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Different Classification Methods for Microarray Gene Expression Data 

Different classification methods from the area of statistics and machine learning can be applied to microarray gene 
expression data of a disease, but there are some issues that make the task non-trivial. Gene expression data is very 
different from what is expected by these methods. First, it has very high dimensionality, usually contains tens of 
thousands of genes. Second, number of participating individuals in publicly available disease datasets is very small, often 
below 100. Third, most genes are irrelevant to disease case-control classification. Many researchers propose to do gene 
selection prior to classification which reduces the dimensionality as well as number of irrelevant genes. For disease 
datasets, one common practice is to consider the differentially expressed genes between cases and controls as 
predictors of the classifier.  

There is no single classification method that is superior over the rest in terms of classifying disease gene expression data 
[1]. For such data, we want a binary classification method that gives maximal classification accuracy in distinguishing 
disease cases from controls. First we define the classification problem formally.  

Problem Definition: Given a training set T = {(t1, case), (t2, control), … , (tn, case)}, where n is the number of individuals in 
the training set, tis are independent m-dimensional random data tuples of gene expression values, m is the total number 
of predictor genes, ti = (tiX1, tiX2, … , tiXm), m >> n and “case” and “control” are the class labels. Given a test set S = {s1, s2, 
… , sl}. Each si is a gene expression data tuple of length m, and l is the number of individuals in the test set. Each si is in 
the form of si = (siX1, siX2, … , siXm), where Xj is the expression value of gene j. Find a classification function C, that gives 
maximal classification accuracy on S. 

For completeness, we consider four classification methods namely, Fisher’s Linear Discriminant Analysis (FLDA), K-
Nearest Neighbor (KNN), Naïve Bayes Method (NB), and Support Vector Machine (SVM). For our purpose we found that 
SVM performed better than other classifiers in most of the cases in terms of accuracy. 

Fisher’s Linear Discriminant Analysis (FLDA): 

FLDA tries to find a linear combination of the predictors that maximizes the separation between the centers of the data 
points from different classes while at the same time minimizing the variation within each class. This approach is often is 
preferred in practice due to its dimension-reduction property. 

More formally, given a training set T and test set S as described above, FLDA tries to find the linear combination Ma of 
the columns of matrix M that maximizes the Rayleigh quotient given by aTBa/aTWa, where B is the between-class sum of 
squares, W is the within-class sum of squares, and a is the transformation matrix. 

Let, μk be the vector of average gene expression values of m predictor genes for the training tuples in class k, where k ϵ 
{case, control}. The correlation between any test sample si and each class is measured using the squared Euclidean 
distance of si and μk, denoted by dk(si), where,  
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Here, vps are linearly independent eigenvectors of the matrix W-1B and h is the number of its non-zero eigenvalues. Class 
k is assigned to si if the distance between si and μk is minimum. Thus, for training set T, and a test sample si, FLDA 
classifies si using the following classification function: 

𝐶(𝑇, 𝑠𝑖) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑘𝑑𝑘(𝑠𝑖) 

FLDA was first proposed and implemented by R.A. Fisher in 1936 [2]. Since then it has been implemented numerous 
times for classifying gene expression data. We use the R implementation given by the lda function of the MASS package 
for our purpose. 

K-Nearest Neighbor (KNN): 

KNN is a distance metric based classifier. The main idea of this method is for each test sample si, find k training tuples 
from training set, T with most similar expression value according to a distance measure. The class label of si is assigned 
using majority vote from the selected k training tuples while breaking ties at random. Commonly used measure of 
similarities include, Pearson correlation, Euclidean distance etc. Thus, the classification function is given by, 

𝐶(𝑇, 𝑠𝑖) = 𝑐𝑐𝑎𝑎𝑎 𝑜𝑜 𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚 𝑜𝑜 𝑘 𝑛𝑛𝑛𝑛𝑛𝑛𝑛 𝑛𝑛𝑛𝑛ℎ𝑏𝑏𝑏𝑏 𝑜𝑜 𝑠𝑖  𝑖𝑖 𝑇 

KNN was first proposed and implemented by Fix and Hodges [3] and was applied to gene expression data by Dudoit et al. 
for tumor classification [4]. We use the R implementation of knn function provided in the class package for our purpose. 
This implementation uses Euclidean distance as a measure of similarity. The value of k was chosen by iterating over 
values from 1 to 5 and picking the k which gives most accuracy in classification. In most cases the chosen value was 
either 2 or 3. 

Naïve Bayes Method (NB): 

NB method uses probabilistic induction to assign class labels to test samples, assuming independence among the 
predictor genes. The method models each class as a set of Gaussian distributions: one for each gene, by looking the gene 
expression values of the training samples. Let, Gk denote the class variable representing the setoff Gaussian distributions 
where k ϵ {case, control}. Then Gk is given by Gk = { Gk

1, Gk
2, …, Gk

m} where, Gk
i is the Gaussian distribution of class k for 

gene i. 

For training set T and any test sample si of test set S, the class label of si is obtained by the classification function: 

𝐶(𝑇, 𝑠𝑖) = 𝑎𝑎𝑎𝑎𝑎𝑎𝑘𝑚�� log𝑃(𝑠𝑖
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𝑔) is given by Bayes rule and can be approximated from the mean and standard deviation of the Gaussian 
distribution for gene g from class k’s distribution set, Gk

g. 

NB method was first used to classify gene expression data in 2000 [5,6]. We use the R implementation of NB method 
given by naiveBayes function of the e1071 package for our purpose. 
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Support Vector Machine (SVM): 

SVM is a max-margin classifier that tries to find a hyperplane with maximum margin to separate the training tuples into 
different groups according to their classes. The margin of the hyperplane is defined as the distance from the hyperplane 
to the sets of points that are closest to it. The points that lie closest to the max-margin hyperplane are called support 
vectors. Since gene expression data can be viewed as very sparse points in a very high dimensional space, it is easy to 
find several hyperplanes that can separate the training tuples. But this method is often prone to overfitting. 

Formally, let, T be the training set, as defined before, with n training samples of the form xi = (ti, ci) where, tis are 
expression vectors of the form (tiX1, tiX2, … , tiXm) and ci  ϵ {1, -1} is the class label with “1” representing cases and “-1” 
representing controls. Let, the max-margin hyperplane be denoted by the vector w and scalar b. Given a test sample si, 
SVM assigns class label to si based on the distance of si from the hyperplane in feature space. Thus the classification 
function is given by, 

𝐶(𝑇, 𝑠𝑖) =  �1, 𝑖𝑖 𝑠𝑠𝑠𝑠(〈𝒘,𝜑(𝑠𝑖)〉− 𝑏) > 0
−1,𝑜𝑜ℎ𝑒𝑒𝑒𝑒𝑒𝑒  

Here 𝜑(𝑠𝑖) denotes the mapping of test sample si into the feature space and 〈𝒙,𝒚〉 denotes the dot product of two 
vectors x and y. SVM determines the max margin hyperplane by applying various dot product functions as kernels 
depending on the separability of the training data points. 

SVM was first introduced by Vapnik et al. and used in many data mining applications [7-9]. We use the R implementation 
of SVM givevn by the ksvm function of the kernlab package for our purpose. We have applied both vanilladot (linear) 
and rbfdot (Gaussian) kernels and got similar levels of accuracy. 

Aggregated classifiers are often useful for improving accuracy of classification. But since the main focus of our study is 
not getting a higher accuracy in classifying cases and controls of a disease dataset but to select the appropriate multiple 
hypothesis correction test which can give more informative genes, we limited our discussion to the basic classifiers.  
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