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MicroRNAs (miRNAs) are an important class of small non-coding RNAs that regulate diverse biological processes.
MiRNAs are thought to regulate gene expression by degrading or repressing target messenger RNAs (mRNAs) at the
post-transcriptional level. Recent studies suggest that miRNAs are implicated in human cancers. In a recent paper,

Lu et al. showed that the expression profile of 217 mammalian miRNAs could be used to successfully classify poorly
differentiated tumor samples at the accuracy of 70.6%, whereas the same classifier using mRNA profiles resulted in a
low accuracy of 5.9%. Because miRNAs regulate gene expression at the post-transcriptional level, we hypothesize that

miRNA expression profiles can provide information that is complementary to mRNA expression profiles. Therefore,
a data fusion approach could lead to improved classification accuracy. As a proof of concept, we re-analyzed the

data in the paper by Lu et al. using a classifier fusion approach that utilizes both mRNA and miRNA expression
data. We built a meta-classifier from two bagged k-nearest-neighbor classifiers. Experimental results showed that our
meta-classifier was able to classify the same set of poorly differentiated tumor samples at an improved accuracy of

76.5%, when trained only with the expression profiles of more-differentiated tumor samples.

1. INTRODUCTION

MicroRNAs (miRNAs) are an important class of

small non-coding RNAs that regulate diverse biologi-

cal processes3. MiRNAs are thought to regulate gene

expression by degrading or repressing target mes-

senger RNAs (mRNAs) at the post-transcriptional

level1. They have been shown to control cell growth,

differentiation and apoptosis3, 1. Consequently, re-

cent studies suggest that miRNAs are implicated in

human tumorigenesis5, 8 and differentially expressed

in cancers17, 20. Most interestingly, Lu et al.17 re-

cently showed that the expression profile of 217 mam-

malian miRNAs could be used to successfully classify

poorly differentiated tumor samples at the accuracy

of 70.6%, whereas the same classifier using messen-

ger RNA profiles (microarray gene expression data)

resulted in a low accuracy of 5.9%.

On the other hand, significant work has been

done in cancer classification based on microarray

gene expression data9, 2, 22. Because miRNAs reg-

ulate gene expression at the post-transcriptional

level, we hypothesize that miRNA expression profiles

can provide information that is complementary to

mRNA expression profiles. Therefore, a data fusion

approach could lead to improved classification accu-

racy. To investigate this issue, we propose a meta-

classifier that uses both miRNA and mRNA expres-

sion profiles to classify poorly differentiated tumor

samples. As a proof of concept, we then re-analyze

the data set used in the paper by Lu et al.17 using

our approach.

The remainder of the paper is organized as fol-

lows. We give a brief review of the data fusion meth-

ods in the literature in the next section. In Section 3,

we describe our proposed classifier fusion approach.
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Section 4 presents the experiment results on the data

set used in the paper by Lu et al.17. Section 5 con-

cludes the paper.

2. RELATED WORK ON DATA

FUSION

Data fusion is a well-studied subject in machine

learning. By means of data fusion, different sources

of information are combined to improve the perfor-

mances of a system. Using an appropriate fusion

scheme, one may expect improved classification ac-

curacy due to the use of complementary information.

Data fusion processes are often categorized in three

levels, depending on the processing stage at which

fusion takes place:

(1) Low-level fusion11 combines several sources of

raw data to produce new raw data that is ex-

pected to be more informative and synthetic

than the inputs. This kind of fusion is not fea-

sible for integrating mRNA and microRNA ex-

pression data.

(2) Intermediate-level fusion or feature-level

fusion24, 10. Here various features extracted

from several sources of raw data are combined

into a composite feature that may then be used

by further processing stages. In the context of

cancer classification using both mRNA and mi-

croRNA expression data, one possible feature-

level fusion approach can be a linear concate-

nation of the mRNA feature vectors (mRNA

expression profiles for tissue samples) and the

miRNA feature vectors (miRNA expression pro-

files for tissue samples). However, we tested this

approach on data in Lu et al.17 and found that

it actually lead to poorer classification perfor-

mance (data not shown) than what was reported

by Lu et al.17 using miRNA expression profiles

only.

(3) High-level fusion7, 12 (or decision fusion, classi-

fier fusion) in which each source of input yields

a decision and the decisions are fused. The clas-

sifiers may return a “soft” class label and not a

“hard” decision. To distinguish both cases, one

speaks of hard and soft fusion. Methods of deci-

sion fusion16 include voting methods, statistical

methods, fuzzy logic based methods, etc. The

classifier fusion approach we propose in this pa-

per falls under this category.

In our data fusion problem, we only have two data

sources (miRNA and mRNA expression profiles).

Therefore, simple classifier fusion schemes such as

majority voting cannot be used here. Our proposed

meta-classifier utilizes two bagged fuzzy k-nearest-

neighbor classifiers and picks the output of the more

confident one as the final classification output. Thus

our approach is well-suited for integrating two data

sources. We described the proposed approach in de-

tail in the next section.

3. CLASSIFIER FUSION FOR mRNA

AND miRNA EXPRESSION DATA

INTEGRATION

An overview of our proposed classifier fusion system

is illustrated in Figure 1. In this approach, we first

apply the Relief-F feature selection algorithm15 to

the training data to select top-ranked informative

genes from mRNA expression data and miRNA ex-

pression data separately. Then, using only the se-

lected genes as features, for each of the two types of

expression data, a fuzzy k-nearest-neighbor (k-NN)

classifier augmented with bagging is trained on the

training data and applied to the test data. For each

tissue sample in the test data set, the classification

outputs (soft class labels) from the two classifiers are

compared, and the output from the classifier with

better confidence is then chosen as the final class as-

signment.

