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Abstract

Gene expression data typically contain many genes, which generates a feature vector with
high dimensionality and considerable irrelevant information. Moreover, datasets typically
contain few samples, which leads to the ‘curse of dimensionality’. This dimensionality
degrades classification performance. Therefore, it is essential to determine a good method
for reducing the feature set size. In this paper, we proposed a relevant component locally
linear embedding (RLLE) algorithm. This method changes the feature space used for data
representation through a global linear transformation that assigns large weights to relevant
dimensions and low weights to irrelevant dimensions. Next, the new distance between the
sample points is calculated. Through processing the feature space, sample points of the
same class could be efficiently neighbored. Based on the new distance, a locally linear
embedding algorithm was applied to reduce the dimensionality of the samples. We applied
the techniques to six published DNA microarray data sets and compare the RLLE algorithm
with PCA, ISOMAP, LLE and RELIEFF using Naive Bayes classifiers. The experimental
results and comparisons demonstrate that the proposed method is highly effective.

Key words: GENOMIC MICROARRAY, DIMENSIONALITY REDUCTION,
RELEVANT COMPONENT, LOCALLY LINEAR EMBEDDING

Introduction diseases are selected, and the diseases are

DNA microarray technology measures the categorized based on patients’ expression profiles.
level of expression for tens of thousands of genes Based on these data, we can establish a
on a fingernail-size chip. Gene and protein relationship between genes and disease categories,
expression profile analyses have become an which could be used to determine gene categories
effective prediction technique for diseases. Based and predict gene function [1, 2, 3].

on the analyses, the genes most correlated with
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Researchers have proposed a range of
approaches for gene selection using microarray
data analyses [4, 5, 6]. Simultaneously, substantial
research has considered classifications based on
patients” expression profiles [7, 8]. However,
DNA microarray data typically contains
thousands of genes, but the number of samples is
relatively small (tens or hundreds). These data sets
are regarded as high-dimensional data for small
samples, which encounter the *“curse of
dimensionality”. Moreover, DNA microarray data
sets contain many genes that are irrelevant to
disease classification, and at the same time many
“technical” and “biological” noise data. Technical
noise data originates from different stages, such as
producing a gene chip and preparing gene
samples. However, the biological noise data stem
from the diverse genetic backgrounds of samples
or impurities mixed into the samples. Therefore, it
is impossible to extract useful information from
the data without processing it[9,10,11,12].

To solve the curse of dimensionality in
analyzing gene expression profiles and minimize
the effects from noise data, two solutions have
been proposed, namely feature selection and
dimensionality reduction. Feature selection is
mainly used to select functional genes and has
been extensively adopted in gene expression
profile research. The most used independent
criteria are distance measurements, information
measurements,  dependency  measurements,
consistency ~ measurements,  max-relevance,
information gain, sum minority, twoing rule, F-
statistics and SO on[13,14,15,16,17].
Dimensionality reduction approaches include
linear approaches, such as PCA and MDS, and
nonlinear approaches, such as LLE, ISOMAP and
LEM[18, 19, 20, 21,22].

George Lee has applied 6 dimensionality
reduction approaches, including PCA, LDA,
MDS, LLE, ISOMAP and LEM in their research
to test and analyze gene expression profile data
[23]. Their research indicated that gene expression
profile data present a nonlinear structure.
Therefore, nonlinear dimensionality reduction
would yield better results than linear
dimensionality reduction.

Xuehua Li proposed the kernel method
based on locally linear embedding to select the
optimal number of nearest neighbors and
construct a uniform distribution manifold. The
techniques were applied to two published DNA
microarray datasets.

LLE, isomap aim to depict the high-
dimensional data nonlinearly such that two
adjacent points on the manifold are adjacent in the

low dimensional embedding space. They have
adopted Euclidean distance as the distance
between two points, and the distance relationship
was maintained during dimensionality reduction.
However, due to the limited sample points in gene
expression profiles, the data could not be densely
and uniformly distributed in manifold. Moreover,
due to high dimensionality and considerable
noise, the sample neighbor points are not
necessarily points in the same class. Therefore,
reducing dimensionality does not always yield
better classification results.

Shental proposed a relevant components
analysis(RCA) algorithm in 2002[24]. They used
small subsets of data from the same class, which
are referred to as chunklets, to seek and reduce
irrelevant variability in the data while amplifying
relevant variability. The RCA transformation is
intended to reduce clutter such that, in the new
feature space, the inherent data structure can be
more easily discerned. The method can be used to
preprocess supervised data clustering or nearest
neighbor classification[25].

