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Abstract Multi-label text classification is an application of multi-label learning where each example is related to more 

than one label.  In reality most applications such as text categorization, a news document could be related to more than 

one subject such as “politics”, “finance” and “science”. Multi-label text classification has to manage the issues of 

dimensionality, label correlation, over-fitting and class imbalance of the datasets. Class imbalance problem has being 

investigated by machine learning researchers and is the situation when the number of instances of one class is higher 

than the instances of other classes for single label and multi-class datasets. In most real time applications, the class with 

lesser number of instances is most important. The imbalance problem thus escalates whenever the class of priority is 

relatively rare. The cost of misclassifying the minority class is much in comparison with the cost of misclassifying the 

majority class. Class imbalance can be dealt by data preprocessing - sampling, cost sensitive learning and algorithmic 

ensemble methods. In multi-label datasets if we balance one label it may unbalance another one. This paper has 

implemented a per-label sampling to avoid this situation. This paper proposes an algorithm to avoid the dangers of 

imbalance in classification in multi-label datasets. The multi-label dataset is transformed using binary relevance and 

for each label the class imbalance is verified and the dataset is balanced. The K- nearest neighbour algorithm is the 

learning algorithm for classification of each label and the   output of all the classifiers for each label are combined to 

predict a full set of labels for a given instance. The main feature of this algorithm is incorporating the solution to class 

imbalance by resampling it before classification, thus avoiding an imbalanced prediction. Imbalanced datasets are 

evaluated on appropriate performance metrics, as accuracy is not the right metric for evaluating imbalanced data. 

Precision, recall, F-measure and Area under ROC are some of the metrics to be considered for evaluating imbalanced 

data. This paper in addition compares the KNN algorithm with other state-of-the-art machine learning algorithms to 

monitor its performance.  

Keywords —Multi-label text classification, multi-label learning, K-nearest neighbor, Binary relevance, problem 

transformation method   

I. INTRODUCTION 

Multi-label learning (MLL) is about instances which belong 

to more than one class at the same time, for example a text 

document can be about more than one  subject such as 

finance and politics and this is the reality in the real world 

applications [2]. Taking into consideration the instance 

space of the d-dimension X = Rd(or Zd), and Y = {y1, y2, . . 

yq} which denotes the target variables, which is the label 

space that has q possible class labels. The focus of the 

multi- label learning to is derive a function h: X → 2Y  by 

training D = {(xi,Yi) | 1 ≤ i ≤ m} which is the dataset of 

multi-labels. For every multi-label example (xi,Yi), xi ∈ X is 

a d-dimensional feature of vector (xi1, xi2, . . . , xid) and Yi⊆ 

Y represents the set of the labels that are associated with xi. 

For any particular instance that is new x ∈ X, is the multi-

label classifier h(·) that predicts h(x) ⊆ Y as the proper set 

of labels for x. 

The majority of the papers on multi-label classification 

focus on the correlation of labels. Another prominent issue 

of machine learning is class imbalance, where class labels 

assigned to each instance is not evenly represented. Most 

multi-label datasets (MLDs) have to deal with a large level 

of imbalance according to expert literature. According to 

literature the imbalance issue is dealt by adapting 

classification algorithms, ensembles of classifiers, re-

sampling and cost sensitive techniques. The cardinality and 
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density measure which signify the multi-label dataset may 

not be enough to decide the imbalance level. 

Classification of imbalanced dataset show reduced 

performances on marginal class due to the following 

reasons: a) The objective of any classification algorithm is 

to diminish the overall error rates. b) The class distribution 

is assumed to be equivalent. c) The misclassified error rates 

of all the classes are considered to be alike. The imbalance 

issue in single label and multi-class datasets is well 

researched but the issue becomes complex for a multi-label 

dataset. In multi-label datasets if we balance one label it 

may unbalance another one. This paper has implemented a 

per-label sampling to avoid this situation. 

This paper uses the problem transformation method to solve 

the multi-label classification problem and using the binary 

relevance method. A binary classifier is constructed for 

each label.  The class imbalance can be identified at this 

juncture from the number of positive and negative instances 

obtained. The imbalance level in a dataset is measured as 

the ratio of the number of samples of the common class and 

the number associated to the marginal class called the 

imbalance ratio (IR) [25]. A greater value of IR indicates a 

larger imbalance level. In binary and multi-class 

classification the imbalance problem is solved using data 

preprocessing and is done by rebalancing or re-sampling  

the class distributions by either removing instances of the 

most frequent class (under sampling) or including new 

instances of the least frequent one (oversampling) [25].  

