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ABSTRACT.   

This paper presents a binary classification scheme for 

investment class rating using support vector machine (SVM). 

The suggested SVM model is trained offline and takes twelve 

financial ratios as attributes from different standard 

investment companies as inputs and correctly classify whether 

it is a good investment grade or bad investment grade 

company as output.  The overall performance of SVM 

strongly depends on the regularization parameter C and kernel 

parameter σ. Hence, we propose the PSO based optimization 

technique using mean square error (MSE) as the fitness 

function to optimize the value of C and σ. The proposed 

scheme is implemented using Matlab and Libsvm tool. 

Comparison is made in terms of different performance 

measures like classification accuracy, sensitivity, specificity, 

precision, confusion matrix etc. From experimental results 

and analysis, it is observed that the proposed scheme has a 

superior performance as compared to SVM based approach 

without parameter optimization and neural network based 

scheme. 
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1. INTRODUCTION 
The investment class rating provides the investment 

worthiness of Corporate or Government bonds. Investment 

class rating is determined by different investment agencies. 

The investment class rating represents the investment class 

rating agency's evaluation of qualitative and quantitative 

information for a Company or Government; based on non-

public information obtained by the investment class rating 

agencies' analysts. 

Investment class rating is generally not based on mathematical 

formula. Instead, investment class rating agencies use their 

judgment and experience in determining what public and 

private information should be considered in giving a rating to 

a particular Company or Government. It is used by individuals 

and other entities that purchase the bonds issued by 

Companies and Governments to determine the likelihood that 

the bond issuer will pay its bond obligations. 

A poor investment class rating, which provides an investment 

class rating agency's opinion based on the agency's analysis of 

the entity's history and analysis of long term economic 

prospects that the Company, Government or the financial 

agency, has a high risk of defaulting. Investment class ratings 

are awarded by specialised agencies, the four largest rating 

agencies  being Moody's, S&P, Fitch Ratings, and DBRS. 

These four ratings agencies are recognized by the European 

Central Bank for the purposes of determining collateral 

requirements for banks to borrow from the central bank.  

In India, CRISIL is the most reputed global analytical 

company providing ratings, research, and risk and policy 

advisory services. They are the India's leading ratings agency 

and are also the foremost provider of high-end research to the 

world's largest banks and leading corporations.  

Investment class rating is costly to obtain due to large 

investment of time and human resources by rating agencies to 

perform investment rating process. Hence, a great deal of 

effort has been made to simulate the Investment class rating 

process through statistical and soft-computing methods. The 

complex relations between financial and other variables are 

evaluated using soft-computing methods such as Neural 

Networks (NNs), Fuzzy Systems, Evolutionary Algorithms, 

Artificial Immune Systems, and Hybrid Systems. The 

different methods offer different levels of classification 

accuracy for Investment class rating. 

During the last decade, Support Vector Machines (SVMs) 

developed by Vapnik etal have been used for solving 

classification problems with a greater degree of classification 

accuracy. Many variants of SVM have been introduced by 

different researchers worldwide. 

Investment class rating modelling is regarded as a 

classification problem. The rating process represents a 

subjective assessment of both quantitative and qualitative 

factors of a particular object. Very few attempts have been 

made for classification problem using SVM in investment 

class rating. So taking this into account in this paper, we have 

proposed a binary classification approach for investment class 

rating using SVM. It has been observed that from many 

instances the overall performance of SVM is completely 

based on the regularization parameter C and kernel parameter 

σ. So to obtain an enhanced performance further, we have 

proposed a PSO based optimization technique to optimize the 

value of C and σ. The rest of the paper is organized as 

follows. Section 2 elaborates the related work. Section 3 

presents the related background of SVM followed by the 

proposed binary classification scheme using SVM in Section 

4. The overall simulation is divided into a set of experiments 

and the results obtained are discussed experiment wise in 

Section 5. Finally, the conclusion is given in Section 6.  

http://en.wikipedia.org/wiki/Credit_rating_agencies
http://en.wikipedia.org/wiki/Credit_rating_agencies
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2. RELATED WORK 
The investment class rating modeling is considered to be a 

classification problem with the goal of classifying objects. 

