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Abstract. Protein mass spectrometry (MS) pattern recognition has recently 
emerged as a new method for cancer diagnosis. Unfortunately, classification 
performance may degrade owing to the enormously high dimensionality of the 
data. This paper investigates the use of Random Projection in protein MS data 
dimensionality reduction. The effectiveness of Random Projection (RP) is ana-
lyzed and compared against Principal Component Analysis (PCA) by using 
three classification algorithms, namely Support Vector Machine, Feed-forward 
Neural Networks and K-Nearest Neighbour. Three real-world cancer data sets 
are employed to evaluate the performances of RP and PCA. Through the inves-
tigations, RP method demonstrated better or at least comparable classification 
performance as PCA if the dimensionality of the projection matrix is suffi-
ciently large. This paper also explores the use of RP as a pre-processing step 
prior to PCA. The results show that without sacrificing classification accuracy, 
performing RP prior to PCA significantly improves the computational time. 

1   Introduction 

For many types of cancer, the sooner the cancer is diagnosed and treated, the higher 
the survival rate is. Tumor markers such as cancer antigen 125 (CA125) and prostate-
specific antigen (PSA) have been used widely as an early indicator of cancer. Tumor 
markers, however, may not have sufficient accuracy to reliably detect early stage 
cancer. A marker test that registers normal does not prove that a patient are cancer-
free, nor does an elevated test prove that the patient have presence, progression or 
recurrence of cancer. Consequently, there is a critical need on new methods that are 
more reliable for early cancer detection [1]. 

Some researchers believe that cancer may affect the proteins or peptides concentra-
tion in human blood serum even in the early stages. The earliest attempt to prove this 
concept was carried out by Petricon et al. in 2002 [2]. They employed genetic algo-
rithm combined with self-organizing maps to analyze the protein mass spectrometry 
(MS) pattern and was successful in discriminating ovarian cancer patients from unaf-
fected individuals with an accuracy of 97.41%. Since then, the field of protein MS 
pattern recognition has been intensively researched, particularly focusing on early 
cancer detection.  
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The following is a typical work flow in protein MS pattern recognition process. 
Given an unknown sample of human blood serum, by using protein MS technology, a 
population of proteins in this sample is profiled based on the molecular mass-to-
charge (m/z) identities of individual proteins. The output is a raw spectral that con-
tains relative amplitudes of intensity at each m/z identity. By using pattern recognition 
techniques, researchers attempt to identify the pathological state of the unknown sam-
ple. Supervised pattern recognition techniques must learn from a set of training sam-
ples with known pathological states before it can generate prediction. 

A critical challenge in MS pattern recognition is the extraction of concrete infor-
mation from the MS data that can accurately reflect the pathological state. The diffi-
culty lies in the fact that the MS data is usually characterized with small amount of 
samples and high-dimensional features. The typical ratio of samples to features is at 
the order of thousands. Learning in high dimensions causes problems that are either 
non-existent or less severe compared to lower-dimensional cases. Firstly, applying all 
the features introduces enormous computational overhead to the processing unit. Sec-
ondly, having relatively small amounts of training samples may lead to data over-
fitting, i.e. the predictor parameters are well optimized for the training samples but 
generalize poorly on new samples.  

Generally, there are two approaches to overcome the problems, namely feature se-
lection and dimensionality reduction. Feature selection is concerned with selecting a 
set of optimum discriminatory features that can reflect the actual biological classes 
represented in the data. In contrast to feature selection methods, dimensionality reduc-
tion techniques exploit the information from complete protein spectrum. The main 
idea of dimensionality reduction is to project the input onto a lower-dimensional 
space by preserving essential properties of the data. Common methods for dimension-
ality reduction include Principal Component Analysis (PCA), Singular Value Decom-
position (SVD), Partial Least Squares (PLS), Independent Component Analysis 
(ICA), and etc. Random Projection (RP) has lately emerged as an alternative method 
for dimensionality reduction. In fact, this technique has been tested on hand-written 
digit data set [3], image, and textual data [3] with fairly good results. In addition, RP 
was reported to be computationally less demanding compared with conventional di-
mensionality reduction techniques. 