The benefit of the preprocessing approach is in its 

generality to solve the imbalance problem, independent of 

the classification algorithms. This technique is suitable for 

binary class but not for multi-labeled datasets directly 

which require special techniques which have been proposed 

in literature [25] [26].   

The paper is structured as follows; Section 2 is about 

literature review of related approaches used by other 

researches to handle the multi-label problem and class 

imbalance issue; Section 3 briefly describes some of the 

problem transformation methods and Section 4 describes 

some of the multi-label evaluation metrics; Section 5 is the 

proposed algorithms methodology; Section 6 describes the 

algorithm and Section 7 discusses the experimental set up 

followed by results and conclusion. 

II. LITERATURE REVIEW 

The problem of multi-label learning is very challenging due 

to the exponential number of possible label sets that are to 

be predicted for an unseen instance.  The output size is 

normally very huge including the label space. Consider a 

label space that has class labels, 20 in number, where q = 

20, the possible label set number may exceed one million 

which will be 220. This shows the enormity of the 

dimension to be handled. The issue of correlation among 

labels is dealt by three different approaches which are on 

the basis of the order of correlation that is needed for the 

techniques of learning that are used [1].  

First-order strategy: The multi label learning task in first 

order is managed label-by-label and the coexistence has 

been ignored with that of other labels [1]. First-order 

approaches deal with multi-label learning problem by 

transforming it into a several of independent binary 

classification problems. A set of „q‟ functions {f1, f2… fq}, 

are learned, for every class label [8] [12]. The functions can 

be induced by learning techniques such as decision trees 

[13] ,k-nearest neigbbour [8], Adaboost [14] etc.  

Majority of the studies on multi-label learning focus on text 

classification  and the algorithms were derived from 

established learning techniques such as probabilistic 

generative models [19] [20], boosting methods [15], 

decision trees [21], ´ maximum entropy methods [16], 

kernel methods [17], bayes decision rules [22], neural 

networks [23], k-nearest neighbor methods [8], and 

discriminative methods [24].  

First-order approaches are conceptually simple, efficient 

and easy to execute, while may be less successful due to 

their lack of knowledge of label correlations. 

Second-order strategy: Multi-label learning is handled by 

taking into consideration relations among pairs of labels 

and gives a rank between relevant and irrelevant labels. 

This type of a strategy gives a better performance [1].  

Second-order strategy considers undertaking multi-label 

learning problem by pair-wise associations between labels. 

A set of q functions {f1, f2,..., fq} are learned by 

investigating the interactions between a pair of functions fk. 

and their co-occurrence patterns [16] or their ranking 

constraints [17] [18]. Second-order approaches tackle label 

correlations to a small extent and are fairly effective, while 

the short fall is from the fact that label correlations could go 

beyond second-order under real-world scenarios 

High-order strategy: The high order relations that exist 

between labels are considered along with the influence of 

one label on another. The high order approach has a 

improved correlation modeling than the second and first 

order strategies but the computation is more complex and 

cannot be easily scaled [1]. 

LIFT [9] is an algorithm proposed by Min-Ling Zhang 

which constructs specific features for each label by cluster 

analysis on its instances that are positive and negative. Then 

training and testing are performed by  questioning the 

clustering results. Sixteen different datasets are 

experimentally evaluated to verify the efficiency of LIFT 

compared to other available multi-label learning algorithms. 

A potential drawback of Binary relevance is inconsistency 

(when an instance is associated to more than one label or 

class) which is overlooked while creating  multi-label 

learning models and this is taken care of by Jun Huang et 
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al., [10]. The assumption is that a label is related to only a 

fraction of features from the original subset of features and 

correlation between labels is also taken into consideration.  

The proposed method is used as feature selection to 

improve binary classifiers. 

Zhang, Min-Ling, and Kun Zhang [11] have devised a 

practical approach to discover a network structure for 

encoding the conditional dependencies among the labels 

and the features.  Problem transformation method of 

splitting the multi-label problem into single label is done 

and the parent labels are incorporated as features and a 

classifier is built using the additional features.  Label sets 

using a recursive technique unseen examples are predicted 

based on the ordering of the labels which are obtained from 

the network and competitive results are obtained. 

