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Chapter 7
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ABSTRACT

Background

With over 1 million new cases in the world each year, breast cancer is the common-
est malignancy in women and comprises 18% of all female cancers. Proteomic ex-
pression profiling generated by mass spectrometry has been suggested as a potential
tool for the early diagnosis of cancer. The objective of our study was to assess and

validate the feasibility of this approach for the detection of breast cancer.

Methods

In a randomised block design pre-operative serum samples obtained from 63 breast
cancer patients and 73 controls were used to generate high-resolution MALDI-TOF
protein profiles as a calibration set. The median age of the patient and control group
was respectively, 52 (20-81) and 57 years (39-87). The MALDI-TOF spectra generated
using WCX magnetic beads assisted mass spectrometry (Ultraflex) were smoothed,
binned and normalised after baseline correction. After pre-processing of the spectra,
linear discriminant analysis with double cross-validation, based on principal compo-
nent analysis, was used to classify the protein profiles. Consequently, the classifier
constructed on the first 2 plates was applied on the spectra of an independent
validation set. This validation set consisted of serum samples from 29 breast cancer
patients and 38 controls. The median age was 59 years (26-87) and 57 years (24-71)
for the patient and control group respectively.

Results

Double cross-validatory analysis carried out on the protein spectra of the calibration
set yielded a total recognition rate of 86%, a sensitivity of 88% and a specificity of
84% for the detection of breast cancer within the calibration set. The AUC of this
classifier was 90.3%. When this classifier was applied on the spectra of the inde-
pendent validation set a total recognition rate of 80.9%, a sensitivity of 72% and a

specificity of 89% were found.

Conclusions

The use of a randomised block design, but mainly an independent validation set
proves that discriminating protein profiles can be detected between breast cancer
patients and healthy controls. Although further validation in larger series and iden-
tification of the discriminating proteins must be achieved, the high sensitivity and
specificity indicate that serum protein profiles could be an option for the detection

of breast cancer.
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INTRODUCTION

With over 1 million new cases in the world each year, breast cancer is the com-
monest malignancy in women and comprises 18% of all female cancers. In 2005,
breast cancer caused 502,000 deaths (7% of cancer deaths; almost 1% of all deaths)
worldwide.[1] Despite increasing incidence rates, annual mortality rates from breast
cancer have decreased over the last decade (2.3% per year from 1990 to 2002).[2]
The effect of reduction due to early diagnosis of breast cancer has been outlined
with patients’ data by the Surveillance, Epidemiology, and End Results program in
a competing-risk analysis calculating probabilities of death from breast cancer and
other causes according tot stage, race and age at diagnosis.[3]

Currently, mammography remains the most important diagnostic tool in women
with breast tissue that is not dense, although MRI and ultrasonography are used in
case of impairment of the latter diagnostic results.[4] In many countries mammog-
raphy is used as a population based screening in woman older than 50 years. The
effect of breast screening in terms of breast cancer mortality reduction persists after
long-term follow-up. A recent meta-analysis of seven randomised trials concluded
that there was a 15-20% reduction in risk of death from breast cancer in women
attending mammography.[5] However, up to 20% of new breast cancers are not
detected or visible on 2 mammogram.[6]

Prognosis and selection of therapy may be influenced by the age and menopausal
status of the patient, Bloom-Richardson stage, histological and nuclear grade of the
primary tumour, oestrogen-receptor (ER) and progesterone-receptor (PR) status and
HER2/neu gene amplification.[7] Currently, serum tumour markers play no role of
importance in the diagnosis of breast cancer due to a lack of sensitivity and specific-
ity.