In this research, a relevant component
LLE algorithm is proposed. Through processing
the feature space, sample points of the same class
can be efficiently neighbored. First, the ReliefF
algorithm was used to calculate the relevance
between sample attributes and correlate classes
with known class labels for data. Next, large
weights were assigned to “relevant dimensions”,
and low weights were assigned to “irrelevant
dimensions”.  After  this  global linear
transformation of feature space, the distance
between the sample points was re-calculated, and
K nearest neighbor samples of each point were
obtained. Based on the new distance, the LLE
algorithm  was  applied to reduce the
dimensionality of the samples. Finally, the
dimensionality reduction results were classified
using the NAIVE BAYES classification
algorithm. The classification results demonstrated
that the algorithm described in this report
significantly enhanced the classification accuracy.

Method

Description of the Data Sets
Six datasets in [26] were used in our research,
which were summarized in Table 1.

*ALL: The ALL dataset contains 12625 genes for
six acute lymphoblastic leukemia subtypes: 10
BCR, 27 E2A, 64 Hyperdip, 20 MLL, 43 T, and
79 TEL samples. More details on this data set can
be found in [18].

*GCM: The GCM dataset [27] contains 16063
genes for fifteen types of human tumors: 12
breast, 14 prostate,12 lung, 12 colorectal, 22
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lymphoma, 11 bladder, 10 melanoma, 10 uterus,
10 leukemia, 11 renal, 11 pancreas, 120 ovary, 11
mesothelioma, 20 CNS, and 9 MET samples.
*HBC: The HBC dataset consists of 22 hereditary
breast cancer samples, each of which includes
3226 genes; it was first studied in [28].

LYM: The Lymphoma dataset consists of 62
prevalent adult lymphoid malignancies samples;
each sample has 4026 genes. This dataset was first
studied in [29].

*MLL: The MLL-leukemia dataset consists of
three classes and was first studied in[30].

*NCI60: The NCI60 dataset consists of 60
samples; it was first studied in [31]. cDNA
microarrays were used to examine the variation in
gene expression among the 60 cell lines from the
National Center Institute's anticancer drug screen.

Table 1. The dataset description

datas | sample | gene | classe
et S S S
ALL | 248 1255 | 6
8
GCM | 198 1606 | 14
3
HBC | 22 3226
LYM | 62 4026
MLL | 72 1258
2
NCI6 | 60 1123 |9
0

Locally Linear Embedding (LLE)

Locally linear embedding (LLE) is an
unsupervised learning algorithm that computes
low dimensional embedding wherein nearby
points in the high dimensional space remain
nearby and similarly co-localized with respect to
each other in the low dimensional space [22].
These coefficients do not change upon rotation,
rescaling and translation; hence, they characterize
the intrinsic geometric properties of each
neighborhood.

Let X = {Xl, Xo, .
high dimensional space.

LLE maps X to a data set Y ={y1, ¥2, . . .,
Y}, Vi € Rm(m <d). Assuming that the data lie on
a nonlinear manifold, which can be locally
approximated as linear, the outline of an LLE can
be summarized as follows.

Step 1. Identify the k nearest neighbors of
each point x; (i = 1, 2, . . ., n) in X using
Euclidean distances to measure similarity.

. ., Xn} be n points in a

Step 2. Assign a weight to each pair of
neighboring points. Compute the optimal
reconstruction weights that can minimize error
when linearly reconstructing Xi using its k nearest
neighbors:

& (w) = argmin|X; — Z;‘ﬂ WL-]-XJ-|2 (1)
with the following constraints
{Z;{:l Wi =1 if X; € Ni(X;) @
where N;(X;) denotesthe k nearest neighbors of
the point X;. Minimizing &; subject to the above
constraints is a constrained least squares problem.
Step 3 Compute the optimal low dimensional
embedding Y based on the weight matrix W
obtained in Step2 to solve the following
optimization function:
e(Y) = argmin¥,|Y; — XK, Winj|2 =
tr(yrmy) (3)
using the constraints nyy'=1 and
. Y; = 0. With the weight matrix W, a sparse,
symmetric and positive semi-definite matrix M
can be defined as follows.
M=U-W)TU-W) (4)

Eg.4 can be minimized by finding the
eigenvectors with the smallest eigenvalues of the
sparse matrix M.

LLE then computes the bottom d + 1
eigenvectors of M associated with the d + 1
smallest eigenvalue. The first eigenvector with an
eigenvalue nearest to zero is excluded. The
remaining d eigenvectors yield the final
embedding Y.

Relieff

The Relieff algorithm was proposed as an
extension of Relief by Kononenko in 1994 to
handle multi-class data[32]. It is a simple but
efficient procedure to estimate the qualities of
attributes in problems with strong dependencies
between attributes and is typically applied in data
pre-processing as a feature subset selection
method.