The objective of this study is to examine the effectiveness of RP in dimensionality 
reduction, particularly on protein MS data. Three real-world cancer data sets are used 
to achieve this. The performance of RP is compared with PCA using three classifica-
tion methods, namely K-nearest Neighbour (KNN), Feed-forward Neural Networks 
(FFNN), and Support Vector Machine (SVM). Apart from that, experiments are also 
conducted to measure the distortion induced by RP and PCA. This study also investi-
gates the use of RP as a pre-processing step prior to PCA.  

The organization of this paper is as follows. A review of previous works is pro-
vided in Part 2. Part 3 gives an overview on PCA. The proposed RP method is then 
explained in detail. In Part 4, the data sets used in this paper are described. The results 
are reported and discussed in Part 5. Finally, the paper concludes with some sugges-
tions for further investigation in Part 6. 
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2   Previous Works 

Several dimensionality reduction strategies and classification methods have been 
proposed to analyze protein MS pattern from human blood serum. This section high-
lights some previous works that are using dimensionality reduction techniques on 
protein MS pattern. Other methods such as feature selection and peak detection are 
not covered here; interested readers can refer to [5] for further details. 

In 2002, Lilien and co-workers developed a supervised classification method called 
Q5 for protein MS pattern recognition [6]. Q5 employed PCA and linear discriminant 
analysis followed by probabilistic classification. Q5 was tested against three ovarian 
cancer data sets and one prostate cancer data set. Replicate experiments of different 
training/testing partitions were carried out. The authors claimed that their algorithm 
achieved sensitivity, specificity, and accuracy above 97%. 

In 2003, Purohit and Rocke conducted a comparative study of unsupervised 
method and supervised method on protein MS pattern of 41 patients [7]. Prior to the 
experiments, the authors progressively binned the data by averaging adjacent features 
within a uniform moving window. Square root transformation was then applied on the 
data. In the study of unsupervised classification, PCA combined with hierarchical 
clustering gave classification accuracy of 68%. Whereas in the study of supervised 
classification, PLS was used for dimensionality reduction. Two classification meth-
ods, namely linear discriminant analysis and logistic regression were proposed. En-
couraging results were obtained and both of the suggested classification methods were 
claimed to have classification accuracy of 100% respectively. Leave-one-out cross 
validation was performed through out the experiments. 

Similar experiments were undertaken by Shen and Tan in 2005 [8]. The authors 
also applied PLS for dimensionality reduction. Penalized logistic regression was pro-
posed for classification. 30 random training/testing partitions were conducted to ver-
ify the classification results. By using the same ovarian cancer data set used in [6], the 
authors claimed that their approach have an accuracy of 99.92%. Sensitivity and 
specificity were not reported in their paper. 

3   Dimensionality Reduction Techniques  

3.1   Principal Component Analysis 

One of the most widely used dimensionality reduction techniques is PCA. PCA aims 
at reducing the data dimensionality while determining orthogonal axes of maximal 
variance from the data. For PCA to work properly, the mean has to be subtracted from 
each dimension. Next, eigen decomposition of the covariance matrix is computed. 
Eigenvalues and eigenvectors are then sorted in descending order. Components with 
higher eigenvalues explain more of the total data variances. Normally, most of the 
variances are captured in the first few components. A new dimensionality-reduced 
data set can be derived by projecting the original data set onto these principal  
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components. The projection matrix comprising these principal components is referred 
as “PCA basis” in this paper. 

The main drawback of PCA is the computational complexity, which is known to be 
O(d2n) + O(d3), where d is data dimensionality and n is the number of cases. PCA is 
computationally costly because it performs the eigen decomposition of the covariance 
matrix. Although PCA may be carried out more efficiently by using SVD decomposi-
tion and by omitting zero eigenvalues in calculation, the computational overhead is 
still too high for high-dimensional data sets like protein MS data. 

3.2   Random Projection 

The main idea of RP originates from the Johnson-Lindenstrauss lemma. The theorem 
states that a set of n points in high-dimensional Euclidean space d can be projected 
onto a randomly chosen lower-dimensional Euclidean space k (k < d) without dis-
torting the pairwise distances by more than a factor of (1 ± ε). More precisely, accord-
ing to the following Johnson-Lindenstrauss lemma [9]:  

For any ε such that 0 < ε < ½, and any set of points S in n, with |S| = m, upon 
projection to a uniform random k-dimensional subspace, k ≥ [9 ln m / (ε2 – 2ε3/3)] + 
1, the following property holds: with probability at least ½, for every pair u, u' ∈  S, 
and f(u), f(u') are the projections of u, u'. 

