
1 
 

The Predictive Accuracy of Sukuk Ratings; Multinomial Logistic and 
Neural Network Inferences 

 
 
 
 

 
ABSTRACT 

  
The development of Sukuk market as the alternative to the existing conventional bond market 
has risen the issue of rating the Sukuk issuance. These credit ratings fulfil a key function of 
information transmission in capital market. Moreover, Basel Committee for Banking 
Supervision has now instituted capital charges for credit risk based on credit ratings. Basel II 
framework allowed the bank to establish capital adequacy requirements based on ratings 
provided by external credit rating agencies or determine rating of its investment internally for 
more advance approach. For these reasons, ratings are considered important by issuers, 
investors, and regulators alike. This study provides an empirical foundation for the investors 
to estimate the ratings assign using approach from several rating agencies and past researches 
on bond ratings. It tries to compare the accuracy of two logistic model; Multinomial Logistic 
Regression and Neural Network to create a model of rating probability from several financial 
variables. 
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1. INTRODUCTION 
 
Islamic finance is one of the fastest growing segments of international financial 

markets. Recent innovations in Islamic finance have changed the dynamics of the Islamic 
finance industry. The use of Sukuk or Islamic bond has become increasingly popular in the 
last few years, especially as an alternative to the issuance of interest based bonds or fixed 
income securities. This is both as a means of raising government finance through sovereign 
issues, and as a way of companies obtaining funding through the offer of corporate sukuk.  

Based on the sukuk report issued by International Islamic Financial Market (IIFM, 
2013), the total global sukuk attained a very respectable issuance from 2001 to January 2013 
with total USD 472.68 Billion. This remarkable growth is shown from the significant 
increase in terms of sukuk issuance by more than 100 times since 2001, from USD 1,172 
million to USD 137 billion in 2012. 

 
Figure-1 

Amount of global sukuk outstanding, 2000 to Jan 2013 
 

 
              Source: IIFM Sukuk Report 3rd Ed.  

 
 Sukuk issuance began in Malaysia in 1990 with the small issuance of RM 120 million 
(US$ 30 million) by Shell Malaysia. Currently, Malaysia is the world’s largest sukuk market 
and the most prolific of all domestic issuers. As far as the domestic market is concerned, for 
the period of 2001 to January 2013, Appendix-1 clearly shows that Malaysia is clearly the 
leader in terms of volume as well as value in terms of sukuk issuance. The Malaysian 
domestic market is about USD 314.8 billion in size out of the total USD 393.9 Billion of 
domestic sukuk in the financial world, a whopping 78.9% of the total global domestic sukuk 
market and in excess of 66.6% of the entire global sukuk market. 
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Figure-2 
Amount of sukuk outstanding in Malaysia, 2000 to 2012 

 

 
Source: Securities Commission, Bond Info Hub BNM  

 
The development of Sukuk market as the alternative to the existing conventional 

bond market has risen the issue of rating the Sukuk issuance. Credit rating has become an 
important instrument in modern financial services industry. It assess credit worthiness of a 
security and its issuer, most often based on the history of borrowing and repayment for the 
issuer, its underlying assets, its outstanding liabilities and its overall business performance. 
With regard to this issue, rating agencies have the initiative to provide information related to 
the credit worthiness of issuers. The objective is to reduce information asymmetries between 
originator and investor by providing information on the rated security. In addition, ratings 
can solve investors’ problem by helping them to monitor the security performance.  

However, with regard to high costs, not all securities are being rated by agencies. 
Bond Pricing Agency Malaysia has reported for the last five years (2005-2011), there is an 
average of 17 percent of bond and sukuk in Malaysia is not rated by rating agency1. It is, 
therefore, considered that any research efforts directed to analyze and investigate ratings 
given by rating agencies would be a great benefit to all users of rating. The investor could 
use the model suggested by researchers to compare between the non rated securities and the 
rated ones in order to guide them in their buying or selling of security. They could also 
utilize it to anticipate possible ratings of borrowers that are not up to date, since rating 
agencies normally take a longer time to come up with a new affirmation announcement. 

Moreover, Basel Committee for Banking Supervision (BCBS) has now instituted 
capital charges for credit risk based on credit ratings. Basel II framework allowed the bank 
to establish capital adequacy requirements based on ratings provided by external credit 
rating agencies or determine rating of its investment internally for more advance approach. 
With regards with this requirement, the model can lead Islamic banks to develop internal 
rating based (IRB) approach. Therefore, it is considered important to have research effort 
directed to analyze and investigate the ratings given by the rating agencies, so as to provide 
an insight into the rating process and thus verify its credibility. Predicting Sukuk rating 
becomes more important urgency in order to provide guidance for the Islamic bank in 
understanding Sukuk risk. However, Sukuk are very new to financial world.  

Enormous research exists to demonstrate the importance of bond ratings (see for 
example: Belkaoui (1980), Ederington (1984), Chaveesuk et.al (1999), Kamstra (2001), 

                                                            
1 Bond Pricing Agency Malaysia Report, 2011. 
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Touray (2004), and Kim (2005). The extant literature on bond ratings nonetheless indicate 
that a lacuna exists given the dearth of empirical studies on Islamic bonds (sukuk) ratings 
determinant. Elicited by this research gap, this paper, arguably the first of its kind attempts 
to study the determinants of Sukuk ratings in the Malaysian Islamic capital market. 

