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Abstract: Ordinal data classification presents a complex challenge of training a model to
correctly categorize observations within ranked data. However, real-world datasets utilized
in ordinal classification frequently exhibit imbalanced class distributions, which pose a
persistent obstacle in accurately classifying ranked data. The class imbalance issue often
results in a bias toward majority classes within most classification models, leading to
reduced accuracy and precision for minority classes. Additionally, successful
implementations of classification models in finance sector with imbalanced classes remain
limited.. Hence, this research paper introduces an innovative approach involving a hybrid
class balancing technique followed by the utilization of Support Vector Machines (SVM) as
the classifier for classifying mutual fund rating that are ordinal in nature. The study
comprehensively compares the proposed hybrid SVM model and ordinal logistic regression
in imbalanced data. Furthermore, the research extends its application to predicting mutual
fund ratings and other relevant ordinal class data scenarios. Through empirical
investigations conducted on both artificial and real-world datasets, including an application
in Mutual fund rating analysis, this research establishes the efficacy and practical utility of
the proposed approach.
Based on an empirical experiment, we assess the effectiveness of SVMs in identifying mutual
fund ratings, along with implementation resampling methods typically utilized to tackle class
imbalances.
Keywords: Mutual funds classification, Unsupervised learning, weighted SVM, Imbalanced
data, Ordinal data, Resampling methods
INTRODUCTION
Ordinal data classification, also known as Ranking Learning, constitutes a significant
supervised problem encompassing both the classification and regression domains. Within the
realm of ordinal rank regression, the primary objective is to allocate data into finite collection
of ordered categories. For instance, consider an assessment of students' performance using
grades A, to E, arranged in a specific order (A > B > C > D > E) [9]. The field of ordinal
regression, or ordinal classification, has garnered growing interest primarily due to its
relevance in learning-to-rank and reviewing product rating applications.
Though there is significant research towards classifying ordinal data with balanced classes,
the imbalanced data with unequal sample size possess a major challenge for the classifier to
rightly predict the ordinal class. Imbalanced ordinal data is a common occurrence in real-
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world scenarios, requiring the application of specialized solutions and techniques to consider
the order of data and rectify class distribution disparities. Ordinal regression stands apart
from traditional classification, primarily owing to the intrinsic order and hierarchy of its
categories.

SUPPORT VECTOR MACHINES(SVM) For Classification Modelling: SVM is a
supervised learning method which can be used to handle both regression and classification
tasks (Vapnik, 1998). By utilizing various algorithms and kernels, SVM enables effective
data analysis for both classification and regression purposes (Cortes and Vapnik, 1995). One
such algorithm, Support Vector Classification (SVC), is designed to determine the optimal
separating hyperplane, particularly for linearly separable cases (Burbidge and Buxton, 2001).
However, in scenarios where perfect separation between classes is not possible, SVM kernel
methods are employed. Commonly used kernels in SVM include polynomial, quadratic, and
radial basis functions.
Let's look at an case of a two-class binary classification problem represented as {( 1, 1),(
�2, �2), . . . ,( ��, ��)}, where ��∈ �� denotes data points in n-dimensional space and �� ∈
{−1, 1} denotes class to which the data point belongs, for i = 1, . . . , k. Finding the best
separating hyperplane to efficiently separates these data points into respective classes is the
goal of the SVM classifier learning technique. To improve class segregation, the data points
are first transformed using a non-linear mapping function Φ into a feature space of higher
dimension, which is represented by,

� · Φ(�) + � = 0 (1)
In this case, the weight vector is perpendicular to the hyperplane is denoted by . When the
dataset is linear and completely separable, the following optimization problem centered on
maximizing the margin may be utilized to identify the hyperplane that obtains the highest
margin (thereby improving generalization capacity).:

min(1 . )
2

s.t ��(� · Φ(��) + b) ≥ 1
i=1,….,k (2)

