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Abstract. The purpose of the present study was the proposal of novel biomarkers in prostate cancer by
analyzing mass spectrometry profiles. The latter were obtained from the National Cancer Institute Clinical
Proteomics Database. The proposed method applied first a pre-processing pipeline of smoothing, automatic
noise estimation, peak detection, and peak alignment, for improving the choice of information reach biomarkers
and, second, a two level hierarchical tree structure classification scheme, where at each level a PNN classifier
was optimally designed. At the first level, normal cases were discriminated by the PNN from cases with prostate
cancer of PSA>4 and, at the second level, distinction was made by the PNN between cancerous cases with
4<PSA<10 and PSA>10. Maximum classification accuracies were 97.7% and 95.6% respectively. These high
accuracies were achieved by a set of information reach biomarkers, which included the 2068.8m/z, 4675.6 m/z,
and 5824.5 m/z values that have been associated with prostate cancer.'"!

1 INTRODUCTION

Early detection of cancer is a critical issue for improving patient survival rates. Regarding prostate cancer, it
is the second leading cause of cancer deaths in United States and Canada '\, In daily clinical practice, the most
widely used method for prostate cancer detection is the measurement of the prostate specific antigen (PSA). The
PSA diagnostic test exhibits high sensitivity. However, its low specificity confines its use as an early detection
biomarker. This calls for the discovery of novel biomarkers that will result in higher specificity, thus, aiding in
the decrease of prostate cancer mortality.

Regarding prostate cancer, previous studies °® have implemented various pre-processing algorithms and
have applied different classification techniques for proposing biomarkers, which however differ. Classification
accuracies achieved were high ranging between 73% and 100%. However, ™ ®*l have used own data and * !
have used the same with us dataset. The latter achieved 97% and 92% classification accuracies respectively in
distinguishing normal from prostate cancer cases, but they have included biomarkers of less than 1000 m/z
value, which have been reported to be on non significance due to distortion *1,

The contribution of the present study lies in proposing biomarkers related to prostate cancer that discriminate
between normal and cancerous cases and further between cases of elevated but different PSA values. The
proposed method applied a pre-processing pipeline of smoothing, automatic noise estimation, peak detection,
and peak alignment, for improving the choice of information reach biomarkers (feature extraction), used in the
design of the PNN classifier. Prostate classification was then considered as a two level hierarchical tree
structure, where at each level a PNN classifier was optimally designed. At the first level, normal cases were
discriminated by the PNN from cases with prostate cancer of PSA>4 and, at the second level, distinction was
made by the PNN between cancerous cases with 4<PSA<10 and PSA>10. Employing the sequential backward
feature selection method, biomarkers were further reduced to reveal the optimum combination of biomarkers
that gave the highest PNN classification accuracy. Thus, biomarkers related to prostate cancer were proposed at
each level of the decision tree
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2 MATERIALS AND METHODS

Mass spectrometry prostate cancer profiles were obtained from the National Cancer Institute Clinical
Proteomics Database . MS patterns were produced utilizing the H4 protein chip and a Ciphergen PBSI
SELDI-TOF mass spectrometer. The chip was prepared by hand and MS spectra were exported with baseline
subtracted. The dataset comprised of 63 spectra with no evidence of disease (PSA<1), 26 prostate cancer spectra
with PSA values between 4 and 10 and 43 prostate cancer spectra with PSA greater than 10. Subsequently, all
spectra were pre-processed in order to eliminate their imperfections (chemical, electronic noise) %, performing
smoothing and noise estimation.

2.1 Smoothing

Signal noise residues were diminished applying the Lowess smoothing technique "' (see Fig 1.).
Accordingly, at each point in the data set, a low-degree polynomial was fit to a subset of the data, using
weighted least squares (see eq.1) giving more weight to points near the point whose response was estimated and
less weight to points further away. The sum of the residuals S was minimized and was expressed by:

=3~/ m

where wi are the weights, yi are the spectra values at xi positions and f(*) is the polynomial function.

Weights were expressed as functions of the variance o, giving points with a lower variance a greater
statistical weight w; = 1/6°,. The value of the regression function for the point was then obtained by evaluating
the local polynomial using the estimated variables for that data point. The Lowess fit was completed after the
regression function values had been computed for each of the n data points.
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Figure 1. The original spectrogram and the processed one smoothed with the lowess technique.

