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ABSTRACT

Recent advances in proteomic profiling technologies, such as surface
enhanced laser desorption ionization mass spectrometry, have allowed
preliminary profiling and identification of tumor markers in biological
fluids in several cancer types and establishment of clinically useful diag-
nostic computational models. There are currently no routinely used cir-
culating tumor markers for renal cancer, which is often detected inciden-
tally and is frequently advanced at the time of presentation with over half
of patients having local or distant tumor spread. We have investigated the
clinical utility of surface enhanced laser desorption ionization profiling of
urine samples in conjunction with neural-network analysis to either detect
renal cancer or to identify proteins of potential use as markers, using
samples from a total of 218 individuals, and examined critical technical
factors affecting the potential utility of this approach.

Samples from patients before undergoing nephrectomy for clear cell
renal cell carcinoma (RCC; n � 48), normal volunteers (n � 38), and
outpatients attending with benign diseases of the urogenital tract (n � 20)
were used to successfully train neural-network models based on either
presence/absence of peaks or peak intensity values, resulting in sensitivity
and specificity values of 98.3–100%. Using an initial “blind” group of
samples from 12 patients with RCC, 11 healthy controls, and 9 patients
with benign diseases to test the models, sensitivities and specificities of
81.8–83.3% were achieved. The robustness of the approach was subse-
quently evaluated with a group of 80 samples analyzed “blind” 10 months
later, (36 patients with RCC, 31 healthy volunteers, and 13 patients with
benign urological conditions). However, sensitivities and specificities de-
clined markedly, ranging from 41.0% to 76.6%. Possible contributing
factors including sample stability, changing laser performance, and chip
variability were examined, which may be important for the long-term
robustness of such approaches, and this study highlights the need for
rigorous evaluation of such factors in future studies.

INTRODUCTION

There is currently considerable interest in using higher-throughput
and multiple marker assays, both genomic and proteomic, to identify
and evaluate new biomarkers for cancer (1). No routinely used tumor
marker exists for renal cancer, which accounts for 2–3% of adult
malignancies and causes up to 95,000 deaths/year worldwide (2).
Often relatively asymptomatic, over half of all cases present with
either local or distant metastases. Prognosis is mainly related to stage,
with a 5-year survival rate in excess of 90% in stage I disease, but only
2–32% for stage IV (3, 4). There is clearly a need for clinically useful
biomarkers to allow earlier detection, stratification/prioritization of
investigation in symptomatic individuals, and the identification of
patients at greater risk of progression who may benefit from adjuvant
intervention (5).

In urological cancers, urine represents a particularly useful fluid in

which to examine tumor markers because of its enhanced potential to
contain higher concentrations of directly released tumor-derived prod-
ucts, and additionally its collection is noninvasive. The analysis of
urine offers multiple technical challenges such as the several hundred-
fold to thousand-fold more dilute protein concentration compared
with serum, the presence of proteases, the variability of protein
concentration because of hydration state, and the potential for con-
tamination from other sources such as seminal or vaginal fluids.
Systematic examination of urine composition by high-resolution two-
dimensional PAGE and more recently by liquid chromatography/
tandem mass spectrometry approaches has identified several hundred
proteins, including intact and cleaved forms of plasma proteins such
as retinol binding protein, transferrin, albumin and �2-microglobulin,
kidney or urogenital tract-derived proteins such as erythropoietin,
urokallikrein, epidermal growth factor, E-cadherin, basement mem-
brane antigens and Tamm-Horsfall protein, and viral or bacterial
proteins (6–12). Tumor-associated proteins in urine include PCA-1
forms in prostate cancer (13), psoriasin (S100A7) in bladder squa-
mous cell carcinoma (14, 15), tumor-associated trypsin inhibitor in
many cancers (16), and several bladder transitional cell carcinoma
markers including NMP-22,3 BTA, and fibrin-fibrinogen degradation
products (17, 18). Few urinary markers have been described in renal
cancer, with NMP-22 (19, 20) and �-glucuronidase (21) being of
potential interest.

A more recently developed complementary proteomic technology
is SELDI, which is particularly biased toward investigation of mole-
cules �20 kDa and has a sensitivity in the femtomole region or less
(22). SELDI uses chip-based protein sample arrays of differing chem-
ical chromatographic surfaces to selectively bind those proteins in a
sample with specific chemical properties, for example hydrophobic,
cationic, anionic, or metal binding molecules, before generating mass/
charge profiles of the applied sample. Several examples now exist
where SELDI has been used to identify cancer-specific protein “fin-
gerprints” in tissue samples (23–26), quantitatively and qualitatively
characterize existing known tumor markers in prostate cancer (27–
29), to identify potential new markers such as hepatocarcinoma-
intestine-pancreas/pancreatitis-associated protein I in pancreatic duc-
tal adenocarcinoma (30), and several potential urinary biomarkers in
bladder cancer (29). Considerable potential has also been shown in
combining this approach with the use of various computational mod-
els that, irrespective of knowledge of peak identity, can generate
diagnostic predictions based on peak profiles, with promising results
in studies using serum samples from patients with prostate cancer and
breast cancer (31–34). In ovarian cancer, SELDI profiles of serum
samples subjected to an iterative searching algorithm resulted in a
model that identified patients with ovarian cancer, including patients
with stage I diseases, from patients with benign conditions or healthy
controls with a sensitivity of 100% and specificity of 95% (35).
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Although such results are extremely impressive, their validation and
utility over a longer time period have yet to be explored.

We have examined the clinical utility of the combination of neural-
network modeling and SELDI profiling using urine samples from
patients with renal cancer, initially examining the ability of such
models to discriminate between normal and malignant disease, and
also the potential to differentiate from various benign urological
conditions. As an additional examination of the robustness of the
technique, the predictive accuracy of such models when applied to
similar data collected 10 months later has also been explored.

MATERIALS AND METHODS

Materials. Weak cation exchange (WCX2) protein chips and other SELDI-
related materials were obtained from Ciphergen (Fremont, CA). Other mate-
rials were sourced as follows: Complete protease inhibitor mixture tablets and
NP40 were from Roche (Lewes, United Kingdom), Multistix from Bayer
(Newbury, United Kingdom), Falcon nylon filters from Becton Dickinson
(Crawley, United Kingdom), PBS tablets from Oxoid (Basingstoke, United
Kingdom), and trifluoroacetic acid from Pierce (Tattenhall, United Kingdom).
All of the other general chemicals were purchased from BDH (Poole, United
Kingdom). Milli-Q water was used throughout.