This study is conducted to analyze the distinctive rating methodology employed by 
rating agencies in assigning rating taking. The study also will benefit in creating a dynamic 
rating research environment that could minimize or eliminate untimely delivery of rating 
and rating adjustment by rating agencies. In addition to that, this method can be applied in 
many credit scoring assessments. It is possible to extract from rating agencies some constant 
patterns that can be used as guidelines when evaluating unrated issuances. This assertion can 
be done by modelling and predicting credit ratings of companies that have sufficient 
information in the public domain, using various statistical and non statistical methods, such 
as artificial intelligence.  

 
 

2. SUKUK RATING METHODOLOGY 
 

2.1. What Is Sukuk  
 

Sukuk (plural of sakk) had been extensively used by Muslim in the Middle Ages, as 
papers representing financial obligations originating from trade and other commercial 
activities. However, sukuk as applied in the capital markets pertains to the process of 
securitization. According to AAOIFI, sukuk are certificates of equal value that represent an 
undivided interest in the ownership of an underlying asset2, usufruct and services or assets 
of particular projects or special investment activity.  

Sukuk certificates are unique in the way that the investor becomes an asset holder. 
Therefore, he should bear the risk of its underlying assets. Sukuk certificate holders carry 
the burden of these unique risks. However, sukuk nature is different with conventional bond. 
A bond is a contractual debt obligation whereby the issuer is contractually obliged to pay to 
bondholders, on certain specified dates, interest and principal. On the other hand, sukuk 
entails that holders claim an undivided beneficial ownership in the underlying assets. 
Consequently, sukuk holders are entitled to share in the revenues generated by the sukuk 
assets as well as being entitled to share in the proceeds of the realization of the sukuk assets. 
The different nature of bond and sukuk in term of their respective credit risk exposure 
causes the need for different rating assessment. Indeed, the rating agencies such as Fitch 
Ratings, Moody’s, S&P, MARC, RAM, etc, have come out with their own methodology to 
rate sukuk3. 

Unlike a bond that is confined to the loan upon interest, sukuk can be structured 
from various applications of Islamic financial contracts. Nonetheless, sukuk has some 
similarities to conventional bonds because they are structured with physical assets that 
generate revenue. The underlying revenue from these assets represents the source of income 
for payment of profits on the sukuk. According to AAOIFI, sukuk are issued on various 
transaction contracts. These sukuk are Ijara, Murabaha, Salam, Istisna, Mudaraba and 
Musharaka, Muzara’a (sharecropping), Muqasa (irigation) and Mugharasa (agricultural 
partnership). However, the last three types are rarely used in the market. 

 

                                                            
2 According to AAOIFI Definition of Sukuk, Sharia Standard no.17, the asset should be tangible. However, SC 
Malaysia permitted both tangible and intangible. 
3 See Fitch ratings (2007), Moody’s(2008), S&P (2007),MARC (2007), RAM (2008) 
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2.2. Sukuk Rating Methodology Based on Recourse of the Underlying Asset 
 

An important consideration in structuring sukuk is its Sharia applicability to be 
traded in the exchanges. Unlike conventional bonds, sukuk should be endorsed by Sharia 
advisor as Sharia compliance marketable securities. 

Related to Sukuk ratings, rating agencies, however, only give an opinion on the 
credit aspect linked with the instruments. Since the rating agencies argued that Sharia-
compliant nature of Sukuk is neutral from a credit perspective, the rating assigned to Sukuk 
does not imply any confirmation on sharia compliance (Fitch, 2011; S&P, 2007; Moody’s, 
2006; RAM, 2011; and MARC, 2012). Most of Sukuk rated by rating agencies are 
structured with the approval of Sharia board. The board evaluates the structure of the 
transaction and pronounces on its compliance with Sharia. Consistent with its position on 
addressing only the credit aspects of the transaction, rating agencies neither review the role 
or composition of Sharia board, nor opine on the validity of the board’s recommendations 
and decisions.  

Besides underlying contracts, Sukuk can also be differentiated into two modes due to 
recourse over underlying asset. The two modes are Asset-based and Asset-backed Sukuk. 
These two modes semantically have similar descriptions but mask significant differences in 
terms of credit risk. 

 
2.2.1.Asset-backed sukuk rating methodology 

 
Asset backed Sukuk represents a true sale of assets because the underlying asset has 

been validly transferred to the Special Purpose Vehicle (SPV). In the event of default, 
therefore, the underlying assets will remain completely separate from the originator. The 
Sukuk holders or the investors have recourse to the underlying asset of the Sukuk. In 
addition, the risk occurs during insolvency proceedings should be remote from the 
originator to the SPV. Meaning, the investors have the full claim over the underlying asset, 
without any risk of the sale subsequently being inverted by the local or Sharia courts.  

Fitch (2011); S&P (2007); Moody’s (2006); RAM (2011); and MARC (2012) 
argued that rating assessment of asset backed Sukuk will be depending on the performance 
of the underlying asset in generating cash to meet timely obligations. Standard and Poor’s 
(2007) categorized asset backed Sukuk as no-credit enhancement Sukuk because the rating 
would depend mainly on the nature of the underlying asset. 
 
2.2.2. Asset-based sukuk rating methodology 

 
Asset based sukuk, however, is structured in such that investors only have a 

beneficial ownership in the underlying asset instead of legal ownership over the underlying 
asset. In this structure, assets are generally sold by the originator to SPV (Special Purpose 
Vehicle) in the form of trust. The trustee issues certificates showing the investor’s 
ownership interest, while the proceeds are used to purchase the assets. The investor receives 
a distribution income representing a share of the return generated by the underlying assets or 
from any sources comes from the originator. 

