

areas of the EICs were related to the internal standard and the results processed by

linear regression. Only five nucleosides did not show linearity. These five compounds

(cytidine, putative ribosyl derivatives with m/z 255, m/z 258, uridine and

5-methyluridine) were excluded from further analysis, yielding 32 compounds to be

examined. The regression coefficients of these compounds were between 0.965 and

0.999.

The ribosyl derivative with a mass of 300 Da was excluded later on because of a bad

peak form in the chromatograms of some samples. In the end, 31 nucleosides/ribosyl

derivatives were included in the evaluation using a support vector machine. For the

sake of simplicity, in the following they are identified with numbers 1, . . . , 31. The

final assignment of the nucleosides number to its m/z value and name (if known) is

given in Table II. A 3D image of the integrated EICs of one urine sample of a healthy

volunteer is shown in Figure 3.

Prediction of cancer vs non-cancer with support vector machines

In the present study we evaluated how well a SVM classifier with a RBF-kernel

function, could learn the discrimination of the 99 healthy volunteers from the 113

breast cancer patients based on the concentration profile of the 31 nucleosides

measured in our experiments (see Table II). For this purpose we calculated the so

called leave-one-out error (LOO), which is an almost unbiased estimator of the true

generalization performance of a machine learning algorithm (Luntz & Brailovsky

1969). The LOO is computed by sequentially leaving out one of our 212 samples and

training the model on the rest. Each time the model is asked to predict the class

(healthy or not) of the left out patient. Within each round of the LOO procedure, we

normalized all nucleoside concentrations to mean 0 and standard deviation 1 on the

current training set and then applied the resulting scaling factors to the left out test

sample. Furthermore, all necessary parameter tunings for the SVM were done only on

the current training set (i.e. within the LOO procedure).

442 A. Frickenschmidt et al.
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All computational experiments were carried out within the MATLABTM program-

ming environment. For performing the SVM trainings, we integrated LIBSVM

(http://www.csie.ntu.edu.tw/�cjlin/libsvm).

It is a common practice to summarize the outcome of a classifiers’ prediction in

form of a so-called confusion matrix, where each column represents the predicted

class for the left out patient and each row represents the actual class (see Table III for

illustration). If a healthy patient was correctly classified as healthy, we defined her as a

true negative test case, and if a cancer patient was correctly predicted as having

cancer, she was said to be a true positive case.

During the LOO procedure each patient was taken as an independent test case

once. The LOO-specificity of the classifier is the number of true negative cases divided

by the number of all healthy patients. Likewise, the LOO-sensitivity of the classifier is

the number of true positive cases divided by the number of all cancer patients. Both,

sensitivity and specificity are taken as a performance measure for our SVM classifier

system here. They are commonly used in the machine learning literature (Duda et al.

Table II. Assignment of nucleosides and other ribosyl derivatives to numbers used for evaluation (m/z);

index ordered by increasing retention time.

RT (min) Mass (M�H)� Compounda

1 4.2 259 1-Ribosylimidazole-4-acetic acid

2 4.9 247 5,6-Dihydrouridine

3 5.3 245 Pseudouridine

4 8.2 228 1-Ribosylpyridin-4-one

5 8.7 346 3-(3-Amino-3-carboxypropyl)-uridine

6 15.9 271 1-Ribosylpyridin-2-one-5-carboxamide

7 19.9 269 Inosine

8 20.7 298 7-Methylguanosine

9 20.9 301 Ribosyl derivative 1

10 21.9 293 Ribosyl derivative 2

11 21.9 271 1-Ribosylpyridin-3-one-4-carboxamide

12 23.7 296 1,N6-Dimethyladenosine

13 25.0 259 3-Methyluridine

14 25.3 285 Xanthosine

15 26.4 268 2-Aminopurin-9-riboside

16 27.4 351 5-Methylaminomethyl-2-selenouridine

17 26.9 384 N6-Succinyladenosine

18 29.4 283 1-Methylinosine

19 31.1 298 1-Methylguanosine

20 32.5 286 N4-Acetylcytidine

21 32.9 293 Ribosyl derivative 3

22 33.4 298 2-Methylguanosine

23 34.8 268 Adenosine

24 40.5 398 2-Methylthio-N6-(cishydroxyisopentenyl)-adenosine

25 40.9 326 N2,N2,7-Trimethylguanosine

26 41.2 312 N2,N2-Dimethylguanosine

27 45.0 282 N6-Methyladenosine

28 45.8 313 Ribosyl derivative 4

29 46.1 413 N6-Threonylcarbamoyladenosine

30 47.9 298 5?-Methylthioadenosine

31 49.6 459 Ribosyl derivative 5

aBold: identified nucleosides; italic: proposals based on mass spectrometric fragmentation and exact mass

(unpublished results); other: unknown metabolites.
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2001). In this context it should be noted that naturally there is a trade-off between a

high sensitivity and a high specificity. While each classifier system can trivially achieve

a perfect sensitivity by marking all test cases as positives, it would suffer a specificity of

zero in that case. On the other hand a good classifier would gain both, high specificity

and sensitivity.

Using the pre-described evaluation procedure we achieved a LOO-sensitivity of

87.67% and a LOO-specificity of 89.90%. In order to get a better impression we

computed the statistical information content of each of the 31 nucleosides (see Table

II) for the classification (Duda et al. 2001). The statistical information content, also

called the mutual information, is a quantity that measures the mutual dependence of

two random variables (in our case predictor variable X and a classification variable Y).