Investment class rating is costly to obtain due to the large 

amount of time and human resources invested by rating 

agencies to perform the investment class rating process. There 

is a great deal of effort made to simulate the investment class 

rating agencies through statistical [1–3] and soft-computing 

methods [4, 5]. The difficulty in designing such models lies in 

the subjectivity of the investment class rating process. This 

subjectivity is accentuated as the particular modes in which 

complex relations between financial and other variables are 

evaluated. Such a complex process makes it difficult to 

classify rating classes through statistical methods. However, 

soft-computing methods such as neural networks [4, 5], fuzzy 

systems [6], evolutionary algorithms [7], artificial immune 

systems [8], and hybrid systems [9] have been applied for the 

modeling of such complex relations. As a result, high 

classification accuracy has been achieved, especially by NNs 

[8, 10] and support vector machines [9, 11]. 

In general, any kernel-based algorithm is composed of two 

modules, a general purpose learning machine and a problem-

specific kernel function [12]. Support vector machines 

represent an essential kernel-based method. Many variants of 

SVMs have been developed since SVMs were proposed, e.g. 

least squares SVMs and robust SVMs [12]. Concerning the 

problem of classification, other methods (NNs, fuzzy systems, 

etc.) have also been extended to incorporate maximizing 

margins and feature space mapping [1]. SVM are affiliated to 

NNs and create the category of so-called kernel machines [12 

- 14]. The main principle of SVMs consists in the creation of 

the decision hyper plane between classes, so that the margin 

between positive and negative patterns is maximized. More 

precisely, SVMs represent the approximate implementation of 

a structural risk minimization method [13]. This principle is 

based on the fact that testing error is limited, with the sum of 

training error and the expression depending on the Vapnik–

Chervonenkis dimension. Several literatures exist in 

computational finance area for classification and regression. 

In a nutshell, we have reviewed some of the relevant reported 

literature and presented in sequel. 

In 2010, Jan-Henning et al. [15] have proposed the relative 

performance between least-squares support vector machines 

and logistic regression models for default classification and 

default probability estimation. The financial ratios from a data 

set of more than 78,000 financial statements from 2000 to 

2006 are used as default indicators. The main focus of this 

paper was on the influence of small training samples and high 

variance of the financial input data and the classification 

performance measured by the area under the receiver 

operating characteristic. The resolution and the reliability of 

the predicted default probabilities were evaluated by 

decompositions of the Brier score. It was shown that support 

vector machines significantly outperform logistic regression 

models, particularly under the condition of small training 

samples and high variance of the input data. Further, in 2010 

Peter Hajek and Vladimır Olej [16] have presented the 

modeling possibilities of kernel-based approaches to a 

complex real-world problem, i.e. corporate and municipal 

credit rating classification. Based on a model design that 

includes data pre-processing, the labeling of individual 

parameter vectors using expert knowledge, the design of 

various support vector machines with supervised learning as 

well as kernel-based approaches with semi-supervised 

learning, this modeling was undertaken in order to classify 

objects into rating classes. The results showed that the rating 

classes assigned to bond issuers can be classified with high 

classification accuracy using a limited subset of input 

variables. This holds true for kernel-based approaches with 

both supervised and semi-supervised learning. Tony Gestel et 

al. [17] have proposed a support vector machine approach for 

credit scoring. In this reported literature they have proposed 

least square support vector machine to obtain a better credit 

scoring. Das & Padhy [18] have presented SVM based 

method for prediction of future prices in Indian stock market.  

It has been observed from the literature that SVM is a 

potential tool to apply in the field of investment class rating, 

which motivated us to propose a binary classification scheme 

for Indian Companies using SVM for investment class rating 

with PSO based parameter optimization technique.  

3. RELATED BACKGROUND OF SVM 
Support Vector Machine (SVM) methods are supervised 

learning algorithms first introduced by Vapnik [19]. Consider, 

a training set S consisting of labeled input vectors  ii yx , , 

mi ,...,1  where 
n

i Rx   and }1{iy . A classification 

rule or decision function, f can be specified by 

bxwxf  ,)( ,   (1)                                                                             

where, 
nRw and Rb , xw, is the inner product or 

scalar product between two vectors. The vector w is known as 

the weight vector, and the scalar b is called the bias that 

translates the hyper plane with respect to origin. The decision 

boundary is the hyper plane :nR{x }0,  bxw , 

where w is a normal vector to the hyper plane. The data for a 

two-class learning problem consists of objects labeled with 

one of two labels: positive examples with label (+1) and 

negative examples with label (-1).   

