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ABSTRACT

Classification of data becomes problematic due to class imbalance nature and classes having ordering
relationship. The main objective of this research is to improve the classification accuracy and maintain the
class order for nonlinear patterns in the context of ordinal classification. This work proposes a novel collinear
based modified sampling technique to strengthen the probable area of synthetic pattern. Experimental results
with data sets shows that, our proposed collinear based modified sampling yields better ordinal classification
performance in terms of accuracy and sensitivity compared with currently existing solutions. The performance
evaluation is conducted in terms of the parameters called Maximum Mean Absolute Error, Geometric Mean.
This technique provides an effective and efficient solution for imbalanced complex data sets.
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I. INTRODUCTION

The number of patterns between classes are deviating at the higher rate is known as class imbalance [1] [2]. Most
machine learning algorithms work well for equalized representative samples of each class. For such case, the
classifier classifies each class correctly. For skewed data set, classifier suffers to correctly classify minority class
samples [3]. Algorithmic level data level and cost sensitive approaches are three methods to tackle the imbalance
problem [4]. Data level approaches for class imbalance are Oversampling, under sampling and Hybrid sampling.
Algorithmic approaches for class imbalance are Cost based learning, Ensemble learning. Classification problems

are divided into two class problem, multiclass problem, and ordinal multiclass problem.
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I1. RELATED WORK

Data samples are one of the most important sources to do research activity especially in data analysis. Samples
are used to implement and test machine learning algorithms. The performance of the machine learning algorithms
is directly related to data samples. Machine learning algorithms work well with balanced data sets. Many real
world data samples are not balanced. Some of the examples are intrusion detection, natural disaster, least
performance prediction in educational data mining etc. Class which contains very limited amount of samples is
called as Rare events. But those rare events create very big impact. Predicting such rare events is crucial and
challenging task. Insufficiency of data, noise and concept intricacy are more responsible for imbalance problem.
The class imbalance problem arises from either between classes or within class [5]. [6] Author suggested focusing
on the structure and distribution of minority class samples gives more classification accuracy. New solutions are
required to tackle multiclass imbalanced and rare samples.[7] Authors concluded that pre-processing algorithms
to solve imbalance problem is better than algorithmic level approaches. Jaime S. Cardoso, Joaquim F. Pinto da
Costa [8] explained Eibe Frank and Mark Hall’s method of converting the original K-class ordinal problem into
sequence of k-1 problem lead to intersecting boundaries. To avoid the above mentioned issue, this work make use
of data replication method and converts the original ordinal problem into two class problem and mapped into
SVM and Neural network classifiers. Mean Absolute Deviation (MAD), Mean Square Error (MSE) values based
on numbers assigned to classes. Spearman and kendall’s tau-b co-efficient which exhibit the true relation between
the predicted class and the actual class, these two measures are also considered in addition with MAD and MSE.
Krzysztof Dembczynski , Wojciech Kotlowski and Roman Stowinski [9] proposed two algorithms Ordinal
Decision Rules based on Exponential Boosting (ORDER-E) and Ordinal Decision Rules based on Gradient
Boosting (ORDER-G). ORDER-E is a combination of AdaBoost and decision rules, in which decision rule is
generated in each iteration to minimize the loss with respect to set of conditions, decisions and thresholds.
ORDER-G is the development of gradient boosting algorithm in which the ensemble of decision rules to tackle
ordinal classification problem. ORDER-E outperforms other methods on Netflix data, but was the slowest,
ORDER-G is much more faster than ORDER-E, but it obtained moderate results, ORBoost strategy does not
work well with decision rule as a base learner. ORDER-E and ORDER-G are sensitive to parameters setting. The
performance measures are Zero-one Error (ZOE), Mean Absolute Error (MAE), Root Mean Square Error
(RMSE). Ling Li, Hsuan-Tien Lin [10] problem is converted into binary classification problem. Authors used
MAE as evaluation measure. SVM based algorithm suffer high computational complexity. Paul Martin, Antoine
Doucet and Frédéric Jurie [11] proposed binary before/after classifier to capture date of color images. MAE and
Acc are used as evaluation metrics. Phaiboon Jhonpita, Sukree Sinthupinyo and Thitivadee Chaiyawat [12]
applied ordinal classification approach to evaluate the financial status of non-life insurance companies in terms of
strong, moderate, weak and insolvency. Decision Tree learning algorithm J48 used in this work. Evaluation
measures are MAE, RMSE. [13] Proposed Graph-Based Approach for Over-Sampling in the Context of Ordinal
Regression. [14] Authors concluded that very few works carried out to handle imbalanced problem in the context
of ordinal classification or regression. [15] Proposed Oversampling using collinear patterns at the borderline

