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Abstract
Background: Sparse representation (SR) has shown strong performance in classification tasks, 
particularly for high-dimensional data such as microarray gene expression profiles. These datasets 
present significant challenges due to their high dimensionality and limited sample size, which often 
hinder the performance of conventional classifiers. Methods: SR addresses this by expressing 
each signal as a linear combination of a small subset of training samples, reducing computational 
complexity and improving accuracy. However, using all training samples in the dictionary increases 
computational cost. This study explores several SR-based classifiers to address microarray 
data classification, focusing on dictionary construction strategies and sparse coding algorithms. 
Results: Experimental results on the 14-Tumors dataset show that selecting a subset of representative 
atoms and applying the SL0 algorithm significantly improves both speed and classification accuracy. 
Conclusions: These findings highlight the potential of SR approaches for effective and efficient 
classification of high-dimensional biological data.
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Introduction
Sparse representation (SR) of signals has 
attracted considerable interest in various 
fields of signal processing, and numerous 
studies have been conducted in this area.[1-4] 
In many applications of pattern recognition 
and computer vision, high-dimensional 
data, such as face images or microarray 
data, are frequently encountered.[5-7]

The application of SR of signals to 
classification problems, known as SR-based 
classification (SRC),[8] has demonstrated 
promising results, particularly in face 
recognition systems. The fundamental 
concept underlying SRC is that each 
face image can be expressed as a sparse 
linear combination of other faces, 
wherein the highest coefficients in this 
linear combination correspond to images 
belonging to the same class as the target 
image. Consequently, by utilizing these 
dominant coefficients and setting the 
remaining ones to zero, an accurate 
reconstruction of the target image can be 
achieved. The Euclidean distance metric 

is subsequently used to measure the 
similarity between the target image and 
the reconstructed images for each class. 
Ultimately, the target image is assigned to 
the class that minimizes the reconstruction 
error.

Advancements in microarray technology 
have enabled the simultaneous monitoring 
of gene expression levels (gene activity) 
across thousands of genes, generating 
vast amounts of microarray data.[9] These 
data play a crucial role in the diagnosis 
and classification of various cancer 
types; however, their most challenging 
characteristic lies in their exceptionally 
high dimensionality relative to the limited 
sample size, making the design of effective 
classifiers difficult. Considerable efforts 
have been made to develop classifiers that 
achieve high accuracy while maintaining 
low computational complexity.[10-12] 
However, the majority of these studies 
have focused on datasets with a small 
number of classes (typically two or three 
tumor types) and have employed methods 
such as Linear Discriminant Analysis, 
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Neural Networks, Clustering, Nearest Neighbor (NN), 
Support Vector Machine (SVM), Decision Trees, and 
Random Forest. In this study, the 14-Tumors database is 
examined. This dataset comprises information on fourteen 
distinct tumor types and is frequently analyzed from a 
feature selection perspective. The classification problem 
of 14 tumor types has been addressed by decomposing 
it into multiple binary classification tasks.[9] Various 
classifiers are evaluated for this purpose, with the highest 
performance achieved by the SVM classifier. In binary 
classification settings, classification is conducted using 
the One-versus-All and One-versus-One (OVO) strategies, 
which employ c(c-1)/2 and c hyperplanes to separate 
the classes, respectively (c  representing the number of 
classes). Neural network-based methods are also applied 
to classify the 14 tumor types.[13,14] In one proposed 
approach, two sequential Artificial Neural Network 
classifiers are utilized for classification. The first classifier 
identifies the two most probable classes for the test 
data, while the second classifier makes the final decision 
among the selected classes.[13] A fuzzy classifier is also 
introduced that employs fuzzy rules for classification.[15] 
A method based on SR has been introduced to classify 
microarray data, where the results demonstrate that the 
proposed method outperforms various extensions of the 
SVM classifier.[16]

Despite the extensive research conducted in this field,[17-20] 
the reported classification performance of existing methods 
remains insufficient for clinical diagnosis. Motivated 
by the promising results of SR in gene expression data 
analysis,[1,3,21-23] this paper explores several classification 
approaches based on SR to address the challenge of 
14-Tumors classification. To ensure a more comprehensive 
evaluation, three distinct algorithms are employed in the 
sparse coding stage, each of which computes the SR using 
a different approach.

The remainder of this paper is structured as follows: First, 
the fundamental concepts of SR are presented. Then, 
an overview of conventional sparse coding algorithms 
is provided. Next, the SR-based classifiers examined 
in this study are reviewed. In the following section, the 
dataset used is introduced, and the experimental results 
are reported. Finally, discussions and conclusions are 
presented.

Sparse representation fundamentals

In recent years, SR has emerged as a powerful tool 
for signal representation and compression. Within this 
framework, a signal can be approximated as a sparse 
linear combination of a set of training data.[4] Suppose 
Y = [Y1,…,Yc] is formed by concatenating all the training 
data, such that Y1,…,Yc contains the samples from classes 
1 to c, respectively. Therefore, a linear combination of 
the training data can be obtained through a system of 
linear equations, represented as y = Ys, where Y is the 

dictionary matrix and each of its columns is referred to as 
an atom.