Given a randomly selected instance from
a class L, ReliefF determines k near hits from the
same class referred to as nearest hits H and k near
misses from each different class referred to as
nearest misses M. Finally, it updates the weight of
each feature based on H and M. Repeating the
above steps m times, the weights for each feature
will be generated.

The ReliefF algorithm is shown below.

Input: a training set D, the number of
iteration m, the number of the nearest neighbor K,
the number of features n, each sample is a vector
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of features A, predefined feature weight threshold
d.

Output: feature subset S constituted by
features whose weights are all greater than the
weight threshold 9.

Stepl. Let S=@, set all feature weights
WI[A]=0.

wm:wm—z

P(C)

[

crcmry 1 — P(class(R;))

End
End
Function diff(A,I;,1,) calculates the
difference between the values of the attribute A

for two instances |11 and 12, here it was defined as
|lvalue(A,I;)—-value(A,l)|

diff(A' 11'12) = max(A)—min (4)
Relevant component based
LLE(RLLE)

The LLE algorithm attempts to compute
low dimensional embedding wherein the local
configurations of nearest neighbors are preserved.
Under appropriate conditions, such as where the
manifold is well-sampled, each data point and its
neighbors lie on or close to a locally linear patch
of the manifold, the algorithm is effective at
deriving such embedding solely from the
geometric properties of the nearest neighbors in
the high dimensional space

However, for gene expression profile data,
the sample number varies from dozens to
hundreds; thus, it is impossible to generate the
dense and uniform distribution required by the
LLE algorithm. Simultaneously, the sample
dimensionality is high and it contains many
irrelevant or redundant features, and other noise
data. Such noise data interferes with sample
distance calculations. Ultimately, sample points
for the same class were acquired that were not
necessarily neighbored in the Euclidean distance
space and not normally distributed in the same
manifold. In this instance, reducing the
dimensionality of neighboring preserved data in
the LLE algorithm will not necessarily improve
data classification accuracy.

To avoid this result, our research proposes
a relevant component based LLE dimensionality
reduction algorithm.  Knowing the class
information of certain samples, we can calculate
the correlation between the samples’ attributes

k

j=1

k
Z dif f (A, R;, M;(C))]/(m  k;
=1

Step2. For j=1to mdo
select an instance R; from D randomly
find out k nearest neighbors H;(i = 1,2,...,k) from
the same class and k nearest neighbors M;(C) (i =
1,2,...,k) from each different class C.
Fort=1tondo

diff (A R;, H)) N

mx*k

and classes, eliminate the attributes that are
significantly irrelevant to the classes, and generate
the weight matrix V in accordance with the
relevance scale.

We assume that the data are represented
as feature vectors. Our method modifies the
feature representation of the data space using the
linear transformation V such that the Euclidean
distance in the transformed space is less affected
by irrelevant variability, and the neighboring for
the sample points in the same class is enhanced.
Let us assume xi (i belongs to 1~N) composes the
sample points. N is the number of sample points.
Each xi is a D-dimensional vector.

First, the ReliefF algorithm was used to
determine the weight of each gene, and the
irrelevant genes were eliminated, so the
dimensionality became D’. Next, each gene
expression data set was multiplied by its relevant
weight, and the distance between new sample
points was re-calculated as follows:

d(xi, x]') = J(xi - xj)TA(xL- - Xj) (5)
A is the rescaling transformation. When A
iS a unit matrix, the distance remains the
Euclidean distance.
Similarly, the Euclidean distance in the second
step of the LLE algorithm was replaced, thus,
Eg.1 was converted as follows.
e(W) =X d* (X; — XK WiX;) = X(X: -
J=1RWX TAX - j=1kWijX) (6)
The constraint
{Z;{:l Wi =1 if X; € Ni(X;)
Wi =0 if X; & Ni(X;)
unchanged. After optimization, W was obtained,
and the low-dimensional embedding was

calculated.
The algorithm procedure is as follows:

condition

remained
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1. Calculate the relevant weight between
each gene attribute and sample class using the
ReliefF algorithm;

2: Delete the
attributes;

3: Calculate the distance between the new
samples with the obtained weight vector V and
matrix A;

4: Obtain the K nearest neighbor points of
each sample and calculate the locally linear
embedding based on the new distance.

Results and discussion

Each gene dataset was formatted as a
MATLAB data structure file(.mat). The algorithm

irrelevant or redundant
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—— |SOMAP

—— RELIEFF

Accuracy

Accuracy

Accuracy

output was written as a CSV file, which contains
information such as the data matrix after the
dimensionality is reduced, the feature number and
the category label. Next, the Native Bayesian
classifier and 10-fold cross-validation in the
WEKA kit were applied to classify the data.