 

Thus the decision boundary of the classifier f is the boundary 

between the positive and negative regions and margin of a 

linear classifier is defined as the distance of the closest 

example to the decision boundary. A natural question is to 

choose a hyper plane from many choices of such separating 

hyper planes so that it will ensure correct classification not 

only for existing dataset, but also for any other examples 

unseen by the classifier at the training time. Hyper plane 

classifiers work better if the hyper plane separates the 

examples correctly with a large margin.    Hard margin SVM 

is the classifier with maximum margin among all classifiers 

that correctly classify all the input examples.  It can be shown 

that the margin is
w

1
, where w  = ww, . Thus to 

compute w and b corresponding to the maximum margin 

hyper plane, one has to solve the following optimization 

problem: 

 2

),( 2

1
wMinimize

bw

, subject to  1),(  bxwy ii  ; 

ni ,....,1 ,                               (2)  

Since minimizing 
2

w is equivalent to maximizing the 

margin. When the data are not linearly separable, and even if 

they are, a larger margin can be achieved by allowing the 

classifier to misclassify some points. The resulting margin 

known as soft margin generally provides better performance 

than the hard margin SVM. To incorporate larger margins, the 
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equation (2) can be modified as  ,1),( iii bxwy   

ni ,...,2,1 , where ,0i are slack variables that allow an 

example to be within the margin or to be misclassified. This 

leads to the soft margin SVM formulation [20] of (2) as 

2

),( 2

1
wMinimize

bw




n

i
iC

1

 , subject to 

,1),( iii bxwy  ni ,...,2,1              (3)   

The constant 0C sets the relative importance of 

maximizing the margin and minimizing the amount of slack. 

The dual formulation of the primal problem specified in 

equation (3) is obtained by using the Lagrange multipliers i

and is expressed as: 

jijij

n

i

n

j

i

n

i

i

mize xxyy
i ,

1 11

max

2

1
 

 

       (4)                                       

 subject to  (i) ,0
1




i

n

i
iy     and (ii) Ci 0                                                              

Then, the weight vector w   can be expressed in terms of the 

examples and the solution 
*
i of the above optimization 

problem as,  

ii

n

i

i xyw 
*

1




    (5) 

Choose an index i for which 
*
i > 0. Then b can be obtained 

as:  





n

j

ijjjiii xxyyxwyb
1

* ,,   (6)  

               

Then the classification rule f specified in equation (1) reduces 

to  

 bxxyxf
n

i

piii 
1

* ,)(    (7)                                                   

The ix  for which 0i  are called support vectors i.e. the 

points with positive Lagrange multiplier i are the support 

vectors. It is observed from equation (5) that w  is a linear 

combination of the support vectors alone. Thus the set of 

support vectors contains all the information about the dataset 

used by the SVM to learn a discrimination function. It is 

observed from equations (4), (6), (7) that learning a linear 

classifier and predicting the class of a new point only involves 

the points in the training set through their dot products. When 

the data are not linearly separable we cannot find a hyperplane 

which separate the two classes. However, the use of kernels 

make it possible to map the data to some inner product space 

known as feature space where the dot products of images of 

the input data can be computed and train a linear machine in 

such a space. A kernel is a function  

RXxXK :  such that for all Xxx ', (input 

space) satisfies:  

I. )'(),()',( xxxxK  , where   is a mapping 

from the input space X to an inner product space 

(feature space) F. 

 

II. K is symmetric and positive definite, that is, 

),'()',( xxKxxK   for any two objects Xxx ', , 

and 0),(
1 1


 

jij

n

i

n

j
i xxKcc , for any choice of 0n  

objects Xxx n ,...,1
, and any choice of real 

numbers Rcc n ,...,1
. 

Examples of some  frequently used kernels in practice are 

Polynomial, Gaussian etc.Thus, using some kernel, the SVM 

method in the feature space can be stated in the form of the 

following algorithm. 

