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Abstract. A biomarker selection system is proposed for identifying biomarkers 
related to prostate cancer. MS-spectra were obtained from the National Cancer 
Institute Clinical Proteomics Database. The system comprised two stages, a pre-
processing stage, which is a sequence of MS-processing steps consisting of MS-
spectrum smoothing, novel iterative peak selection, peak alignment, and a 
classification stage employing the PNN classifier. The proposed iterative peak 
selection method was based on first applying local thresholding, for 
determining the MS-spectrum noise level, and second applying an iterative 
global threshold estimation algorithm, for selecting peaks at different intensity 
ranges.  At each global threshold, an optimum sub-set of these peaks was used 
to design the PNN classifier for highest performance, in discriminating normal 
cases from cases with prostate cancer, and thus indicate the best m/z values. 
Among these values, the information rich biomarkers 1160.8, 2082.2, 3595.9, 
4275.3, 5817.3, 7653.2, that have been associated with the prostate gland, are 
proposed for further investigation.  
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1   Introduction 

Prostate cancer is the second leading cause of cancer in the United States and Canada 
[1]. In daily clinical practice, prostate specific antigen (PSA) is the most commonly 
used diagnostic serum biomarker for detecting prostate cancer in men [2]. Although 
PSA levels can detect prostate cancer, this biomarker exhibits poor specificity, as 
infections of the prostate gland, such as prostatitis, can also elevate PSA levels in the 
absence of cancer [3]. Due to a lack of accurate biomarkers that detect, quantify, and 
reliable distinguish patients with different prostate cancer stages, many early stage 
prostate cancer patients are treated as having an aggressive state of prostate cancer 
[4]. This fact necessitates the discovery of new biomarkers that aid in the early 
detection of prostate cancer.  



198 P. Bougioukos et al. 

Mass spectrometry (MS) proteomic profiles enable rapid identification of 
differentially expressed or altered proteins (biomarkers). A significant problem in 
MS-spectra is the large number of points containing information rich biomarkers that 
need to be extracted. The steps that are usually taken for choosing the right 
biomarkers are: baseline correction, normalization, smoothing, peak detection, and 
peak alignment [5, 6]. All these steps are necessary since MS data have several 
imperfections that complicate biomarker identification and subsequent MS 
interpretation [7].  

Regarding prostate cancer, previous studies [8-13] have implemented various pre-
processing algorithms and have applied different pattern recognition techniques for 
proposing biomarkers, which however differ. Classification accuracies that have been 
achieved in some of those studies ranged between 73% and 100% [8, 12-14], 
however, using own data, while in two studies [9, 11], use has been made of the same 
with us dataset, achieving 97% and 92% classification accuracies respectively. The 
latter have been attained by the inclusion of less than 1000 m/z values, which, 
however, have been reported to be of non-significance due to distortion [13]. 

In the present study, a biomarker selection system is proposed for identifying 
biomarkers related to prostate cancer. The system comprises two stages, a pre-
processing stage, which is a pipeline of MS-processing steps consisting of MS-profile 
smoothing, iterative peak selection, and peak alignment, and a classification stage, 
which proposes the best m/z values of the MS-profile that discriminate between 
normal and prostate cancer MS-spectra. Among those best m/z values, information 
rich biomarkers related to prostate cancer are proposed.  

The contribution of the present study lies in a/the design of a high precision pattern 
recognition system for characterizing prostate MS-spectra as normal or cancerous and 
b/the proposal of a particular combination of prostate cancer related biomarkers that 
may be of high biological value in early prostate cancer diagnosis, and c/ the 
suggestion of a new feature (m/z values) extraction technique based on an iterative 
peak selection method, to feed the Probabilistic Neural Network (PNN) classifier with 
corresponding, to m/z values, intensities. The proposed method is based on first 
applying local thresholding, for determining the MS-profile noise level and, second, 
applying an iterative global threshold estimation algorithm, for selecting peaks at 
different intensity ranges.  At each global threshold, an optimum sub-set of these 
peaks was used to design the PNN classifier for highest performance, in 
discriminating normal cases from cases with prostate cancer. Out of these subsets, 
prostate related biomarkers were identified by reference to published literature and 
public databases. 

2   Materials and Methods 

Mass spectrometry prostate cancer spectra were obtained from the National Cancer 
Institute Clinical Proteomics Database [15]. MS-spectra were produced utilizing the 
H4 protein chip and a Ciphergen PBS1 SELDI-TOF mass spectrometer. The chip was 
prepared by hand and MS-spectra were exported with baseline subtracted. The dataset 
comprised 63 spectra, with no evidence of disease (PSA<1), and 69 prostate cancer 
spectra, with PSA values greater than 4.   
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2.1   Smoothing 

Signal noise residues were diminished applying the Lowess smoothing technique [16]  
a function provided by Matlab’s bioinformatics toolbox.  