2.2 Global-Local Noise Estimation

Regarding global noise estimation intensity values were suitably thresholded for keeping the most significant
values in the spectrum. The histogram of each spectrum (see Fig 2) was calculated and the threshold’s
maximum value, depicting the average mass spectrum intensity level, determined the threshold, below which all
intensity values in the spectrum were not taken into account for further processing (see Fig 3) !'*!. Considering
local noise estimation for each spectrum, a sliding window was utilized. Window width was selected to be 25%
of the whole spectrum, which is the optimum setting to capture true peaks !'"2. The histogram of this window
was calculated and its maximum value specified the average for the current window intensity level, designating
the threshold, below which all intensity values in the spectrum were considered as noise (see Fig 4). The
procedure was carried on for each spectrum and across all spectra. Thus, by introducing noise threshold values,
the number of intensity values in each mass spectrum was reduced !'.
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Figure 2. Histogram of the intensities across m/z values. The maximum of the histogram depicts the average
mass spectrum noise intensity level.
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Figure 3. Global noise threshold estimation for each mass spectrum.
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Figure 4. Local noise threshold estimation for each mass spectrum.

2.3 Feature Extraction

A peak detection technique was applied, based on searching for local maxima (features) among the modified
spectra, applying a differentiation method between successive intensity data points. Thus, the number of
significant intensity values (features) was reduced to 45-75 data points for each spectrum (see Fig 5). The
varying number of peaks was due to chemical and electronic noise !"*). To alleviate this, a peak alignment
process was developed, that aligned peaks appearing concurrently in all the available spectra, but sustaining a
small shift along the x-axis, and ignoring the rest. At the end, an equal number of aligned peaks appeared in each
mass spectrum.

Accordingly, the peak alignment method comprised the following steps:

1/ the local maxima (peaks) of each mass spectrum formed the spectrum’s feature vector. The vector with the
highest number of peaks was set to be the reference vector.
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2/ by scanning all feature vectors, the smallest distance dp,i, between two successive peaks was determined.
dmin was selected to be 5 data points.

3/ dmin was used to form a 2*dn;, interval centred at the first peak of the reference vector. Within that
interval, all feature vectors were scanned and if over than 10% of the vectors contained peaks, then that peak
value of the reference vector was considered as a significant feature (biomarker).

4/ step 3 was performed for all peaks of the reference vector, thus, providing a number of biomarkers, which
were used as significant features to represent each mass spectrum. When a thus chosen biomarker was not
present in a feature vector, then its value was calculated from the non-zero intensities of its corresponding initial
spectra.
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Figure 5. Local maxima (peaks) are specified with the circle symbol.

2.4 Classification

The classification tree structure comprised two levels (see Fig 6). Classification was performed by means of
the Probabilistic Neural Network (PNN) classifier. The PNN determines each class probability density function
(PDF) by linearly combining the kernel PDF estimation for each training sample separately for a given class. Its
discriminant function is given by ["*:

_(x_xik)T(x_xik)
d;(x) = 7 )d/z dNZ Xp 757 )

where o is the spread of the Gaussian activation function, N is the number of pattern vectors, d is the
dimensionality of pattern vectors and x; is the " pattern vector of class i.
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Figure 6. Prostate cancer classification tree structure..

According to the classification tree structure, the PNN was trained to discriminate controls with no evidence
of disease (PSA<1) versus individuals with (PSA>4), and in the second node in distinguishing prostate cancer
patients with PSA ranging between 4-10 versus patient with PSA value greater than 10. Feature sub-space
selection was performed in order to retain only the feature subset with the highest discrimination information.
For this purpose, the sequential backward feature selection algorithm was employed !'*!. Systems’ evaluation
was performed by the standard procedure of the leave-one-out method (LOO) [15]. The classifier was designed
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by all, leaving out one MS spectrum, which was then classified. The process was repeated, each time leaving-out
a different spectrum, until all data were processed. In this way, the classifier was evaluated by spectra not

involved in its design. The above method has been widely used in many studies, where the number of cases are
fow [4 6.8 16-18]

3 RESULTS

Regarding the first node of the tree classification structure (see Fig.6), in distinguishing spectra with no
evidence of disease (PSA<1) and spectra with prostate cancer (PSA>4), PNN classifier scored 95.45% overall
accuracy (see Table 1), utilizing the global noise estimation method. Employing the local noise estimation PNN
classified correctly 97.7% of the samples (see Table 2). The feature (biomarkers) vectors using the two
aforementioned noise estimation techniques are illustrated in table.3

PSA level PSA<I PSA>4 | Accuracy
PSA<I 60 3 95.24%
PSA>4 3 66 95.65%

Overall accuracy 95.4%

Table 1 : PNN classification results, for 63 spectra with no evidence of disease (PSA<1) and 69 spectra with

prostate cancer (PSA>4) utilizing global noise estimation

PSA level PSA<1 PSA>4 | Accuracy
PSA<I 61 2 96.83%
PSA>4 1 68 98.55%

Overall accuracy 97.7%

Table 2 : PNN classification results, for 63 spectra with no evidence of disease (PSA<1) and 69 spectra with
prostate cancer (PSA>4) utilizing local noise estimation