Sample Collection. Voided urine samples were obtained from a total of
218 individuals. For the main body of the study (n � 138; see Table 1),
samples were obtained from patients before undergoing nephrectomy for later
histologically confirmed clear cell RCC (n � 60), normal volunteers (n � 49),
and outpatients attending with benign diseases of the urogenital tract (n � 29).
For the subsequent long-term testing of the technique, urine samples from an
additional 80 subjects were used comprising 36 patients with RCC, 31 healthy
volunteers, and 13 patients with benign urological conditions (Table 2). This
study was approved by the Local Research Ethics Committee, and all of the
participating patients gave informed consent. A sample of the urine obtained
was assayed by standard automated method for protein and creatinine, using
the Synchron LX-20. Within 15 min of voiding, each urine sample (50–100
ml) was placed on ice and a Complete protease inhibitor mixture tablet added.
Hematuria was assessed using Multistix, and the pH was measured and
adjusted to 7 (by addition of 1 M NaOH or 1 M HCl as appropriate). The
adjustment of the pH to neutral before freezing minimizes precipitation during
storage (36). Samples were then sieved through a 100-�m nylon filter to
remove cellular debris and aggregates, centrifuged for 10 min at 800 � g at
4°C, and aliquotted and stored at �80°C. The period of storage for samples
used in this study ranged from 2 weeks to 2 years.

Matrix Preparation and SELDI Calibration. Calibration of the SELDI
system was carried out before each analytical session. Sinapinic acid matrix
was prepared freshly on the day of use by sequential addition of 125 �l of
acetonitrile and 125 �l of 1% trifluoroacetic acid to an aliquot of matrix. This
was vortexed and stored in the dark. Before use the matrix was microfuged at
13,000 rpm for 1 min. For calibration purposes, an H4 chip spot was loaded
with 2 �l of matrix containing 400 fmol of bovine ubiquitin (Mr 8,564.8), 400

fmol of bovine superoxide dismutase (Mr 15,591.4), and 400 fmol of bovine �
lactaglobulin A (Mr 18,363.3) calibrants. After air-drying, the calibrant mixture
was analyzed on the SELDI system using parameters of a high mass acquisi-
tion of 40 kDa, optimum mass range 3–20 kDa, laser intensity of 210,
sensitivity of 10, and collecting 50 transients across the spot surface. Calibra-
tion was performed using single and double charged peaks for each calibrant.

Preparation of Protein Chips for SELDI Analysis. Samples from the
groups in Table 2 were analyzed by SELDI 8–10 months after the initial
analysis and establishment of the neural net models using those in Table 1. On
the basis of optimization studies as described in the following sections, the
following protocol was adopted for the standard analysis of all of the urine
samples in the study. Urine samples were thawed and microfuged (10,000 � g)
for 10 min. Samples were then diluted to a protein concentration of 50 �g/ml,
spiked with additional Complete protease inhibitor mixture (equivalent to 1
mini protease tablet/100 ml of diluted sample), and placed on ice.

After initial pilot experiments, the chip type selected for this study was the
weak cation exchange (WCX2) chip. Protein chips (8 spot) were prepared by
pretreatment with 5 �l of 10 mM HCl/spot (2 � 5 min) followed by three rapid
washes, each with 5 �l of water. The urine samples prepared above were
diluted 1:1 with 2� binding buffer [40 mM ammonium acetate/0.2% v/v NP40
(pH 6.5)] containing 4 femtomol/�l bovine cytochrome C (Mr 12,230.9) as an
internal calibrant and 50 �l of diluted sample applied/spot (1.25 �g total
protein) using a bioprocessor. After incubation at room temperature with
shaking at 200 rpm for 30 min, samples were removed and the chips washed
five times (100 �l/spot for 1 min each wash) with 1� binding buffer followed
by two washes as above but with water, and allowed to air-dry. To each spot,
0.35 �l of sinapinic acid matrix solution was added, allowed to dry, and an
additional 0.35 �l of matrix was added. After air drying, the chips were
analyzed on the SELDI system with PBS-II software using a protocol with the
following parameters: acquisition up to 100 kDa, optimum mass range
3–20kDa, laser intensity of 210 with two warming shots not collected, sensi-
tivity of 10, and collection of 50 transients across the spot surface.

Determination of Optimum Sample Load. To examine the effects of total
protein amount on the SELDI profiles, 6 urine samples (3 normal and 3 RCC)
were prepared as described previously with final protein concentrations of 50
�g/ml, diluted 1:1 with 2� binding buffer, and final volumes varying from 5
�l (125 ng total protein applied directly to the chip) to 250 �l (6.25 �g total
protein applied using the bioprocessor) were loaded on to WCX2 chips and
subjected to SELDI analysis as described above. Similar experiments but
examining the effect of various protein concentrations of the diluted samples
from 25 �g/ml to 6.25 �g/ml were also carried out. The effects of salt and urea
on profiles were also examined by adding appropriate amounts of stock
solutions of urea and NaCl to produce elevations of 20 and 100 mM for each.