Francisco Charte et al.(2013) in their paper introduce two 

measures meant to find information about the imbalance 

level in multi-label datasets, as measures to deal with this 

issue are rare. They have in addition designed two pre-

processing methods to reduce the imbalance level in multi-

label datasets. They have validated its effectiveness 

experimentally. They have also analysed when these 

methods have to be applied depending on the characteristics 

of the datasets [25] [26]. 

Min-Ling Zhang et al. (2015) have proposed a new multi-

label learning approach named Cross-Coupling 

Aggregation (COCOA) which takes advantage of the label 

correlations as well as the exploration of class-imbalance 

issues. The predictive model is induced on each class label, 

a binary-class imbalance learner for the current label and 

many multi-class imbalance learners coupled with other 

labels are combined for prediction. The proposed strategy is 

validated for its efficiency by extensive experiments [27]. 

A common thread that runs through [10, 11, 25-27] is the 

issue of class imbalance and the different ways they have 

been addressed. This paper explores a methodology similar 

to the LIFT [9] approach, and uses the K-Nearest neighbour 

classifier algorithm instead of the K Means clustering, and 

the highlight is the addition of evaluating the class 

imbalance and the process of correcting it. The imbalance 

issue is rectified by data preprocessing, using random under 

sampling (deleting instances of the most frequent class) or 

over sampling (adding instances to the least frequent class).  

III.  MULTI-LABEL CLASSIFICATION METHODS  

The methods of Multi-label classification are as follows: 

(a) Problem transformation  

 (b)Algorithm adaptation 

Some of the problem transformation methods are Binary 

relevance, Classifier chain [5], Pruned set [6] and Random 

K label Power set [7]. ML-KNN [8] and AdaBoost are 

algorithm adaptation methods [3] [4].  

BR or Binary Relevance is a less complex method of 

problem transformation which is easy to implement. The 

prediction of every label is considered as a binary 

classification task and ignores the label independence. It 

builds a set of binary classifiers for every label set. The BR 

predicts the unseen instance as the union of the labels which 

each classifier predicts positively. The assumption that the 

assigned labels for each example are independent is the 

only drawback of this approach [28]. 

IV. EVALUATION METRICS 

Multi-learning algorithms have complicated performance 

evaluation measures, as each instance is associated with 

multiple classes at the same time and the measures used in 

single label text classification cannot be applied directly. 

Some of the measures are as follows. 

Example-based Measures 

Accuracy: Accuracy[2] measures if the actual true label Yi 

is close to a label that is predicted Zi. It denotes the average 

of the ratio of union as well as the intersection of the label 

sets both predicted and actual which are taken for every 

example  

Accuracy= 
 

N

i ZiYi

ZiYi

N 1

1

 
Precision: Precision [3] [4] is defined as the percentage of 

positive examples that are true belonging to all examples 

that are classified under the category of positive by a 

classification model.  

Precision= 


N

i Zi

ZiYi

N 1

1
 

Recall: Recall [3] [4] denotes that fraction of instances that 

are predicted positive to the actual  true as well as positive 

instances. 

Recall= 


N

i Yi

ZiYi

N 1

1
 

 

F-Measure: The F-Measure also known as F-Score is a 

proper combination of both Precision as well as Recall. It is 

the harmonic average of the precision and recall. 

F-Measure= 
 

N

i YiZi

ZiYi

N 1

21
 

Subset Accuracy: The Subset Accuracy is one very 

restrictive metric of accuracy that considers one 

classification as right if all the predicted labels by classifier 

are right.  

Subset Accuracy=  



N

i
YiZiI

N 1

1

 

V. METHODOLOGY OF PROPOSED ALGORITHM 

The multi-label dataset is first transformed as Binary 

learning task similar to binary relevance. The first part of 

 (1) 

 (2) 

 (3) 

 (4) 

        (5) 
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the algorithm constructs from the original dataset, true 

instances of each label and the false instances of each label.       

This step enables to check the imbalance of the dataset from 

the number of positive and negative instances for each class 

using the imbalance ratio. Class imbalance is seen in most 

real-world classification problems, when each class is not 

represented by an equal portion in the dataset. It is important 

to adjust the evaluation metrics according to the final result 

or else a meaningless metric will be optimized. If a 

particular class is 90% of the dataset and another is 10%, in 

this scenario we can get an accuracy of 90% by simply 

predicting the major class, but this provides a useless 

classifier. On the contrary recall metric should be optimised. 