222
)1()'()()1( 'uuufuf'uu −+≤−≤−− εε  (1) 

The computational complexity of RP is lower than PCA, which may be expressed 
as O(nkd). This is because of the steps to perform RP are mathematically simpler than 
PCA. To carry out the projection, a high-dimensional data matrix Xd×n is multiplied 
with a projection matrix Rk×d. The projection matrix is a random orthogonal matrix 
where the Euclidean length of each column is normalized to unity. The resulting k-
dimensional matrix Yk×n can be expressed as: 

nddknk ××× = XRY  (2) 

In most cases, the projection matrix is not completely orthogonal. However, by us-
ing a Gaussian distributed random matrix, whose entries is independent and identi-
cally distributed, with mean = 0 and variance = 1, the matrix would be very close to 
being orthogonal in a high-dimensional space. Therefore, a high-dimensional Gaus-
sian distributed random matrix can be viewed as an approximation to an orthogonal 
matrix, in which the property can be expressed in the following equation: 

IRRT ≈  (3) 

In fact, there are simpler random distributions that have similar properties and yet 
computationally more efficient, such as sparse random matrices introduced by Ach-
lioptas [10]. The entries in a sparse random matrix are either uniformly chosen from 
{-1, 1}, or from {± , 0}, by selecting ±  with probability 1/6 each and 0 with 
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probability 2/3. This paper will focus on the use of Gaussian distributed random  
matrix. 

4   Data Sets 

Three real-world cancer data sets, i.e. two ovarian cancer data sets (OC-WCX2a and 
OC-WCX2b) and one prostate cancer data set (PC-H4) were used to investigate the 
applicability of RP in reducing dimensionality of protein MS data. These data sets are 
obtained from Clinical Proteomics Program Databank, National Cancer Institute [11]. 
The data sets were named by using the cancer type screened and the SELDI affinity 
chip technology, i.e. Weak Cation Exchange (WCX2) and Hydrophobic (H4). OC-
WCX2a and PC-H4 were manually prepared; OC-WCX2b was prepared by robotic 
instrument [11]. The data was generated by using surface-enhanced laser desorp-
tion/ionization time of flight (SELDI-TOF) mass spectrometer [2]. Each of these data 
sets consists of samples from cancer patients and control patients. Each sample is 
composed of 15154 features, which are defined by the corresponding molecular mass-
to-charge (m/z) identities. All features were baseline subtracted and were rescaled so 
that they fall within the range of 0 and 1. The details of the data sets are summarized 
in Table 1. 

Table 1. Details of cancer data sets 

Data Set Control Cancer Number of Features 
OC-WCX2a 100 100 15154 
OC-WCX2b 91 162 15154 

PC-H4 63 69 15154 

5   Results and Discussion 

5.1   Distortion Analysis 

Prior to the classification experiments, it is important to compare the distortion intro-
duced by PCA and RP to the original data space. In order to compute the distortion, 
Equation (1) was rearranged, and the distortion distf(u, u') may be expressed as: 

( ) ( ) ( )
2
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,
'

'
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Distortion induced by PCA and RP is depicted in Fig. 1. The results were averaged 
over 100 pairs of random samples of OC-WCX2a data set. Unity distf(u, u') implies 
that there is no distortion induced. The lower the distf(u, u') is, the greater the distor-
tion induced. As can be seen from Fig. 1, there is no significant difference between 
the distortion induced by PCA and RP within projection dimensionality from 10 to 
140. This suggests that RP may perform as well as PCA by retaining a significant 
degree of data information. 
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Fig. 1. This figure shows the results averaged over 100 pairs of random samples along with 
95% confidence intervals 

5.2   Classification Performance 

A series of experiments have been conducted to compare the performance of RP with 
PCA by using three classification methods, namely KNN, FFNN, and SVM. The 
three learning algorithms were chosen so that they represent a diverse set of learning 
biases. The primary focus is not to compare the performance of these classification 
methods, but the differences in their performance while using PCA and RP for dimen-
sionality reduction. Common performance metrics for medical diagnosis are used 
here, namely accuracy, sensitivity, and specificity. Positive case is referred to the 
presence of particular disease while a negative case means the absence of the disease. 
These metrics are calculated as follows: 

• Accuracy – the ratio of the number of correctly diagnosed cases to the total num-
ber of cases. 