Assessment of Sample Stability. To evaluate stability during experimental
processing before SELDI, several experiments were carried out on a total of 8
urine samples (processed as described above, i.e., with the addition of protease
inhibitor before freezing), where samples were thawed and either no additional
protease inhibitor was added or protease inhibitor equivalent to 1 mini protease
inhibitor tablet/100 ml was added. Samples were then analyzed by SELDI
immediately and after being left on ice for up to 2 h. The effects of the
additional protease inhibitor per se on peak profiles were examined by com-

Table 1 Details of the patients and control groups for samples included in the main
study groups for establishment and testing of the neural network

Group Sex
Mean age

(range)

Clinical details

Subgroup Number

Normal healthy volunteers
(n � 49)

30 male
19 female

54 (23–95) — —

Benign urological diseases
(n � 29)

21 male
8 female

63 (29–88) BPH
Stones

Outflow dysfunction
UTI

11
5
6
7

RCC (n � 60) 37 male
23 female

64 (42–85) Stage T1
T2
T3
T4

Grade 1
G2
G3
G4

23
8

26
3
4

14
30
12

Table 2 Details of the patient groups used for the long-term “blind” test set

Group Sex
Mean age

(range)

Clinical details

Subgroup Number

Normal healthy
volunteers
(n � 31)

22 male
9 female

63 (37–81) — —

RCC (n � 36) 27 male
9 female

56 (23–75) Stage T1
T2
T3
T4

Grade 1
G2
G3
G4

13
5

16
2
3
9

15
9

Benign urological
illnesses
(n � 13)

7 male
6 female

58 (34–86) BPH
Stones

Cysts/oncocytoma/adenoma
UTI

2
4
5
2
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parison of peak intensities of paired samples (plus and minus inhibitor addi-
tion) at time zero. Sample degradation was examined by analyzing changes in
peak intensities across the 2-h period after thawing given the addition of
additional protease inhibitor and changes in peak intensities across this same
time period without the addition of additional inhibitor.

Assessment of Reproducibility. To assess intrachip variability, 50 �l of 2
urine samples, 1 normal and 1 RCC, were each loaded onto 4 spots of a WCX2
chip as described previously with a total protein load per spot of 1.25 �g. To
assess interchip variability, the same samples were assayed using three differ-
ent chips. Profiles were normalized for mass to the internal calibrant (single
and double-charged peaks), and reproducibility of the mass determination and
of the peak intensities were calculated for five selected peaks in each sample
ranging from 3 to 20 kDa and of various signal intensity, exporting the peak
information for additional analysis.

Data Processing. Data were processed and examined in two distinct ways.
The calibration of all of the spectra was checked using the peaks of the internal
calibrant at 12230.9 and 6115.4 and recalibrated where necessary. In the first
approach, the Biomarker Wizard feature on the standard Ciphergen Protein-
Chip software version 3.0 was used to autodetect the peaks present in all of the
138 samples used in the initial training sets and blind sets. The spectra were
examined in two separate regions of 2500–20,000 Da (the lower region being
excluded because of matrix interference making this region unreliable) and
20,000–100,000 Da as different peak detection settings were found to be
optimal for each because of different noise levels and peak resolution strin-
gency. These were determined by iterative processing of spectra and monitor-
ing the changes seen with modifications in the different parameters until
optimal peak detection was achieved visually. For the lower molecular weight
region, settings of 2 � for the noise determination using the spectral mass
region of interest only, a signal:noise ratio �5 was used for first pass with
clusters being completed using signal:noise ratio of �3 for second pass, cluster
mass setting of 0.2% (i.e. �0.1%), and a requirement to be in a minimum of
10% of samples was used. For the higher molecular mass region, noise was set
at 3 � and the cluster mass of 2% otherwise values were the same as for the
low region. The Biomarker Wizard was then used to determine clusters
significantly different among the normal control, benign, or RCC patient
groups using standard nonparametric tests. Additionally, after peak detection
manually using these settings but with no cluster analysis, raw data were
exported to Microsoft Excel to determine the presence/absence of peaks with
values of zero assigned to spectra for absent peaks and the number of spectra
containing each peak determined.

In the second approach, the spectra generated by SELDI were processed
before evaluation by neural-network analysis. This is described in detail below.
In summary, the SELDI profile data from a subset (training set) consisting of
48 RCC samples, 38 controls, and 20 benign samples of the main study group
of patients and controls (Table 1) were analyzed to locate spectral peaks that,
considered alone, were valuable in distinguishing cancer patients from controls
as described below. The results of this analysis were, in turn, used to generate
multivariate models through the application of neural-network classification
techniques. Two models using a control set composed of either healthy
controls or healthy controls combined with benign controls were both tested.
In addition, the effect of correcting for creatinine by scaling peak intensity
values by a factor derived from the protein/creatinine index was examined,
generating two additional models. A simpler method, taking the binary pres-
ence or absence of each peak, regardless of its intensity, was also examined.
The success of each model in correctly classifying a “blind” test set of 12 RCC
samples, 11 controls, and 9 benign samples for which the programmers were
unaware of the diagnosis was then measured. As an additional test of the
applicability of the technique and model over long-term use, an additional
“blind” group of samples consisting of 36 RCC, 31 controls, and 13 benign
samples (Table 2) was analyzed by SELDI over a period of 2–3 months 9–10
months later and against tested the neural-network models.

Peak Detection and Selection Procedure. The data output from the
SELDI mass spectrometer consists of �32,000 data points for each sample
profiled with a high mass acquisition of 100,000 Da, each one associating a m/z
with an amplitude. In the region between 2,500 and 20,000 Da where the
majority of peaks were seen, there are �10,000 data points for each spectrum.

To reduce the spectral data to a smaller number of key variables and enable
the construction of valid predictive models, a peak detection algorithm was
generated, taking into account the requirement to discriminate peaks from
noise and the variance in peak width in different regions of the spectra. The
algorithm examined each of the 10,000 data points in the 2,500–20,000 Da
range to determine which of these could form the center of a peak. A peak was
defined as a high intensity value with a given number of progressively lower
intensity values immediately to both sides. A varying size window was passed
over the data, with the number of data points required to form a peak varying
between 2 points and 20 points on each side of the central data point under
consideration. To overcome the minor fluctuations because of noise, the data
were smoothed using a simple n-point moving average where n is equal to the
window width.

The results of this peak detection for each of the 106 training spectra and the

Fig. 1. SELDI spectra of a urine sample from an
RCC patient illustrating the effect of sample pro-
tein concentration on the profiles obtained. WCX2
chips were loaded using a bioprocessor as de-
scribed with 50 �l of diluted urine sample varying
from 25 �g/ml to 6.25 �g/ml final concentration.
Similar effects were also seen if total protein was
kept constant by loading different volumes of the
diluted urine samples to compensate.
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32 blind spectra were combined to locate clusters of peaks with similar m/z
values. This involved forming a frequency distribution of the 10,000 m/z
values against the total number of peaks identified within a tolerance of 0.1%
of each one. The peaks within this distribution formed the center points of
clusters of peaks that could be considered the “same” peak: 368 “master” peaks
were identified in this way.