2.2   Iterative Peak Selection Method 

After smoothing all MS-spectra, the proposed iterative peak selection method was 
applied on each spectrum that comprised the following steps: 

1. The spectrum was divided into four equal parts in order to find local thresholds, 
which will be subsequently used in the determination of the MS-profile’s noise 
level, which, in turn, will assist in the accurate detection of peaks [17]. At each 
quartile, a local threshold level was determined, below which the signal was 
considered as noise and it was not taken under consideration for further processing. 
This local threshold was found from the quartile’s histogram of intensities and it 
was set equal to the intensity value with the highest frequency. Figure 1 shows a 
quartile histogram for determining local threshold level.   

2. Intensity values above local thresholds were searched for peaks, by applying a 
differentiation method between successive intensity data points. 

3. Selected peaks were used to form a histogram of intensities, and its maximum 
value constituted the global threshold, above which all peaks were considered as 
most informative and were stored for further processing. 

4. Peaks determined in step 3 were removed from the spectrum and Step 3 was 
repeated until all peaks of the entire spectrum were removed. 

Steps 1-4 were repeated for all the MS-spectra of each class. In this way, peaks were 
grouped according to their global threshold level.  

 

Fig. 1. Histogram of the intensities across m/z values. The maximum of the histogram depicts 
the average mass spectrum noise intensity level. 

2.3   Peak Alignment  

Following the feature extraction step, each MS-spectrum was represented by a 
varying number of peaks due to chemical and electronic noise [18]. To alleviate this, 
a peak alignment process was developed, that aligned peaks appearing concurrently in 



200 P. Bougioukos et al. 

all the available spectra and corresponding to the same global threshold level, but 
sustaining a small shift along the x-axis, 0.08 % and ignoring the rest. At the end, an 
equal number of aligned peaks appeared in each MS-spectrum [17] and for the same 
global threshold level. Peak intensities constituted features that were used as input to 
the PNN classifier.  

2.4   Classification  

Classification was performed by means of the Probabilistic Neural Network (PNN) 
classifier with discriminant function given by [19] (eq. 1) : 
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where σ is the spread of the Gaussian activation function that was experimentally 
determined to provide highest classification accuracy and was found to be σ = 0.5, N 
is the number of pattern vectors, d is the dimensionality of pattern vectors and xik is 
the kth pattern vector of class i.  

The PNN was trained to discriminate controls with no evidence of disease (PSA<1) 
versus individuals with prostate cancer (PSA>4). At each global threshold level, 
intensities obtained following the proposed iterative peak selection method were used 
as input to the PNN classifier. Features were initially normalized to zero mean and 
unit variance.  Subsequently, feature selection was performed in order to retain only 
the feature subset with the highest discriminatory information. For this purpose, the 
sequential backward feature selection algorithm was employed [20]. Systems’ 
evaluation was performed by the standard procedure of the leave-one-out method 
(LOO) [20]. The classifier was designed employing features from all but one MS-
spectrum, which was then classified. The process was repeated, each time leaving-out 
a different MS-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, with limited number of data [14, 17, 21]. 

Classification was initially performed at each global threshold level and two sets of 
best features, providing highest classification accuracy at each level, were extracted. 
These sets incorporated features, identified as prostate cancer related biomarkers by 
reference to published literature and public databases [22] as well as uncharacterized 
peaks. To investigate the impact of biological confirmed markers in prostate cancer, 
identified biomarkers formed a new input feature-set to train the PNN, once more, for 
locating the subset of verified biomarkers with the highest discriminatory power.  

3   Results 

In distinguishing spectra with no evidence of disease (PSA<1) from spectra with 
prostate cancer (PSA≥4), at the first global threshold level, the PNN classifier scored 
96.2% overall accuracy (see Table 1). At the second global threshold, the PNN scored 
96.9% overall accuracy (see Table 2). The m/z values corresponding to the best 
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features, using the two aforementioned global thresholds, are illustrated in Table 3. 
Table 4 illustrates a subset of the m/z values, shown in Table 3, corresponding to 
verified biomarkers, which were identified by reference to published literature and 
public databases [22]. A subset among these verified biomarkers was found to provide 
highest discrimination accuracy with 90.1% (see Table 5) classification accuracy. 
This set of m/z values {1160.8, 2082.2, 3595.9, 4275.3, 5817.3, 7653.2} are proposed as 
useful biomarkers for prostate cancer and they should be further investigated.   

