
ORIGINAL ARTICLE

An approach for classification of highly imbalanced data
using weighting and undersampling

Ashish Anand • Ganesan Pugalenthi •

Gary B. Fogel • P. N. Suganthan

Received: 9 December 2009 / Accepted: 7 April 2010 / Published online: 22 April 2010

� Springer-Verlag 2010

Abstract Real-world datasets commonly have issues

with data imbalance. There are several approaches such as

weighting, sub-sampling, and data modeling for handling

these data. Learning in the presence of data imbalances

presents a great challenge to machine learning. Techniques

such as support-vector machines have excellent perfor-

mance for balanced data, but may fail when applied to

imbalanced datasets. In this paper, we propose a new

undersampling technique for selecting instances from the

majority class. The performance of this approach was

evaluated in the context of several real biological imbal-

anced data. The ratios of negative to positive samples vary

from *9:1 to *100:1. Useful classifiers have high sensi-

tivity and specificity. Our results demonstrate that the

proposed selection technique improves the sensitivity

compared to weighted support-vector machine and avail-

able results in the literature for the same datasets.
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Introduction

Imbalanced data sets are ubiquitous in the literature

(Chawla et al. 2004; Tang et al. 2009). Some common

examples can be taken from domains of text classification

(Forman 2003; Mladenic and Grobelnik 1999), fraud

detection (Zhang et al. 2004), bioinformatics (Robinson

et al. 2007; Sales et al. 2008; Chen and Jeong 2009;

Batuwita and Palade 2009a; Wu et al. 2009; Yousef et al.

2006) and medicine (Mazurowski et al. 2008). Data

imbalance said to exist when all classes are not present in

equal proportion. In many cases, the class of greater

interest (e.g., the target class) is outnumbered by the class

of lesser importance. The ratio between the two classes

can be as extreme as 1:100, 1:1,000. Traditional machine

learning approaches applied to these datasets tend to be

biased towards prediction of the majority class while user

desires for both high sensitivity and specificity. Such

problems are very common in bioinformatics including

prediction of miRNA genes (Yousef et al. 2006), predic-

tion of protein-interaction sites (Chen and Jeong 2009),

prediction of precursor microRNAs (Batuwita and Palade

2009a), and prediction of DNA/RNA binding residues in

proteins (Shi et al. 2009; Wang et al. 2008; Wu et al.

2009).

Support-vector machines (SVMs) were introduced by

Vapnik (1998) and have been successfully employed in

many application areas including text classification

(Joachims et al. 1998), handwriting recognition (Cortes

1995), and bioinformatics (Chen et al. 2007; Yang 2004;

Sun and Huang 2006; Verma et al. 2009; Wang et al.

2005). However, when faced with imbalanced datasets,

their performance may be reduced significantly (Akbani

et al. 2004; Tang et al. 2009). One popular remedy for

this situation is to increase the penalty associated with the

minority class (Osuna et al. 1997; Veropoulos et al. 1999;

Akbani et al. 2004). An easy way to achieve this is to use

scale factors that are inversely proportional to the number

of samples in each class to the total number of samples to
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establish a cost parameter C. This approach is referred to

as weighted-SVM. Another approach is to use resampling

techniques to create a balanced dataset. Resampling can

be accomplished either by oversampling the minority

class or undersampling the majority class. Both resam-

pling techniques have their advantages and disadvantages.

While oversampling (Akbani et al. 2004) introduces new

artificial data, undersampling leads to information loss.

We believe that generating artificial data in the context of

real biological data is to be avoided as it has the potential

to introduce new error into the system that is being

modeled. For example, while considering the case of

prediction of DNA binding residues in proteins, if one

generates artificial data by resembling the given known

DNA binding residue, it becomes difficult to know if such

residues exist or not exist in real protein sequences.

Several studies have compared these approaches for SVM

classifiers (Akbani et al. 2004; Tang et al. 2009; Liu et al.

2009). Tang et al. (2009) proposed granular SVM where

repetitive undersampling was performed. Starting with the

set of all training samples, the SVM was trained. Nega-

tive samples which were support vectors (SVs) were

removed for the next training samples. This process was

iterated until all positive samples and an aggregation of

negative samples (based on removed negative SVs at each

repetition) were combined to make a final training sam-

ple. This approach exploited the ability of SVs in deter-

mining useful hyperplanes. In another study, Liu et al.