The final stage of peak detection was to build an input pattern for each
sample. These patterns consisted of one value for each of the 368 master peaks,
namely the intensity of any peak in the sample within 0.1% of the master peak,
or zero if no such peak was present. These were then scaled into the range of
(0, 1) for each input. For the binary models, this was simplified to an input of
one for present or zero for absent. Some statistical analysis was required to
select which of the inputs would be included in the classification model. A
2 � 2 table was formed for each input showing the incidence of peaks against
the incidence of cancer over the training set. From these, the �2 indicator for
each input was calculated, and this sorted the inputs into order of significance.

Neural-Network Classification Procedures. Fully interconnected feed-
forward neural-networks were set up with varying numbers of the most
significant inputs, five hidden-layer neurons, and one output neuron. The
hidden neurons mapped the sum of their inputs to their outputs using a standard
sigmoid function (1/1�e�x). A prediction of cancer corresponded to a high
signal on the output neuron. All of the connection weights were randomly
initialized in the range (�1, �1). The network was then presented with the

useful-peak data for each of the subjects, and trained using the back-propaga-
tion algorithm (37). Subjects were presented in random order, alternating
between positive and negative classifications to prevent any bias forming
because of their unequal numbers. Training was complete when the network
correctly classified all of the input data or when 100 presentations of the data
set had been completed, whichever came first. The learning rate and momen-
tum term were set to 0.45 and 0.90, respectively.

The process of predictive model construction was conducted six times, once
using only the 38 normal controls as comparison and a second time including
20 benign controls for a broader control group of 58 cases, with each, in turn,
being subjected to creatinine correction and then simplification to binary input
as described previously. The predictive accuracy of each neural-net model was
assessed by using it to predict the status of the initial blind test group and
subsequently the larger, later time point blind group (Table 2). Because of the
stochastic nature of the training process (random initial weights; random order
of presentation of subjects) there was a need for repeated training runs. Thus,
when a particular neural-net model is spoken of below, we are, in fact,
referring to the averaged outcome of 10 models run with identical parameters.

RESULTS

Preliminary work with urine showed WCX-2 chips to provide the
most promising spectra to allow discrimination between these sample

Fig. 2. A, SELDI analysis of a normal urine sample repeated
on three separate experiments to illustrate the interchip con-
sistency within the region up to 12 kDa where the majority of
peaks are seen, and B, SELDI analysis of 2 fresh urine samples
before addition of any protease inhibitor and after spiking with
protease inhibitor mixture as per the standard sample process-
ing protocol before freezing. The “gel-based” profiles are also
shown as an illustration of the alternative data presentation
mode.
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groups when processed by the method described (data not shown).
Titration of the total protein loaded by varying the diluted urine
volume loaded from 5 �l to 250 �l at a constant concentration of
0.025 g/liter protein showed marked differences in numbers of peaks
detected between 5 �l and 50 �l loads, with 50 �l being maximal (i.e.,
25 �l of urine and 25 �l of 2� buffer, representing a protein load of
1.25 �g). Little difference was generally seen between 50 and 200 �l
sample volumes (i.e., 1.25–5 �g protein). However, the most marked
effects were seen with sample concentration for all 4 of the samples
examined where more dilute samples clearly provided inferior quality
spectra, irrespective of whether they were normal or tumor urine
samples (Fig. 1). Increasing sodium chloride or urea concentrations of

the diluted samples by 20–100 mM had no effect on protein profiles
obtained.

Analysis of five peaks ranging from 2,886.1 to 16,856.7 Da showed
good reproducibility of mass determination with CVs for both inter-
and intrachip assessment being �0.05% in all of the cases (�0.02%
in 50% of cases) with the exception of two peaks in the RCC sample
where CVs of 0.1% and 0.09% were found. As expected, the CVs for
peak intensity were considerably greater, with selected peaks having
mean peak intensities ranging from 4.6 to 44.6 and CVs 14.0% to
57.4% (average of 34.2% and values �30% in 50% of cases) with
similar values for inter- and intrachip comparisons. Examples of the
degree of reproducibility are shown in Fig. 2A.

Fig. 2. Continued.
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The samples available for this study from our sample bank had been
standardly processed, being placed on ice immediately after collection
from the patient and protease inhibitors added to minimize degrada-
tion. From a gross comparison of 3 samples analyzed fresh and after
short-term freezing, the freezing process per se did not appear to alter
the profiles and comparison of 2 samples before and after addition of
inhibitors showed no gross effect of the inhibitor mixture on the
profile per se, which would preclude their use in this study (Fig. 2B).
In early studies examining sample stability after thawing and while on
ice before immediate application on to the SELDI chip, 2 samples that
had been processed and stored frozen before analysis showed some
evidence of degradation. For this reason and because some inhibitors
are not stable for prolonged periods of storage, addition of further
protease inhibitors after thawing for analysis by SELDI became
routine practice. Analysis of the 8 samples in each group (i.e., plus
and minus additional inhibitor mixture) showed 67 peaks present in at
least 1 sample, and the mean change in intensity over the 2-h period
across 8 samples for each of these peaks was noted. The mean value
of these 67 means was not significantly different from zero in either
case (protease inhibitor added, t66 � �1.24, P � 0.22; no protease
inhibitor added, t66 � �0.59, P � 0.56) indicating no evidence of
systematic degradation or indeed amplification of peak intensities. For
the matched comparisons of sample � inhibitor mixture, there were
72 peaks present in at least 1 sample, giving 72 mean differences in
peak intensity across the 8 subjects. The mean of these mean differ-
ences was again not significantly different from zero (t71 � �1.36,
P � 0.18) confirming the lack of systematic effect of additional
protease inhibitor on spectra per se other than the peak of aprotinin at
6504 Da.