These scenarios often occur in the context of detection for 

abusive content online, or disease identification in medical 

data. A simple method to fix imbalanced datasets is done 

by oversampling instances of the minority class or under 

sampling instances of the majority class. Under sampling 

and over sampling depends on the amount of datasets 

available. If there is very large amount of data we can use 

under sampling and if the amount of data is too little we can 

opt for up sampling. This will prevent classifiers being 

biased to one class or the other. The drawbacks of this 

simple technique are that oversampling the minority can 

lead to model over-fitting and, under sampling the majority 

can leave out important examples that provide vital 

differences between the two classes. 

 This paper uses the K-Nearest Neighbour 

algorithm(KNN)  for classifying given a test instance. It is a 

lazy learning method which means that there is no precise 

training phase prior to classification. The generalising of the 

data is made on classification. The disadvantage is that the 

entire training set is kept in memory. This requires feature 

reduction to reduce the computational expense. The 

algorithm will parse through all data points for each 

classification and therefore smaller data-sets that do not 

have many features work best. In this paper the KNN is 

implemented in python using the following steps: 

 1. The first step is to compute a distance value between the 

test instance to be classified and every instance in the 

training dataset. 

2. The closest „k‟ data points are chosen (the instances with 

the k lowest distances) 

3. By conducting a “majority vote” with the chosen data 

points, the leading class in that collection is selected as the 

final classification. 

The Euclidian distance measure is used is compare the 

distance between the training and the test sets using the 

standard formula given in equation 6   

2

0

)(),( i

n

i

i yxyxE  


     

 

This algorithm is partly adapted from the LIFT [9] 

algorithm which used the K means clustering. This 

algorithm does not claim that it is the best procedure but is 

a simple process to identify the class imbalance and 

alleviate the problem through over sampling and under 

sampling. Two datasets from text domain have been used to 

experimentally evaluate. The Yelp dataset from the 

machine learning challenge contest which contains 676 

features and 8 labels and 1960 instances has been used.  An 

artificial dataset created by the author, and contains 12 

features, 10 labels and 1278 instances has also been used.  

Both the datasets are in attribute rich file format. The 

experiments are evaluated using python programming 

language version 7.  

VI. MULTI-LABEL CLASSIFICATION 

ALGORITHM TO ALLEVIATE CLASS IMBALANCE 

ISSUE 

Input: 

D= multi-label training set { (xi ,yi) | 1<=i<=m} 

Where (xi ∈ X, yi ⊆ Y ,X=Rd, Y={c1,c2,c3…. cq} 

B= Binary learner K nearest  

 dtest= unseen test set (dtest ∈ X) 

 

Output: 

Y= predicted label set for dtest (y ⊆ Y) 

 

Process: 

 Part I  

 (Construct a dataset, for each label ck by extracting its true 

instances and false instances from the original dataset and 

check for class imbalance)   

1. For k=1 to q do 

2.  Obtain the true and false instances for each label as 

follows 

Tk= {xi | (xi,yi) ∈ D, ck ∈ yi } 

Fk= {xi | (xi,yi) ∈ D, ck ∉ yi } 

3. Calculate imbalance ratio(IMb)  

IMb=max(|Tk|,| Fk |)/min(|Tk|,| Fk |) 

 

3.1 If IMb > 1 Then  

      If Tk <  Fk  go to 3.1.1  

Else 

Go to  3.1.3 

 

3.1.1 Up-sample: Resample the false class Fk with 

replacement to set the number of samples to equal that 

of the true class Tk 

3.1.2 Combine up-sample false class with original true 

class  

 

3.1.3 Down-sample: Resample the true class 

Tk without replacement, setting the number of samples 

to equal that of the false class Fk 

3.1.4 Combine up-sample true class with original false 

class  

Else 

Go to Step 4 

 

 (6) 
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Part II  

(Perform the KNN on Tk and Fk  for each label of the 

original set  and extract the nearest neighbours and build a 

new dataset for each label) 

Perform the K nearest neighbor as follows for Tk and Fk  

 

4. Load the dataset and give a start value for K (the 

number of objects close to the test instance) 

5. For obtaining the predicted class, iterate from 1 to total 

number of training data points 

5.1 Calculate the distance between test data (dtest) and 

each row of training data (Euclidean distance).  