Formally, it can be defined as follows:

I(X ;Y )� g
(x;y)e
dom(X )�dom(Y )

p(x; y)log
p(x; y)

p(x)p(y)
(3)

Figure 3. Extracted ion chromatograms (EIC) of all compounds included in the evaluation (for annotations

compare Table II). *Modified nucleoside 1-methyladenosine (m/z 282, not included due to poor peak shape

and linearity).

Table III. Illustration of a confusion matrix for classification. Columns represent the predicted class,

whereas rows represent the actual class of a patient.

Predicted cancer Predicted healthy

Cancer True positive False negative

Healthy False positive True negative
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The result depicted in Figure 4 clearly shows that the information content among all

31 nucleosides is quite imbalanced and suggests the elimination of those carrying the

least information. Compounds with a very high information content are for example

the unidentified compounds with m/z 228 (no. 4), m/z 293 (no. 10) and m/z 351 (no.

16), whereas for instance 3-(3-amino-3-carboxypropyl) uridine (no. 5) carries a very

small information.

We then investigated which nucleosides in combination yield the highest impact on

the classification. It should be noted that this is not as simple as selecting the

nucleosides that have the highest information content by themselves. What matters is

the choice of the subset of all nucleosides. Indeed it was observed (Guyon & Elisseeff

2003) that even if a nucleoside was completely useless by itself, in combination with

others it could eventually increase the prediction quality.

For this purpose we applied the recursive feature elimination (RFE) algorithm

(Guyon & Elisseeff 2003), which successively eliminates the nucleoside that least

affects the SVM solution (Figure 5).

To ensure a high statistical robustness of the solution against random fluctuations in

the dataset, we then only considered those nucleosides as most relevant, which were

constantly selected by the RFE algorithm during the LOO procedure. These were the

nucleosides with m/z 228 (1-ribosylpyridin-4-one, no. 4), 301 (no. 9), 271

(1-ribosylpyridin-3-one-4-carboxamide, no. 11), 268 (putative 2-aminopurin-9-ribo-

side, no. 15), 384 (N6-succinyladenosine, no. 17), 1-methylguanosine (no. 19), 326

(N2,N2-7-trimethylguanosine, no. 25), N6-methyladenosine (no. 27), m/z 313 (no.

28), MTA (no. 30) and m/z 459 (no. 31), among which several have not been

identified yet. By applying the RFE algorithm on each training set, our LOO-

sensitivity was now 89.39% and the LOO-specificity 88.89%, which is similar to the

result obtained with all 31 nucleosides included.

To compare with a more traditional analysis, we also plotted the projection of our

data onto its first two principal components (Figure 6). As clearly seen, it is impossible

Figure 4. Statistical information content (9standard deviation) of the single nucleosides for the

classification (for annotations compare Table II).
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to separate the two classes in this projection, whereas � as shown before � with our

SVM classification the task can be solved reliably through a RBF kernel function using

a non-linear projection to a very high dimensional feature space.

Figure 5. Relative weight (9standard deviation) of each nucleoside (for annotations compare Table II) on

the support vector machine (SVM) solution at the initialization phase of the recursive feature elimination

(RFE) algorithm. In the next step the nucleoside having the smallest weight is eliminated and all weights are

then recomputed.

Figure 6. Projection of the data onto the first two principal components. The two classes (circles, healthy

patients; boxes, cancer patients) cannot be separated.
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Conclusions

Nucleoside modification is an integral part of a complex, sequential and multi-

enzymatic process of RNA maturation. In general, the investigation of differing

nucleosidic profiles in healthy volunteers and cancer patients, can be regarded as a

result of RNA editing and catabolism as well as of different RNA maturation processes

in cancerous and healthy tissues.

In this context, a method to differentiate between breast cancer patients and healthy

individuals based on the examination of nucleosides/ribosyl derivatives extracted from

urine samples by affinity chromatography has been developed. The separation was

performed by reversed-phase HPLC coupled to an ion trap mass spectrometer. The

integration results of 31 nucleosides, some of which have not been identified yet, while

others were characterized by their fragmentation behaviour, were examined by S

octopole RF amplitude SVMs, which are a popular classification method in machine

learning. Using a leave-one-out cross-validation procedure, we achieved a sensitivity

of 87.67% and a specificity of 89.90% of our classifier. By applying the RFE algorithm

to automatically identify the most relevant nucleosides within the leave-one-out

procedure a sensitivity of 89.39% and a specificity of 88.89% was obtained, which was

comparable to the previous results.

These results show a significant improvement in comparison to currently applied

tumour markers in breast cancer diagnosis such as the typically used CA15-3 tumour

marker (specificity 90�95%, sensitivity 50%). Including unknown compounds with

nucleoside structures clearly demonstrates the impairment of the RNA metabolism,

which is associated with the disease.

The use of non-invasive methods with both good sensitivity and selectivity like the

one presented here could mean an important improvement in cancer diagnosis, as no

reliable tumour markers in breast cancer diagnosis are currently available. The

diagnosis of other types of cancer faces similar problems, so methods like these

presented here may also be applied to other fields of oncology.
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