From the manual analysis using the standard Ciphergen software to
examine the spectral profiles and generate cluster reports in the range
2,500 to 20,000 Da, a total of 180 peaks were detected in the initial
138 samples used. Using the threshold of being present in at least 10%
of spectra and the peak clustering parameters indicated, this figure
was reduced to 30 peak clusters excluding those derived from the
cytochrome C spike or aprotinin. Peaks identified as being consis-
tently present in the majority of samples irrespective of sample
grouping were present at 4,753.3, 6,715.6 and 16,939.0 Da. Sixteen
peaks were identified as being significantly different between the
normal and RCC groups with the most significant of the positive
discriminators for RCC being 2,789.5 (P � 0.0196; 32 RCC versus 21
normal), 3,580.7 (P � 0.0001; 11 RCC versus 0 normal), and 4,136.3
Da (P � 0.0113; 19 RCC versus 9 normal). The peak at 3580.7 was
the only peak found solely in the RCC group, although only present
in 11 samples. Interestingly, this peak was biased toward patients with
larger tumors with 3 of 3 patients with T4 tumors, 6 of 26 T3 samples,
2 of 8 T2 samples, and 0 of 23 T1 samples being positive. The most
significant discriminatory peaks for normality were at 4,957.7
(P � 0.0001; 37 normal versus 26 RCC), 5,071.5 (P � 0.0001; 37
normal versus 19 RCC), 5,276.3 (P � 0.0001; 20 normal versus 7
RCC) and 16,793.3 Da (P � 0.01; 33 normal versus 17 RCC).
Examples of some spectra illustrating these peaks are presented in
Fig. 3.

The data collection and indeed calibration of spectra was optimized
for peaks below 20,000 Da. However, the peak clustering above this
size was also examined. Twenty peak clusters were identified, the
majority of which were of intensity �1. The dominant peak present in
�90% of samples was 23,882 Da. Rarely, small amounts of a peak

Fig. 3. Examples of SELDI WCX2 profiles of 2 normal and 2 RCC urine samples illustrating the major peaks and the interindividual heterogeneity seen. The peak of aprotinin
resulting from the protease inhibitor addition can be seen at 6,504 Da as can the single and double-charged peaks of internal calibrant cytochrome C at 12,230.9 and 6,115.5, respectively.
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corresponding to approximately 66–68 kDa and, therefore, likely to
be albumin were detected. Two peak clusters were found to be
significantly increased between normal and RCC samples
(P � 0.0098 for both), namely at 39,943.5 and 74,926.5 Da, the first
of which apparently represented the doubly charged daughter peak of
a protein of approximate molecular size 79–80 kDa, although present
in relatively few samples and of very low intensity.

Neural-network analysis of the complex spectra obtained using
SELDI initially appeared to be successful in that both the models
using either presence/absence of peaks or the intensities of peaks were
able to discriminate between RCC and healthy normal controls in the
training sets with sensitivities and specificities of 98–100% (Tables 3
and 4). Using an initial set of 32 samples tested blind against the
models, variable results were achieved, and in general the models
incorporating peak intensities performed better than those solely ex-
amining presence and absence of peaks with sensitivities and speci-
ficities of �80% for all of the group comparisons (Table 3). The
inclusion of benign samples in the control training set produced
poorer results in the presence/absence model than training solely on
healthy controls whether discriminating between RCC and healthy
controls alone, or healthy controls and benign combined (Table 4).
This was not the case for the intensity model where either training set
produced similar results with sensitivities and specificities �80%
(Tables 3 and 4). The peaks found to be most discriminatory and
incorporated into the neural-network from all of the peaks detected in
the samples significantly overlapped with those found by manual
analysis to be significant, particularly those at 5071.5, 16793.3,
5276.3, 4537.5, and 4957.7 Da. In the benign group, BPH and benign
kidney diseases were generally predicted well, whereas the urinary
tract infection samples were all predicted as RCC.

However, the results achieved using a larger set of samples tested
blind (n � 80) �10 months later were disappointing. For the pres-
ence/absence models, although specificities were either little affected
or indeed improved, sensitivities decreased markedly to �40% (Table
5). For the intensity-based model, sensitivity and specificity declined
to 50–70%. Similar poor results were obtained when using the models
trained on a control group including the benign samples (data not
shown).

To investigate these results, the standard Ciphergen ProteinChip
software was used to analyze the late blind results and the results from
6 additional samples (3 normal and 3 RCC), which had been run
originally in the training set and which were also rerun at the time of
the late blind set for quality control. Analysis of the blind set in a
similar way to the original training set showed that although all of the
peak clusters detected in the training samples were also present in the
late blind set, the only peak to now show significant differences
between the groups was 5071.5 Da (P � 0.046), although now being
present in 28 of 34 (82.4%) normal and 22 of 39 (56.4%) RCC
samples compared with 37 of 49 (75.5%) normal and 19 of 60
(31.7%) RCC samples in the original set. Similarly the peak at 3580.7
Da, which was originally only detected in 11 RCC samples, was now

detected in 7 RCC samples but also in 4 normal samples. Of the 6
samples that were rerun, only 1 normal and 2 RCC samples were
correctly predicted. On the basis of comparing signal intensity of
routinely run protein mixtures at this time with those a year earlier,
peak intensities were obviously lower. Similarly, visual inspection of
the spectra showed that although qualitatively the presence of many
similar peaks could be seen in both runs, the spectra in the late blind
run contained peaks of generally lower intensity and less apparent
complexity than those produced initially. Assuming a decline in laser
and detector performance with age, an attempt to compensate for this
by rerunning the late blind samples with various combinations of laser
intensities and detector voltages failed to improve the results mark-
edly with the neural-network model. This may have been partly
because of the maximum achievable increase in laser intensity only
being from 210 to 200, because at higher settings the matrix signal
impacted considerably on the peaks in the lower regions of the
spectra, but may also indicate other potential contributing factors.

A later analysis of chips from different batches revealed an addi-
tional possible contributory factor in that the late blind set of samples
was analyzed gradually over a period of 3 months using several
batches of chips but not those used for the initial analysis. Unfortu-
nately none of the initial batches of chips was available for repeat
examination with the exception of 4 spare spots on a chip batch from
a similar time to those used for establishment of the initial model,
although now significantly past its validation date (AB058). It was
also possible to examine 2 samples on a limited number of spare
sample chip spots from several batches of chips including some used
in the late blind trial. It is quite evident that although in most cases the
overall gross profiles are similar, there are both qualitative and quan-
titative variations between chip batches with several of the peaks
found to be the most significant discriminators being most affected by
the use of different chips. An example of the effects seen is shown in
Fig. 4. Clearly some chips such as DU081 and AB058 (although 1
year past validation date) produced very similar profiles to those used
originally, although particularly and not unexpectedly in the latter
case, with reduced signal. However, using the identical sample solu-
tion, CN651 showed selective loss of some peaks including the cluster
at 5 kDa, and DZ145 showed a more similar profile to the early results
but markedly reduced signal across the range. These effects were
reproducible in that alternative CN and DZ chips from the same
batches showed the same differences in profile.