Proteomic expression profiles generated with mass spectrometry have been
suggested as a potential tool for the early diagnosis of cancer and other diseases.
Although promising results have been shown in classifying cancer studies based
on biomarker detection with multiple low-molecular-weight serum proteins[8-11]
stringent demands have been proposed on both study design and experimental pro-
cedures for proteomic profiling.[12-14] Subsequently, several groups have stressed
the importance of standardised protocols and homogeneity of subject groups and
especially validation of the classification method.[15-19] Since no serum biomarker
is currently available to detect breast cancer, the present study was designed to test
and validate whether serum protein profiles generated with mass spectrometry could
be indicative of the presence of breast cancer in an independent set.
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MATERIAL AND METHODS

Subjects

Serum samples were obtained from a total of 111 patients one day prior to surgery for
breast disease. All surgical specimens were histological examined and if malignant,
the extent of tumour spread was assessed by TNM classification. Next to invasive
stages of breast cancer, ductal carcinoma in situ (DCIS) samples were present in the
patient group. The control group consisted of 92 healthy female volunteers. Patients
and controls were included from October 2002 till July 2006 in our center.

In the calibration set the mean age of the patient group and control group was
52 (20-81) and 57 years (39-87) respectively. In the validation set the mean age was
59 years (20-87) and 57 years (24-71) for the patient and control group respectively
(Table D).

Table 1. Patient characteristics.

Calibration set Validation set
Patients Controls Patients Controls
N= 73 63 38 29
Age (median) 52 57 57 59
(range) 20-81 39-87 26-87 24-71

Serum samples

Informed consent was obtained from all subjects and the study was approved by the
Medical Ethical Committee of the LUMC. All samples were collected and processed
following a standardised protocol: all blood samples were drawn from non-fasting
patients or healthy controls while they were seated. The samples were collected in a
8.5 cc Serum Separator Vacutainer Tube (BD Diagnostics, Plymouth, UK) and centri-
fuged 30 min later at 3000 rpm for 10 minutes. The serum samples were distributed
into 0.5 ml aliquots and stored at -70°C. After thawing on ice the serum samples were
randomised over different 96-well microtitration racks (Matrix, Hudson, USA) and

then stored at -70°C until the experiment.

Study design

We used a randomised blocked design to avoid any potential batch effects.[20;21] All
the available samples from both groups were randomly distributed across 3 plates
in roughly equal proportions (Table 2). For breast cancer, the distribution of disease

stages across plates was again in random fashion and in approximately equal pro-
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Table 2. Distribution and randomisation of serum samples of breast cancer patients and controls over the 3 MS target plates. Plate 1and 2 were
used as a calibration set, while plate 3 was used as a validation set.

Plate 1 Plate 2 Plate 3 Total
Breast cancer 36 37 38 m
Controls 30 33 29 92
Total 66 70 67 203

Table 3. Distribution and randomisation of all different stages of breast cancer over the 3 MS target plates. Plate 1and 2 were used as a
calibration set, while plate 3 was used as a validation set.

Stage Plate 1 Plate 2 Plate 3 Total
DCIS 3 7 7 17
[ 12 14 14 40
A 1" " 6 28
IIB 5 3 7 15
A 3 1 2 7
1B 1 1 2 4
ne 1 0 0 1
Total 36 37 38 m

portions (Table 3). The position on the plates of samples allocated to each plate was
randomised as well. Each plate was then assigned to a distinct day. Analysis was car-
ried out on 3 consecutive days, Tuesday to Thursday, processing a single plate each
day. During the first two days, a calibration set with serum samples from 73 breast
cancer patients and 63 controls was used to generate high-resolution MALDI-TOF
protein profiles. The last day of the experiment, an independent validation set with

serum samples from 38 breast cancer patients and 29 controls was measured.