edges and this algorithm worked well in ordinal imbalanced datasets.
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111.PROBLEM DEFINITION

In multiclass ordinal imbalanced scenario, the samples are unevenly distributed in complex datasets. The
patterns are created in borderline increases classification accuracy degrades in terms of ordering relationship of
classes. Considering the path information maintains the ordering structure in between classes. Creation of new

patterns to address within class imbalanced problem is more changeling task. The proposed methodology

addresses this issue.

IV. PROPOSED METHODOLOGY

Our suggested technique is closely connected to Graph-Based Approach for Over-Sampling in the Context of
Ordinal Regression [13]. The authors [13] suggested that, path information is most useful to maintain the
ordering relation in between the classes. In ordinal graph-based over-sampling via interior shortest paths (OGO-
ISP) [13] creates synthetic patterns on the shortest paths interior class edges based on oversampling rate. Like
OGO-ISP, our proposed collinear based modified sampling technique constructs graph and find shortest distance.
Authors [15] proposed collinear based oversampling in the intra class edges. The variation in our proposed
technique compare with the works [13] [15] is instead of creating synthetic pattern using two seed patterns it uses
more than two surrounded patterns to strengthen the probable area of synthetic patterns in the interior class edges.

The proposed methodology is used to tackle the issue depicted in Fig. 1.
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Fig 1. Example of sample distribution for complicated dataset

4.1Algorithm Steps

The detailed procedure of oversampling with collinear patterns is given below:
Step 1: Select the class to be oversampled

Graph Construction
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Step 2: Create graph for the picked class
For ex, g be the index of the class we want to over-sample. Create graph Gq for class Cq based on

G, and G

three sub graphs G, , . G, , 004

Step 3: Construct Gq—l,q

For every pattern in g™ class, find its k-nearest neighbour in the g-1" class using the formula

N, (Xq, qul, K). Create edges.

For every pattern in g-1" class, find its k-nearest neighbour in the qth class using the

formula N, (X, ;, X, K). Create edges.

g-17

Step 4: Construct graph Gq_l'q with edges only those are common in
Ny (Xqa Xq,K) N Ny (Xq, Xy, K)
Step 5: Construct G, ,

For every pattern in g™ class, find its k nearest neighbours in the g™ class and create edges with these

neighbours

Step 6: Construct G, , , same like G, ,

Step7: Find the shortest path from G, ,t0G, ,; via G, , using Dijkstra’s algorithm for each vertex in G, ,

q,0+

Step 8: Select an edge from Gq’q based on oversampling rate that should be one of the shortest path edge
Creation of synthetic patterns

Step 9: Decide new synthetic pattern S b in between the 2 seed patterns

Step 10:Find 6-nearest neighbours for S p Xcept 2 seed patterns

From 6-nearest neighbours find number of minority and majority patterns

m'=Number of majority patterns
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m= Number of minority patterns
m'+m=6
Step 11 : If (3<=m<=6) And (Spand any2 minority patterns are collinear) And (Sp lies between any 2
minority patterns) then Accept S pas synthetic patterns
Else
Repeat step 8;
End

4.2 Dataset Characteristics

The goal of our experiments is to examine the new proposed method with the relevant work. The data set adopted

for our experiments are shown in Table I. The processed datasets are derived from [14].