After the recent replacement of the laser and detector, 39 samples
(19 RCC and 20 control) from the original training set used to
establish the neural-network �18 months earlier were rerun at a
variety of laser intensities and tested blind against the original net-
work. Laser performance was clearly vastly improved with the best
results visually in terms of comparability between runs being obtained
at a laser intensity of only 190 compared with 210 when the samples
were originally used to generate the neural-network (Fig. 5). Indeed,
comparison of data generated with the new laser at a setting of 210
was not performed, as the signal was so intense that saturation of

Table 3 The results of the neural-network models based either on peak presence/absence or peak intensity values trained on RCC versus normal healthy controls

The results are given for the training set and the initial blind set.

Sets

Presence/absence model Intensity model

Sensitivity Specificity PPVa NPV Sensitivity Specificity PPV NPV

Training
RCC (48)b vs. healthy controls (38) 100% 100% 100% 100% 100% 100% 100% 100%

Initial blind
RCC (12) vs. healthy controls (11) 75% 81.8% 81.8% 75% 83.3% 81.8% 83.3% 81.8%
RCC (12) vs. benigns/controls (20) 75% 60% 52.9% 80% 83.3% 85.0% 76.9% 89.5%

a PPV, positive predictive value. NPV, negative predictive value.
b The figures in parentheses represent the number in the group.
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several peaks in the lower part of the spectra occurred. Testing these
samples against the original network produced a sensitivity of 84.2%
(16 of 19) and specificity of only 60% (12 of 20) for these samples
when 100% would have been expected given their utilization in the
original training set. It is of note that although profiles were similar,
the intensities of the peaks �10,000 Da were still less than previously
obtained; this was not because of degradation, as the spiked internal
calibrant cytochrome C was also affected. Initial experiments indicate
that adjustment of the detector voltage from the reset values of the
new detector may rectify this.

DISCUSSION

A key challenge in cancer medicine is to detect the disease as early
as possible to allow the maximum chance of early therapeutic inter-
vention. The use of multiple biomarkers has been suggested as pos-
sibly being the most promising way forward in terms of enhancing the
positive predictive value of a test and minimizing false-positive and
false-negative results (1). Therefore, technological approaches such as
SELDI offer great potential and complement two-dimensional PAGE
in terms of being able to provide precise molecular size profiling data
on proteins or peptides smaller than many of those normally present
on gels. Several studies using serum have now been published where
the combination of SELDI profiling with computer-based modeling
variably using genetic algorithms, cluster analysis, clustering, or
boosted decision tree classification algorithms has produced ex-
tremely promising results. In breast, ovarian, and prostate cancers,
sensitivities and specificities of 90–100% have been reported (31–35)
together with a possible use in classifying men with marginally
elevated prostate-specific antigen levels and of detecting prostate
cancer at an early stage (31). In ovarian cancer, combined use of an
iterative clustering algorithm with SELDI profiling of serum on H4
chips yielded a sensitivity of 100% and specificity of 95% based on
initial training sets of 50 ovarian cancer patients and 50 unaffected
women (healthy controls and benign ovarian conditions) with a sub-
sequent blind set of 50 ovarian cancer patients, including 18 with
stage I disease and 66 unaffected women (35). This exciting advance
in being able to detect such early stage disease in a cancer, which most
often is detected relatively late and at an advanced stage, has led to the
proposal that this approach should be taken forward as a screening
tool (35) both for high-risk and general populations. The majority of

these SELDI-based studies thus far have examined the diagnostic
utility of the approach, but, equally, other potential uses such as
predicting or monitoring response to therapy are likely to be fruitful.

The establishment of suitably promising initial neural-network
models in our study indicated the potential of this approach in being
able to use urine samples to discriminate between renal cancer and
control sample groups. However, the sensitivity and specificity val-
ues, and ultimately the associated predictive values obtained in the
initial small test group analyzed blind, indicated that our procedure
would be unsuitable as a screening tool without additional refinement
of the model. However, potential peaks of interest for subsequent
characterization and quantification using assays such as immunoas-
says were seen. Although poor, the sensitivity achieved was better
than that found in preliminary studies for NMP-22 in renal cancer, for
example, where only 40% is achieved (20). The only previous studies
using SELDI to analyze urine samples examined renal function after
administration of radiocontrast medium to rats and humans undergo-
ing cardiac catheterization (38) and profiled samples from 30 patients
with transitional cell carcinoma (29). The reproducibility of the mass
accuracy was similar in these studies to that reported here, although
the reproducibility of peak intensities was not reported. However,
CVs of 15–20% have been seen using serum samples after normal-
ization of peak intensities (34). Similar to our findings, significant
interindividual heterogeneity in urinary profiles was also seen in the
TCC study (29) using SAX2 anion exchange chips, and with similar
numbers of peaks and multiple protein changes detected in the cancer
group including five potential novel biomarkers. Using individual
peaks, sensitivity ranged from 43% to 70% and specificity from 70%
to 86%, but using the presence of particular clusters of peaks, sensi-
tivity was significantly increased to 87% with a specificity of 66%,
with the detection of low-grade tumors being superior to conventional
cytologic approaches. Using antibodies, peaks at 3.3/3.4 kDa were
identified as being human defensins �1 and �2. Relatively little is
known about the identities of smaller molecular weight proteins in
urine, as they are not normally present on gels because of their size
and also the fact that an initial dialysis step with cutoff of 10 kDa is
often used in urine processing. In addition to the urinary tumor-
associated proteins described previously, a number of proteins with
proapoptotic and antitumor activity have also been found in urine
(39), which may represent some of the peaks seen here. These include

Table 4 The results of the neural-network model based on peak presence/absence or intensity models trained on RCC versus normal healthy controls and benign
samples combined

The results are given for the training set and the initial blind set.