Table 1. PNN classification results at the first global threshold level, for spectra with no 
evidence of disease (PSA<1) and spectra with prostate cancer (PSA≥4)  

PSA level PSA<1 PSA≥4 Αccuracy 
PSA<1 61 2 96.8% 
PSA≥4 3 66 95.6% 
Overall accuracy   96.2% 

Table 2. PNN classification results at the second global threshold level, for spectra with no 
evidence of disease (PSA<1) and spectra with prostate cancer (PSA≥4)  

PSA level PSA<1 PSA≥4 Αccuracy 
PSA<1 62 1 98.4% 
PSA≥4 3 66 95.6% 
Overall accuracy   96.9% 

Table 3. m/z values of the best feature vectors   

Global Threshold levels Feature vectors (biomarkers) 
First  { 1160.8, 1838.2, 3595.9, 4074.3, 4257.1, 4275.3, 6918.2, 

8449.1, 8470.2, 9317.5, 9767.5, 14609.9, 4087.9, } 
Second { 1060.5, 1298.8, 1468.5, 1755.6, 2082.2, 2213.6, 2736.1, 

4503.7, 4672, 5326.0, 5817.3, 10673.1, 3607.1, 6939.1, 
7653.2} 

Table 4. Verified biomarkers selected from the two best feature vectors  

 Global Threshold levels Feature vectors (biomarkers) 
First  { 1160.8,  3595.9, 4275.3 } 
Second { 2082.2, 4672, 5817.3, 7653.2} 

Table 5. PNN classification employing as features the intensity values of the verified 
biomarkers {1160.8, 2082.2, 3595.9, 4275.3, 5817.3, 7653.2} that are related to prostate gland 

PSA level PSA<1 PSA≥4 Αccuracy 
PSA<1 58 5 92.1% 
PSA≥4 8 61 88.4% 
Overall accuracy   90.1% 
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4   Discussion 

The goal of this study was to propose biomarkers, related to prostate cancer, that 
discriminate between normal and cancerous cases. Within this context, the 
contribution of the proposed iterative peak selection method (see section 2.2) was 
evaluated by means of a probabilistic neural network (PNN) classifier. The PNN 
classifier achieved 96.2% and 96.9% for the first and the second global threshold 
levels respectively, in discriminating individuals with no evidence of disease with 
PSA<1 from those with prostate cancer having PSA≥4. Employing the proposed 
iterative peak selection method and by investigating the accuracies attained, it was 
plausible to conclude that peaks realizing high intensity values are not necessarily the 
most significant in distinguishing normal from prostate cancer cases. This iterative 
peak selection method facilitates in reducing the number of potential biomarkers as 
well as in assisting researchers by focusing on specific intensity levels for biomarker 
discovery. Specifically, the highest discriminating power was achieved using the 
biomarkers that were revealed at specific global threshold levels.  

Additionally, the system’s performance was tested adopting the external cross 
validation method [23], whereby system’s evaluation was performed on test data sets 
(1/3 of the available data randomly chosen from both classes) that had not participated 
in any way in the design (by 2/3 of the data) of the classification system. System 
design was repeated 10 times (each time excluding an arbitrary 1/3 of the data to be 
used as test set) and a mean and variance of classification accuracy were recorded. 
Results obtained at the first and second global threshold levels were 90.88 ± 2.31  and 
91.52 ± 2.27 respectively.  

Previous studies [8, 9] employing the same dataset have also suggested 
biomarkers, which, however, differ. This may be due to the various pre-processing 
schemes and classifiers employed. Seeking for proteins that might be related to 
prostate cancer, it was found, by searching in the ExPASy database [22], that the m/z 
value of 2082.2 was very close to the Nociceptin protein (2081.39 Daltons), which 
has been implicated in the stimulation of prostate cell growth [24], among other 
neuropeptides. Additionally, \the 4672 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 [25], 
elevated levels of BCL-2 might aid in the progression of the prostate cancer. Also, 
another m/z value (biomarker) was the 5817.3, 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 [26]. Additionally, the biomarker 7653.2 has 
m/z value close to 7654.74, which is the Insulin-like Growth factor I (IGF-I). This 
protein is a mitogen for prostate epithelial cells and it has been reported [27] to have a 
strong positive association between elevated levels of IGF-I and prostate cancer risk. 
The 1160.8 m/z value is close to 1169.32 biological marker, named prostasin 
precursor, which is present in many tissues and has the highest level in prostate gland 
[28]. One of the seminal plasma proteins realizing 3590.98 m/z value is very close to 
the 3595.9 m/z value, which was identified to be seminal basic protein (BSP), a 
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proteolytic product of semenogelin 1 [29]. The 4275.3 has m/z value close to 4272.2, 
which is the Neuropeptide Y precursor and its activation might be related in cell 
proliferation in certain stages of prostate cancer [30]. The present study revealed other 
m/z values as being significant in distinguishing prostate cancer dataset, as illustrated 
in Tables 3. These values might constitute information rich biomarkers that have not 
been yet identified or related to prostate cancer.  
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