If the number of equations is smaller than the number of 
variables (i.e., the number of columns in Y exceeds the 
number of its rows), the system becomes underdetermined 
and possesses infinite solutions. However, imposing a sparsity 
constraint ensures a unique solution. Since the ℓ0-norm of 
a vector represents the number of its nonzero elements, 
minimizing the ℓ0-norm enforces sparsity. Consequently, the 
following equation is employed to derive the SR of an input 
signal using the corresponding training set:

min s y = Ys
0

s t. . ,� (1)

where y represents the input signal, s denotes the coefficient 
vector of the linear combination, and s

0
 indicates the 

number of its nonzero elements. A vector s is considered 
k-sparse if it contains at most k nonzero elements.

Let Yi denote Ni training data from the i-th class 
Y y ,y ,...,y
i i i i N

D N

i

i� � �
[ ]

, , ,1 2
 . If the input signal y ∈ D belongs 

to the i-th class, then according to the SR framework, it can 
be expressed using only the Yi columns of Y as follows:
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�
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Where Si,j is a scalar value. This forms the fundamental 
principle of SRC.[8]

Since the ℓ0-norm is nonconvex, determining the SR using 
Eq. (1) is an NP-hard problem whose solution relies on 
combinatorial search, which becomes computationally 
infeasible in high-dimensional spaces.[24] Various methods 
have been proposed to address this issue, some of which 
will be discussed in the following section.

Sparse coding algorithms

A conventional approach to solving linear systems while 
enforcing sparsity in the solution is to approximate 
the ℓ0-norm with a higher-order norm that is more 
computationally tractable. Consequently, to determine the SR 
of a signal, the following equation can be utilized, where the 
sparsity constraint is imposed through ℓ1-norm minimization:

min . .s y = Ys
1

s t .� (3)

Since the ℓ1-norm is convex, it can be minimized using 
convex optimization algorithms. The problem can also be 
formulated as a linear program and solved using linear 
programming methods, such as Basis Pursuit (BP).[25] It 
has been shown that if the number of nonzero elements 
in the sparse solution is below a threshold determined by 
the correlation among the dictionary atoms, the solution to 
Eq. (3) coincides with the ℓ0-norm minimization solution.[24] 
One of the primary limitations of the BP method is its high 
computational complexity, which renders its implementation 
time-consuming; as a result, it is often supplanted by 
alternative algorithms. Among the fastest algorithms for 
obtaining an SR is Matching Pursuit (MP).[26]
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This greedy and iterative method determines only one 
coefficient at each step. If s is a k-sparse vector, it can 
be expressed as a linear combination of k atoms from the 
dictionary. In this approach, the columns of the dictionary 
contributing to the linear combination are first identified, 
and subsequently, the coefficients corresponding to these 
columns–i.e., the nonzero elements of s–are computed by 
solving a least squares problem. Therefore, at each step, the 
dictionary atom most similar to the test sample is selected 
as the active component of the linear combination, and its 
corresponding coefficient is computed. The product of this 
1-sparse approximation and the dictionary is then subtracted 
from the test sample to obtain a residual, upon which the 
process is iteratively repeated. The sum of the 1-sparse 
approximations obtained at each step, along with the 
previous approximations, constitutes a new approximation. 
This iterative process continues until either a predefined 
number of steps is completed or the residual error falls 
below a specified threshold. Although this method requires 
only a simple search at each step and is therefore typically 
very fast, its greedy nature offers no guarantee that the final 
solution will coincide with the true sparse solution.

At each step in Orthogonal MP (OMP), an extension of the 
MP method, the coefficients corresponding to the active 
columns of the dictionary are computed independently of 
prior estimates, which are utilized solely to identify the 
locations of the nonzero elements.[27]

Another method developed to obtain the SR is the 
Smoothed ℓ0-norm (SL0) algorithm.[28] In this approach, 
rather than replacing the ℓ0-norm with a higher-order 
norm, the ℓ0-norm itself is directly minimized. Figure 1a 
illustrates a univariate ℓ0-norm function, which equals 
zero at zero and one elsewhere. As shown, the ℓ0-norm 
function is discontinuous. The SL0 method employs a 
smooth approximation to the ℓ0-norm, which can be readily 
optimized. Figure 1b depicts a smooth function–specifically, 
a symmetric Gaussian function–that approximates the 
ℓ0-norm. Denoting this smooth function as f1(s), the 
corresponding optimization problem is formulated as 
follows:

0 1

1

ŝ ( )   s.t. y = Ysarg min
n

SL

i

s if s
=

= ∑ .� (4)

If f1(s) is not sufficiently smooth, the optimization problem 
is likely to exhibit numerous local minima. To address this, 
a highly smooth function (a Gaussian with large variance) 
possessing a single local minimum is initially selected. 
After identifying the optimal solution for this smooth 
function, the result is employed to initialize a Gaussian 
function with reduced variance, which provides a closer 
approximation to the ℓ0-norm. It has been proven that, 
with an appropriate selection of variances, the solution 
converges to the ℓ0-norm minimization solution as the 
variance approaches zero.

One notable advantage of the SL0 method is its high 
computational speed. Studies have shown that its 
convergence rate is two to three times faster than that of 
conventional algorithms used for solving linear problems. 
Moreover, since this method directly minimizes the 
ℓ0-norm, it is expected to be effective in addressing more 
complex problems.[28] Additional algorithms commonly 
employed to compute SRs include homotopy,[29] gradient 
projection for sparse reconstruction,[30] fast iterative 
shrinkage-thresholding algorithm,[31] compressive sampling 
MP,[32] and iterative hard thresholding.[33]

Sparse representation-based classifiers

In this section, several of the most prominent classifiers 
utilizing SR are reviewed.