• Sensitivity – the ratio of the number of positive cases correctly diagnosed to the 
total number of positive cases. 

• Specificity – the ratio of the number of positive cases correctly diagnosed to the 
total number of positive cases. 

Split-sample cross-validation was employed to validate the results. Using this vali-
dation method, a data set was randomly divided into training set and testing set. In 
this study, the samples for each data set were randomly partitioned into 75%/25% of 
training/testing set. The same process mentioned above was repeated to generate 30 
random training/test partitions. 

Following these partitions, dimensionality reduction was performed on each train-
ing set. For RP method, the original high-dimensional training samples were projected 
onto a lower-dimensional space by using a random matrix R. Consequently, the di-
mensionality-reduced training samples were used to train the classifiers. In the testing 
stage, the same random matrix R was again used to project the original testing sam-
ples onto a lower-dimensional space. Similar procedures were repeated in the PCA 
experiments. After partitioning the training/testing samples, a PCA basis was com-
puted from the training samples. The training samples were then projected onto the 
PCA-space representation via the PCA basis. In the testing stage, the testing samples 
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were projected onto the PCA-space representation by using the same PCA basis. Each 
classifier’s performance was measured based on the predictions of the dimensionality-
reduced testing samples. Note that all testing sets were not involved in the prediction 
model building process in order to avoid biased results.  

For both RP and PCA experiments, the dimensionality of projection matrix, i.e. 
random matrix R and PCA basis was changed from low value (10) to a high value 
(140) in order to examine the effect of this parameter on the results. For each of these 
different dimensionalities, 30 random training/test partitions were tested and the final 
results were estimated using 1000 bootstrap samples at 95% confidence intervals. The 
results are given in Fig. 2. Sensitivity, specificity, and confidence intervals are not 
shown in Fig. 2 so as to maintain clarity and readability. However, exceptional cases 
will be reported and discussed in the paper. 

Prior to the KNN experiment, some experiments were carried out to find the opti-
mum number of neighbours K. It turned out that K = 5 gave the best performance, so 
this value was used here. As can be observed from Fig. 2, the performance of PCA 
generally outperformed RP in the lower dimensions. Nevertheless, performance of 
PCA showed a drastic decline when the dimensionality increased. The performance of 
KNN appeared to be less affected by RP. The results may be expected since the un-
derlying operation of KNN is based on Euclidean distance computations, while RP 
tends to preserve the inter-point distances. Thus, one would expect to obtain better 
results by using RP as compared with PCA. 

For the FFNN experiment, the number of hidden units was fixed to five. In contrast 
to KNN, performance of PCA remained constant throughout the experiment. RP per-
formed slightly poorer as compared with PCA, but its performance improved noticea-
bly as the dimensionality of projections increased. Performance of PCA was better in 
lower dimensions, but RP was able to match the performance of PCA in higher di-
mensions. 

Apart from KNN and FFNN, SVM with Gaussian radial basis kernel was also em-
ployed in this study. From Fig. 2, it can be observed that performance of PCA was 
generally better than RP in lower dimensions, but the performance of RP was better 
than PCA or at least comparable with PCA when the dimensionality increased. RP 
yielded the best results when it was combined with SVM, and the dimensionality of 
projection matrix was set to 100. The details of the results are summarized in Table 2 
along with the 95% confidence intervals in parentheses. 

Table 2. Classification performance of RP combined with SVM 

Data Set Accuracy (%) Sensitivity (%) Specificity (%) 
OC-WCX2a 94.00 (94.00 - 94.00) 95.87 (95.60 - 96.00) 92.13 (92.00 - 92.40) 
OC-WCX2b 99.89 (99.68 - 100) 100.00 (100 - 100) 99.71 (99.13 - 100) 

PC-H4 99.90 (99.70 - 100) 99.81 (99.41 - 100) 100.00 (100 - 100) 

 
On the whole, the performance of PCA remained approximately stable and outper-

formed RP results in the lower dimensions, but its performance decreases in higher 
dimensions. Although the performance of RP was inferior to the performance of PCA 
in lower dimensions, the performance improved as dimensionality increased. The 
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drop of PCA average accuracies in higher dimensions may be caused by the inclusion 
of less important components that leads to worse rather than better performance. 