In an asset-based Sukuk, it is clearly showed that the credit risk of Sukuk reflects on 
the credit risk of the originator rather than the underlying assets. This is because the 
investors do not have any recourse to the underlying assets in the event of default since the 
investor is not a legal owner of the underlying asset. Theoretically, in the event of 
bankruptcy, investors should have a claim or right to the corporate assets. However, in 
asset-based Sukuk, the investor have an unsecured claim, because Sukuk claim will be 
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ranked at the same level as other unsecured creditors. Sukuk investors, in the case of senior 
unsecured obligations, have no priority over the Sukuk assets as compared to other creditors 
and will be rated equivalent to them. Otherwise, in the case of subordinated Sukuk, ratings 
are notched down. In this case, rating agencies apply fundamental rating methodologies to 
rate this Sukuk (Fitch, 2011; S&P, 2007; Moody’s, 2006; RAM, 2011; and MARC, 2012). 

This implies that the agency adopts the common conventional rating method that 
applied corporate credit rating (CCR) in the case of corporate sukuk and Islamic financial 
institution rating method for financial institution’s sukuk issuer. 

 
 

3. LITERATURE REVIEW 
 

Since most of sukuk issuance is based on corporate asset-based mode, this study uses 
the approach of bond rating prediction studies to determine the predictors of asset based 
sukuk rating. Appendix-3 shows the list of variables that are used all previous studies. 

Numbers of studies have been done in predicting bond rating model. This section 
provides an overview on such studies in order to scrutinize variables that have been used for 
this purpose. Among early studies in predicting bond rating are Horigan (1966) and West 
(1970) which employed OLS regression to predict Moody’s and S&P bond rating. Horrigan 
(1966) model was only correctly predicted 58% of Moody’s rating and 52% rating given by 
S&P during 1961-1964. Whereas, West (1970) predicted 62% and 60% of Moody’s rating 
in the year 1953 and year 1961 respectively. 

Pinches and Mingo (1973) started to apply Multiple Discriminant Analysis to 
improve the statistical fit to develop a model. The model could predict 65% and 56% of the 
Moody’s rating for holdout samples in the period of 1967-1968 and 1969. Based on this 
model, Pinches and Mingo (1975), later, developed a new model as called quadratic 
discriminant analysis. Belkaoui (1980) in a seminal study, attempted to use financial 
statement data in the analysis of bond rating by putting forward a broad economic rationale 
for variable selection model. The model he developed used 8 variables representing the 
three general variable; firm, market and indenture. The model successfully predicted 
correctly 62.5 percent of the rating in the experimental sample and 65 percent of bond rating 
in hold out sample using Multiple Discriminant Analalysis (MDA).  

After the era of Belkaoui, researchers tried different statistical methods in predicting 
bond ratings during the 1980s, such as multiple regression analysis, discriminant analysis, 
logistic regression analysis, and n-chotomous multivariate probit or logit model. Since the 
late 1980s, especially during the 2000s, researchers started to use artificial intelligence 
models for predicting bond ratings.  

Artificial Intelligence Neural Network is introduced the first time by Duta and 
Shekhar (1988). They used non statistical method; neural network to predict ratings of 
corporate bond due to lack of theory on the bond rating model. Neural network does not 
require a priori specification of a functional domain model. It rather attempts to learn 
underlying domain model from the training input-output examples (Duta and Shekar, 1988; 
Chaveesuk et.al., 1977). Duta and Shekhar compared neural networks with regression using 
selected six financial variables based on the result of Horrigan (1966) and Pinches and 
Mingo (1973). However, the sample was too small to show the applicability of the neural 
networks to bond rating. They only used thirty training samples and seventeen test samples 
which taken from the 1986 Value Line Index and Standard and Poor’s Bond Guide. 

After mid-nineties, most of bond rating prediction studies were not only focusing on 
determinant variables but also emphasize on the method used. Some studies imitated 
variables from previous studies and proposed a modified method to get better performance 
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in terms of accuracy. Singleton and Surkan (1990), Kwon, Han, and Lee (1997), Chaveesuk, 
Varee-ratnana, and Smith (1997) are among the studies that follow the aforementioned 
trend.  

Singleton and Surkan (1990) used backpropagation neural network to classify bonds 
of the 18 Bell Telephone companies divested by American Telephone and Telegraph 
Company (AT&T) in 1982 and compared a neural network model with MDA. This study 
demonstrated that neural networks achieved better performance in predicting the direction of 
a bond rating than discriminant analysis could.  

Kwon, Han, and Lee (1997) compared a Conventional Neural Network method to 
their new neural network training approach namely; Ordinal Pairwise Partitioning. This 
proposed method is designed to capture the ordinal rating nature of bond rating. This study 
criticizes previous study done by Dutta and Shekar, 1988; Sukan and Singleton, 1990; and 
Kim, 1992 due to the limited number of sample size. To tell the limitation, the authors 
obtained 126 financial variables for Korean companies and their bond ratings for the year 
1991, 1992 and 1993. However, they reduce the variables to 24 statistically significant 
variables because of the dimensionality problem by using stepwise regression method as 
suggested by Salchenberger et.al (1992). The experimental result showed that predictive 
performance of the proposed OPP approach exceeded the conventional neural networks as 
well as multivariate discriminant analysis.  

At the same period, Chaveesuk, Varee-ratnana, and Smith (1997) also compared 
prediction rate and accuracy of three Neural Network methods; Radial Basis Function 
(RBF), Learning Vector Quantization (LVQ) and Back Propagation (BP) with three 
different logistic regression models (first order logistic, second order logistic and stepwise 
logistic regression methods). They selected financial variables based on previous researches 
by Duta and Shekhar (1988) and Kim (1993). It showed that LQV and RBF are inferior to 
BP and logistic regression. In terms of correct classification, BP performed slightly better 
than logistic regression.  