5.2The distance is sorted in ascending order   

5.3Obtain the highest k rows from the sorted array 

which are the nearest neighbour  

5.4 Obtain the most frequent class   

End for 

Return the Predicted class Y  

VII. EXPERIMENTAL SETUP AND RESULTS 

The algorithm is of two sections, the first portion checks 

whether the dataset is balanced for each label and does 

necessary balancing and the second part is the 

classification. The first step is to load the multi-label dataset 

which is in ARFF (Attribute Rich File Format) format. The 

instances are constructed for each label from the existing 

dataset, by obtaining the true and false instances for each 

label according to equation 7.   

 

Tk= {xi | (xi,yi) ∈ D, ck ∈ yi } where Tk are the true instances 

with label ck 

Fk= {xi | (xi,yi) ∈ D, ck ∉ yi } where Fk are the false 

instances without  label ck 

 

Next the imbalance ratio,  IMb is calculated  according to 

equation 8 [27] 

 

IMb=max(|Tk|,| Fk |)/min(|Tk|,| Fk |) 

If the imbalance ratio is greater than one then the dataset is 

imbalanced and either upsampling (over sampling) or down 

sampling(under sampling) is done.  

Re-sampling is performed as follows  

a)  First select an instance from the minority class. 

b) Next calculate the distance between the test and 

training data and select nearest neighbours which belong to 

the minority class.  

c) Then calculate the line segment between the chosen 

point to its neighbor and new points are added along that 

line. These points are not an exact duplicate and the new 

data points lie within the general sub-space of the minority 

class. 

d) It is next added to the original false/minority class and 

thus balanced.  

At the end of step 3, the dataset is balanced for one label 

and the next step is the classification using the KNN 

algorithm which is implemented from steps 4 to 5. A start 

value is given for K (number of objects close to the test) 

and iteration from the start to the end of the training data 

points is done for the test data dtest. The Euclidean distance 

measure is used, which measures the distance between test 

data and training data. The K-Nearest neighbour algorithm 

will retrieve the top instances which are the nearest 

neighbours of the unseen instance.  This is repeated for 

each label.  The KNN uses a 10 fold cross validation which 

evaluates the estimator performance and random state of 7 

for shuffling the dataset is used. This is repeated for all the 

labels or classes to obtain the prediction. 

Table 1 and 2 is a consolidation of three metrics 

accuracy, average precision and recall for both the datasets 

using the KNN classification learning algorithm. 

 Table 3 and 8 is a comparison of the other state- of- the- 

art algorithms, Logistic regression (LR), Classification and 

Regression trees for machine learning (CART), Naïve 

Bayes (NB) and Support vector machines (SVM) and on 

the true and false training sets generated for each label from 

the original dataset after balancing the dataset.  It is 

observed that the artificial dataset which has lower number 

of features gives better results in comparison to the Yelp 

dataset. 

 
 TABLE I 

 

Eval  KNN on YELP dataset 

Metric 
Label 

1 

Label 

2 

Label 

3 

Label 

4 

Label 

5 

Label 

6 

Acc 0.6546 0.8383 0.5918 0.8061 0.9306 0.6689 

Av Pre 0.7851 0.433 0.3573 0.0729 0.2087 0.2221 

Recall 0.5497 0.0189 0.014 0 0.0047 0.4763 

 
TABLE 2 

 

Eval  KNN on artificial dataset 

Metric 
Label 

1 

Label 

2 

Label 

3 

Label 

4 

Label 

5 

Label 

6 

Acc 0.8498 0.9358 0.8608 0.8944 0.7864 0.8333 

Av Pre 0.8957 0.9721 0.8975 0.9642 0.8082 0.8814 

Recall 0.8461 0.9323 0.8495 0.912 0.7805 0.8193 

 
TABLE 3 

 