 

Algorithm for General SVM 

 

Step 1: Choose a problem specific kernel K and find 

),...,( 1 n  that maximizes

),(
2

1

1 11
jijij

n

i

n

j
i

n

i
i xxKyy  

 

,  Subject to 

constraints: 

 (i) 0
0




i

n

i
iy   and (ii) Ci 0  for i =1 to n 

Step 2: Find an index i with Ci 0 , and set b as 

),(
1

i

n

j
jjji xxKyyb 



 . 

Step 3: The classification of a new object Xx is then 

based on the sign of the function 

bxxKyxf ii

n

i
i 



),()(
1

 . 

4. PROPOSED SVM BASED 

INVESTMENT CLASS RATING 
This section presents a SVM based approach to classify the 

investment class rating for Indian companies. The SVM 

model is trained offline using twelve attributes like 

profitability, liquidity etc.(described later) as input and 

correctly classify whether it is a good or bad investment grade 

entity.   

Performance measures are made in terms of classification 

accuracy, sensitivity, specificity, precision, confusion matrix, 

and F1 score. It is observed that the proposed scheme has a 

superior performance as compared to SVM based approach 

without parameter optimization technique and neural network 

based scheme. 

4.1 Data Collection and Preprocessing 
We have collected investment and business related data as 

well as company related data of about 900 companies in the 

financial year ending 2013. Credit ratings and financial 

parameters have been collected from the CRISIL database and 

CMIE database respectively. 

After data collection, it is found that certain data were 

incomplete i.e., for a particular company, certain attributes 

were not provided. That is why data preprocessing is required 

to prepare quality data. During data preprocessing/data 

preparation, outliers have been identified and removed or 

replaced wherever necessary. And also missing values are 

filled in manually with the most probable value or attribute 

mean. This is called data cleaning. Another preprocessing 

used is data scaling. All the data points are scaled to fall 

within a small, specified range. The main advantage of scaling 
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is to avoid attributes in greater numeric ranges dominating 

those in smaller numeric ranges. Another advantage is to 

avoid numerical difficulties during the calculation. Because 

kernel values usually depend on the inner products of feature 

vectors, e.g. the linear kernel and the polynomial kernel, large 

attribute values might cause numerical problems. 

For this experiment the training and testing data points are 

scaled into the range of [-1; 1] as the data points include both 

positive and negative values. 

In this experiment, initially we have taken 600 training 

samples and after that varied the training samples as 500, 450, 

300, 250 etc. to study the performance measure. Similarly we 

have taken 281 testing samples and varied the testing samples 

to study the performance measure. 

Table 1 shows the test data of the proposed approach. 

Table 1: A tabular representation of test data 

 

4.2 Proposed SVM based Investment Class 

Rating Approach  
The proposed architecture of SVM based binary classification 

is shown in Figure 1. 

 

Figure 1: Architecture of Proposed SVM based 

Classification Approach 

The following attributes chosen by considering the diversity 

of companies for credit rating classification are fed as the 

input to the SVM model: 

x1 = (current assets-current liabilities) / Total assets, 

x2 = Retained profits / Total Assets, 

x3 = EBDIT / Total Assets, 

x4 = Total Capital / Total liabilities, 

x5 = Sales / Total assets, 

x6 = current assets / Current liability, 

x7 = PBDITA / Total income, 

x8 = PBT / Total income, 

x9 = Cash profit / Total income, 

x10 = PAT/ Total assets, 

x11 = PAT /Capital employed, and 

x12 = PAT/ Net worth 

The proposed scheme for investment class rating using 

Support Vector classification technique is implemented using 

LIBSVM tool (supports SVC i.e., support vector 

classification). 

After data preprocessing, both the training and testing data set 

which are in xlsx format need to be converted to LIBSVM 

specific format. For this, MATLAB programming is done 

which converts the xlsx files to respective tool specific file. 

Once the training and test files are created, LIBSVM tool is 

used to create a model which is trained and tested with the 

training file and test file.  

If train file is train1 and test file is test1, following steps are 

followed to use LIBSVM tool. The command svm-train reads 

the training data file ‘train1’ and output the model file as 

‘train1.model’. Then svm-predict uses the model file 

‘train1.model’ to predict the test file ‘test1’. It produces 

output as ‘op’ and outputs the ‘classification accuracy’ and 

'number of correct classification’. The command svm-scale 

scales the input data file ‘train1’ and produces ‘train1.scale’ 

file. It then scales the test data file ‘test1’ and produces 

‘test1.scale’ file as output. In the next command svm-train is 

used to read the scaled training data file and it produces the 

model file ‘train1.scale.model' as output. 