3.1. Gene Selection using Relief-F

Relief-F15 is one of the most widely used feature

selection algorithm. The basic idea of Relief-F is

to draw instances at random, compute their nearest

neighbors, and adjust a feature weighting vector to

give more weight to features that discriminate the

instance from neighbors of different classes. Specifi-

cally, it tries to find a good estimate of the following

probability to assign as the weight for each feature

f .

wf = P (different value of f |different class)

−P (different value of f |same class)

This approach has shown good performance



3

Bagged Fuzzy 
 k
-NN Classifier


Relief-F Feature Selection


miRNA Expression

Data for Traning Set


Soft Class Label for

Test Sample


miRNA Expression

Data for Test Sample


Bagged Fuzzy 
 k
-NN Classifier


Relief-F Feature Selection


mRNA Expression

Data for Traning Set


Soft Class Label for

Test Sample


mRNA Expression

Data for Test Sample


Decision Fusion


Final Class Label for

Test Sample


Fig. 1. Classifier fusion system for cancer classification.

in various domains19, including informative gene

selection21.

3.2. Fuzzy k-NN Classifiers

Here we chose to use the fuzzy k-NN classifier be-

cause it supports non-linear decision boundaries and

is naturally applicable to multi-class classification

problems. The k-NN classifier6 is a well-known non-

parametric classifier. Fuzzy k-NN extends k-NN by

replacing the crisp class labels with soft labels, l(vi) ∈

[0, 1]c. Different ways of combining the soft labels of

the k nearest neighbors to compute the soft output

label l(x) for x ∈ X have been proposed13, 14, 6. In

this work, we use the scheme by Keller et al.14. To

find the ith component of the soft class label li(x)

for x, the method by Keller et al.14 takes distances

into consideration:

li(x) =

∑k

j=1
li(zj)(dj)

−
2

m−1

∑k

j=1
(dj)

−
2

m−1

(1)

where

m is a “fuzzification” parameter;

dj is the distance between x and its jth nearest

neighbor zj .

In our case, however, the class labels of the train-

ing data are actually crisp labels. If a training sam-

ple z belongs to class i, the ith component of the soft

class label li(z) for z is 1, and all other components

are 0.

3.3. Bagging

Bagging classifiers4 is a method for generating mul-

tiple versions of a classifier and using them to obtain

an aggregated classifier. It is also used to address the

inherent instability of results when applying classi-

fiers to relatively small data sets. Here, multiple ver-

sions of the fuzzy k-NNa classifier are obtained by

repeatedly sub-sample (with replacement) from the

training data. The outputs (soft class labels) from

those classifiers are then simply averaged.
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Table 1. Comparison of classification accuracies and P values.

Classification accuracy P value

Classifier fusion 76.5% 1.4 × 10−12

Bagged fuzzy k-NN classifier using miRNA expression data 70.6% 4.8 × 10−11

Bagged fuzzy k-NN classifier using mRNA expression data 47.1% 5.2 × 10−6

Original approach using miRNA expression data 70.6% 4.8 × 10−11

Original approach using mRNAexpression data 5.9% 0.47

3.4. Decision fusion

Two bagged fuzzy k-NN classifiers are trained with

mRNA and miRNA expression data separately. For

each tissue sample in the test data set, the decision

of the two classifiers are aggregated by choosing the

decision of the classifier with higher confidence. Note

that we do not average the outputs from the two clas-

sifiers. One of the two classifiers is actually chosen

based on its confidence. Here, we use the highest

value in the soft class label as the degree of confi-

dence of the classifier about the class assignment of

a test sample.

4. RESULTS

4.1. Data

We downloaded the processed miRNA expression

data and the corresponding mRNA expression data

(published in Ref. 18) from http://www.broad.mit.

edu/cancer/pub/miGCM.

The data has two parts: a training set of 68 more

differentiated tumors, representing 11 tumour types;

and a test set of 17 poorly differentiated test samples.

Each sample was profiled in the space of 217

mammalian miRNAs and ∼ 16, 000 mRNAs.

4.2. Experiment Setup

For the mRNA expression data, top 40 genes were

selected using Relief-F algorithm. For the miRNA

expression data, top 40 miRNA genes were selected

using Relief-F. In both cases, 5 nearest neighbors

were used in Relief-F for estimating feature weights.

For the bagging algorithm, the number of bagging

iterations was 10 and the size of each bag was the

same as the size of the training data. For the fuzzy

k-NN classifiers, we used the Euclidean distance as

the distance metric in the experiments, and the best

k between 1 and 5 was found by performing leave-

one-out cross-validation on the training data.

The system was implemented using Perl and

Weka 3.4.723.

4.3. Empirical Results

Table 1 shows the classification accuracies and P val-

ues of our approach and the original approaches used

by Luet al.17. We can observe that our classifier fu-

sion approach was able to classify the same set of

poorly differentiated tumor samples at an improved

accuracy of 76.5%, as compared to the accuracy of

70.6% obtained using the original approach (a prob-

abilistic neural network algorithm) described in the

paper by Lu et al.17. The bagged fuzzy k-NN classi-

fier using only miRNA expression data achieved the

same classification accuracy of 70.6% as the original

approach. Interestingly, the bagged fuzzy k-NN clas-

sifier using only mRNA expression data achieved a

classification accuracy of 47.1% (P = 5.2×10−6), far

exceeding the classification accuracy of 5.9% (P =

0.47) obtained by the original approach on the same

data.

5. CONCLUSIONS

In this paper, a classifier fusion approach is proposed

for poorly-differentiated tumor classification using

both mRNA and miRNA expression profiles. Prelim-

inary results on a public data set showed improved

classification accuracy compared to that obtained us-

ing only mRNA or miRNA expression profile. We

will test the proposed classifier fusion approach on

more data sets when they become available.
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