Class imbalance impact on Support Vector Machines (SVM):
SVM classifier determines the ideal α � for each datapoint xi to maximize the margin β
between the hyperplane and the closest data instances to it, given a kernel function K and a
set of labelled instances ������ =(�, �)� . For a new instance x of test data, a class prediction
is made using:

sign {�(�) = ∑� ( , ) + } (3)

where b is the threshold. The primal Lagrangian for 1-norm soft SVM minimize is given
below
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Where ��≥0 and ��≥0. Here C the penalty constant represents the trade-off between the
margin and empirical error ��. �� must satisfy the below conditions to satisfy Karush-Kuhn-
Tucker test

0≤��≤ C and ∑� = 0 (5)

When an SVM model classifier is trained on a dataset with imbalance, the resultant models
often demonstrate a bias towards the majority class. Consequently, this bias can result in
reduced performance in accurately predicting instances from the minority class. Hence to
address this issue in SVMs, researchers have introduced a range of data preprocessing, class
balancing/resampling and algorithmic techniques.

Resampling methods:
By giving the classifier only a selected fraction of the available data, resampling aims to
alleviate the problem of one class being overrepresented. The basic idea is that until a certain
ratio of majority to minority examples is reached, either instances from the majority class
population are randomly removed (under-sampling) or instances from the minority class are
randomly duplicated (oversampling). Oversampling may have the disadvantage of making
the minority class's decision region too particular, which might result in overfitting problems.
SVMs with unbalanced datasets have been successfully trained using resampling strategies in
a variety of fields. The following: 10, 11, 12, 13, 14, 15, 16

LITERATURE REVIEW
The history of ordinal regression research, which is a case under limited dependent model,

can be dated back to 1980s when ordinal regression methods were first introduced. Ordinal
regression techniques were also developed in the 1990s because of machine learning
research. It has attracted a lot of attention lately due to its potential uses in a variety of
data-intensive fields, including protein ranking [8] in bioinformatics and ranking or ratings
[24] in the field of finance. Numerous machine learning classifiers have emerged or been
adapted to tackle the ordinal regression problem [33]. These include neural networks
employing gradient descent [7], [5], Gaussian processes [10], [9], [37], support
vector machines [21], [22], [24], [38], [11], [2], [12]], regression trees [25], Naive Bayes
[42], and binary classification approaches [16], [26]. These methods aim to decompose the
original ordinal regression problem into a series of binary classifications.
The support vector method, known for its effectiveness as a large-margin classifier [38],

[11], is adapted for ordinal regression tasks. It works by determining K-1 thresholds that
partition the data into K ordered categories. An important feature of this approach is that
the complexity of the optimization problem increases linearly with the number of training
examples
In this study, we use SVM classification model for imbalanced data and also apply it to

for mutual fund rating classification example. A SVM model is developed to avoid the
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majority ratings and improve the performance of the minority class rating by employing an
imbalanced dataset collected from Indian mutual funds and also tested on other datasets.
Additionally, this research seeks to examine.
1) How can we address the issue of skewed class ratings when dealing with multiple

classes?
2) The existing methods to address the imbalanced data in ordinal datasets.
3) How accurate is the SVM with both imbalanced and balanced datasets using linear and

RBF kernels
Support Vector Machines (SVMs) have emerged as a highly favoured machine learning

method, proving effective in solving a multitude of real-world classification challenges
across a broad class of fields [1- 6]. A SVM classifier model works as a discriminative
classifier, formally characterized by its ability to establish a differentiating hyperplane. In
simplified terms, in supervised learning scenarios where labelled training data is provided,
Support Vector Machines (SVMs) identifies and generates an optimal hyperplane. This
hyperplane acts as a tool to accurately classify new instances into separate categories.
Studies [30][31] show how SVM classifier for Ordinal data is better when compared to
Ordinal Logistic and Multinominal Logistic Regression. Also, the results from this paper
show an improvement of SVM accuracy when compared with Ordinal logistic/proportional
odds model [32] when applied to mutual fund data with imbalance

