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Abstract. Biomarkers are molecular parameters associated with pres-
ence and severity of specific disease states. Search for biological markers
of cancer in proteomic profiles is a relatively new but very active re-
search area. This paper presents a novel approach to feature selection
and thus biomarker identification. The proposed method is based on
blind separation of sources and selection of features from a reduced set
of components.

1 Introduction

Early diagnosis is critical in cancer treatment and prevention. It is, therefore,
essential to determine molecular parameters (so-called biomarkers) associated
with presence and severity of specific disease states [1], [2], [3], [4]. Utilization
of surface-enhanced laser desorption/ionization (SELDI) time-of-flight (TOF)
mass spectrometry profiling of serum proteins (for description see [1], [2], [4]),
combined with statistical or data mining methods, has been recently reported as
a promising approach to identification of biomarkers. These techniques were suc-
cessfully applied to identification of proteomic biomarkers of ovarian and prostate
cancer: statistical Wilkinson p-value in [5], boosting algorithm in [6], and self or-
ganizing maps combined with genetic algorithm in [7]. Classical approach to
feature selection was attempted by the authors in [8], [9]. Along the same line,
we propose to utilize a signal decomposition technique to determine dissimi-
larities between different groups of protein samples and thus locate biomarkers.
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Protein samples are processed in a mass spectrometer (SELDI-TOF), which ana-
lyzes substances based on mass to charge ratio (m/z) of its particle components.
The result which is the table of intensities (amounts) of particle components
with specific m/z is recorded and can be retrieved for manual or computer-
assisted interpretation. The proteomic SELDI-TOF data were collected at the
Barton Research Institute of University of Arkansas for Medical Sciences. The
serum was obtained from patients with documented myeloma cancer and those
that did not suffer from the disease. Values of m/z that discriminate between
classes of cancerous and healthy serum are to be found. Very high dimensionality
(30,000 elements in each profile) and variability of the data creates a need for
nontraditional approaches to this problem.

2 Theoretical Background

The search for biomarkers in protein profiles can be viewed as a feature selec-
tion problem that can be formulated as follows: Given N data points x; € R™,
i =1,...,N, with labels y; € {-1,1} select an L-element subset of features
{zir|k € S,S C1,...,N} while preserving or possibly improving discriminative
ability of a classifier. The number of relevant features L is usually chosen arbi-
trarily. The literature distinguishes between two types of algorithms to solve this
problem: filter and wrapper [10]. Filter methods are understood as a preprocess-
ing step to remove irrelevant features before classification. Popular filter methods
measure the correlation between values of features and labels using Pearson cor-
relation coefficient or mutual information. Wrapper method is a search through
a space of feature subsets aimed at the maximization of some estimate of clas-
sification accuracy. Several filter algorithms have already been applied to the
same data set by the authors [8], [9]. The nature of protein profiles allows for
different approach to this problem. The profiles can be interpreted as signals in
the m/z space that can be separated into statistically independent components.
Magnitudes of those components denoted by a; represent the original points x;
in a new feature space. Dimensionality of a;’s is usually much smaller than di-
mensionality of x;’s making classification and feature selection problem easier.
The new feature set will then be reduced to attributes relevant to the given clas-
sification. Each attribute of a; is associated with a computed component that is
still in the m/z space. Therefore, relevant features point to relevant components
where differences between protein profiles in m/z space can be observed. Optima
of those components for a particular class indicate values higher or lower than
usually. The following sections present a Blind Source Separation (BSS) tech-
nique used to compute components and their magnitudes in each profile, Rough
Set (RS) based tools for reduction of the new feature set, and feature selection
in m/z space.

2.1 Blind Source Separation

Each sequence of intensities x; will be interpreted as a signal and will be denoted
by a column vector. It is assumed here that each signal is a mixture of some



underlying sources of activity. Identification of sources of a measured signal
has been an active research area [11], [12], [13]. It is assumed that each input
signal is a linear combination of some statistically independent sources (or basis
functions):

x; = Ma; + e, (1)

where each column of M € R™*™ is a basis function M; € R",j = 1,2,...,m,
a; € R™ is a column vector of coefficients - magnitudes of each basis functions
in the signal x;, and e; € R™ represents noise or error of the model. M and a
are unknown parameters that need to be estimated. Statistical independence of
the basis functions can be satisfied by minimizing mutual information between
the basis functions. Thus M and a are estimated by solving the following:

M,a = argmain (argmNi[n (I (M1,Ma, ... Mp,) + A||x — Ma||2)) , (2)

where A is a scaling factor, and I(M;, My, ..., M,,) is mutual information be-
tween random variables M, My, ..., M, defined as [14]:

I(M;,My,...My,) = Y H(M;) — HM;,M,, ..., My,), (3)
j=1

where H(Mj) is entropy of a random variable M;. Optimization using (2) may
be performed with a gradient descent algorithm. The two quantities to be com-
puted, M and a, make this problem complex. The minimization can be solved
by estimating only M:

M = arg min (I (M1, M, ...,M,,) + A|[x — Ma|?), (4)

where the estimate a of a in each step of the algorithm is the solution of the
following;:
4 = argmin||x — Ma||?, (5)
a

where the value of M is a partial solution of (4), similarly to [11].