Sparse representation-based classification

The method comprises two steps: First, the test sample 
is sparsely encoded using a dictionary matrix formed by 
combining all training data from all classes:

Y = [Y ,...,Y y ,y ,...,y
1 1,1 1,2c c N

c

] [ ]
,

= ,� (5)

Here, Yi is a sub-matrix containing the training samples of 
class i. The SR is obtained using Eq. (3). SRC classifies 
the test sample by evaluating its similarity to the training 
data within each class. To this end, the following function 
is defined:

�i i i N
Ts s

i

N
( ) [ , ..., , , ..., , , ..., ]

, ,
s � �0 0 0 0

1
 .		  (6)

By applying this function to the vector s, the elements 
corresponding to the i-th class samples are retained, while 
the others are set to zero. Consequently, ŷ Y (s)

i i
= δ expresses 

y as a linear combination of the samples from the i-th 
class. By applying this function to the representation s  and 
reconstructing y using the samples from each class, the test 
sample is assigned to the class that yields the minimum 
reconstruction residual:[8]

2
ˆmin (y) y Y (s)

i i i
r = − δ .� (7)

Figure 1: ℓ0-norm function (a), Smooth function (b)[28]

b

a
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Collaborative representation-based classification

It is widely accepted that sparsity is a key factor in the 
success of the SRC method, while the contribution of 
training samples from different classes to the representation 
of the input sample has been largely overlooked. It has been 
demonstrated that when the number of training samples in 
the dictionary is large relative to the data dimensionality, ℓ2-
norm regularization can achieve competitive performance 
compared to ℓ1-norm minimization.[34] Accordingly, the 
following low-complexity equation is employed to obtain 
the representation of the input sample by leveraging the 
contributions of all training samples.

2 2
ŝ arg min y Ys ss= − λ+ .� (8)

Here, λ is a scalar value. In this formulation, the ℓ1-
norm minimization constraint is replaced by an ℓ2-norm 
regularization term. Minimizing the ℓ2-norm not only 
imposes a degree of sparsity on the coefficients but also 
stabilizes the least squares solution. The closed-form 
solution to the above equation via least squares is given by:

( )-1
Iŝ = Py; P Y Y YT Tλ= + ,� (9)

Where I denotes the identity matrix. Since P is 
independent of the input data, it can be precomputed. 
Consequently, when the test sample is provided, it is 
directly mapped onto the P, resulting in significantly 
lower computational complexity and faster execution of 
collaborative representation-based classification (CRC) 
compared to SRC. The general formulation of collaborative 
representation classification is given as follows:

p qarg minŝ y Ys ss= − λ+ .� (10)

The more restrictive the constraints imposed on the 
reconstruction residual, the greater the guarantee of 
classifier stability. Moreover, the application of ℓ1-norm 
or ℓ2-norm minimization constraints on the sparse coding 
coefficients is directly related to the discriminative power 
of the representation.[34] Therefore, the SRC method can 
be regarded as a special case of CRC by setting p = 2 and 
q = 1.

Metasample-based sparse representation classification

The core idea behind metasample-based SRC (MSRC) 
is to represent the test sample as a linear combination 
of metasamples, which are extracted from the training 
samples.[35] A metasample itself is a linear combination 
of training samples that captures their intrinsic properties. 
Mathematically, the matrix of training samples (the original 
dictionary) can be factorized into two matrices as follows:

Y ~ MH.� (11)

Here, M is a D × P matrix, where each column defines a 
metasample, and H is a P × N matrix, where each column 

encodes the relationship between the metasamples and their 
corresponding samples in the original dictionary. Several 
methods have been proposed for extracting metasamples 
from the original samples. In one method, metasamples 
are extracted using the Nonnegative Matrix Factorization 
approach.[36] In another method, Singular Value Decomposition 
(SVD) is employed,[37] in which the eigenvalues of the training 
sample matrix are computed and sorted in descending order. 
Subsequently, a subset of the corresponding eigenvectors is 
selected to replace the original samples, providing a general 
representation of the underlying dynamics of the data. To 
utilize metasamples for classification via SR, the metasamples 
are determined separately for each class as follows:

Yi≈MiHi,� (12)

where Mi is a D × Pi matrix, each column represents a 
metasample of the i-th class. The number of metasamples 
selected for each class can be determined experimentally or 
through cross-validation. The matrix M is then formed by 
concatenating the metasamples obtained from each class, as 
follows:

M=[M1,M2,…Mc].� (13)

Given a new test sample, its SR is computed over the 
metasample matrix:

min . .s y = Ms
1

s t .� (14)

Finally, the test label can be determined using the 
classification procedure outlined in the SRC method. The 
primary distinction between SRC and MSRC lies in the 
construction of the dictionary: while SRC utilizes the original 
training samples as dictionary atoms, MSRC employs the 
extracted metasamples for each class. A Parameter-Free 
MSRC method was also proposed, which addresses the 
optimal selection of both the number of metasamples and the 
sparse penalty factor through a weighting strategy.[38]

A tumor classification method, termed Maxdenominator 
Reweighted SR Classification (MRSRC), has been 
proposed in which a set of meta-genes is first extracted 
from the training samples, followed by the application of 
a reweighted ℓ1 regularization method to obtain the SR 
coefficients.[21] Finally, a maxdenominator residual error 
function is employed for classification. In their study, both 
binary and multiclass microarray datasets were utilized to 
evaluate the performance of various classification methods. 
The results demonstrate that SR-based methods (SRC, 
MSRC, and MRSRC) outperform other techniques in 
most experiments, highlighting the effectiveness of these 
methods in addressing classification problems involving 
small sample sizes.