In this paper, we have organized the discussion as below: A overview of the literature on
class imbalance, SVM, and ordinal data is given in Section 2. The solution approach is in
Section 3, which also discusses the mutual fund dataset and the framework for the
suggested model. Section 4 presents and discusses the study's findings. The work is finally
concluded in Section 5, which also discusses its shortcomings and makes suggestions for
more research

1. PROPOSEDMETHODOLOGY
In this research work ,we attempt to evaluate SVM as a classifier for imbalanced ordinal

class data and test the same on how the classifier can accurately rate the Indian mutual fund.
Here we run an SVM classifier -a Supervised machine learning algorithm on selected 98
large cap mutual funds from Indian market and compare and validates if the given ratings and
the ML generated ratings fall in the same class. The model is also tested for two real world
data sets with before and after resampling techniques is applied to the datasets. The steps
followed are as follows.
A. Data collection and Resampling: - For this study we have taken a data set of 98 large
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cap equity mutual funds from Value research online website. The data set has information on
financial ratios of each fund, such as Alpha, Beta, Sortino Ratio, Standard Deviation, Sharpe
Ratio, and R-Squared along with ratings given by the analyst. Further among the 98 funds the
rating distribution is as follows: 7 funds have Rating 5, 24 funds have Rating 4, 31 funds
have Rating 3, 26 funds have Rating 2, and 10 funds have Rating 1.There is clear evidence
of class imbalance in this dataset with class 4,3, and 2 being majority classes and class 5 and
1 being minority classes thus any machine learning model would tend to favor majority class
proportion of observations reducing the accuracy. Therefore for any imbalanced datasets, a
correct balance of class distribution is required for better classification of ratings.
In general, there are some approaches to handling class imbalance problems which has

been already discussed in paper(30) and we apply the same resampling methods using and
hybrid strategy or a mixed class balance strategy method EM+GK Means where the EM
algorithm(Dempster et al., 1977) is used for under-sample the majority classes and GK means
(M. M. Hassan et al, 2021) is used to oversample or generate more instance of the minority
class. We then compare between results of the SVM classifier with Linear and Non-Linear
kernels on imbalanced data, and balanced data using EM+GK Means and conclude the
accuracy of the classifier. R software is used to implement the methods.
B. Model Building and Results
In this paper, Support vector machine algorithm is used to classify the funds into its rating
category and notice that the accuracy is very poor for the imbalanced data. Hence to reduce
the data skewness, we use the EM algorithm [3] to undersample majority classes 4,3 and 2
and oversample minority classes 5 and 1 using SMOTE accordingly. We then run the SVM
model.
Confusion Matrix for Imbalanced Class

1 2 3 4 5
1 5 0 3 0 0
2 0 3 2 0 0
3 0 0 9 29 0
4 0 0 1 37 0
5 0 0 0 8 35

Table- I: Evaluation Criteria for imbalanced class
Evaluation
Metrics \
Class

1 2 3 4 5

Sensitivity 1.00 1.00 0.6 0.5 1.00
Specificity 0.97 0.98 0.75 0.98 0.91
Precision 0.62 0.60 0.23 0.97 0.81
Recall 1.00 1.00 0.93 0.60 1.00
Balanced
Accuracy 0.98 0.79 0.67 0.74 0.95