(2009) proposed two approaches for an ensemble of

random sampling. Underutilization of large proportion of

negative samples was the basic motivation behind the

methods proposed by Tang et al. (2009) and Liu et al.

(2009). Both methods have been shown to perform better

than random sampling over the datasets used for evalua-

tion. Tang et al. (2009) have also shown that weighted-

SVM is more stable and very effective over other

approaches such as SVM-SMOTE (Akbani et al. 2004)

and SVM-random undersampling.

Here, we propose a new undersampling technique tar-

geting the boundary samples which are always difficult to

deal with for all classifiers. Instances far from decision

boundaries are relatively easy to classify. The proposed

technique selects instances from the majority class which

are more likely to be near a decision boundary. The

proposed undersampling technique is then combined with

the weighted-SVM. The new approach is compared to

weighted-SVM. In classical SVM, an equal penalty is

used for both classes whereas for weighted-SVM, differ-

ent weights are used for misclassification of the two

classes. We further compare the performances of the

proposed undersampling technique combined with the

weighted-SVM to available results in the literature on

the considered datasets.

Materials and methods

Datasets

Four datasets were used in our simulation studies. The ratio

of positive to negative samples varied across these datasets

from 1:9 to 1:100. There were also significant variations in

total number of samples and number of features over all

datasets. The datasets are described briefly below.

Active-site dataset

An active-site dataset was obtained from Pugalenthi et al.

(2008). 606 non-redundant protein chains containing 2,096

catalytic residues and 205,811 non catalytic residues were

selected from the Catalytic Site Atlas database (Porter et al.

2004). Each residue in the dataset was represented by a

vector of 100 features. The details of each feature are

provided below.

Amino acid type and groups We classified 20 amino acids

into 10 groups based on the presence of side chain chem-

ical group such as phenyl (FWY), carboxyl (DE), imidaz-

ole (H), primary amine (K), guanidino (R), thiol (C), sulfur

(M), amido (QN), hydroxyl (ST) and nonpolar (AGILVP).

The frequency of amino acid groups were computed for

each catalytic residue and its spatial neighbors (Pugalenthi

et al. 2008).

Structural features Structural features such as solvent

accessibility, secondary structures, hydrogen bonds and

Ooi number (a count of the number of other C-a atoms

within a radius of 14 Å of the given residue’s own C-a
atom. This gives a good impression of which parts of the

structure are buried and which are exposed on the surface

(Nishikawa and Ooi, 1986) were computed for each residue

and its spatial neighbors from the protein structure using

JOY package (Mizuguchi et al. 1998).

Spatial neighbors Residues considered as spatial neigh-

bors are likely to have more influence on the selection of

catalytic residues. Spatial neighbors were defined as res-

idues within 5 Å distance from catalytic residues in the

3D protein structure. Average sequence conservation,

amino acid composition, and composition of 10 amino

acid groups were computed from all spatial neighbors.

The other structural features computed include secondary

structure, hydrogen bond, Ooi number and solvent

accessibility.

Physicochemical properties A total of 15 physicochemi-

cal properties were calculated from each catalytic residue

and its spatial neighbors. The computed properties included
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molecular weight, hydrophobicity, hydrophilicity, hydra-

tion potential, refractivity, average accessible surface area,

free energy transfer, flexibility, residue volume, mutability,

melting point, optical activity, side chain volume, polarity,

and isoelectric points following Kawashima et al. (2008).

Disulfide dataset

The dataset used for the prediction was obtained from the

protein data bank (PDB) database (Berman et al. 2000).

The protein chain containing at least one disulfide bonds

were selected from PDB database. To make the dataset

completely non-redundant, proteins chains having higher

than 40% sequence identity were removed using CD-HIT

(Li and Godzik 2006). After careful manual examination,

1,317 non-redundant protein chains containing 2,341

disulfide bonds were selected for prediction work. The

negative datasets (20,678 cysteine pairs) were generated

from all possible combinations of cysteines that do not

form disulfide bond. Each cysteine pair was represented by

a feature vector of 151 features. The details of the features

are.