Isolation of peptides and protein profiling

The isolation of peptides from serum was performed using magnetic beads based
weak cation exchange chromatography (MB-WCX) kit from Bruker, mainly accord-
ing to the manufacturers instructions, and adapted for automation on a 8-channel
Hamilton STAR® pipetting robot (Hamilton, Martinsried, Germany). Magnetic beads
with WCX-functionality (MB-WCX) were divided in 10 pl -aliquots in a 96-well mi-
crotiter plate, which was placed on the magnetic beads separation device (MPC®-
auto96, Dynal, Oslo, Norway), with the magnet down. MB-WCX binding solution
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(10 pb) and 5 pl serum sample were added to the beads and carefully mixed using
the mixing feature of the robot. The sample was incubated for 5 minutes and the
magnet was lifted, followed by a 30s waiting interval to settle the magnetic beads.
The supernatant was removed and the magnet was lowered again. The magnetic
beads were washed three times with MB-WCX washing solution (also provided with
the kit) lifting and lowering the magnet as needed. The peptides were eluted from
the beads using 10 pl elution solution (from the kit). Stabilization buffer was added
(10 pb and 2 pl of the stabilised eluate was transferred to a fresh 384-well microtiter
plate (Greiner). Fifteen pl of a-cyano-4-hydroxycinnamic acid (0.3 g/l in ethanol:
acetone 2:1) was added to the 2 pl eluate in the 384-well microtiter plate and mixed
carefully. One microliter of this mixture was spotted in quadruplicate on a MALDI

AnchorChip™ (Bruker Daltonics, Bremen, Germany).

Data processing and statistical analysis

To increase robustness, the average of four spots was used to represent one se-
rum sample. All unprocessed spectra were exported from the Ultraflex in standard
8-bit binary ASCII format. They consisted of approximately 32,670 mass-to-charge
ratio (m/z) values, covering a domain of 960 - 11,168 Dalton. The high-resolution
spectra were first lightly smoothed and then, due to the quadratic nature of the TOF-
equation, binned using a linear function of the time scale, resulting in bin widths
of approximately 0.4 Dalton at the beginning of the spectrum and 1.4 Dalton at the
end at the mass/charge scale. Subsequently, we normalised the spectra after base-
line correction. In the calibration set, classification error rates were estimated and
validated based on a classical Fisher linear discriminant analysis through complete
double cross-validation as previously described.[24] This double cross-validated clas-
sifier was then applied on the validation set. This set was pre-processed using the
exact same procedure as the calibration set. Using the estimated parameters from the
calibration set, each sample in the validation set was assigned to the group for which
the probability was highest. The error rates are based on sensitivity and specificity

values, assuming a prior class probability of 0.5 for each group.

RESULTS

Three different randomised target plates were successfully measured on three con-
secutive days in the middle of the week. Figure 1 shows a raw data spectrum,
directly obtained from the MALDI-TOF mass spectrometer. For further analysis, we
first calculated the mean spectrum of each sample across all four spots that were
measured for each sample, after pre-processing. The above-described pre-processing
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Figure 1. MALDI-TOF spectrum of a breast cancer patient after peptide isolation with WCX magnetic beads. On the Y-axis the relative intensity is
shown. The mass to charge ration (m/z) is demonstrated on the X-axis in Dalton.

steps resulted in a sequence of 11,205 normalised m/z values ranging from 960 to
11,168 Dalton, for each individual.

Double cross-validatory analysis and evaluation carried out on the protein spectra
of the calibration set (2 target plates) correctly classified 56 of 63 breast cancer pa-
tients as malignant. Sixty-one of 73 controls were correctly classified as non-cancer
(Table 4a). The misclassified patients in the calibration set included 1 patient with
DCIS, 4 stage I patients, 3 with stage ITA and 4 patients with stage IIB. There was no
correlation with hormonal status.

These double cross validated results yielded a total recognition rate of 86%, a
sensitivity of 88% and a specificity of 84% for the detection of breast cancer within
the calibration set. To analyze the actual discriminative power of the classifier, we
produced an ROC-curve (again based on the double cross-validatory classification
probabilities), visualizing the performance of the two-class classifier in figure 2. The
AUC of the classifier was 90.3%. To further evaluate possible bias of the double
cross-validatory calculations, we performed a permutation exercise, which randomly
permutes and reassigns the class labels across subjects and then repeats the entire
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Table 4a. Double cross-validatory classification of serum samples in calibration set. A positive test results assigns subjects to the breast
cancer (BC) group and a negative to the controls.

Test results for detection of BC

Pos Neg Total
BC patients 61 12 73
Controls 7 56 63

68 68 136

Table 4b. Double cross-validatory classification of serum samples in validation set.