Huang et.al (2004) introduced a new machine learning technique namely support 
vector machine (SVM). This paper tried to compare backpropagation neural network as a 
benchmark with the new technique. Both methods obtained around 80% for bond rating data 
sets from the United States and Taiwan markets from 1991-2000 and 1998-2002, 
respectively.  

Paper by Kee S. Kim (2005) developed a model using Artificial Intelligence (AI); 
Adaptive Learning Networks (ALN) technique to predict bond ratings using 27 financial 
and non-financial variables. This technique is designed to capture a dynamic relationship 
between input and output variables.  

Cao et.al (2006) compared methodologies which are mostly used for bond rating 
prediction such as; the backprogation (BP) neural network, logistic regression (LR) and 
ordered probit regression (OPR) with Support Vector Machine (SVM). Lee (2007) also 
applied Support Vector Machine (SVM) to predict bond rating of 3017 Korean companies 
that has been rated from 1997-2002. This paper also compared SVM to backprogation (BP) 
neural network, multiple discriminant analysis (MDA) and case base reasoning (CBR). The 
database consists of 297 financial ratios which initially selected using one-way ANOVA and 
MDA stepwise method. The goal of linear scaling is to independently normalize each 
feature component in the specified range. It ensures the larger value input attributes do not 
overwhelm smaller value inputs; hence helps to reduce prediction errors (Lee, 2007 in Hsu, 
Chang, & Lin, 2004). This method reduced the number of financial variables to a 
manageable set of 10 financial ratios. Among all method, SVM showed its superiority with 
77.62% and 67.22% prediction accuracy for the training set and holdout set, respectively. 
The second best was backprogation neural network and subsequently MDA. 
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Subsequently Hajek and Olej (2011) utilized kernel-based approaches as well as the 
design of support vector machines to predict the corporate and municipal credit rating 
classification. This result found that the model can predict 87% two class problem corporate 
credit rating and 91% seven class problem. Furthermore, this study tried to compare its 
result with two-class corporate credit rating undertaken by previous studies that using 
Artificial Intelligence Neural Network, such as Dutta and Shekar (1988), Singleton and 
Surkan (1995), Brenand and Brabazon (2004), and Brabazon and O’Neil (2006) which get 
the classification accuracy between 83.3%-88%. Nevertheless, the author argued that the 
classification accuracy 88% realized by Singleton and Surkan (1995) has to be considered 
with the caution for only n=18 companies used in the data set.   

The current study is done by Kors et.al (2012). This study is trying to predict the 
bond rating of S&P 500 firms for the year 2008, 2009 and 2010. In order to estimate the best 
model, the study applied multiple discriminant analysis, ordered logit and ordered probit. 
Ordered legit first step model (a model that used all variables after controlling 
multicollinearity) outperformed the other two models with 63.9% accuracy. This result is 
slightly higher than ordered probit model that can classify 61.7% cases correctly. MDA is 
found has the lowest result with 57.9% classification accuracy.  

The only study that predicts Sukuk rating is Arundina and Omar (2010). This study 
used Ordered Logistic Regression and Multinomial Logistic Regression to create a model of 
Sukuk rating which one from several theoretical variables adapted from Touray (2004). The 
result shows 70% for Ordered Logistic and 78.3% for Multinomial Logistic of all valid 
cases are correctly classified into their original rating classes. Because of a limited number 
of samples, this study could not validate the model by having trained and holdout samples. 
Another limitation was this study did not take into account the different Sukuk structures 
which theoretically have different credit risk one another. Hence, the current study tries to 
extend this previous study on Sukuk rating prediction incorporating various Sukuk 
structures as well as industrial categories. The current study also compares statistical and 
artificial intelligence methods such as Multinomial Logistic Regression and Neural 
Network. 

4. DATA AND RESEARCH METHOD 
 

4.1. Data and Sample Selection 
 

In this part, the sample selection process is described. For statistical method, all data 
is utilized to build the statistics model. However, for Neural Network method, the data 
divided into two sets; the training data and the validation or holdout data, as suggested by 
Kwon (1997) and Smith (1993). Training data is used to build the model. The holdout 
sample is used to validate the model. The validation method is important to avoid 
“overfitting” problem which implies that the model fits the training data very well (Kwon, 
1997).  

A company can issue Sukuk with several tranches or series classified based on its 
maturity, coupon payment or right to claim. Because rating agency only assess one single 
Sukuk irrespective how many series it has, hence most of Sukuk series have same rating 
even the maturity date is different. In this case, the Sukuk data which have the same rating 
yet different maturity or coupon payment should be excluded from the sample. This 
condition makes significant drop in term of sample size. However, if the same Sukuk series 
has different rating due to different right to claim, those Sukuk can be incorporated to build 
the model. This right to claim can be in the form of guarantee status (both bank and 
corporate guarantee) or junior-senior Sukuk scheme.  
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In addition, to increase the sample size, we will evaluate sukuk base on their 
historical rating as suggested by Huang (2004) and Cao (2006). As a result, there are 317 
samples we could utilize. Out of observable 317 samples, we will divide our data into two 
sets; 80% of the data will be selected as training data and the rest is holdout/validation data.  