Tablel. Nature of Data sets

Dataset Total number of Number of Attributes Total number of classes
patterns

Toy 300 2 5
wisconsin5 194 32 5
Bondrate 57 37 4
housing5 506 13 5
balance-scale 625 4 3
ERA 1000 4 9
triazines10 186 60 10
machinel0 209 6 10
Car 1728 21 4
ESL 488 4 9

4.3 Evaluation Measures

4.3.1 Information Retrieval

1 Q
IR = —Z IRq , Where Q =Total No. of classes
g=1
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4.3.2 IR for each class

Zj#q N;

j . Lot
IR, = where N ; is no. of samples in ] class

q
Q. Nq

4.3.3 Mean Absolute Error (MAE)
MAE is the average amount of deviation between predicted class label and actual class label.

1 & .
MAEq :N_;|O(yi)_0(yi )|
q i=

4.3.4 Mean Square Error
MSE is the average amount of squared deviation between predicted class label and actual class

2
Nq

MSE, = >(0(y)-0 (%)

q i=1
4.3.5 Mean zero-one error (MZE)
MZE = 1- Acc, Where Acc is accuracy or correct classification rate.

[15] Suggested that MAE, MSE and MZE measures are not adequate to evaluate ordinal classification. These are

measures are not suitable to maintain the class order accuracy.
4.4 Additional Measures for Ordinal Classification
4.4.1 Maximum Mean Absolute Error (MMAE)

[16] Proposed MMAE exclusively for ordinal classification. It considers the MAE value which has great distance

between true labels and predicted one.
MMAE=max{MAE ;g e{L..., Q}f

4.4.2 Geometric Mean Sensitivity

Q
Geometric mean of the correct classification rates for all classes, GMS:Ql_[Sq \Where
g=1

1 N
S¢= N Z:i“l 1(O(Y,)=0C(y,))) is percentage of correctly classified samples for the " class.
q
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4.4 Experimental Results

In our experiments, minority classes are identified using IR value lies higher than 1.5. Both overall accuracy and
per class accuracy are the vital factors for ordinal classification problem. We use the evaluation measures such as
Maximum-Mean Absolute Error (MMAE) and Geometric Mean sensitivity (GMS) for comparing the results
against the existing method. Support Vector Ordinal Regression with Implicit Constraints (SVORIM) is
considered as a classifier. The average MMAE and GMS values are considered by applying a holdout stratified
technique to divide the datasets 30 times, using 75 percent of patterns for training and 25 percent for testing.
Table Il. Shows the experimental results obtained after the experiment for the datasets which shows better

accuracy with high sensitivity.

Table 2. Experimental Results

SNo | Dataset Existing OGO-ISP OGO- ISP with Co-linear patterns
MMAE+SD GMS+£SD MMAE+SD GMS+£SD

1 toy 0.137+0.058 94.66+2.52 | 0.137+0.054 96.70+3.00

2 wisconsinb 2.094+0.345 0.00+0.00 1.978+0.369 1.94+9.21

3 bondrate 1.817+0.650 0.00+0.00 1.815+0.648 1.5048.21

4 housing5 0.431+0.066 73.26+3.88 0.428+0.066 74.06+4.12

5 balance-scale 0.109+0.054 93.76+2.52 0.107+0.054 94.77+3.27

6 ERA 2.139+0.275 0.70+3.86 2.138+0.273 0.76x4.70

7 triazines10 5.200+0.761 0.00+0.00 5.186+0.760 0.00+0.0

8 machinel0 2.753+1.213 0.00+0.00 2.780+1.271 1.00+3.89

9 car 0.101+0.047 96.28+1.88 0.096+0.032 97.77+1.89

10 ESL 1.028+0.437 31.58+30.19 | 2.780+0.667 33.60+31.00

V.CONCLUSION

The importance of ordinal classification exhibits in many real life applications. Real life applications are
imbalanced nature. The issues of ordinal classification problem tackled with traditional data level and
algorithmic approaches are not comfortable. To address the above said problem, OGO-ISP [13] with collinear

patterns is shown in this paper. The above said method, address the complicated sample distribution problem.
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We compared the MMAE and GMS values of our methods with OGO-ISP for ten data sets. Thus our proposed

method only oversamples patterns which have highest confidence and surety. Experiments indicate that our

method behaves better in terms of accuracy and sensitivity.
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