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Abstract 
Feature subset selection is an effective way for limiting the amount and dimensionality of the data or to select features 
that correlate well with the target class.  A fast clustering based feature subset selection algorithm (FAST) first removes 
irrelevant features then features are divided into cluster and most representative feature which is correlated to class is 
selected from each cluster to form feature subset. FAST has been throughly investigated across domains such as image, 
microarray and text data. However applying FAST for learning to rank tasks has not yet throughly investigated for 
learningnto reank.  
In this paper, we used OHSUMED corpus of learning to rank (LETOR) dataset. RankSVM has been used to benchmark 
performance measure for learning to rank without feature selection. We applied FAST to reduce number of features 
effectively to compare classification performance against RankSVM algorithm. Feature selection using FAST reduces 
the training time of dataset effectively.  
Keywords: Feature Subset Selection, FAST, OHSUMED, LETOR, RankSVM. 

1. Introduction 

The size of data is increasing tremendously day by day. The classification of a huge data in a limited 
amount of time is a big challenge. Some the features do not contribute effectively to classification. We can 
achieve improvement in classification if we use feature selection to reduce such features. Feature selection 
is a process which identifies the most relevant features that gives approximately same or improved result as 
that of using original number of features [1]. This can be achieved by removing irrelevant and redundant 
features according to some criterion [9].   
Accuracy in many machine learning problems can be enhanced with the help of feature selection.  As 
dimensions of dataset increases, it also increases the probability of over-fitting and  one of the most 
powerful technique to avoid over-fitting, is feature selection [1].  High dimensionality of features makes 
training of dataset time consuming for classification model [16]. 
Feature selection methods are categorized as filter, wrapper, embedded and hybrid methods. The filter 
method evaluates features without using any learning algorithm. filter method is a good choice when the 
number of features are very large [12]. Some popular examples of filter method are chi square, Euclidean 
distance, information gain, t-test, Relief, Correlation based Feature Selection (CFS) [13], and Fast 
Correlation Based Filter (FCBF) [14]. The wrapper method requires a learning algorithm and uses 
performance of learning to evaluate the importance of features [16]. The wrapper method is 
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computationally expensive than filter method. Some popular examples of wrapper method are Sequential 
forward selection, sequential backward elimination, and randomized hill climbing and genetic algorithm 
[15]. Algorithms of the embedded method, executes feature selection process inside learning algorithm and 
interacts with classification model, so more effective than filter and wrapper methods. Decision tree, 
weighted Naïve Bayes and SVM are examples of embedded method [15]. The hybrid method combines 
filter and wrapper method for good computational complexity and high classification accuracy of filter and 
wrapper method respectively [3]. 
In our process, OHSUMED dataset is first classified using RankSVM and then performance measures are 
calculated for this dataset. FAST algorithm is applied for this dataset to obtain subset of features. This gives 
us reduced OHSUMED dataset which then classified using RankSVM and then performance measures are 
compared with FAST and without FAST. 
In this paper,  section 2 contains information about related work. Section 3 explains implementation details 
which includes design, architecture diagram. The section 4 contains results and discussion of project work 
done so far and the last section 5 contains the conclusion of research work done 

2. Related Work 

According to label availability, feature selection can be classified into supervised and unsupervised feature 
selection. In supervised feature selection algorithms data is labeled. These algorithms effectively select 
relevant features by measuring the correlation between the features and class labels as the essential 
discriminative information for classification is available. In unsupervised feature selection algorithms the 
task of good feature selection is challenging as label information is unavailable [1]. 
A most popular example is Relief [4], which calculate the quality of features according to how good their 
values are different between instances that are close to each other. It cannot handle incomplete data and is 
limited to two class problems. New algorithm called RelieF [5] extends Relief by solving these problems. 
ReliefF extends Relief,  it improves Relief method by allowing to handle noisy and incomplete datasets and 
to deal with multi-class problems, but still cannot recognize redundant features [1]. Redundant features 
does not provide more information than other features hence irrelevant as well as redundant feature also 
affect efficiency of learning algorithm, therefore redundant features must be eliminated along with 
irrelevant features [1]. CFS, FCBF and CMIM [6] are examples that take into consideration the redundant 
features. 
FCBF is a fast filter method do not use pairwise correlation analysis  and can remove  irrelevant features 
along with redundant features from relevant features. The Conditional Mutual Information Maximization 
(CMIM) criterion does not select a feature similar to already picked ones, even if it is individually most 
useful, as it does not have extra information about the class to predict. Thus, this criterion ensures good 
exchange between independence and discrimination [6]. As all these algorithm use classification for feature 
selection. FAST adapts clustering for feature selection which is different from these algorithms. Clustering 
is a process of dividing data into groups of entities with more similarity than other groups. Distributional 
clustering of words are agglomerative type of clustering and gives in sub-optimal word clusters and its 
computational cost is high [7]. A new information-theoretic divisive algorithm for word clustering 
proposed by Dhillon et al. [8] is used for text classification. Mostly hierarchical clustering has been used to 
remove redundant features [10]. Hybrid feature subset selection algorithm for regression is proposed by 
Van Dijk and Van Hullefor [7]. Combining methods, hierarchical constrained clustering of spectral 
variables and selection of clusters by mutual information proposed by Dhillon et al. Irrelevant features as 
well as redundant features, changes the accuracy of the learning algorithms [2]. It uses minimal spanning 
tree instead of hierarchical clustering. 