Accuracy  of Yelp dataset 

    Comparing Algorithms 

    LR KNN CART NB SVM 

Label 1 
Mean 0.7862 0.6546 0.6168 0.8684 0.7082 

Std dev 0.02 0.0426 0.0409 0.0303 0.0296 

Label 2 
Mean 0.8133 0.8383 0.7724 0.2995 0.8536 

Std dev 0.0199 0.0227 0.0293 0.0273 0.0263 

Label 3 
Mean 0.8199 0.5918 0.7342 0.3709 0.8291 

Std dev 0.0251 0.0807 0.0321 0.0381 0.0297 

Label 4 
Mean 0.7577 0.8061 0.7602 0.577 0.8056 

Std dev 0.0376 0.0387 0.0265 0.1035 0.0399 

Label 5 
Mean 0.9255 0.9306 0.9046 0.4403 0.9306 

Std dev 0.015 0.0226 0.021 0.0307 0.0226 

Label 6 
Mean 0.6934 0.6689 0.6546 0.4469 0.6673 

Std dev 0.024 0.0362 0.0313 0.0468 0.0356 

Label 7 
Mean 0.6929 0.5954 0.6786 0.6531 0.598 

Std dev 0.0277 0.0276 0.0172 0.0263 0.0248 

 (7) 

 (8) 
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TABLE 4 

 

Accuracy of Artificial dataset 

    Comparing Algorithms 

    LR: KNN: CART: NB: SVM: 

Label 1 
Mean 0.6541 0.8498 0.9046 0.6135 0.6339 

Std dev 0.0401 0.0499 0.0568 0.0264 0.0521 

Label 2 
Mean 0.9139 0.9358 0.9781 0.8842 0.8983 

Std dev 0.0188 0.0163 0.0059 0.0271 0.0241 

Label 3 
Mean 0.7809 0.8608 0.9202 0.7504 0.7575 

Std dev 0.049 0.0549 0.0542 0.037 0.0674 

Label 4 
Mean 0.8686 0.8944 0.9382 0.8318 0.8443 

Std dev 0.0146 0.029 0.0307 0.0199 0.0146 

Label 5 
Mean 0.7105 0.7864 0.8247 0.716 0.7167 

Std dev 0.0204 0.0358 0.0367 0.0175 0.0206 

Label 6 
Mean 0.802 0.8333 0.8991 0.712 0.7747 

Std dev 0.0174 0.0292 0.0305 0.0162 0.0121 

Label 7 
Mean 0.7778 0.8004 0.8435 0.7723 0.7652 

Std dev 0.0284 0.0516 0.0658 0.033 0.0247 

 
TABLE 5 

 

Recall  of Yelp dataset 

    Comparing Algorithms 

    LR: KNN: CART: NB: SVM: 

Label 1 
Mean 0.8495 0.5497 0.7462 0.2695 1 

Std dev 0.0248 0.0733 0.0291 0.0577 0 

Label 2 
Mean 0.5744 0.0189 0.6077 0.6096 0.009 

Std dev 0.0369 0.0178 0.0362 0.0826 0.0099 

Label 3 
Mean 0.4824 0.014 0.4765 0.8419 0 

Std dev 0.0342 0.0198 0.0608 0.0399 0 

Label 4 
Mean 0.1953 0 0.3716 0.5179 0 

Std dev 0.1134 0 0.1317 0.1576 0 

Label 5 
Mean 0.2867 0.0047 0.3967 0.7071 0 

Std dev 0.0504 0.0095 0.067 0.0646 0 

Label 6 
Mean 0.3975 0.4763 0.3241 0.8799 0 

Std dev 0.1011 0.0893 0.0514 0.0464 0 

Label 7 
Mean 0.2249 0.0389 0.1614 0.8388 0 

Std dev 0.068 0.0339 0.0892 0.0832 0 

TABLE 6 

 

Recall of Artificial dataset 

    Comparing Algorithms 

    LR: KNN: CART: NB: SVM: 

Label 1 
Mean 0.6365 0.8461 0.8952 0.6008 0.678 

Std dev 0.0457 0.037 0.0513 0.0589 0.0655 

Label 2 
Mean 0.9228 0.9323 0.9718 0.8992 0.9158 

Std dev 0.0452 0.0202 0.015 0.0521 0.0536 

Label 3 
Mean 0.7808 0.8495 0.8996 0.7616 0.7379 

Std dev 0.075 0.0926 0.0953 0.0821 0.0677 

Label 4 
Mean 0.8841 0.912 0.9372 0.8537 0.8561 

Std dev 0.0774 0.0734 0.0619 0.073 0.0504 

Label 5 
Mean 0.7195 0.7805 0.7946 0.7235 0.7206 

Std dev 0.0643 0.048 0.0642 0.0559 0.0336 

Label 6 
Mean 0.7968 0.8193 0.8641 0.6791 0.7571 

Std dev 0.0218 0.0477 0.04 0.1021 0.0581 

Label 7 
Mean 0.7828 0.791 0.8155 0.778 0.7714 

Std dev 0.0487 0.0602 0.0751 0.0601 0.0687 

 