Test results for detection of BC

Pos Neg Total
BC patients 4 34 38
Controls 21 8 29

25 42 67
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Figure 2. ROC-curve for the double cross-validated two-group classifier. The true positive recognition rate (sensitivity) is demonstrated on the
y-axis against the false negative recognition rate (1-specificity) on the x-axis of the classifier.
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Figure 3. Histogram showing the normal distribution for the misclassification rate in the permutation exercise. The X-axis shows the
misclassification rate calculated in the permutation exercise. On the Y-axis the number of permutations is displayed (n=600).
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Figure 4. Correlation coefficients of most discriminating principal components with the class indicator. The correlation coefficients were
calculated from the linear discriminant weightings.
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Figure 5. Scatter plot of the first two principle components on basis of which the classification patient-control group was made.

double cross-validation procedure. Carrying out this procedure more than 600 times
resulted in a median recognition rate of 49.0% with a 95% confidence interval of
[0.39, 0.69] as shown in figure 3. The median AUC was 49.7% with confidence inter-
val of [0.28, 0.61]. As both median recognition rates and AUC’s equal roughly 50.0%,
there is thus no substantial evidence of bias remaining within the cross-validatory

calculation. Moreover, the actually observed recognition rates as well as AUC are
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clearly separated from these permutation-based null-hypothesis confidence intervals,
which prove the existence of discriminatory information in the spectra.

A post hoc exploration of the classification model was performed. In the pres-
ent study 8 peaks that correlated most with the two groups provided most of the
between-group separation. Figure 4 shows a plot of the correlation coefficients, with
the class indicator, which can be calculated from the linear discriminant weightings
in the region between 960 and 11,168 Dalton. Figure 5 shows scatter plots of 4 of
these most discriminating peaks between cases from controls.

Consequently, we applied the double cross-validated classifier constructed on the
first 2 plates on the spectra of the independent validation set. In this set 21 of 29
controls were correctly classified as non-malignant and only 3 of 38 breast cancer
patients were misclassified, as shown in table 4b. From the 4 misclassified patients
1 had DCIS, whereas 2 patients both had stage I disease, according to their post-
operative histological report. Nevertheless, these results produce a total recognition
rate of 80.9%, a sensitivity of 72% and a specificity of 92% of the classifier in an
independent dataset.

DISCUSSION

This validation study shows that breast cancer can be detected by serum protein
profiling. We were able to classify breast cancer patients and healthy individuals
accurately based upon information in MALDI-TOF serum spectra. In the calibration
set the double cross-validated classifier demonstrated a sensitivity and specificity of
88% and 84% respectively. Sixty-one out of 73 controls were correctly classified as
non-cancer. Moreover, with a lifetime risk of 1 in 9, it cannot be excluded that some
of the control subjects currently are developing or carrying the disease. Unfortu-
nately, since the control group consisted of anonymous symptom-free subjects it was
impossible to retrieve the current physical state. The misclassified cancer patients
had varying early stages of disease, from stage I to IIB. However, the fact that all but
one DCIS patients was recognised in the cancer group, adds to its possible future
applicability as a tool for early detection.

More importantly, in the independent validation set the classifier demonstrated a
sensitivity and specificity of 72% and 92% respectively. While for the misclassified
controls in the validation set the current physical state was also unknown due to
their anonymity, the current physical state could easily be retrieved for the misclas-
sified patients. Histological reports showed that one of them had DCIS and two
of them were diagnosed with stage I disease. In this case the breast tumour had

been resected for 2 years. Interestingly, this protein profile was classified in the
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non-cancer group, which was confirmed from the treatment chart at the time of
blood collection. When this sample would have been excluded of the analysis, the
specificity of the classifier would increase even more in the validation set. Especially
this high specificity adds to the potential of serum protein profiles to screen women
at high risk for breast cancer, since there appears to be a low chance of false positive
test results and unnecessary treatment will be avoided. When combined with mam-
mography the positive predictive value of the proteomic pattern approach could be
assessed in a high risk population.[22]