 
4.2.  Independent and Dependent Variables   

 
Derive from variables rationale and hypothesis explained, this study will utilize 

following variables as independent variables: 
1. Size: Total Asset (X1), Sales Revenue Turnover (X2), Total Stockholders’ Equity (X3) 
2. Leverage: Total Debt Ratio (X5), Debt Equity Ratio (X6), Long Term Debt to Total Asset 

(X7), Long Term Debt to Total Capital (X8), WACC Cost of Debt (X9) 
3. Liquidity: Current Ratio (X9), Quick Ratio (X10), Cash Ratio (X11)  
4. Coverage: Interest Coverage Ratio (X12) 
5. Profitability: Profit Margin (X13), Operating Margin (X14), Return on Asset (X15), 

Return on Equity (X16), ROA to ROE (X17) 
6. Market Activity: Total Market Value (X18), Book Value per Share (X19), Share Price 

(X20), GDP (X21), Interest Rates (X22) 
7. Specific Variables; Guarantee Status (X23), Subordinate (X24), Sukuk Structure (X25), 

Industrial Sector (X26). 
 

All financial ratios data are obtained from Bloomberg and Bond Pricing Agency 
Malaysia (BPAM) Database. The financial variables are collected in a quarterly way. This 
study use Huang (2004) and Cao (2006) approach to use financial variables two quarters 
before the rating release date as the basis for rating prediction. He argued that it is 
reasonable to assume that the most recent financial information contributes most to the bond 
rating results. Thus, this recent study uses the financial variables two quarters prior to the 
rating release to form a case data set, according to the approach of Huang (2004) and Cao 
(2006). 
 
4.3. Dependent Variables 

 
Sukuk rating (Y): There are four (4) rating categories in this study. Those categories 

are AAA, AA, A, and BBB.  
 

4.4. Research Method 
 

This study employs statistical and artificial intelligence methods to predict sukuk 
rating determinants. It uses Multinomial Logistic Regression and Artificial Intelligence 
Neural Networks (AINN) to create a model of rating probability from several theoretical 
variables from company financial ratios or financial characteristics. The choice of these 
methodology flows from some prior studies done on prediction model.  

It is important to come out with significant variables input for AINN method before 
proceed to prediction methodologies due to the nature of this method that cannot separate 
the significant variables and the non-significant ones. Härdle et al. (2006); Cho (1994); Kim 
(1994); Chavezuuk et al. (1997) performs several procedures to select significant input 
variables. 

In addition, Chaveesuk et al. (1997) stresses in their conclusion part that the 
performance of result model is enhanced if neural networks method is able to eliminate the 
variables which are not significant in adjusting the connection weight. Therefore, in this 
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case, the multinomial logistic stepwise method is used for both multinomial logistic and 
AINN model.  

4.4.1.  Multinomial Logit Regression 
 
If the categorical dependent variable is ordered or unordered in nature and if the 

problem involves more than two categories, an extended version of the binary logit model 
(known as Polychotomous or Multinomial regression model) can still be applies to the 
problem (Touray, 2004). Multinomial logit also provide stepwise model to find the best fit 
model according to its significances. The multinomial logit strategy usually involves 
allowing one category to assume specific value, say Y=h0, where h0 = 0. This category is 
then used as the reference category for the rest of the other categories. This method is also 
known as the base-line category type which explained by Menard (1995), Agresti (1996), 
and Touray (2004). The M-Logit coefficients in the base line logit model compare to the 
level bonds rating categories can be written in general form as suggested by Touray (2004) 
with reference to Menard (1995) and Argesti (1996) as: 
 
 
 
 
Where: Category J with capitalized J in the denominator refers to the base-line category;  
The category with small j in the numerator refers to any other category.  

0iα = constant term,  
β = respective coefficient on predictor X.  

=− nXX 1  predictor (independent) variables 
Dp = dummy/binary variables 
 
4.4.2. Neural Network 

 
Artificial neural system stimulates the human learning process. The system learns 

the nature of relationship between inputs and outputs by repeatedly sampling input/output 
information sets. Neural networks have a particular advantage over expert systems when 
data are noisy or incomplete; neural networks can make an “educated guess” much as a 
would human expert. Artificial Intelligence Neural Networks is characterized by three 
architectural features: inputs, weights and hidden units.  

 
 
Inputs           weights               hidden layer 

X1                  w11 

X2                  w12 

X3                    w13 

              Output 

X1      w21 

X2     w22 

X3      w23  

  Y1 

  Y2 

)(*........
)(
)(log 55443322110 DpXXXXXX

groupJp
groupjp

niniiiiii ββββββα +++++++=
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The inputs represent the data received by the system (for example, company financial 
ratios). Each piece of information is assigned a weight (w11, w21, ...wn1) that designates its 
relative importance to each hidden unit (y1). These weights are “learned” by the network 
over the course of “training”. Each hidden unit computes the weighted sum of all inputs and 
transmits the result to other hidden units. In parallel, the other hidden units are weighting 
their inputs so as to transmit their signal to all other connected hidden units. Receipt of the 
signal from other hidden units further transforms the output from each node, the system 
continues to iterate until all information is incorporated. This model incorporates complex 
correlation among the hidden units to improve model fit and reduce Type I and Type II 
errors. 

 
5. RESULT AND ANALYSIS 

 
5.1. Data Screening  

 
In general, there are three initial steps to examine the data before employed the main 

method. First is to evaluate the missing data. Second is to identify and subsequently omit the 
outliers in the data. Last one is to do assumption test. Hair (2006, p.355) and Hosmer and 
Lemeshow (2000) describe the assumption for logistic model. They mentioned that logistic 
regression is popular in part because it enables the researcher to overcome many of the 
restrictive assumptions of OLS regression such as linearity, normality and 
heteroscedasticity. However, the inter-relationship between indicator variables should be 
tested. Logistic regression method cannot handle multicollinearity problem. Hence, Menard 
(1995) suggested to perform collinearity diagnostic test that is use to assess the inter-
relationship between indicator variables as shown in Appendix-4. 