K nearest neighbor-based sparse representation-based 
classification

In high-dimensional data or datasets with a large number 
of samples, utilizing the entire set of training samples in 
the dictionary imposes a substantial computational burden 
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on the sparse coding step and reduces the efficiency 
of the SRC algorithm. To accelerate the classification 
process, some methods select a subset of the training 
data to solve the ℓ1-norm minimization problem. In these 
approaches, a subset of atoms from the original dictionary 
that satisfies a predetermined criterion–depending on 
the specific application–is chosen to construct the final 
dictionary. For instance, one study demonstrates that 
imposing a sparsity constraint on the dictionary atoms 
yields sparser representations and, consequently, improved 
performance in speech denoising.[39] Similarly, in another 
study, classification accuracy was enhanced by selecting 
sparse atoms to form a more compact dictionary.[40] In the 
K nearest neighbor (KNN)-SRC method, computational 
complexity is significantly reduced by selecting the K NNs 
to the test sample and incorporating these selected samples 
into the classification process.[41]

In this method, the K NNs to the test sample are identified 
using the Euclidean distance metric. The test sample is then 
sparsely represented using these K neighbors. If 


  Y
i i i iK

D Ky y y
i

i� � �
[ , , ..., ]

1 2
 contains Ki neighbors from the i-th 

class, such that K K
i

i

C

�
�

�
1

, and the matrix Y  includes all K 
NNs, the SR of y is computed as follows:

min s    s.t.    y = Ys
1

 .� (15)

Since K << N, y  is unlikely to be perfectly reconstructed 
by Ys , the following equation is adopted to estimate the 
SR:

min s    s.t.    y Ys
1 2

� � � .� (16)

Following the computation of the SR, classification 
proceeds as in the SRC method.

Linearly approximated sparse representation-based 
classification

It has been shown that the most effective training samples in 
the SR of a signal are not necessarily the nearest samples as 
determined by the Euclidean distance metric.[42] Therefore, 
efforts have been made to predetermine the training 
samples likely to be selected by the ℓ1-norm minimization 
process, in order to construct a more concise dictionary. 
The objective function of the Lagrangian formulation 
corresponding to Eq. (3) can be expanded as:

v s si i
i

N

i
i

N

( )s y y� � �
� �
� �

1 2 1

� .� (17)

Suppose s is k-sparse. Then, for any i where si = 0, it 
follows that y

i i i
s s

2
0 0= =, . Consequently, the objective 

function can be reformulated as:

1 12

( ) y
K K

i i i
i i

v
= =

α = − ω α + λ α∑ ∑ ,� (18)

Where wi represents a column of ꭥ. The new dictionary ꭥ 
contains only the atoms from the original dictionary that 

correspond to the nonzero elements of s. Accordingly, the 
ℓ1-norm minimization problem, using ꭥ and the associated 
coefficient vector α, is formulated as follows:

2 1arg min || y || || ||λαα = −Ωα + α

.� (19)

Since accurately identifying the exact locations of effective 
atoms in the SR is a challenging task, they are approximated 
using ℓ2-norm minimization. Although the solution obtained 
via ℓ2-norm minimization is dense and contains a relatively 
large number of nonzero elements, it has been shown 
that the largest peaks tend to occur at positions similar to 
those identified by ℓ1-norm minimization.[42] Therefore, the 
solution obtained from ℓ2-norm minimization can be used 
as an initialization point for computing the SR via ℓ1-norm 
minimization.

As discussed in the CRC method, replacing the ℓ1-norm 
with the ℓ2-norm in the sparse coding equation results in 
a least squares formulation, which offers significantly 
faster computation compared to ℓ1-norm minimization. 
Accordingly, in this method, the solution from ℓ2-norm 
minimization is thresholded to select the training samples 
with the largest magnitudes, which are then used to 
initialize the ℓ1-norm minimization. This approach is 
referred to as Linearly Approximated SRC (LASRC), 
which combines the computational efficiency of CRC with 
the robustness of SRC, and has demonstrated promising 
results in face verification systems.[42,43]

Sparse hierarchical classification (sparse subspace 
clustering-sparse representation-based classification)

A hierarchical classification method based on SR is 
presented in which a subset of training samples that belong 
to the same cluster as the test sample is used to construct 
the final dictionary.[7] This method, which employs a 
concise dictionary, achieves higher classification accuracy 
than the conventional SRC approach.

During the clustering stage, the Sparse Subspace Clustering 
(SSC) method is applied to partition the training samples 
into distinct clusters based on their SRs. The classification 
stage is then performed using SRC. In the following 
section, after a brief review of the SSC method, this 
classification approach is described in detail.