Since a potential drawback of any approach with high dimensional data is the
tendency to discover patterns among many variables that may not be a direct re-
sult of the pathological state but rather a result of pre-analytical characteristics the
need of an independent validation set has been stressed extensively.[14;23;24] In
our previous studies, the use of an independent validation set was not possible
due the relatively small sample. Therefore, until now we advocated a thorough
and stringent study design and double cross-validation of the classification model.
[24] This procedure avoided the need for separate test and validation sets to yield
unbiased error rate estimates. However, in the current study discriminating protein
profiles for the detection of breast cancer could be validated using an independent
dataset. Nevertheless, the classifier in the calibration set was constructed following
stringent demands. Again, a randomised block design was used to avoid observa-
tional bias, ensuring that no batch effects were introduced and artificial between-
group separations excluded.[20;21] However, the issue clinically most relevant is the
use of an independent validation set for the classification of diseased versus healthy
individuals. This is primarily based on a specific problem in the discovery-based
research field of clinical proteomics, namely overfitting. Overfitting may occur when
multivariate models show apparent discrimination that is actually caused by data
over-interpretation, and hence give rise to results that are not reproducible.[14;17;18]
Therefore, protection against overfitting of the classifier was maintained by using the
double cross validation in the calibration set. In this way, maximal reliability of the
classifier was obtained by this procedure. Then, the performance of the classifier was
tested in the independent validation set and it proved that breast cancer can indeed
reliably be detected by discriminating protein profiles.

Obviously, other most common pitfalls in clinical proteomics such as sample col-
lection, pre-analytical conditions and biological variation were avoided.[15;16;25]
Therefore, serum sample collection and pre-analytical factors were rigorously stan-
dardised.[19] Furthermore, subjects in both groups were matched for age, although
age is recently shown not to bias serum peptodomics.[26] In addition, patient samples
from all stages of breast cancer were randomly distributed over three different target

plates, excluding these factors as a discriminator in the current classifier.
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Interestingly, the classification between cancer and non-cancer was performed
using more principal components than in our earlier work when C8 magnetic beads
were used. In the present study more than 2 peaks were responsible for most on
the between group separation. As shown in figure 2 and 5, these include peaks with
1451, 1617, 5906 and 6644 m/z. Since the primary focus of this study was to assess
and validate the feasibility of protein profiles based detection of breast cancer and
therefore merely concentrated on pattern diagnostics, we have not identified these
potential biomarkers yet. However, the controversy about the use of protein profiles
as a pattern diagnostic without analysis of the diagnostic biomarkers still remains to
be solved for its clinical application. Some have argued that low molecular weight
proteins in serum, the serum peptidome, is nothing but aspecific biological trash and
therefore does not yield any reliable biomarkers in the currently technically avail-
able mass range.[27-29] Nonetheless, recently it was postulated that although dis-
criminating peptides do indeed belong to well known coagulation and complement
pathways, their patterns or signatures do most certainly indicate the presence of
cancer.[20] This study showed that most of the cancer-type specific biomarker frag-
ments were generated in patient serum by enzymatic cleavage at previously known
endoproteage cleavage sites after the blood sample was collected.[30] Villanueva et
al. postulated that these cancer-specific low molecular weight proteins in the serum
peptidome are an indirect snapshot of the enzyme activity in tumour cells. We sup-
port their hypothesis that discriminating serum protein profiles are a compilation of
surrogate markers for the detection and classification of certain types of tumours.

In conclusion, the present study demonstrated that serum protein profiles gener-
ated with mass spectrometry could be indicative of the presence breast cancer. In
order to obtain most realistic estimates of the discriminating power of serum protein
profiles a classifier was constructed in a randomised block design. Maximal reliability
in classification was achieved through double cross-validation of the classifier while
maintaining protection against overfitting. Principally the potential of proteomic sig-
natures from high dimensional mass spectrometry data as highly reliable diagnostic
classifiers for the detection of breast cancer was actually confirmed in the indepen-
dent validation set. The fact that high sensitivity and specificity could be maintained
in the validation set is the first steps towards a new diagnostic approach in breast

cancer.
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