 
5.2. Multinomial Logistic Result 

 
Before proceeds to the prediction test, this study performs stepwise method forward 

entry selection. This stepwise method allows the system to enter significant variables only 
into the model according to chi-square value based on the likelihood ratio test. This step is 
used objectively to determine the significant variables to predict Sukuk rating.  

According to the likelihood ratio test with stepwise method, the result in the below 
table indicates that out of 26 variables which explain size, leverage, liquidity, coverage, 
profitability, market activity and guarantee status, there are only 10 variables that are 
entered into the model. Those variables are share price, sukuk structure, industrial sector, 
guarantee status, return on asset, log GDP, long term debt to total asset, subordinate, total 
debt to total asset, and cash ratio. The null hypothesis that the coefficients associated with 
those variables were equal to zero is rejected, which mean there is an existence of 
relationship between rating and the above variables. The table below displays the result for 
multinomial logistic parameter estimates. 
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Table-1 
Multinomial Logistic Parameter Estimates 

 
Model Action Effect Likelihood 

Ratio Tests Wald Test 

   Sig. 
   

0 Entered Intercept . 1278.891 1261.436 1270.37 

1 Entered LPX_LAST 0.000*** (-6.777)* -0.73 (10.849)** 

2 Entered structure 0.000***    
   [structure=BBA]  -16.247 -18.09 -26.92 
   [structure=Ijarah]  14.106 44.655 47.617 
   [structure=Mudharaba]  8.442 11.011 48.398 

   [structure=Murabahah]  17.713 19.256 -7.3 

    [structure=Musharakah]   0c 0c 0c 

3 Entered Industrial Sector 0.000***    

   [construction and engineering]  -5.365 -3.161 -18.45 

   [consumer product]  0.062 -14.295 10.494 

   [diversified holdings]  -7.122 14.489 -9.668 
   [industrial product]  -3.661 -3.547 3.953 
   [infrastucture and utilities]  -24.139 -17.742 -7.122 
   [mining and petroleum]  -52.349 -35.139 -84.9 
  [plantation and agriculture]  7.8 -3.403 -9.819 
  [property]  -16.753 -19.227 4.3 
    [trading/service transportation]   0c 0c 0c 

4 Entered guar_status 0.000***    
  [guar_status=.00]  -8.314 -15.06 -35.221 
    [guar_status=1.00]   0c 0c 0c 

5 Entered RETURN_ON_ASSET 0.001*** (2.182)* (2.32)* 1.685 

6 Entered LLGDP 0.003*** (-231.359)* (-227.882)* (-227.237)* 

7 Entered LT_DEBT_TO_TOT_ASSET 0.000*** (1.813)* (1.747)* 0.946 

8 Entered subordinate 0.000***    
  [subordinate=.00]  12.586 -7.896 -53.269 
  [subordinate=1.00]  0c 0c 0c 

9 Entered TOT_DEBT_TO_TOT_ASSET 0.000*** (-1.701)** (-1.654)* -1.182 

10 Entered CASH_RATIO 0.007*** (15.049)* (15.51)** (17.284)** 

The chi-square statistic is the difference in -2 log-likelihoods between the final model and a reduced model. The reduced model is 
formed by omitting an effect from the final model. The null hypothesis is that all parameters of that effect are 0. 

a. The reference category is: BBB. 
b. Floating point overflow occurred while computing this statistic. Its value is therefore set to system missing. 

c. This parameter is set to zero because it is redundant. 

 
5.2.1. Wald test versus Likelihood Ratio test 

 
There are two types of test for the relationship of individual independent variables 

and the dependent variables; the Wald test and the Likelihood ratio test. Wald test evaluates 
whether or not the independent variable is statistically significant in differentiating between 
the two groups in each of the embedded binary logistic comparisons. In this instance, BBB 
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is treated as a reference category. Hence, the models are estimated for Sukuk rating; A 
relative to BBB, rating AA to BBB and rating AAA relative to BBB.  

Multinomial logistic regression compares multiple groups through a combination of 
binary logistic regression. The group comparisons which for dependent variables (A, AA 
and AAA) and one reference group as a base line comparison. The multinomial logit 
strategy usually involves allowing one category to assume specific value, say Y=h0, where 
h0 = 0. This category is then used as the reference category for the rest of the other 
categories. Here, the study uses BBB as the reference category. The Table-1 translates into 
the following equation in our case: 

 
Predicted Logit (A/BBB), rating A contrast to BBB   
= 1278.89 – 6.78 log share price + 2.18 Return on Asset – 231.35 log GDP + 
1.81 lt debt to total asset – 1.70 tot debt to tot asset + 15.05 cash ratio  
 

(1) 

Predicted Logit (AA/BBB), rating AA contrast to BBB  
= 1261.44 + 2.32 Return on Asset – 227.88 log GDP + 1.75 lt debt to total 
asset – 1.65 tot debt to tot asset + 15.51 cash ratio 
 

(2) 

Predicted Logit (AAA/BBB), rating AAA contrast to BBB 
= 1270.37 + 10.85 log share price – 227.24 log GDP + 17.28 cash ratio 
 

(3) 

According to Norusis (2009); Argesti (1996); Long (1997); Menard (1995) and 
Hosmer and Lemeshow (2000), the coefficient in the multinomial logistic model explains 
the relationship’s probability between one rating classes relative to the baseline category. 
Therefore, the standard interpretation is that for a unit change in the predictor variable 
(independent variable), the logit of outcome m relative to the referent group (dependent 
variable) is expected to change by its respective parameter estimate (which is in log-odds 
units) given the variables in the model are held constant (Norusis, 2009; and Touray, 2004).  

