
Application of Relief-F Feature Filtering Algorithm to Selecting Informative
Genes for Cancer Classification using Microarray Data

Yuhang Wang
Department of Computer Science

Dartmouth College
Hanover, NH 03755

wyh@cs.dartmouth.edu

Fillia Makedon
Department of Computer Science

Dartmouth College
Hanover, NH 03755

makedon@cs.dartmouth.edu

Abstract

Numerous recent studies have shown that microarray
gene expression data is useful for cancer classification.
Classification based on microarray data is very different
from previous classification problems in that the number
of features (genes) greatly exceeds the number of instances
(tissue samples). It has been shown that selecting a small
set of informative genes can lead to improved classification
accuracy. It is thus important to first apply feature selec-
tion methods prior to classification. In the machine learn-
ing field, one of the most successful feature filtering algo-
rithms is the Relief-F algorithm. In this work, we empiri-
cally evaluate its performance on three published cancer
classification data sets. We use the linear SVM and the k-
NN as classifiers in the experiments, and compare the per-
formance of Relief-F with other feature filtering methods,
including Information Gain, Gain Ratio, and χ2-statistic.
Using the leave-one-out cross validation, experimental re-
sults show that the performance of Relief-F is comparable
with other methods.

1. Introduction

Recent studies have shown that microarray gene expres-
sion data is useful for differentiating between cancerous
and normal tissues [1], and among different subtypes of the
same cancer [3, 2]. Cancer classification using microarray
data poses a major challenge because of the following char-
acteristics:

• The number of features (genes) greatly exceeds the
number of instances (tissue samples).

• Most features (genes) are not related to the given can-
cer classification problem.

It has been shown that selecting a small set of informa-
tive genes can lead to improved classification accuracy [5].

The most commonly used gene selection approaches are
based on gene ranking. In these gene ranking approaches,
each gene is evaluated individually and assigned a score re-
flecting its correlation with the class according to certain
criteria. Genes are then ranked by their scores and the top-
ranked ones are selected.

In the machine learning field, one of the most success-
ful individual feature filtering algorithms is the Relief-F al-
gorithm [4]. This algorithm has been successfully used in
many large subset feature selection tasks. However, to our
knowledge, its performance on gene selection has not been
evaluated. In this work, we empirically evaluate its perfor-
mance on three published cancer classification data sets.

2. Relief-F

The basic idea of Relief-F is to draw instances at ran-
dom, compute their nearest neighbors, and adjust a feature
weighting vector to give more weight to features that dis-
criminate the instance from neighbors of different classes.
Specifically, it tries to find a good estimate of the follow-
ing 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 in various do-
mains [6].

3. Experimental Results

In this study, we used the following three published data
sets: 1) ALL/AML leukemia [3] (7129 genes, 72 samples in
two classes), 2) MLL leukemia [2] (12582 genes, 72 sam-
ples in three classes), and 3) Colon tumor [1] (2000 genes,
62 samples in two classes).

We use the linear Support Vector Machine (SVM) and
the k-Nearest Neighbor (k-NN) as classifiers in the ex-
periments, and compare the leave-one-out cross validation
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Figure 1. Comparison of the LOOCV accuracy. (a)–(c) Using linear SVM. (d)–(f) Using k-NN.

(LOOCV) accuracy of Relief-F with other feature filtering
methods, including Information Gain, Gain Ratio, and χ2-
statistic, when the top 10, 20, . . . , 150 genes are selected.
When a SVM is applied to a multi-class data set, the one-
versus-the-rest method is used. For the k-NN classifier, we
use the Euclidean distance as the distance metric, and the
best k between 1 and 10 is found by performing LOOCV
on the training data.

Figure 1 shows the results. We can observe from the re-
sults that the performance of Relief-F is slightly better than
other methods on the ALL/AML data set. On the other two
data sets, however, the performance of different feature fil-
tering methods is comparable. Results also show that using
only the top 10 or 20 genes selected by any of the four meth-
ods doesn’t lead to the best LOOCV accuracy.

3.1. Conclusions

This paper empirically compares the performance of the
Relief-F feature filtering method with the other three meth-
ods for selecting informative genes for cancer classifica-
tion using microarray gene expression data. Experimental
results suggest that the performance of Relief-F is compa-
rable with other methods.
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