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Abstract

In real world applications, there are great many of
DNA expressed microarray data, many supervised clas-
sification algorithms such as decision tree, KNN and
SVM in the machine learning field have been introduced
for microarray data classification. However, in real
worlds, the labeled examples, especially gene expres-
sion data examples are often very difficult and expen-
sive to obtain. The traditional supervised methods can
not work well when lack of training examples. So in this
paper, we propose to use the semi-supervised learning
algorithms which learning with both labeled and un-
labeled data to do classification for microarray data.
We perform experiments on four public microarray data
sets and the results showed the semi-supervised method
holds a much higher classification accuracy than the
supervised methods and is much more stable when the
labeled examples are very few.

1. Introduction

“In recent years, the rapid development of DNA mi-
croarray technology has made it possible for scientists
to monitor the expression level of thousands of genes
with a single experiment” [10] . Many classification and
clustering algorithms in the machine learning field have
been used on gene expression data sets. A major task
for microarray data classification is to first use the ex-
isting history data to build a classifier and then use the
classifier to classify new coming data. Typical meth-
ods for microarray classification are all supervised [6],
such as the C4.5 decision tree algorithm [7, 8], Support
Vector machine (SVM) [5], the k-nearest neighbor clas-
sifier (KNN), and the and ensemble methods, such as
Bagging and boosting [11]. In supervised setting algo-
rithms, there is one important problem: when the train-
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ing examples are large and sufficient, the classifiers can
perform well, but when the training examples are few
and insufficient for training, the classifiers performs bad
and very unstable.

To deal with these kinds of problems of lacking the
training data, in recent years, scientists developed the
semi-supervised methods which use both labeled and
unlabeled data to train. There are many semi-supervised
methods been proposed which use both the labeled and
unlabeled data into the learning form. Research of
semi-supervised learning have been surveyed in a re-
cent survey [12]. Graph-Based semi-supervised learn-
ing methods which define a undirected graph in which
the nodes of the graph are the data instances in the
data set and the edges between the instances reflect the
similarity of two data examples. As indicated in [12],
“many graph-based methods can be viewed as estimat-
ing a classification function f on the graph”. In [2],
the semi-supervised learning method is formulated as a
graph min-cut problem, however the method can only
give the hard class labels [12]. [13] address the above
problem by using harmonic functions to characterize
the Gaussian random field. In this paper, we proposed
to use the graph-based methods to do classification for
image.

In this paper, we propose to use the classical graph-
based semi-supervised method: Gaussian Fields Ap-
proach [13] to do classification for microarray gene ex-
pression data. The rest of this paper is organized as
follows: section 2 introduces the algorithm, section 3
shows the setup of our experiments and reports the re-
sults. Finally conclusions are made in section 4.

2. Graph-based semi-supervised learning

In this paper, we proposed to use the graph-based
semi-supervised classification algorithm proposed in
[13] which use the Gaussian random field to do semi-



supervised classification. In which the mean of the field
is characterized in terms of harmonic functions. The
method has two main steps: construct the graph and
classification. We now describe the detail of the two
steps of the algorithm:

Then we will now first introduce some important
notations: X = {x1,..., 2, %141, ..,T,} represents
a set of n microarray data objects. The first [ points
x; € X (i < 1) are labeled and the remaining points
Zy € X (I14+1 < u < n) are unlabeled. And y is the
class label set.

1. Graph Construction:

In the Graph-Based semi-supervised learning algo-
rithms described in [13], the method first define a undi-
rected graph W on the whole data set. In the graph
W, the nodes are data instances in the graph and the
edges are the strength of two data instances in the graph.
Then the method in [13] construct a k nearest neighbors
graph with the Gaussian function of Euclidean distance
to weight the edges:
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where the ¢ ~ j denotes that node ¢ and j has an edge
between them. Then we can denote the graph as the

following:
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where W;; denotes the weight of the edges between two
labeled microarray data instances and W,,,, denotes the
weight of the edges between two unlabeled microarray
data instances in the graph. W), denotes the weights
of the edges from the labeled microarray points to
the unlabeled microarray points in the graph and W,
denotes the weights of the edges from the unlabeled
microarray points to the microarray labeled points in
the graph. And all the weights in W are weighted by
Wij.

2. Graph-based Semi-supervised Classification:

With the graph constructed above, the Graph-Based
methods can be viewed as estimating a function f on
the graph W [13]. f is a real-value class assign ma-
trix which assign the class labels. In graph-based semi-
supervised learning, the f should satisfy two things: (1)
the value of f should be close with the class labels of
the labeled data samples [12], then the regularizer in the

graph can be expressed as the following equation:
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and then the f should satisfy the second condition: (2)
the f should be smooth enough on the whole graph [12].
Then the smooth enough graph with the regularizer can
be denote as the following:
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Then the classification problem of the graph-based
semi-supervised learning can be viewed as the combi-
nation of the above two regularizer:
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in which A is called the graph Laplacian [13]:
A=D-W 4)

Where D = diag(d;), d; = Zij w;j [13]. Then [13]
express the function f as:
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and then the f are expressed as:
f=Pf (6)

Where the P = D~ 1W, fu defines the label of the un-
labeled microarray data examples and f; defines the val-
ues of the labeled examples. Then [13] get the solution
as:

fu = (I_Puu)_lpulfl (7)

Where I is the identity matrix. Then the classification
results are get from the f,,.

3. Experiments

In this section, we will report our results on four pub-
lic microarray data sets and give some discussion.