Sets

Presence/absence model Intensity model

Sensitivity Specificity PPVa NPV Sensitivity Specificity PPV NPV

Training
RCC (48)b vs. benigns/controls (58) 100% 100% 100% 100% 100% 98.3% 98.0% 100%

Initial blind
RCC (12) vs. healthy controls (11) 66.7% 63.6% 66.7% 63.6% 83.3% 81.8% 83.3% 81.8%
RCC (12) vs. benigns/controls (20) 66.7% 75% 61.5% 78.9% 83.3% 80.0% 71.4% 88.9%

a PPV, positive predictive value. NPV, negative predictive value.
b The figures in parentheses represent the number in the group.

Table 5 The results of the peak absence/presence and semiquantitative peak intensity neural-network models trained on RCC versus normal healthy controls for the late blind set
based on samples analyzed 10 months after the models were trained and established

Sets

Presence/absence model Intensity model

Sensitivity Specificity PPVa NPV Sensitivity Specificity PPV NPV

Late Blind
RCC (36)b vs. healthy controls (31) 38.9% 77.4% 66.7% 52.2% 61.1% 54.8% 61.1% 54.8%
RCC (36) vs. benigns/controls (44) 38.9% 79.5% 60.9% 61.4% 61.1% 70.5% 62.9% 68.9%

a PPV, positive predictive value. NPV, negative predictive value.
b The figures in parentheses represent the number in the group.
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eosinophil-derived neurotoxin, antineoplastic urinary protein, an-
giostatin, inhibin, and activin A. A tentative identification of the
presence of the peptide � defensin-1 in urine profiles in this study can
be made based on comparison with previous non-SELDI-based uri-
nary studies. Produced by many epithelial cell types including partic-
ularly the renal distal tubules and Loops of Henle in the kidney (40,
41), the presence of � defensin-1 in urine has been described previ-
ously (40, 42), with proforms and proteolytically processed forms
including of 5068.1, 5068.7, 4749.2, and 4750.5 Da, very close to the
masses of the peaks seen here at 5071.5 and 4753.3, and able to bind
WCX2 chips (43). The reason for the decrease or relative absence in
RCC urines may reflect increased proteolysis or alternatively de-
creased production, because complete loss of defensin expression has
been shown in clear cell tumors (44).

However, the most marked problem in the present study is the poor
results achieved with the subsequent larger blind set analyzed 10
months later, particularly the marked decline in sensitivity. There are
several possible explanations ranging from sample processing and
stability through machine performance to problems with the neural-
network model. The neural-network model was used in combination
with an equally promising peak detection algorithm that enabled the
explicit identification of predictively relevant peaks, in contrast with

the “black box” approaches often used in machine learning. As is
typical with neural-network analyses, various aspects of this design
were arrived at via a process of trial and error. Experimentation on
fictional data sets was used to establish that the network could
successfully classify cases given a few predictively relevant peaks
against a background of noise, and experimentation within the training
set determined the optimum number of inputs for each model type
with this number determining the sizes of models used to predict the
blind test sets. Peaks were ranked by their associated �2 statistics
when cross-tabulated with the incidence of cancer, and the number of
peaks used as input ranged from the best 10 to the best 70. The exact
number of inputs was chosen after testing to find the smallest subset
that would result in the minimum classification error. The choice of 5
hidden-layer neurons was somewhat arbitrary; the performance of
networks with 10 neurons in the hidden layer was also examined but
produced no improvement in predictive accuracy. More fundamen-
tally, the use of a small hidden layer was intended as a defense against
the dangers of over-fitting: with enough inputs and a large enough
hidden layer, a network could be trained to successfully classify any
data set. Given the modest sample size in comparison with the amount
of data collected per subject, it seemed prudent to limit the space of
possible models. Although a 5-hidden-neuron model will fail to cap-

Fig. 4. Examples of spectra illustrating differences between different WCX2 chip batches for a single urine sample 3335. Spectrum A shows the initial result on the chip BB460
run as part of the initial training set using the settings shown in the text. The remaining spectra on chips DU081, AB058, CN651, and DZ145 all from different batches were generated
�1 year later using settings that had been adjusted to account for the decay in intensity because of instrument performance with laser intensity of 215 and detector voltage of 2200 V.
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ture highly complex interactions between input variables, it also
prevents the detection of spurious interactions through over-fitting to
the training set. (By way of comparison with traditional statistical
techniques, the use of 5 neurons in the hidden layer is roughly
equivalent to limiting a factor analysis or principal components anal-

ysis to the top 5 factors). An element of over-fitting may have
occurred with the artificial neural network, which would account for
the 15% drop in predictive accuracy with the initial blind test samples,
but we feel that this is then unlikely to account for an additional drop
10 months later, although there may be a minor contribution.

Fig. 5. Representative examples of SELDI
WCX2 spectra from urine samples used in the
neural-network training set (laser intensity 210)
and subsequently rerun 18 months later after laser
replacement (laser intensity 190).
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An area for future development would be the comparative use of
different modeling strategies and decisions regarding optimal samples
numbers on which to establish models. Sample group size is critical,
but the method of selection is not clear with traditional sample size
calculations not necessarily applying to this kind of data where
multiple biomarkers are being analyzed by machine learning ap-
proaches (45). By iteratively varying the numbers of subjects included
in the test and training sets, suitable numbers should be found beyond
which the power of the model does not substantially improve. What-
ever the technique used to build predictive models, experimentation
will always be required to fine-tune the approach. For example, using
serum-based SELDI datasets, a sensitivity of 83% and specificity of
97% for prostate cancer versus noncancer was found using a simple
decision tree classification algorithm (32) but improved to 95.8–
100% on the same datasets if a boosted decision tree algorithm was
used (34).