Sparse subspace clustering

Suppose y
j j

N
D

�� �
�


1
 the data are drawn from n independent 

linear subspaces S
i i

n� �
�1

 with d D
i i

n��� �
�1

. Let Yi
D Ni� �  

denote the N
i
 data samples belonging to the i-th subspace, 

and let N N
i

i

n

�
�

�
1

 be the total number of data points. The 
matrix Y is then constructed as follows:

Y y ,y ,...,y Y ,Y ,...,Y
1 2 1 2

� � �� � � � �

N n

D N .� (20)

If yi is a sample from the si subspace, it can be expressed 
as a linear combination of di samples within the same 
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subspace. In other words, yi has a di-SR, which can be 
obtained by solving Eq. (3), where for j i≠ , s

i
≠ 0  and

s
j
= 0 .[44]

For data clustering based on the obtained SRs, spectral 
clustering is employed. In this approach, local information 
about each sample is used to define similarity measures 
between pairs of samples. A clustering procedure is then 
applied to the resulting similarity matrix, partitioning the 
data into groups such that samples within each group 
exhibit high similarity to one another and dissimilarity 
to those in other groups. Let 1

ˆY D N

i
× −

∈   denote the matrix 
obtained by removing the i-th column from Y. Then, yi 
admits an SR over ˆYi , which can be computed using the 
following equation:

1 ˆmin s . y Y si i iis t = .� (21)

The desired solution s
i

N
�

� 1  is a vector whose nonzero 
elements correspond to the columns of ˆYi  that lie in the 
same subspace as yi. After solving the equation for i = 
1,…,N, the coefficient matrix [ ]

1 2
ˆ ˆ ˆS s ,s ,...,s

N
=  is constructed, 

where ŝ
i
 is obtained by inserting a zero in the i-th row 

of s
i
. Using this matrix, a graph G V E� � �,  is constructed 

where the vertices correspond to the data samples. An edge 
v v E
i j
,� � �  is formed if yj appears in the SR of yi. If yi can 

be expressed as a linear combination of samples from a 
subspace that includes yj, then yj can also be expressed as 
a linear combination of samples within the same subspace, 
including yi. Therefore, the adjacency matrix of the graph 
is defined as S S S

T

� � .

After constructing the graph, it is expected that the vertices 
corresponding to the same subspace form a connected 
component, while vertices from different subspaces share 
no common edges. As a result, the adjacency matrix S  
exhibits a block-diagonal structure, as follows:

�

� �

� �

�

� �

S

S

S

S

�

�

�

�
�
�
�

�

�

�
�
�
�

1

2

n

0 0

0 0

0 0

� (22)

The Laplacian matrix of the similarity graph is then 
constructed as L = D  S−  , where D � �N N  is a diagonal 
degree matrix computed as D

ii ij
j

s� �  . Finally, data 
clustering is performed by applying the k-means algorithm 
to the n eigenvectors corresponding to the n smallest 
eigenvalues of the Laplacian matrix.[44]

Sparse subspace clustering-sparse representation-based 
classification

In this method, the classification process is performed 
hierarchically by combining SR-based clustering and 
classification techniques. The core idea is to first cluster 
the data, followed by classification within each cluster. In 
other words, after computing the SR of the test sample 

with respect to the training samples, the reconstruction is 
performed not over the entire training set, but only using 
the most similar training samples, as identified during the 
clustering stage.[7]

In the SSC-SRC method, training samples are clustered 
during the training phase using the SSC algorithm. To 
accomplish this, the SR of each training sample with respect 
to the remaining samples is obtained using Eq.  (21). After 
constructing the graph’s adjacency matrix and computing 
the Laplacian matrix, as described in the previous section, 
clusters are identified.

During the test phase, upon receiving a test sample, 
its SR over the training samples is first computed. In 
the reconstruction stage, for each step, only the sparse 
coefficients corresponding to a single cluster are retained, 
while the remaining coefficients are set to zero. The cluster 
associated with the minimum reconstruction error is then 
selected as the test sample’s cluster. In the subsequent step, 
to determine the test label, the SR of the test sample is 
computed solely with respect to the training samples within 
the identified cluster. As a result, the final classification 
decision is made using a reduced subset of the training 
data. Figure 2 illustrates this classification procedure.

Experiments

In this section, the dataset used in the experiments is 
introduced, and the simulation results are presented and 
analyzed. An implementation of the methods proposed 
in this work will be made available on GitHub at https://
github.com/MlhMri/SSC_SRC.

Data

The dataset used in the experiments to evaluate the 
performance of the reviewed classifiers is the 14-Tumors 
dataset.[9] This dataset consists of 198 samples, each 
containing 16,063 gene expression values (features) across 
14 tumor types. Among these, 144 samples are used for 
training and 54 for testing. The value associated with 
each gene in a sample represents its expression level, i.e., 
gene activity. The general characteristics of this dataset 
are summarized in Table 1. It is evident that the number 
of samples in each class is significantly smaller than the 
feature dimensionality (16,063).

Simulation Results
Classifying the 14-Tumors dataset is a challenging task, and 
many conventional classification methods yield suboptimal 
results. Classification performance has been reported using 
various extensions of the SVM classifier,[16] including the 
one-versus-rest, OVO, directed acyclic graph, all-at-once 
method by Weston and Watkins (WW), and all-at-once 
method by Crammer and Singer (CS) methods. In these 
experiments, both polynomial and Radial Basis Function 
kernels were employed, with kernel parameters tuned 
via cross-validation. The lowest reported classification 
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error was approximately 24%. In the following section, 
the results of applying various SR-based classifiers are 
presented.