3.1. Microarray Data Sets
The proposed method has been tested on four public

available microarray datasets. The details of the data
sets used in our experiments are summarized as below:



The Leukemia dataset [3]: contains two types of
acute leukemia: 47 acute lymphoblastic leukemia and
25 acute myeloid leukemia. And the gene expression
comes from 6,817 human genes.

The Colon dataset [1]: contains 62 samples col-
lected from colon-cancer patients. Among them, 40 tu-
mor biopsies are from tumors and 22 normal.

The Lung Cancer dataset [4]: There are 181 tissue
samples (31 MPM and 150 ADCA) in the data set. Each
data sample is described by 12533 genes.

The Ovarian dataset [9]: includes 91 controls (Nor-
mal) and 162 ovarian cancers with around 15155 genes.

3.2. Experiments setup

In this paper, we use the Gaussian Field Approach
to do classification for microarray data. We also com-
pare the Gaussian Field Approach (GF) with some other
methods widely used for microarray data classification:
the KNN algorithm, the J48 Decision Tree algorithm
and the Random Forest (RF) algorithm. In all the ex-
periments, the entire process is repeated over 20 times
with random data partitions.

In the first experiment, we consider the case when
there exits very few labeled data examples for train. We
split 5% to 90% data per class to train and the rest are
use to test. We perform the algorithms on the original
data set to compare the results.

In the second experiment, we consider the case when
there are very few labeled training examples and we
do dimensionality reduction for the data, but traditional
supervised dimensionality reduction methods such as
LDA and information gain ratio cannot work under this
condition, but sometimes for fast computing, we also
need to reduce the dimension of the microarray data, so
we use the unsupervised method PCA to do dimension
reduction for the data set. Then we perform the algo-
rithms on the preprocessed data set.

In the third experiment, because some former re-
search [6] have shown that supervised feature selection
can effectively enhance the performance of the classi-
fication accuracy for microarray data. So, we use the
information gain ratio for gene selection. For our ex-
periments, we set the number of genes selected as 50.

In the experiments, we use the Gaussian Fields Ap-
proach (GF) [13] as the base classifier of our algorithm.
For each data set, an initial undirected edge graph W
was constructed as the base line by making a symmet-
rical connection between each point and its k-nearest
neighbors as measured by Euclidean separation in the
input space, with k set either to 2—4. Weights were
then set for each edge according to the function w;; =
exp(—s3;/0?) of edge length s;;, with o set either to

10000. Now we report average accuracy of the fol-
lowing methods on unlabeled data: Gaussian fields ap-
proach (GF), k-Nearest Neighbor classifier (KNN), J48
Decision Tree (J48) classifier and the Random Forests
classifier (RF). In KNN, the number of nearest neigh-
bors k was set to 2.

3.3. Original datasets results
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Figure 1. Result on original dataset.

In this experiment, we use the original data set to test
all the algorithms. On all data sets tested in our exper-
iments, the results are summarized in Fig. 1. In all the
figures, we can find that the Gaussian Fields Approach
leads to performance that is much better than the other
supervised algorithms. When the labeled data examples
are few, the supervised methods perform bad and keeps
a low classification accuracy, but the Gaussian Fields
Approach keeps a high classification accuracy when the
labeled examples are few. Even if the training data are
sufficient, the Gaussian Fields Approach also outper-
forms the supervised methods.

3.4. PCA preprocessed datasets results

In this experiment, we use the PCA preprocessed
data set to test all the algorithms. On all data sets tested
in our experiments, the results are summarized in Fig.
2. In all the figures, we can see that the Gaussian Fields
Approach still leads to performance that is much better
than the other supervised algorithms. With PCA pre-
processing, the results of the algorithms have not been
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Figure 2. Classification Result on PCA
preprocessed data set.

enhanced compared with the original data set, but it is
clear that in this case, the Gaussian Fields Approach is
still much better than other methods.

3.5. Results with gene selection

In this experiment, we firstly use the supervised fea-
ture selection method: Info Gain Ratio for gene selec-
tion with the number of selected genes set to 50. Then
we perform the Gaussian Fields Approach and other
methods on the preprocessed data sets. The parame-
ter in GF was optimized to the best. We split 90% data
to train the classifier. The whole process is repeated
50 times with random data partitions. The results have
been summarized in Table 1. From the results we can
see clearly that the Gaussian Fields Approach is also
very effective in the supervised case. The method out-
performs the other methods and in all cases. The re-
sults have indicate that in supervised case, the Gaussian
Fields Approach is also better than traditional super-
vised methods and holds higher classification accuracy.

4. Conclusions

In this paper, we proposed to use the semi-supervised
learning algorithm Gaussian Fields Approach to do
classification for microarray data to deal with the prob-
lem of lacking training examples. Experiments on pub-

Data set GF KNN  J48 RF
Colon 92.01 83.52 89.58 88.21
Lung Cancer 99.17 9890 96.11 99.09
Leukemia 98.29 94.66 85.79 95.70
Ovarian 99.08 98.73 97.42 98.79

Table 1. Results with gene selection (%)

lic microarray data sets have demonstrated the effec-
tiveness of the method. Using the Gaussian Fields Ap-
proach to do classification for microarray data can not
only help to archive very high classification accuracy
but also is much more stable than the supervised meth-
ods especially when the labeled examples are very few.
The Gaussian Fields Approach also outperforms the su-
pervised methods when the training data are sufficient.
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