Figure 1 is the classification results for 6
datasets after the dimensionality is reduced. Table
2 shows the optimal classification results for 6
datasets after the dimensionality was reduced to
3~60 dimensions wunder the conditions no
treatment and treatments with the PCA, LLE,
ISOMAP and ReliefF algorithms.
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Figure 1. Comparison between the RLLE and PCA, ISOMAP, LLE and RELIEFF algorithms. This figure describes
the Native Bayes classification results when the dimensionality for the six datasets was reduced to 3~60.

Table 2 A comparison of the PCA, LLE, ISOMAP, ReliefF and RLLE algorithms (optimal native Bayes classification
results after the dimensionality was reduced to 3~60)

ALL MLL HBC NCI160 GCM SRBCT LYM

NO 56.85 94.44 72.72 36.66 67.17 84.09 91.93

ReliefF 92.34 95.83 90.9 60 66.66 73.86 96.77

PCA 87.09 91.66 59 45 66.16 82.95 100

LLE 90.32 93.05 63.63 48.33 60.1 80.68 100
190 © Metallurgical and Mining Industry, 2015, No. 4




ISOMAP 79.43 87.5 54.54
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41.66 59.09 84.09 100

RLLE 97.17 97.22 100

76.66 68.18 85.22 100

The above comparison results show that:

For the data sets herein, the PCA, LLE
and ISOMAP algorithms  for  reducing
dimensionality do not always improve the
classification accuracy. Both the linear and
nonlinear dimensionality reduction did not
determine the classification results after the
dimensionality was reduced. In other words, they
may produce better or worse classification results.
Compared with the linear dimensionality
reduction algorithms PCA, the nonlinear
dimensionality reduction algorithm LLE and
ISOMAP did not significantly improve the
classification accuracy.

150

100

50

-50

-100

-150 1
5000

The ReliefF algorithm is a supervised
feature selection approach, the number of selected
genes is not constrained by the number of
samples, and most often, the classification
outcome was better than from unsupervised
algorithms such as PCA, LLE and ISOMAP.

The RLLE algorithm is shown to achieve
better performance comparing with other
dimensionality reduction algorithms on almost all
datasets. The experimental results and
comparisons demonstrate that the proposed
method is highly effective.

Figure 2 presents a three-dimensional
scatter diagram of HBC and GCM processed
using the PCA, LLE, ISOMAP, ReliefF and
RLLE algorithms respectively. The diagram
shows that the RLLE algorithm more efficiently
distinguished the data.
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Because the irrelevant and redundant
features were eliminated, and the weights were
assigned to the dimensions based on the relevance
between the attributes and categories, more same-
class samples are neighbors, which is important
for classification. Table 3 shows the average
number of same-class samples in five-neighbor

@

Figure 3. Embedding graphs generated by plotting the three most dominant embedding vectorsfor (a) PCA,(b)
ISOMAP, (c)LLE, (d) RELIEFF, and (e) RLLEusing the HBC data set in the left column. The right column shows the
embedding results for the NCI60 dataset using(f) PCA, (g)ISOMAP, (h) LLE, (i) ReliefF and (j)RLLE.

samples after applying the Euclidean distance
equation and the distance equation from our
research. The table shows that the improved
distance calculation equation increased the
number of same-class samples among neighboring
points.

Table 3. Average number of same-class samples in 5 neighbor samples

Hbc Lym All Ml Nci60 Gem
Euclidean distance equation 2.23 4,74 4.19 3.84 1.86 2.25
Our distance equation 3.86 4.95 4.77 4.69 2.83 2.77
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Conclusions

Data mining and analysis for microarray
analyses has rapidly garnered interest in recent
years. The large number of gene expression
profiles coupled with limited number of samples
provides an immense space for genomic
dimensionality reduction and selection. The goal
of this study was to develop an algorithm to
improve  the  accuracy of  microarray
classifications. In this paper, we present an
effective approach that first obtains different
weights through calculating the relevance between
each attribute and class. Next, a new distance is
calculated. Compared with Euclidean distance, the
new distance could render more same-class
sample points as neighbors. Ultimately, based on
the new distance, locally linear embedding was
calculated to reduce the dimensionality.

The classification experiment after the
dimensionality was reduced demonstrated that for
each data set, the RLLE algorithm produced more
effective classification results than the PCA,
ISOMAP, LLE and RELIEFF approaches. The
algorithm can aid biological researchers in
classifying different classes, such as cancer and
noncancerous, which are difficult to classify due
to high-dimensionality.
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