It is standard practice in microarray analysis to subject 
raw data to a preprocessing pipeline involving operations 
such as background adjustment, normalization across 
arrays, and missing value imputation. However, the 
preprocessed dataset utilized in this work[9] was already 
preprocessed, exhibiting no missing values and minimal 
technical variance. Therefore, the data was fed directly 
into a dimensionality reduction algorithm without further 
modification. The high dimensionality of the data not only 
increases memory usage and the computational complexity 
of algorithms but also reduces their efficiency due to the 
presence of noise and the limited number of samples 
relative to the dimensionality, commonly referred to as the 
curse of dimensionality. To determine the optimal reduced 
dimensionality using Principal Component Analysis (PCA), 
the 10-fold cross-validation technique was employed. In 
this process, the training samples were divided into ten 
folds; in each iteration, one fold was used as test data 
while the remaining nine were used for training. The 
classification procedure was repeated for various reduced 
dimensions. The results of these experiments, conducted 
using the SRC method in conjunction with the OMP 
algorithm, are presented in Figure 3.

The median, as well as the first and third quartiles of the 
obtained classification errors, are illustrated in Figure 3. 
The horizontal axis represents the amount of preserved 
energy in PCA. As shown in Figure 3, the lowest median 
error and variance are achieved when 99.99% of the energy 

is retained. Therefore, the dimension corresponding to 
this level of energy preservation, which is equal to 109, is 
considered optimal for applying the PCA algorithm.[45] The 
results of the SRC method using BP, OMP, and SL0 sparse 
coding algorithms are presented in Table 2.

As the results indicate, the highest classification accuracy 
is achieved using the OMP algorithm, whereas the SL0 
algorithm demonstrates greater computational efficiency. In 
contrast, the BP algorithm yields the lowest performance 
among the three. While execution times vary based on 
system specifications and implementation approaches, the 
reported values serve as a useful basis for comparison.

As discussed before, the CRC method achieves higher 
computational efficiency than other SRC methods due to its 
use of ℓ2-norm minimization. Applying this method results 
in a classification accuracy of 66.67% within a runtime of 
4.45 × 10−4 seconds. The KNN-SRC method achieves an 
accuracy of 55.56% in just 0.0099 seconds for k = 26. The 
optimal value of k was determined using the 10f-CV method.

The classification results of the MSRC method using 
various sparse coding algorithms are summarized in 
Table 3. In this application, a metasample is defined as 
a linear combination of gene expression profiles from 
multiple samples, capturing their intrinsic characteristics 
and summarizing the overall gene expression 
pattern.[35] To evaluate the performance of this method, 
PCA is first applied for dimensionality reduction. 
Subsequently, metasamples are generated using SVD 
for each class independently, and the final dictionary is 
constructed by concatenating the resulting metasamples.

Due to the imbalanced number of training samples 
across different classes, the classifier tends to be biased 
toward classes with more training samples if the number 
of extracted metasamples is set equal to the number of 
training samples in each class.[35] To mitigate this issue, 
an equal number of metasamples is assigned to each class. 
Based on experimental results, the optimal number of 
metasamples was found to be 5, as determined using the 
10f-CV approach.

Input data

Feature extraction

Training data
clustering using SSC 

Designing SRC1 and
SRC2 

SRC1

Test label

SRC2

Training
phase

Test phase

Figure 2: Sparse subspace clustering-sparse representation-based 
classification block diagram.[7] SRC – Sparse representation-based 
classification; SSC – Sparse subspace clustering
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As shown in Table 3, all three algorithms yield identical 
classification accuracy. The primary difference lies in 
their computational efficiency, with the SL0 algorithm 
demonstrating the shortest runtime. Table 4 presents the 
classification results obtained using the LASRC method.

As shown in Table 4, the SL0 and OMP algorithms 
achieve higher classification accuracy compared to the 
BP algorithm. In addition, both SL0 and OMP exhibit 
significantly faster computation times. SL0, in particular, is 
notably more efficient, with the computation time of OMP 
being approximately 2.5 times longer than that of SL0. 
To determine the optimal number of atoms to be selected 
in the ℓ2-norm minimization step, 10f-CV was employed. 
The best performance was obtained by selecting 100 atoms 
from the original dictionary.

Due to the within-class variations present in tumor 
samples, the SSC-SRC method is expected to yield 
strong classification performance. This approach first 
identifies the training samples most similar to the 
test sample and then performs classification using the 
samples within the corresponding cluster. The results of 
this method, using BP, OMP, and SL0 algorithms, are 
summarized in Table 5.

It can be observed that all three sparse coding algorithms 
achieve strong performance, with SL0 being faster than 
OMP and significantly faster than BP, as expected. In 
the SSC-SRC method, the optimal number of clusters 
was determined to be 5 using 10f-CV. In this approach, 
only a subset of the training samples is utilized in the 
final classification process. As a result, the likelihood 
that irrelevant samples influence the SR of a test sample 
is reduced, thereby improving the classification accuracy 
compared to the SRC method.

Table 6 summarizes the results of various SR-based 
classifiers. For each method, the highest achieved 
classification accuracy is reported.

The MSRC, LASRC, and SSC-SRC methods outperform 
the other approaches. Although their overall classification 
accuracies are comparable, their performance varies across 
different classes.

Figure 4 illustrates the classification results of the studied 
algorithms for each class individually. It can be observed 
that among the fourteen tumor classes in the dataset, four–
lymphoma, leukemia, mesothelioma, and central nervous 
system (CNS)–are perfectly classified (100% accuracy) 
by all three methods. Notably, three of these four tumor 
types (lymphoma, leukemia, and CNS) have the largest 
number of training samples among all classes. In contrast, 
Melanoma is not classified with an accuracy above 50% 
by any of the methods. Additionally, Breast and Lung 
tumors are poorly classified, with accuracies of 25% and 
50%, respectively, by two of the methods. These findings 
indicate that higher classification accuracies are generally 

achieved for classes with more training samples, further 
confirming the significant impact of training sample size on 
classification performance.