Noise Feature Vectors(m/z values)
Estimation
Global {1190.9, 1312, 1410.7, 1656.5, 1698, 1796, 2206.9,
3127.8, 3473.4, 3483.1, 5815.6, 6933.8, 8100.7, 9271.1,
10651, 11201.9, 11606, 12661.2}
Local {1606.5, 1465.4, 1796, 2068.8, 2349.2, 3483.1, 4070.6,
6933.8, 7657.9, 8100.7, 8456.2,9271.1, 10651, 11606}

Table 3 : Best biomarker vectors using global/local noise estimation, sequential backward selection, leave
one out method and PNN in discriminating spectra with no evidence of disease (PSA<1) and spectra with
prostate cancer (PSA>4)

On the second node of the tree classification structure (see Fig.6) in discriminating prostate cancer spectra
with PSA greater than 4 and less than 10 versus spectra with PSA greater than 10, PNN classifier scored 91.3%
overall accuracy using the global noise estimation technique. Utilizing the local noise estimation PNN classified
correctly 95.6% the unknown patterns. The feature (biomarkers) vectors using the local and global noise
estimation techniques are depicted in table 6.

PSA level 4<PSA<10| PSA>10 | Accuracy
4<PSA<10 22 4 84.62%
PSA>10 2 41 95.35%
Overall accuracy 91.3%

Table 4 : PNN classification results, for 26 spectra of prostate cancer with (4<PSA<10) from 43 spectra of
prostate cancer with (PSA>10) utilizing global noise estimation.

PSA level 4<PSA<I0 | PSA>10 | Accuracy
4<PSA<10 25 1 96.15%
PSA>10 2 41 95.35%
Overall accuracy 95.6%

Table 5 : PNN classification results, for 26 spectra of prostate cancer with (4<PSA<10) from 43 spectra of
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prostate cancer with (PSA>10) utilizing local noise estimation

Noise Feature Vectors(m/z values)
Estimation
Global {1193.9, 1616.5, 2074, 2849, 4076.8 4400.6, 5257 .4,
6253.6, 8105.6, 11580.8, 15264.3}
Local {1137.2,1381.4,1517.1, 1699.1, 2159.8, 2200.5, 3149.4,
4260.4, 4675.6, 5824.5,9322.7, 12180.3, 13414.8, 17428.5,
17727.3}

Table 6 : Best biomarker vectors using global/local noise estimation, sequential backward selection, leave
one out method and PNN in distinguishing spectra with prostate cancer with (4<PSA<10) from spectra of
prostate cancer with (PSA>10)

4 DISCUSSION

The goal of this study was to propose biomarkers related to prostate cancer that discriminate between normal
and cancerous cases and further between cases of elevated but different PSA values. Within this context, the
contribution of two noise estimation techniques (global/local) was evaluated by means of a probabilistic neural
network (PNN) classifier. The PNN classifier achieved 95.4% and 97.7% overall accuracies employing, local
and global noise estimation respectively, in discriminating individuals with PSA<1 from those having PSA>4,
according to the first node of the classification tree structure (see Fig.6). For the second node of the
classification tree (see Fig.6) utilizing global and local noise estimation methods, PNN scored 91.3% and 95.6%
overall accuracies respectively in correctly distinguishing patients with 4< PSA<I10 versus patients with PSA
>10.

Previous studies employing the same dataset have also suggested biomarkers, which, however, differ
among studies. This may be due to the various pre-processing schemes and classifiers employed by various
studies. In the present study, seeking for proteins that might be related to prostate cancer, it was found, by
searching in the EXPASy database !, that the m/z value of 2068.8 (see Table3) was very close to the Nociceptin
protein (2081.39 Daltons), which has been implicated in the stimulation of prostate cell growth %), among other
neuropeptides. The 2068.8 m/z value was detected employing the local noise estimation method. On the
contrary, this value was missed utilizing the global noise estimation technique (see Table.3). Additionally, the
4675.6 m/z value is very close to the BAX protein, cytoplasmic isoform gamma that has a molecular weight of
4678.22 (Daltons). This protein belongs to the BCL-2 gene family; however, as it has been reported in (201,
elevated levels of BCL-2 might aid to the progression of the prostate cancer. This biological marker (4675.6)
was detected (see Table 6) by applying the local noise estimation method while it was missed by the global
technique. Also, another m/z value (biomarker) derived employing the local noise estimation technique, was the
5824.5, which is very close to the 5818.62 (Granulin precursor). This precursor is a prostate cancer cell-derived
growth factor and its expression has been found to be elevated in high-grade prostatic intraepithelial neoplasia
and prostatic adenocarcinoma *'. The present study revealed other m/z values as being significant in
distinguishing prostate cancer dataset as illustrated in Tables 3 and 6. These values might constitute information
rich biomarkers that have not been yet identified or related to prostate cancer.
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