Secondary structure For each sequence secondary struc-

ture information was assigned using PSIPRED method

(McGuffin et al. 2000). The type of secondary structural

element (Helix-H, Strand-E and Coil-C) at two cysteines

(CYS1 and CYS2) was computed. Further, the frequency

of secondary structural elements was calculated from 11

residues that surround cysteine residues (5 upstream resi-

dues and 5 downstream residues from cysteine). The fre-

quencies of secondary structural elements between two

cysteines (CYS1 and CYS2) are also included.

Amino acid groups We classified 20 amino acids into 10

groups based on the presence of side chain chemical group

such as phenyl (FWY), carboxyl (DE), imidazole (H),

primary amine (K), guanidino (R), thiol (C), sulfur (M),

amido (QN), hydroxyl (ST) and nonpolar (AGILVP)

(Pugalenthi et al. 2008). The frequency of 10 amino acid

groups and frequency of hydrophobic, hydrophilic and

neutral amino acids were computed from 11 residues that

surround cysteine residues. Similarly, the frequency of

amino acid groups between two cysteines (CYS1 and

CYS2) was computed.

Physicochemical properties Matrices containing quanti-

tative values for 13 amino acid physicochemical properties

scaled between 0 and 1 were obtained from the UMBC

AAIndex database (Kawashima et al. 2008). The computed

properties include molecular weight, hydrophobicity,

hydrophilicity, refractivity, average accessible surface area,

flexibility, melting point, side chain volume, polarity,

isoelectric points, and average frequency of helix and beta

sheets. The average physicochemical property from 10

residues that surround cysteine and between two cysteine

residues was calculated.

Xwchen-data (Chen and Jeong 2009)

This dataset was downloaded from the website

http://ittc.ku.edu/*xwchen/bindingsite/prediction.htm and

contained 2,829 interface residues and 24,616 non-inter-

face residues. Each residue was represented by sequence-

based feature vector of length 1,050. These features were

grouped into the three categories: physic-chemical features

and evolutionary conservation score, amino-acid distance,

and PSSM. A more detailed description of each feature can

be found in Chen and Jeong (2009).

Micropred-data (Batuwita and Palade 2009a)

This dataset was downloaded from the website http://

web.comlab.ox.ac.uk/people/ManoharaRukshan.Batuwita/

microPred.htm. This dataset contained 691 non-redundant

human pre-miRNAs, 8,494 non-redundant human pseudo

hairpins (8,494) and 754 non-redundant human other

non-coding RNAs. The objective was to classify human

precursor microRNA (pre-miRNAs) from both genome

pseudo hairpins and other non-coding RNAs. Thus, num-

bers of positive and negative samples were 691 and 9,248.

Each sample was represented by a feature vector of length

48 and each of these features was described in detail in

(Batuwita and Palade 2009a).

SVM classifier

SVMs are from the family of margin based classifiers.

SVMs can be used to identify optimal hyperplanes with

maximal distance between the hyperplane and the nearest

samples from each of the two classes. The decision func-

tion of SVM is given as f (x) ¼ wT [(x)þ b where

w = [w1, w2,…,wd]T is the weight vector and b is bias.

Given a training set xi, i = 1,…,n, xi [ Rd and corre-

sponding labels yi [ {-1,1}, SVM solves the following

optimization problem:

Minimize
1

2
w:wþ C

Xn

i¼1

ni

Subject to yi w:[ðxiÞ þ bð Þ� 1� ni

ni� 0; i ¼ 1; 2; . . .; n

ð1Þ

Here C is the penalty or cost parameter which balances the

trade-off between training accuracy and generalization.

However, the performance of SVM drops significantly
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(Wu and Chang 2003; Akbani et al. 2004), when samples

from one class (mostly negative or non-target class)

outnumber samples from the other class by a large ratio.