To further examine the impact of training sample size on 
classification performance, additional experiments were 
conducted using the Leave-One-Out Cross-Validation 
(LOOCV) method. In this procedure, all training and 
test samples are combined into a single pool. For each 
iteration, one sample is selected as the test sample, while 
the remaining samples are used for training. This process 
is repeated until every sample has been used once as the 

Table 1: Data characteristics
Tumor types Number of 

training samples
Number of 

test samples
Breast 8 4
Prostate 8 6
Lung 8 4
Colorectal 8 4
Lymphoma 16 6
Bladder 8 3
Melanoma 8 2
Uterus 8 2
Leukemia 24 6
Renal 8 3
Pancreas 8 3
Ovarian 8 4
Mesothelioma 8 3
CNS 16 4
CNS – Central nervous system

Table 2: Sparse representation‑based classification 
results

BP OMP SL0
Accuracy (%) 72.22 77.78 74.08
Time (s) 0.3767 0.0437 0.0148
BP – Basis pursuit; OMP – Orthogonal matching pursuit; 
SL0 – Smoothed ℓ0‑norm

Table 3: Metasample sparse representation‑based 
classification results

BP OMP SL0
Accuracy (%) 79.63 79.63 79.63
Time (s) 0.1173 0.0445 0.0363
BP – Basis pursuit; OMP – Orthogonal matching pursuit; 
SL0 – Smoothed ℓ0‑norm

Table 4: Linearly approximated sparse 
representation‑based classification results

BP OMP SL0
Accuracy (%) 77.78 79.63 79.63
Time (s) 0.3655 0.0342 0.0141
BP – Basis pursuit; OMP – Orthogonal matching pursuit; 
SL0 – Smoothed ℓ0‑norm
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test sample. The LOOCV results, reported as accuracy ± 
standard error for the MSRC, LASRC, and SSC-SRC 
methods, are presented in Table 7.

These results indicate that improved classification 
performance is achieved across all methods. Notably, the 
SSC-SRC method exhibits further improvement with the 
increased number of training samples. Table 8 presents the 
classification performance of the SSC-SRC method using 
precision, recall, specificity, and F1-score metrics for each 
of the 14 classes individually and the average of each 
metric across all classes.

Figure 5 shows the confusion matrix for the SSC-SRC 
method, where each cell (i, j) indicates the number of samples 
whose true class is i but were predicted as class j. Diagonal 
cells represent correctly classified samples (true positives for 
that class). Values in off-diagonal cells are misclassifications 
(false negatives for the row class, false positives for the 
column class). The row summaries (right side) show the 
normalized row values (percentage of that true class predicted 
into each predicted class), and the column summaries (top) 
represent the normalized column values (percentage of that 
predicted class coming from each true class).

Finally, the results of several conventional classifiers 
applied to the 14-Tumors dataset, under the same settings 
as the SR-based methods, are summarized in Table 9. For 
each classifier, parameter optimization was performed using 
10-fold cross-validation.

The results in Table 9 indicate that, as expected given 
the limited and imbalanced nature of the data, SR-based 
classifiers achieve superior performance compared to 
other methods, many of which are additionally affected by 
substantial computational complexity.

Discussion
In this paper, we aim to investigate the effectiveness of 
SR-based techniques for high-dimensional, small-sample, 

multiclass classification problems, using microarray data 
classification as a proof of concept. According to the 
literature, the 14-Tumors dataset is considered one of the 
most challenging benchmarks, as most classifiers, including 
SVMs, tend to yield relatively low performance. Similar 
to SVMs, SR-based approaches also face difficulties in 
classifying the 14-Tumors dataset. This challenge primarily 
arises from the limited total number of samples and the 
even smaller number of samples per class, which restricts 
the ability of state-of-the-art classifiers to effectively 
address microarray data classification.

Nevertheless, under the proposed setting with minimal 
preprocessing and feature extraction using PCA, SR-based 
approaches achieve superior performance compared to 
other conventional classifiers and, importantly, provide 
more robust classification than SVMs in this difficult 
scenario. Our analysis shows that microarray data can 
be effectively classified using only a subset of principal 
components, through a computationally efficient procedure.

In the CRC method, the contribution of all classes to 
dictionary construction is considered more effective than 
enforcing sparsity on the coefficients. Therefore, when the 
number of training samples included in the dictionary is 
significantly larger than the data dimensionality, ℓ2-norm 
minimization tends to yield better performance than ℓ1-norm 

Figure 4: Classification accuracy for individual classes using metasample-
based sparse representation-based classification (SRC), linearly 
approximated SRC, and sparse subspace clustering-SRC methods. 
SRC – Sparse representation-based classification; SSC – Sparse 
subspace clustering; MSRC – Metasample-based SRC; LASRC – Linearly 
approximated SRC; CNS – Central nervous system
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Figure 5: Confusion matrix obtained for the sparse subspace clustering-
sparse representation-based classification method

Table 5: Sparse subspace clustering ‑sparse 
representation‑based classification results

BP OMP SL0
Accuracy (%) 79.63 79.63 79.63
Time (s) 1.4216 0.0618 0.0232
BP – Basis pursuit; OMP – Orthogonal matching pursuit; 
SL0 – Smoothed ℓ0‑norm
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minimization. However, in the present case, where the 
number of samples is very limited, the weaker performance 
of CRC is expected. Furthermore, because the solution 
obtained via ℓ2-norm minimization is not sufficiently sparse 
and is distributed across nearly all training samples, least 
squares-based methods become highly sensitive to class 
imbalance. Thus, the uneven distribution of training samples 
across different classes may be another contributing factor 
to the suboptimal performance of CRC.