Then svm-predict uses this scaled model to predict the scaled 

test file, ‘test1.scale' and stores output in 'scaledop' file. 

For complete analysis of the Binary Classification for 

Investment Class Rating using the proposed scheme, 

Algorithm 1 lists the steps of the proposed scheme. 

Algorithm 1: Proposed SVM based Binary Classification 

for Investment Class Rating 

Input: A training dataset containing twelve attributes 

related to ratios and parameters for the corresponding 

investment companies  

Output: Investment class rating classification accuracy 

Training Phase:  

1. Select a training dataset consisting of attributes (related 

to the corresponding investment company). 

2. Convert it into the format of the respective classification 

tool 

3. Train the tool using the training dataset. 

Testing Phase:  

1. Select a testing dataset consisting of same attributes as 

that of training  

2. Convert it into the format of the respective classification   

tool 

3. Classify the information of the testing dataset using the 

tool. 
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4.3 Proposed Parameter Optimization 

Using PSO 

In the present work, the SVM approach towards investment 

class rating is improved by optimizing the parameters of 

SVM. A genetic algorithm (GA) based approach has been 

proposed [21] to optimize the SVM parameters. Authors in 

[22] have also suggested a GA based approach for optimizing 

the SVM parameters. The PSO is utilized in this work for 

faster convergence and easier implementation. PSO has also 

fewer adjusting parameters than GA. PSO is discussed in a 

nutshell followed by detailed procedure of our proposed 

method in sequel.  

PSO is a stochastic optimization technique initially developed 

by Eberhart and Kennedy [23] and subsequently modified to a 

more generalized form [24, 25]. It is an evolutionary 

computation technique based on intelligent behavior of 

swarm. A swarm consists of particles, which represent the 

solution. They fly in a multidimensional search space. Each 

particle changes its position according to its own experience, 

and experience collected from the neighboring particles. In 

this way, the particles move towards the best solution. The 

performance of each particle is measured using a fitness 

function which is application dependent. In the present work, 

MSE is used as the fitness function.   

 

The present particle position (presentx) and velocity (V) of 

each particle are updated using the following two update 

equations defined as, 

 

)(*()*2

)(*()*1

presentxgbestrandc

presentxpbestrandcVV




 (8) 

and 

 

Vpresentxpresentx     (9) 

 

Where, rand is a random number between 0 and 1 and c1, c2 

are two weighting constants or accelerating constants. The 

local best solution of the particle is defined as the pbest and 

gbest is the global best solution of all the particles achieved so 

far. The SVM is trained with a random initial set of 

parameters. The parameters of the SVM i.e. C, σ are updated 

till the MSE is below a threshold level (T). In this work, a 

threshold value of 0.01 is used in the experiments. The flow 

chart of the proposed SVM-PSO hybrid technique is shown in 

Figure 2.  

5. RESULTS AND DISCUSSION   
In order to evaluate the efficacy of the proposed scheme, 

different experiments have been carried out on financial 

datasets obtained for Indian Companies. The proposed scheme 

has been implemented using Matlab and LIBSVM tool. To 

evaluate the overall performance of the proposed SVM based 

model with parameter optimization, it is compared with the 

neural network scheme and SVM based approach without 

parameter optimization scheme.  The overall experimental 

study is divided into three experiments and are discussed in 

sequel 

 

 

Experiment 1: Analysis of classification accuracy in (%) 

with different number of training samples 

The proposed SVM model with parameter optimization 

scheme, Neural Network and SVM based model without 

parameter optimization scheme are simulated using common 

dataset obtained by us. Table 2 shows the accuracy in (%) 

with different number of training samples. During the 

experiment we have varied the number of training samples 

and computed the correct classification accuracy. Figure 3 

shows the accuracy in (%) vs. number of training samples. It 

is observed that in most of the cases the proposed scheme 

outperforms in terms of classification accuracy, as number of 

samples increase, in contrast with the Neural Network scheme 

and SVM based scheme without parameter optimization. In 

particular, the proposed scheme shows superior performance 

in terms of classification accuracy as compared to the earlier 

schemes.  