Precautions were taken to ensure that issues such as urine stability
and processing would contribute minimally in introducing variability
to the study. Stability of urine samples during freezing and processing
may be more of an issue than for plasma or serum samples with the
potential for increased protease content particularly in patients with
cancer and the relative lack of endogenous protease inhibitors com-
pared with serum. All of the samples were processed and stored
identically and although sample stability was not generally found to
be a problem, the use of protease inhibitor mixtures is a precaution
that we use routinely and that does not appear to interfere with
analysis by SELDI with the exception of introducing an aprotinin
peak at 6504 Da. The amount used was titrated on the basis of
ensuring minimal interference of this peak on the spectra while being
within the recommended working range. The issue of differences in
sample stability accounting for some of the problems seen here cannot
be ruled out with storage times varying from weeks to 2 years.
However, all of the samples were stored at �70 to �80°C, which has
been shown to be generally less detrimental to several urinary proteins
than �20°C (46), and, although samples in the control groups tended
to have been stored for less time than the RCC groups, samples in both
the training sets and late blind groups contained similar mixtures of
samples in terms of storage times so that the possibility of differential
sample storage artifacts was unlikely. However, samples were always
diluted and applied to the chip with minimal delay, because changes
in profiles were occasionally seen in samples that had been diluted
and purposely left on ice for prolonged periods of time before analysis
(4 h), but they appeared to be nonselective and may represent precip-
itation. There is clearly a need to standardize protein amount loaded,
a practice that is not always followed in the published studies using
SELDI and, indeed, may not always be necessary depending on the
sample type if sufficient sample is applied to exceed the protein
threshold. Therefore, differences in protein concentration could not
account for the results seen and, although factors such as ionic
strength of solutions are important in determining ion-exchange bind-
ing, urinary composition in terms of salt and urea concentrations were
not found to affect profiles on WCX2 chips within the ranges exam-
ined. The demonstrated necessity to standardize protein concentra-
tions precluded normalizing for hydration state using creatinine con-
centrations, as would normally happen for a quantitative assay of any
analyte. A mathematical adjustment of peak intensities taking into
account protein and creatinine ratios of samples before analysis was
investigated, but this did not improve the power of the models used.
This is not surprising, because the correction for any sample could
only be applied uniformly to peaks detected, and these are partly
governed by amount of sample loaded that, if normalized for creati-
nine rather than protein, may change between samples.

Machine performance in terms of laser intensity changes clearly

alters with time and, it is likely that this is at least partly implicated in
the failure of the model when used over a long period of time.
Although the primary failure in the blind set was most marked in
sensitivity, adjustment of the replacement laser and reanalysis of 39
training set samples clearly boosted the results toward better sensi-
tivity rather than specificity. However, the failure to achieve 100%
sensitivity and specificity clearly indicates that other factors or ad-
justments need to be made. Laser performance will deteriorate with
time, and quite clearly measures need to be taken to monitor this
regularly and adjust settings accordingly. The use of a standard chip,
which can be used for calibration and to monitor laser performance in
terms of the peak intensities, may be ideal, because this would not rely
on chip chemistry, being essentially dried on to the chip surface. We
are currently examining various ways of achieving this monitoring
and being able to detect subtle changes over time, in addition to those
readily apparent when using this approach in our case when a study is
recommenced after a long break. An automatic laser adjustment
feature is apparently now included in the latest version of the Cipher-
gen software, but whether this can achieve the reproducibility of
performance needed remains to be determined. In addition, changes in
the detector performance with time may be important. The issue of
quantification by mass spectrometry is technically very demanding
and when used as in this and in similar studies, can at best be regarded
as semiquantitative, with a variety of factors influencing protein
ionization including the presence of other proteins in the mixture
analyzed exerting suppressive effects. Normalization of peaks against
total ion current may be one software option to improve this aspect,
but again for samples such as urine with relatively few peaks and
exhibiting a relatively high degree of heterogeneity, this may not be as
valid as for more complex samples and certainly could not be used to
improve long-term comparisons.

The variability found with some chips, which may be batch-related
on the basis of the results shown here but also may represent varia-
bility of some chip spots within batches, although not found within
our initial reproducibility studies, is also likely to have contributed to
the results. This requires additional evaluation, and the use of dupli-
cate analyses for example may be explored but our initial work
indicated that this would not necessarily overcome the issue. This has
not been highlighted before, although in one of the prostate cancer
trials quality control chips consisting of pooled normal and cancer
serum samples were developed to allow monitoring of between-day/
chip variability (34). We are also exploring similar practices to assess
chip chemistry combining this with the standard chips to assess laser
performance as described. To our knowledge, no studies examining
the long-term use of computational profiling in this scenario have
been published, although one study using serum on immobilized metal
affinity chromatography chips has reported that randomly selected
samples rerun months or even a year after the study were correctly
classified (32). It is not clear how many samples were examined in
this way or whether the same batch of chips was used.

The results initially obtained here for renal cancer are equal to or
superior to the urinary protein assays described currently for bladder
cancer (17, 18), and even the later blind results are similar to those
obtained with BTA and BTA Stat. However, such assays have a role
in monitoring recurrence in bladder cancer where local recurrence is
common, whereas for renal cancer, recurrence at other sites is more
likely and, therefore, serum-based markers may be more useful.
However, the more important issues raised by this study are the
implications for the long-term robustness of the type of approach used
here. With the recognition that no single biomarker fulfils all of the
desirable roles of markers in terms of utility in diagnosis, prognosis,
or monitoring, approaches using multiple parameters such as SELDI
and other similar array-based approaches, whether at the cDNA or
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protein level, may ultimately prove to be the most versatile. It could
be that some of the problems experienced in this study may have been
compounded by the use of urine, which contains far fewer peaks and
is potentially more labile. Several extremely promising studies have
now been published using SELDI in combination with computer
algorithms and serum samples, although follow-up studies regarding
long-term utility have not yet been published. If they prove to be more
robust in the long-term, then this may be an indication that serum
samples may be more appropriate. The exciting challenge then will be
their translation to clinical practice with prospective samples in mul-
tiple geographic sites. There is concern about the designs of trials to
formally take promising biomarkers forward and the importance of
maintaining standards (47–49). Several initiatives such as the Tumor
Marker Utility Grading System (TMUGS), the Early Detection Re-
search Network (EDRN), and the Program for Assessment of Clinical
Cancer Tests (PACCT) address issues ranging from coordination of
research activities through to experimental validation and to guide-
lines for clinical evaluation (45, 48, 50, 51). The specific technical
factors highlighted in this study are likely to be important consider-
ations in the pursuit of successful translation of SELDI-based ap-
proaches in this area.
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