The satisfactory performance of the MSRC method suggests 
that the extracted metasamples from each class effectively 
represent the corresponding class data. The results 
obtained from the LASRC and SSC-SRC methods further 
confirm that enhancements to SRC can lead to improved 
performance. Although these methods also select a subset 
of atoms from the original dictionary to compute the SR of 
a test sample, the selection criteria they employ are more 
effective than those used in the KNN-SRC method. In the 
LASRC method, ℓ2-norm minimization is employed, and 
the coefficients with the largest absolute values are selected 
as the final candidates for constructing a concise dictionary. 
In SSC-SRC, the final dictionary is formed by gathering the 
training samples that belong to the same cluster as the test 
sample. These approaches indicate that the atom selection 
criteria in both methods are guided by the concept of 
sparsity and are closely aligned with the principles of SR.

The per-class results of the MSRC, LASRC, and SSC-SRC 
methods indicate that their performance varies across 
different classes. Therefore, it is reasonable to expect that 
an appropriate combination of these methods could yield 
improved results. Moreover, the performance of these 
methods under LOOCV is promising, suggesting that 
increased training data may further enhance classification 
accuracy. This trend is particularly evident in the SSC-SRC 
method, which demonstrates notable improvement as the 
number of training samples increases.

Conclusions
In this study, the effectiveness of several SRC 
methods was evaluated on microarray data. The 
experimental results demonstrate that these methods 
outperform conventional classifiers. Notably, even the 
lowest-performing method among them–KNN-SRC–
achieves higher accuracy than some previously adopted 
approaches. Among the evaluated methods, MSRC, 
LASRC, and SSC-SRC, in conjunction with the SL0 
algorithm, yielded the best results. These findings suggest 
that an appropriate combination of these methods may 
further enhance classification performance.

Furthermore, the results obtained from SR-based methods 
demonstrate that high classification performance can be 
achieved using a significantly reduced number of features. 
In these methods, improved results were observed when 
the data were projected into a lower-dimensional space. In 

Table 7: Leave‑one‑out cross‑validation results
Method Accuracy±SE (%)
MSRC 82.83±2.68
LASRC 82.83±2.68
SSC‑SRC 83.34±2.65
SRC – Sparse representation‑based classification; SE – Standard error; 
LASRC – Linearly approximated SRC; MSRC – Metasample‑based 
SRC; SSC – Sparse subspace clustering

Table 8: Sparse subspace clustering‑ sparse 
representation‑based classification performance using 

different metrics
Tumor types Precision Recall Specificity F1‑score
Breast 0.43 0.75 0.92 0.55
Prostate 0.63 0.83 0.94 0.71
Lung 1 0.5 1 0.67
Colorectal 1 0.75 1 0.86
Lymphoma 1 1 1 1
Bladder 0.4 0.67 0.94 0.5
Melanoma 1 0.5 1 0.67
Uterus 0.5 0.5 0.98 0.5
Leukemia 1 1 1 1
Renal 1 1 1 1
Pancreas 1 0.67 1 0.8
Ovarian 1 0.5 1 0.67
Mesothelioma 1 1 1 1
CNS 1 1 1 1
Mean 0.85 0.76 0.98 0.78
CNS – Central nervous system

Table 9: Different classifiers results
Method Accuracy (%)
SVM (OVR) 70.37
SVM (OVO) 68.52
RF 64.81
KNN 55.56
Naïve bayes 50
SRC 77.78
SSC‑SRC 79.63
OVR – One‑versus‑rest; KNN – K nearest neighbor; 
OVO – One‑versus‑one; SVM – Support vector machine; 
RF – Random forest; SSC – Sparse subspace clustering; 
SRC – Sparse representation‑based classification

Table 6: Sparse representation‑based classifiers results
Accuracy (%) Time (s)

SRC 77.78 0.0437
CRC 66.67 0.0004
KNN‑SRC 55.56 0.0099
MSRC 79.63 0.0363
LASRC 79.63 0.0141
SSC‑SRC 79.63 0.0232
SRC – Sparse representation‑based classification; LASRC – Linearly 
approximated SRC; MSRC – Metasample‑based SRC; SSC – Sparse 
subspace clustering; KNN – K nearest neighbor; CRC – Collaborative 
representation‑based classification
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our experiments, PCA was employed for feature extraction. 
In addition, gene selection represents a promising strategy 
for addressing the curse of dimensionality and plays a 
critical role in enhancing the efficiency of microarray data 
classification.

Given that only a small subset of genes is typically 
relevant to the classification task, some of the proposed 
methods aim to select the most informative genes while 
eliminating irrelevant, redundant, or noisy data to enhance 
classification performance.[3,46-48] Applying feature selection 
techniques prior to the SR-based classifiers studied in this 
work presents a promising direction for future research. 
In addition, evaluating the performance of these methods 
on other microarray datasets is recommended to further 
validate and generalize the findings.
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