In this paper, we consider the negative or ‘‘non-target’’

class as the majority class and positive or target class as the

minority class. A popular approach is to bias the classifier

by increasing the penalty associated with misclassifying

the positive class relative to the negative class. For

example, Osuna et al. (1997) modified Eq. 1 as follows

Minimize
1

2
w:wþ Cþ

X

yi¼1

ni þ C�
X

yi¼1

ni

Subject to yi w:[ðxiÞ þ bð Þ� 1� ni

ni� 0; i ¼ 1; 2; . . .; n

ð2Þ

Our proposed undersampling approach

Samples situated far from the decision boundaries are more

likely to be classified correctly. The samples from the two

classes lying close to each other are more likely to be

wrongly classified by any classifier and the decision

boundary is also likely to be in the vicinity of these

‘‘boundary samples.’’ The proposed approach has used this

property to select negative samples. On other hand, random

sampling chooses samples irrespective of their location. If

the chosen samples are far from the decision boundary and

if the samples located near the true decision boundary are

not chosen by the random selection process, the optimal

separating hyperplane may be wrongly positioned resulting

in increased misclassifications. At the same time, given that

random sampling is a non-deterministic approach, several

random undersamplings may be required to determine a

better estimate of the true predictive performance of the

SVM trained by using the random sampling approach. The

instability of random sampling was also discussed in Tang

et al. (2009). As we use SVM as the basic classifier, we

exploited the above discussed property in the undersam-

pling approach summarized as follows:

• Calculate the weighted Euclidean distance of each

negative sample from each of the positive samples. All

features are weighted by its Fisher’s score (Eq. 3). The

Fisher ratio FR(xi) for each feature xi is calculated as

FRðxiÞ ¼
�xi;p � �xi;n

� �2

r̂2
i;p þ r̂2

i;n

ð3Þ

where, �xi;p is the mean value of the feature xi for

positive samples, �xi;n is the mean value for negative

samples, r̂2
i;p and r̂2

i;n are the variances of the feature xi

for positive and negative samples, respectively. Thus,

for any two samples X1 = (x11,…,x1i,…,x1n) and

X2 = (x21,…,x2i,…,x2n), weighted Euclidean distance

can be given by

DðX1;X2Þ ¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiX

FRðxiÞ � ðx1i � y1iÞ2
q

• For each positive sample, sort negative samples in

ascending order of distance from the positive sample.

• For each positive sample, select user-defined number of

negative samples. The user-defined number indicates

the desired ratio of negative samples to positive

samples. At this stage, special care is taken to avoid

repetitive selection of negative samples. If a particular

negative sample has been already selected, the next

available negative sample is selected.

Experimental design

We employed a two-loop cross-validation strategy (Stat-

nikov et al. 2005) to obtain reliable estimates of perfor-

mance and to avoid overfitting. The first or inner loop was

used for model selection (i.e., to determine the best

parameter values for the classifier). The second or outer

loop was used to estimate the performance of the classifier

constructed in the inner loop. We employed a stratified

tenfold cross-validation in the outer loop and a stratified

fivefold cross-validation in the inner loop. For the weigh-

ted-SVM, the costs of misclassification for two classes

C? and C- were defined as C? = C*w? and C- = C*w-,

where w? = n? ? n-/n? and w- = n? ? n-/n-. n? and

n- represent the number of training samples in the positive

and negative classes, respectively. LibSVM (Chang and

Lin 2001) tool was used to generate a basic SVM classifier

using an RBF kernel with two model parameters: cost C

and kernel parameter c. We have used the following four

measures to evaluate the performance of different methods:

Overall Accuracy :¼ TPþ TN

TP + FP + TN + FN

Sensitivity (TPR) :¼ TP

TP + FN

Specifity (TNR) :¼ TN

TN + FP

Gmean (balanced accuracy) :¼
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
Sensitivity� Specifity

p

Overall accuracy is not a preferred performance measure

for imbalanced datasets. When working with a high

imbalance, a naive classifier classifying everything as a

majority class sample will result in a high predictive

accuracy. Sensitivity and specificity are two very common

measures used in medical community and increasingly in

machine learning. Kubat et al. (1997) combined these two

measures and suggested Gmean or balanced accuracy.

Recently, a new performance measure, called the ‘‘adjusted

geometric mean’’ (AGm) was also proposed (Batuwita and

Palade 2009b). In this paper, Gmean (Kubat et al. 1997)
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was used for model selection to identify the best model

parameters. The whole approach can be summarized as

follows:

Step 1 Split the data in a stratified manner into K parts.

These K partitions are for the outer loop

Step 2 For each fold i,

Step 2.1 Consider the ith part as test data and

the remaining (K-1) parts collectively

as training data

Step 2.2 Calculate the weighted Euclidean

distance of each negative sample from

all positive samples in the training data

Step 2.3 Select negative samples as presented

in ‘‘Our Proposed Undersampling

Approach.’’