The positive coefficient means the positive correlation between independent and 
dependent variable (Norusis, 2009; and Touray, 2004). In this case, the coefficient of return 
on assets in the first equation of Wald test result can be interpreted as one unit increase in 
return on asset will increase the company’s log-odds of getting A as opposed to BBB by 
2.18 times, keeping all the other variables constant. In contrast, the negative coefficient 
shows the inverse relationship between the variables and the rating. This interpretation 
applies for all coefficients in the three equations. 

The other type is the likelihood ratio test which evaluates the overall relationship 
between an independent variable and the dependent variable. The result of the relationship 
between the independent variable and the dependent from these two tests variable is not 
necessarily similar. In other words, if an independent variable has an overall relationship to 
the dependent variable, it might or might not be statistically significant in differentiating 
between pairs of groups defined by the dependent variable. However, the significance of an 
independent variable’s role in distinguishing between pairs of groups should not be 
interpreted unless the independent variable also has an overall relationship to the dependent 
variable in the likelihood ratio test. 

Based on the above explanation, it can be summarized that share price, sukuk 
structure, industrial sector, guarantee status, return on asset, log GDP, long term debt to total 
asset, subordination status, total debt to total asset, and cash ratio are significant variables in 
accordance with the Likelihood ratio test. While, according to Wald test, except sukuk 
structure, industrial sector, guarantee status, and subordination status; all the above variables 
are able to differentiate the group category (AAA, AA, A) and the referent group (BBB). 
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However, according to Table-1; Sukuk structures, industrial sector, guarantee and 
subordination status are considered important variables according to Likelihood Ratio test 
test. This illustrates that these four variables is significantly affected the dependent 
variables, but cannot distinguish the three rating classes (AAA, AA, A) to the referent rating 
class (BBB). This implies that those variables might differentiate the other rating classes to 
referent rating class other than BBB. Because the significance of a parameter estimate in 
rating AAA to BBB model cannot be assumed to hold in rating AAA to A model. 
Furthermore, the data mining tools will also empirically test the significant variables and 
analyze them further. 

Agresti (1996), note that these two significant tests have similar behavior for large 
sample. However, for small sample sized used, the likelihood ratio test is usually more 
reliable than the Wald test. Rothenberg (1984) suggest that neither test is uniformly 
superior, while Hauck and Donner (1997) suggest that Wald test is less powerful than the 
LR test. Long (1997) also add, Even though the Likelihood Ratio and Wald test are 
asymptotically equivalent, in the finite samples they give different answers, particularly for 
small samples. In practice, the choice of which test to use is often determined by 
convenience. While Likelihood Ratio test requires the estimation of two models, the 
computation of the test only involves subtraction. The Wald test only requires estimation of 
single model, but the computation of test involves matrix manipulations.  

 
5.2.2. Model fitting information and Pseudo R-Square  
 

Multinomial logit use Model Fitting Information test and Pseudo R-Square to see the 
model fit and the strength of the multinomial regression model. As shown in Table-2 there is 
a presence of relationship between the dependent variable and combination of independent 
variables based on the final model chi-square and significance. 

 
Table-2 

Model Fitting Information and Pseudo R-Square 
 

Model Model Fitting 
Criteria Likelihood Ratio Tests 

  -2 Log 
Likelihood 

Chi-
Square Df Sig. 

Intercept 
Only 667.233       

Final 131.891 535.342 60 0.000*** 
Cox and Snell 0.818 

Nagelkerke 0.928 Pseudo    
R-Square McFadden 0.799 

 
The likelihood of the model is used in the test of whether all predictors' regression 

coefficients in the model are simultaneously zero, and in tests of nested models. Chi-Square 
is the Likelihood Ratio (LR) that at least one of the predictors' regression coefficients is not 
equal to zero in the model. The p-value is compared to a specified alpha level, our 
willingness to accept a type I error, which is typically set at 0.05 or 0.01. The small p-value 
from the LR test <0.00001, would lead us to conclude that at least one of the regression 
coefficients in the model is not equal to zero. We can reject the null hypothesis, and state 
that our final model is significantly better than the intercept model. Subsequently, the table 
also shows three Pseudo R-Square values which are presenting the fit index of whether a 
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model is adequate. The result shows strong power in the model to capture the data. Norusis 
(1999) and Touray (2004) acknowledges that this method try to mimic the OLS R2 measure. 

 
5.2.3. Classification Accuracy  

 
Table-3 presents the prediction accuracy test of the estimated Multinomial Logistic 

model, the final test of this method. The columns are the predicted values and the rows are 
the actual or the observed values. The result shows that an overall 91.72 percent (268/317) 
of all valid cases is correctly classified into their original rating classes. 

 
Table-3 

Multinomial Logistic Classification Accuracy 
 

Predicted 

Observed AAA AA A BBB 
Number 
Correct 

Percent 
Correct 

AAA 31 4 0 0 31/35 88.57% 

AA 9 110 1 0 110/120 91.67% 

A 1 8 140 1 140/150 93.33% 

BBB 0 1 1 7 7/9 77.78% 
Number of  

Prediction/Total 
Sample 

13.06% 39.17% 45.22% 2.55% 288/317 91.72% 

 
 
Subsequently, this result is compared to the proportional by-chance accuracy suggest 

by Hosmer and Lemeshow (2000) with regard to model fitting information and pseudo r-
square tests. The proportional by-chance accuracy rate was computed by calculating the 
proportion of cases in each group based on the number of cases in each group in the “Case 
Processing Summary” and then squaring and summing the proportion of cases in each group 
(0.4782 + 0.3822 + 0.111 2+0.0292 = 0.388). In order to characterize a multinomial logistic 
regression model as a useful model, a benchmark of 25% improvement over the rate of 
accuracy is applied. Thus, the proportional by chance accuracy criteria is (1.25 x 38.8%) = 
48.44%. Since the classification accuracy rate for Multinomial Logistic is 91.72% which is 
greater than proportional by chance accuracy criteria (48.44%). It is concluded that the 
criterion for classification accuracy for this method is satisfied. 