Table- 2: Accuracy in % obtained by different models 

No. of 

Samples 

Neural 

Network 

SVM without 

parameter 

optimization  

SVM with 

parameter 

optimization 

600 75.33 81 84.19 

500 68.20 76 82 

450 64.44 71.33 79.33 

325 49 49.6 66.4 

 

 

Figure 2:  Training sample number vs. Accuracy in % 
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Figure 3: Flowchart of Proposed PSO based Optimization 
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Experiment 2: Analysis of the parameters like sensitivity, 

specificity, precision, and F1-score 

Experiment 2 computes the different classification 

performance parameters like sensitivity, specificity, precision, 

and F1-score. In the proposed scheme we compute these 

parameters along with the existing neural network and SVM 

based scheme without parameter optimization. It is observed 

that the proposed scheme shows improved performance in all 

respects as compared to its competent schemes. Tables 3(a)-

3(c) list the value of sensitivity, specificity, precision, and F1-

score parameters for the three schemes.  

Table 3(a):  Neural Network based scheme 

Number of 

Samples 
600 500 450 325 125 

Sensitivity 0.82 0.8339 0.7217 0.67 0.58 

Specificity 0.68 0.6180 0.6776 0.65 0.52 

Precision  0.82 0.7726 0.73 0.651 0.54 

F1-Score 0.8214 0.802 0.729 0.66 0.56 

 

Table 3(b):  SVM without parameter optimization based 

scheme 

Number of 

Samples 

600 500 450 325 125 

Sensitivity 0.91 0.86 0.8077 0.4 0.51 

Specificity 0.25 0.28 0.1 0.6 0.2 

Precision  0.85 0.843 0.8537 0.87 0.85 

F1-Score 0.89 0.82 0.83 0.61 0.63 

  

Table 3(c): SVM with parameter optimization based 

scheme 

Number of 

Samples 

600 500 450 325 125 

Sensitivity 0.9514 0.9123 0.896 0.72 0.69 

Specificity 0.2273 0.2759 0.3 0.27 0.28 

Precision  0.8736 0.8814 0.8898 0.85 0.83 

F1-Score 0.9109 0.8966 0.87 0.78 0.76 

 

Experiment 3: Analysis of confusion matrix for different 

schemes 

Confusion matrix, also known as a contingency table or an 

error matrix , is a specific table layout that allows 

visualization of the performance of an algorithm, typically 

a supervised learning one (in unsupervised learning it is 

usually called a matching matrix). Each column of the matrix 

represents the instances in a predicted class, while each row 

represents the instances in an actual class. The name stems 

from the fact that it makes it easy to see if the system is 

confusing two classes. It is an important performance measure 

in classification problem. In the experiment we computed 

confusion matrix for the proposed SVM based scheme with 

parameter optimization. Similar computations are also made 

for the neural network based scheme, and SVM based scheme 

without parameter optimization. Figures 4(a)-4(c) show the 

different confusion matrices for training sample of size 600.  

6. CONCLUSION 
This paper presents a binary classification scheme using SVM 

with PSO based parameter optimization for investment class 

rating of Indian companies. The model network is initially 

trained with twelve financial ratios as attributes related to 

investment companies’ data as input and classify whether it is 

a good investment or bad investment as output.  

Further, a PSO based optimization technique is applied to 

optimize the value of C and σ for enhanced performance. 

From different simulation results it is observed that the 

proposed scheme outperforms in terms of classification 

accuracy, sensitivity, specificity, precision, confusion matrix 

etc.  as compared to traditional SVM  without parameter 

optimization and neural network scheme. There exist further 

scope of research in terms of introducing multiple kernels in 

SVM and dimensionally reduction method in SVM hopefully 

to obtain better result and extend the same for multiple 

classification. 

 
Figure 4(a): Confusion matrix for neural network based 

scheme 

 
Figure 4(b):  Confusion matrix for SVM without 

parameter optimization based scheme 

http://en.wikipedia.org/wiki/Contingency_table
http://en.wikipedia.org/wiki/Supervised_learning
http://en.wikipedia.org/wiki/Unsupervised_learning
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Figure 4 (c):  Confusion matrix for SVM with parameter 

optimization based scheme 
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