Step 2.4 Combine selected negative samples

and positive samples in the training

data to obtain the modified training

data

Step 2.5 Break the modified training data into L

parts. These L partitions are for the

inner loop

Step 2.6 Get the best model parameters giving

the best average Gmean based on the

L-fold experiment

Step 3 Build classifier model using modified training

data obtained from (K-1) parts and the selected

best model parameters

Step 4 Get the performance measure on the held out ith

test data

Step 5 Repeat the steps from 2 to 4 for all partitions

Step 6 Calculate average performance measure over

K-folds

Results and discussion

We analyzed the performance of the proposed method on

four datasets. As discussed in the previous section, we have

evaluated the performance in terms of average overall

accuracies, average true positive rates (sensitivity), average

true negative rates (specificity) and average Gmean. The

average in all cases was calculated using all 10 cross-val-

idations. It is important to note that the test data has a

similar proportion of positive and negative samples as the

original data and is not balanced as the training data by

undersampling. In real-world scenarios, we expect that

there will be more negative class samples than samples

from the positive class in such imbalanced data. We did not

attempt to make the test dataset balanced for the purpose of

realizing utility of the proposed approach.

The percentage of samples removed by the proposed

undersampling varied for different datasets. It also varied

within different folds of the same dataset. For micropred,

the ratio of negative and positive samples used for making

final model was 2/3 (ratio in complete dataset *14).

Similarly, the imbalance ratio for Xwchen, active-site and

cysteine datasets were 2 (*9), 7/8 (*97) and 2/5 (*9),

respectively. Here, in the case of micropred and active-site

datasets, the two numbers were found to be best during

model selection via inner CV (as described in the experi-

mental design) while a single optimal imbalance ratio was

found for other two datasets.

We have compared our results to the best available

results for publicly obtained datasets. However, it is note-

worthy to mention that for some of these methods there

were strong differences in experimental design.

Table 1 shows the four performance measures over all

datasets. We can observe that the proposed undersampling

approach with weighted-SVM has a very consistent per-

formance compared to the weighted-SVM approach using

all of the data. Weighted-SVM using all of the data was

affected by the imbalanced nature of data. This can be

inferred when looking at the difference in sensitivity and

specificity. The proposed undersampling approach led to

the balanced sensitivity and specificity in most of the cases

considered. We also observe that even Gmean is affected

by the comparatively high specificity with respect to sen-

sitivity. The results for the datasets Active-site and Xwchen

are perfect examples showing the failure of the weighted-

SVM without our proposed undersampling procedure.

Hence, it is necessary to compare the results of different

methods by looking at the three measures namely, Gmean,

sensitivity, and specificity.

We can observe that for Micropred dataset, the proposed

approach led to both better Gmean and sensitivity. It has

improved the Gmean and sensitivity by *6 and *10%,

respectively compared to the prior best result (Batuwita

and Palade 2009a). It is noteworthy to mention that the best

result in Batuwita and Palade (2009a) was obtained using

fewer features. When using all 48 features, SE = 80.32%,

SP = 98.71% and GM = 89.04% were reported. For the

Xwchen-data (Chen and Jeong 2009), weighted-SVM

using all of the data provided the best specificity but at the

cost of low sensitivity and Gmean. The proposed approach

provided higher Gmean and sensitivity. For the Active-site

and Cysteine data, the proposed approach led to improved

performance in terms of sensitivity and Gmean.

Conclusion

In this paper, we have presented a new deterministic

undersampling technique, and evaluated its performance
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over four datasets. We have compared the proposed algo-

rithm with the weighted-SVM on all datasets and also with

previously available best results for two of the four datasets

where comparisons were appropriate to methods used in

the public domain. We observed that the proposed tech-

nique either led to better or at least competitive Gmean and

sensitivity with respect to weighted-SVM. Among the two

SVM-based approaches, the proposed method was more

stable in terms of sensitivity and specificity as for some

datasets, the weighted-SVM approach led to higher speci-

ficity compared to low sensitivity and improved Gmean

value. Our results indicate that using a weighted-SVM is a

useful option for unbalanced datasets. An undersampling

approach with weighted-SVM is a better option for clas-

sification using imbalanced data as the training a model

based on all of the data given computational requirements

for the latter approach.
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