2.2 Rough Sets

The theory of rough sets (RS) was introduced in the early 1980’s by Zdzislaw
Pawlak [15] [16]. Especially useful for a classification-relevant feature selection
is the concept of reducts that is inherently embedded in the theory [17]. One of
the most important notions of the rough sets theory is the indiscernibility rela-
tion, which is a binary equivalence relation that divides a given set of elements
(objects) into a certain number of disjoint equivalence classes. An equivalence
class of an element a; € X consists of all objects a; € X such that a; Ra;, where
R indicates a binary relation. Let IS = (R™, A) be an information system of
objects from universe R™ described by the set of attributes A, then with any
B C A there is an associated equivalence relation IN Dyg(B):

INDH;(B) = {(ai,al) S R2m|Vj S B,ai]‘ = alj}. (6)



IND;s(B) is called B-indiscernibility relation. If (a;,a;) € INDys(B), then
objects a; and a; are indistinguishable from each other by attributes from B.
Based on the concept of indiscernibility relation, a reduction in the space of
attributes is possible. The idea is to keep only those attributes that preserve
the indiscernibility relation. The rejected attributes are redundant since their
removal cannot worsen the classification. There are usually several such subsets
of attributes and those, which are minimal, are called reducts.

2.3 Feature Selection

The basis functions M; associated with attributes a;; of a; selected as relevant
reflect the change of intensity values specific to one of the given classes. The
fact that the j-th attribute of a; belongs to B indicates that the effect of M
in any x; will be different for the two classes. Statistical independence of basis
functions ensures that their values are mostly different for the same m/z. In
other words, P(z;x = i) is low for ¢ # . Thus, the biggest differences between
intensity values are introduced by high values of the basis functions and the set
of relevant features is equal to:

By, = {klk = argmkax{Mjk} Vj € B}. (7

3 Experiments

The data set consisted of 19 protein profiles, 13 of which belonged to class
myeloma and 6 to class normal. This was a preliminary study, so the compu-
tation was performed on a part of the profile — a subsequence of 100 elements
that contained m/z values with highest Fisher Score (see [8]). The subsequence
was separated into 5 source signals (m = 5). The RS-based tools reduced the
extracted feature set to two elements. Values of the selected coeflicients are
presented in Fig. 1, where stars and open circles indicate objects that belong to
classes myeloma and normal, respectively. One can see in Fig. 1 that the reduced
set of coefficients can serve well as classification features. L values of k with the
highest values of M, j € B were selected as relevant features. A single linear
neuron was trained on the intensity values selected by the described method. The
training was performed several times on a set consisting of 6 profiles belonging
to class myeloma and 8 from class normal. The original proportion 13:6 was
causing a huge imbalance and poor training. The profiles from class myeloma
were selected randomly for each training session. In each session the learning
was repeated 14 times, leaving one profile as the testing set each time. The test-
ing errors averaged over those 14 trainings were compared in order to examine
generalization of training on selected features. The results, summarized in Table
1, indicate that there is a generalization improvement with a smaller number of
selected features. Note that high values of test errors are due to the fact that
only one neuron was trained. Reduction of error for smaller number of features
is a result of high variability of the data and small size of the training set.
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Fig. 1. Values of the selected coefficients for all training objects

Table 1. Analysis of neuron training with several sizes of feature set

Number of features|average testing error
100 4.2423
50 1.5376
20 0.7455
10 0.9643
5 0.5143

4 Conclusions

A new method of feature selection for signal-like data was proposed. BSS-based
extraction of new features reduces dimensionality and simplifies the attribute se-
lection problem in the original space. The basis functions selected by RS methods
indicate differences between objects relevant for classification. Thus, an addi-
tional advantage of the described algorithm is the possibility of analysis of the
results by specialists in an area associated with data. However, a few problems
still need to be solved. A method for identifying best optima of the basis func-
tions in terms of classification and generalization requires further investigation.
Estimation of the number of needed basis functions, important from the com-
putational point of view, should also be considered.
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