 

 

 

TABLE 7 

 
Average Precision  of Yelp dataset 

    Comparing Algorithms 

    LR KNN CART NB SVM 

Label 1 
Mean 0.8845 0.7851 0.7785 0.8247 0.8985 

Std dev 0.0348 0.0334 0.0293 0.0471 0.0341 

Label 2 
Mean 0.6518 0.433 0.5233 0.5588 0.6602 

Std dev 0.0384 0.0243 0.0285 0.0382 0.0558 

Label 3 
Mean 0.57 0.3573 0.4032 0.4185 0.6045 

Std dev 0.0539 0.0382 0.0504 0.0463 0.0703 

Label 4 
Mean 0.2991 0.0729 0.1586 0.0685 0.3659 

Std dev 0.1411 0.0219 0.0581 0.0238 0.1435 

Label 5 
Mean 0.3291 0.2087 0.2822 0.3209 0.3768 

Std dev 0.0633 0.0498 0.0534 0.0675 0.0711 

Label 6 
Mean 0.4454 0.2221 0.2026 0.1962 0.4785 

Std dev 0.0769 0.0355 0.0257 0.0314 0.0896 

Label 7 
Mean 0.2712 0.1581 0.157 0.1562 0.2801 

Std dev 0.0669 0.0354 0.0309 0.0265 0.0648 

 
TABLE 8 

 
Average precision  of Artificial dataset 

    Comparing Algorithms 

    LR: KNN: CART: NB: SVM: 

Label 1 
Mean 0.6568 0.8957 0.9615 0.6301 0.6574 

Std dev 0.1299 0.0671 0.0816 0.1379 0.1047 

Label 2 
Mean 0.9663 0.9721 0.9913 0.9378 0.9621 

Std dev 0.0208 0.0177 0.0158 0.0385 0.0225 

Label 3 
Mean 0.8539 0.8975 0.9453 0.8169 0.8543 

Std dev 0.1013 0.0802 0.109 0.1059 0.0908 

Label 4 
Mean 0.955 0.9642 0.9841 0.9122 0.9185 

Std dev 0.025 0.021 0.0257 0.0522 0.058 

Label 5 
Mean 0.8181 0.8082 0.9219 0.773 0.7895 

Std dev 0.0288 0.0788 0.074 0.0264 0.0478 

Label 6 
Mean 0.8692 0.8814 0.9533 0.8153 0.8337 

Std dev 0.0372 0.0541 0.0709 0.0439 0.0416 

Label 7 
Mean 0.8004 0.8364 0.9222 0.7774 0.8517 

Std dev 0.0256 0.0595 0.0852 0.0285 0.0386 

VIII. CONCLUSION 

Machine learning enables to perform important jobs in a 

feasible and cost effective way by generalizing from given 

training data. If the data is not balanced it creates an illusion 

of a classifier which is inaccurate. The class imbalance 

issue is one among several parameters which will affect 

evaluation metrics of the classifier. In this paper an 

algorithm is proposed which aims at maximizing the 

awareness of class imbalance in a dataset in order to create 

a more efficient learning algorithm for multi-label 

classification.  A binary-class imbalance is explored for 

each label of the multi-label dataset coupled with a KNN 

learner for each label and the prediction of all the labels are 

aggregated. This algorithm uses the traditional binary 

relevance problem transformation method on account of its 

simplicity. A simple strategy is used to check the imbalance 

of the dataset using imbalance ratio, which is rectified by 

oversampling for the minority class and under sampling for 

the majority class.  Though this algorithm may not be the 

ideal solution for improving classification, the important 

fact is that it gives insight into the class imbalance state of 

the dataset before any machine learning algorithm is 

applied and prevents the creation of an erroneous classifier. 

Five learning algorithms are evaluated on accuracy, recall 

and precision. The comparison of other learning algorithms 

is just a corollary of the main feature of the paper which is 
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to leverage the class imbalance issue in multi-label datasets 

while performing classification.  

The scope of the algorithm is not to increase accuracy 

measure of classification but to choose appropriate 

performance metrics for datasets which exhibit imbalance. 

The lack of balanced datasets in real time justifies the need 

for the right performance metric to evaluate imbalanced 

datasets. 
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