EM and GK means: Due to its tendency to cause over-generalization when faced with a
substantial class imbalance and its limitations with high-dimensional data, the SMOTE
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algorithm in SCUT necessitates an alternative approach. Addressing these concerns, M.M.
Hassan proposed hybrid GK-Means- an method to oversample based on Gaussian
distribution and K-means method in 2001, demonstrating superior performance compared to
SMOTE.
Considering this, we introduce a novel hybrid class balancing technique that merges GK-
Means for oversampling with the EM algorithm for under sampling. This combined approach
aims to mitigate the class imbalance problem in our dataset more effectively. Since we have
98 samples in the original data set, we take a mean of 20 samples for each class. For minority
classes of 1 and 5, we use GK to oversample the data and create 20 instances of each class.
For majority classes 2,3 and 4 we use EM algorithm to draw 20 samples from each class and
then merge all the classes. Now we have 100 instances with 20 samples from each class thus
having a balanced dataset. Now on using K means clustering model on the new data set, we
observe that the new class balancing technique of combining EM and GK means gives a
better accuracy of 84% when compared to SCUT technique that gives only 77% accuracy
while the clustering accuracy on imbalanced classes is 67% accuracy. Also, from below
Table-III we notice that the various classification measures such as Specificity, Sensitivity,
Recall Precision, and F1 measures of the EM+GK means show higher performance than
SCUT. These results conclude that the proposed class balancing method solves the issue of
class imbalance and K Means algorithm can now cluster datapoints more accurately.
Table- III: Evaluation Metrics for SMOTE and EM

Evaluation
Metrics\Class 1 2 3 4 5
Sensitivity 1.00 0.9 0.88 0.74 1.00
Specificity 1.00 0.97 0.93 1.00 0.95
Precision 0.612 0.9 0.75 1.00 0.80
Recall 1.00 0.97 0.97 0.91 1.00
Balanced
Accuracy 1.00 0.93 0.91 0.87 0.97

Table IV below displays the overall accuracy p-value and class intervals for each class
balancing technique. The significance of the p-values is determined based on a threshold of
p<0.05, indicating statistical significance. Therefore, we can conclude that our results are
statistically significant and valid.

Table-IV: Metrics table for accuracy, p-values, Confidence intervals for each Class
Balancing Technique

Class Balancing Techniques
Evaluation
Metric\Kernel Imbalanced Class EM and GK Means

SVM
(Linear
Kernel)

SVM(RBF
Kernel)

SVM
(Linear
Kernel)

SVM(RBF
Kernel)

Accuracy (%) 65 59 85 90
p-value 0.04337 0.1098 0.0000007 0.00000032
95% CI (0.3833, (0.3292, (0.6211, (0.683,
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0.8579) 0.8156) 0.9679) 0.9877)
No
Information
Rate

0.4118
0.4118 0.2 0.2

We then apply the SVM classifier with hybrid resampling technique on Wine and Glass data
sets. These datasets have an ordinal output, and we notice the SVM classifier with our hybrid
resampling technique have a better accuracy compared to imbalanced dataset. Also, the RBF
kernel shows an improvement on accuracy over Linear. These results confirm that when
SVM classifier is used with EM and GK Gauss as resampling techniques, the results show an
improvement.

Imbalanced class
Accuracy(in %)

Balanced class
Accuracy(in %)

Datasets
# of
classes

SVM(Linear
Kernel)

SVM(RBF
Kernel)

SVM
(Linear
Kernel)

SVM(RBF
Kernel)

wine 6 57 67 59 69
Mutual
funds 5 65 59 85 90

Glass 6 63 70 66 74

2. FINAL REMARKS AND FUTURE WORK
In conclusion, this study successfully compares the hybrid Support Vector Machine (SVM)

model with ordinal logistic regression in handling imbalanced data, demonstrating the
strengths and limitations of each approach. The hybrid SVM model outperforms ordinal
logistic regression in certain imbalanced data scenarios, offering a more robust solution for
predicting ordinal outcomes. Furthermore, the study's extension to predicting mutual fund
ratings showcases the practical applicability of these methods in real-world financial data.
For future work, further refinement of the hybrid SVM approach could be explored,

particularly in handling even more complex or large-scale datasets. Additionally, extending
the model to other industries and datasets could provide deeper insights into its versatility and
robustness. Further comparisons with other machine learning techniques could also help in
identifying the most optimal model for various imbalanced classification problems.
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