5.3   Combination of PCA and RP 

Due to the ability of keeping the subspace that has largest variance, PCA seemed to 
be better in eliminating the impact of noise in a data set to some extent. This advan-
tage, however, comes at the price of greater computational requirement, especially for 
high-dimensional data sets. On the other hand, RP is computationally more efficient 
for high-dimensional data set but it may not be able to filter out redundant informa-
tion. The main purpose of this experiment is to investigate the performance of com-
bining PCA and RP with the intention to complement the strength of both techniques. 
In this experiment, RP was performed prior to PCA to reduce the original data dimen-
sionality from 15154 to 140. Then, PCA was carried out in the lower-dimensional 
space to eliminate the redundant information.  

As can be seen from Fig. 2, in most cases, accuracies of PCA + RP were compara-
ble to PCA results and RP results in low dimensions. Table 3 summarizes the average 
processing time taken for PCA, RP and their combination. The amount of time to 
perform RP and PCA+RP is clearly shorter than using PCA alone. RP considerably 
speeds up PCA algorithms whose run-time is largely governed by the dimension of 
the working space. The results suggested that RP could be used as pre-processing step 
before PCA in order to reduce the computational load without introducing great dis-
tortions to the original data. 

Table 3. Average Processing Time Over 30 Runs Using OC-WCX2a Data Set 

Method Processing Time (sec)  
PCA 16.571 ± 0.213 
RP 3.945 ± 0.044 

PCA + RP 4.016 ± 0.048 

6   Conclusions and Further Works 

Protein MS technology allows medical practitioners to characterize and determine the 
patterns of tens of thousands of proteins simultaneously. Unfortunately, conventional 
dimensionality reduction methods and pattern recognition techniques may fail be-
cause of the high dimensionality of the data. The work presented in this paper investi-
gates the efficacy of using RP as a dimensionality reduction tool for protein MS data. 
A series of experiments have been systematically conducted to compare the perform-
ance of RP with PCA. Performances of PCA and RP were tested against three cancer 
data sets by using KNN, FFNN, and SVM. From the results, performance of RP gen-
erally improves as the dimensionality increases. Although PCA slightly outperformed 
RP in low dimensions, RP was able to achieve comparable performance in high-
dimensional space, and yet with less computational overhead.  

Another focus of this paper is to explore the use of RP as a pre-processing step 
prior to PCA. As a result of performing RP beforehand, PCA took advantage of the 
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speedup produced by working over fewer dimensions. In most cases, the accuracies 
obtained were comparable to PCA results and RP results in low dimensions. 

The work presented in this paper has revealed the potential of RP as an efficient 
dimensionality reduction method for protein MS data.  Nonetheless, there are still a 
number of areas that can be enhanced and pursued as further work. Firstly, experi-
ments can be carried out to investigate the use of sparse random matrices [10]. Apart 
from that, another issue that needs to be addressed is the drifts in SELDI-TOF ma-
chines [15]. Protein MS data generated by SELDI-TOF machines may vary time-to-
time and machine-to-machine. Current experiments are based on low-resolution MS 
data. Motivated by the need for greater precision, more experiments are undergoing to 
further vindicate the proposed RP method by using high-resolution MS data [15]. But 
then again, higher data resolution propagates the “curse of dimensionality” and in-
creases the computational overhead. Intuitively, one would expect the computational 
requirement of PCA to increase exponentially. Again, RP may play an important role 
in reducing the dimensionality of high-resolution MS data.  

Protein MS pattern analysis has great potential for use as part of standard cancer 
diagnosis tests. Nevertheless, in terms of practicality, there are a number of challenges 
that have to be resolved before MS pattern recognition can be fully applied in medical 
screening test or treatment monitoring. The results shown in this paper revealed that 
RP may be an alternative to conventional dimensionality reduction techniques for 
high-dimensional protein MS data. Nonetheless, RP is not restricted for protein MS 
data, but also other high-dimensional data such as textual data and microarray data. 
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Appendix. Classification Performance  

 
 

 
 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig. 2. This figure shows the accuracies (Y-axis) of KNN, FFNN, and SVM when three differ-
ent dimensionality reduction techniques are used, namely PCA ( ), RP ( ), and PCA+RP 
( ). X-axis represents the dimensionality of projection matrix. Results are averaged over 30 
training/testing partitions and are estimated using bootstrapping method at 95% confidence 
intervals. 
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