3. Feature Subset Selection Algorithm 

3.1 Framework 

Accuracy of the learning machines affected by irrelevant features as well as redundant features [1]. Hence, 
feature subset selection algorithm must be able to handle irrelevant as well as redundant features. FAST can 
handle these features. Framework of FAST which shown in Fig.1 that comprises of the two steps. 
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1. Irrelevant Feature Removal - In this step Relevance is calculated for each feature {X1 , X2 , ...Xn } in 
dataset D by calculating symmetric uncertainty between feature and target class C. The Relevance is 
denoted by, SU (X i,C). If SU (Xi, C) is greater than a predetermined threshold θ, then we can say that Xi   
is a strong Relevance feature. Feature having greater Relevance value than predefined threshold θ is 
considered as relevant feature subset. 
 
The Symmetric uncertainty is used to calculate correlation between two features or a feature and the target 
concept. Let X be the feature value and Y be the target class [1]. It is determined as follows 

                

 
 

H(X) is the entropy. The unit of the uncertainty in variables. H(X) is defined by: 
 

 
                                         

Gain(Xj ,Y ) is the amount by which the entropy of Y decreases. It reflects the additional information  
about Y [1]. 

                             
             

                                
where H(X|Y) is conditional probability. 

 

 
                                   

                                                               
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

Fig.1 Framework of FAST algorithm [1] 
 

2. Redundant Feature Elimination - This step consists of two parts 1) minimal spanning tree construction 
and 2) tree partition and representative feature selection. 
Minimal Spanning Tree (MST) construction - It consists of all vertices’s in graph having minimal sum of 
weight of all the edges. MST is build for complete graph G constructed for relevant features, by using 
Prim’s algorithm. 
Tree partition and representative feature selection - It is done by removing unnecessary edges. The edges 
are removed if symmetric uncertainty of   edges between relevant features is less than SU (X’

i, C) and 
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SU(X’ j, C) . It gives forest. Each forest represents cluster which is a set of vertices’s. The cluster contains 
redundant feature. FAST choose a representative feature Xi whose Relevance SU (Xj C) is the greatest. The 
system select representative feature which has strong relevance that is large value of symmetric uncertainly. 
This is final feature subset [1]. 

3.2 Algorithm 

The FAST algorithm takes input as X(X1,X2,…, Xn, C), number of features in the given dataset, C as target 
class and output O as selected feature subset. It considered as relevance threshold. 
 

 
        Algorithm 1FAST [1] 

 
1:  for  i =1 To n do 
2: Relevance = SU ( Xi , C ) 

3: if then 
4:  
5: end if 
6:  end for 
7:  ; 
8:  for each pair of features  X i ,   X j  do 
9:  

10:  Add X i  and/or X j  to G with Correlation as  the weight of the corresponding edge. 

11:  end for 
12:  MST = Prim (G) generate minimal spanning tree using Prim’s algorithm. 
13:  Forest = MST 
14:  for each edge Eij ∈    Forest  do 
15:   

16:  
17: end if 
18:  end for 
19:   
20:  for each tree Ti  ∈ Forest do 
21: Xj

r = argmax X’k  Є  Tk  SU(X’k,C)  
22:  
23:  end for 

 
 

3.3 Evaluation Measures 

3.3.1. Mean average precision (MAP)  

The average of the Precision at n values for all relevant documents is called as average precision for a 
single query. 

 
where N is the number of retrieved documents, and r(n) is a binary function on the relevance of the n-th 
document.  
 
3.3.2. Normalized discount cumulative gain (NDCG)  
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Multiple levels of relevance can be handled using Normalized Discount Cumulative Gain (NDCG). At 
position i, NDCG is calculated as follow:  

 
where �(�) is the rating of the j-th document, and the ��  is normalization constant  

4. Results and Discussion 

4.1 Dataset 

We have used OHSUMED corpus of LETOR dataset. The OHSUMED corpus is a some portion of 
MEDLINE, database on medical publications. It consists of about 0.3 million records. This record 
comprises of 270 medical journals during the period of 1987-1991. Relevance of documents has been 
judged by the human annotators based on the queries, into three categories: definitely relevant, partially 
relevant, and irrelevant. There are total 16,140 query-document pairs with relevance scores and consists of 
106 queries [11].   

4. 2 Result Set  

We have obtained 25 to 28 features after applying FAST for OHSUMED dataset. We have compared 
MAP, NDCG and time for OSHUMED dataset with FAST (feature Selection) and without FAST and 
observed significant improvement in training and classification time. We have averaged out MAP and 
NDCG values over five folds. 
 
 

 

 

 

Fig. 2 Comparing Classification Performance Measure with Feature subset selection using FAST 
Algorithm 
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Fig. 3 Comparison of Classification Performance Measure with Feature subset selection using FAST 
Algorithm 

 
 

5. Conclusion 

The training and classification time concern with huge dataset. High dimensionality aggravates this 
problem. A good feature selection algorithm can help reducing the dimensionality without compromising 
on classification accuracy. We have used FAST (feature subset selection algorithm) to improve training and 
classification without compromising much in classification accuracy where it is applied before 
classification for OHSUMED dataset. We have compared performance for classification without using 
FAST and with FAST and observed significant improvement in training and classification time. We would 
like to extend our work to perform similar analysis on datasets such as Yandex, Gov corpus of LETOR 
dataset etc. to validate the hypothesis that feature subset selection can be effectively applied on learning to 
rank dataset.  
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