For further detail result, it can observed that the rating A category has the highest 
correct classification rate with 93.33% (140 cases out of 150 cases) of individual cases are 
correctly classified. The lowest accuracy rate is obtained by AAA rating class with 77.78% 
accuracy rate. 

Another issue that can be raised from this result is about the misclassification cost of 
Type I and Type II error as suggested first time by Altman and McGough (1974). Koh 
(1992) mentioned when non-going concern company is predicted as going concern, it will 
be classified as Type I error, an investor may lose the entire investment which can be very 
substantial. On the other hand, Type II error is when a going concern company predicted as 
non-going concern, the investor may not invest in the going concern and consequently lose 
the dividend income and capital gain that may be obtained. In other words, the Type I error 
occurs when the prediction is having higher rating than the actual, whereas Type II error 
happens the other way around. In this model, multinomial logistic result shows 20 Type I 
error and 6 Type II error.  

 



16 
 

5.3. Artificial Intelligence Neural Network Result  
 

A number of studies adopted Artificial Intelligence Neural Network method to 
predict bond rating such as Duta and Shekar (1988); Singleton and Surkan (1990); Kwon, 
Han and Lee (1997); Chaaveesuk et al. (1997); Kim (2005); Hajek and Olej (2011). 
Artificial Neural Network (ANN) is very efficient in solving various kinds of problem 
(Koushal Kumar, et al., 2012).  

Neural network seems very promising for regression and classification, especially 
for large covariate spaces (Ripley, 1996; Intrator and Intrator, 2001). This method is 
favourable in that field because it does not require knowledge to be formalized, this tool is 
appropriate to domains in which knowledge is scanty. Neural network can develop input or 
output map boundaries that are highly nonlinear. Also, neural network does not suffer from 
highly correlated input’s problem, unlike the statistical method. 

This method, however, suffers from problem of explanation capability or known as 
the black box nature of neural networks (Mackinnon and Glick, 1999; Meyer, Balemi and 
Wearing, 2000; and Koushal Kumar, et al., 2012). Neural network does not present 
explanation on learning process from input data to output (Yin Tzeng and Liu Ma, 2005). 
Neural network is a type of algorithm that was designed accurately to map a set of input 
variables to a range of possible output variables.  

Based on this limitation, it is important to select “good” input variables prior 
assessing the neural network method. Härdle et al. (2006) performs forward selection 
procedure based on minimizing classification error rate on the estimation sample is used to 
objectively determine effective rating predictors. Whereas, Chavezuuk et al. (1997) reduces 
variables to from 126 to 24 statistically significant variables due to dimensionality problem 
using stepwise regression method as suggested by Salchenberger et al. (1992). Moreover, 
Cho (1994) and Kim (1994) also apply stepwise regression to reduce the dimensionality of 
their neural network models. In this present study, variable from stepwise Multinomial 
logistic result will be utilized to build the proposed Artificial Intelligence Neural Network 
model. 

The neural network is trained to learn to classify patterns (Gambrel, 2004; Coats and 
Fant, 1992). The model adjusted weights for connection between layers until the forecast 
error is minimized and a steady state is reached (Altman, Marco and Varetto, 1994; Coats 
and Fant, 1992; Gambrel, 2004; Jain and Nag, 1997; Udo, 1993). To build the model, neural 
network form three nodes; input nodes, hidden nodes and output nodes. The input nodes 
have linear activation functions and no threshold. Each hidden unit node and each output 
node have thresholds associated with them in addition to the weights (Nazzal, El-Emary and 
Najim, 2008).  

To predict the performance of both classifier models, this study utilizes two sets of 
data; the general training data and the validation data. The training data is used to build the 
model that creates a set of classifiers. West and Muchineuta (2002) mentioned that a 
training part is used to establish the neural network weight vector. For training model, all 
314 Sukuk samples are being used to build the model. The classification model is produced 
from the full training samples. Those samples are identified as a training group in order for 
the neural network machine to learn the data and classify the patterns of the data.  

The validation test evaluates the classifier on how well it predicts a certain 
percentage of the data, which is held out for testing. The overall sample of sukuk is 
randomly split into two groups consisting of training and validation sukuk. 66% (207 
instances) of sukuk cases are taken as training data in order to build the model while the 
remaining (107 instances) are used for validating the model.  
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The output is classified into four classes; AAA, AA, A, and BBB. The classifier 
predicts the class of each instance and generates a classification accuracy which shows the 
performance of the model. The average hit accuracy rates for the training model and 
validation model are presented in the confusion matrix below. The columns show the 
predicted values and the rows present the actual or the observed values. 

 
Table-4 

Neural network training and validation test 
 

Neural Network-Training Test Neural Network-Validation Test 

Predicted Predicted 

Observed AAA AA A BBB 
Percent 
Correct 

Observed 
AAA AA A BBB Percent 

Correct 

AAA 32 3 0 0 91.43% AAA 11 1 0 0 91.67% 

AA 0 118 2 0 98.33% AA 1 42 4 0 89.36% 

A 0 4 146 0 97.33% A 0 4 39 2 86.67% 

BBB 0 2 1 6 66.67% BBB 0 1 0 2 66.67% 

Overall 
Percentage 10.19% 40.45% 47.45% 1.91% 96.18% 

Overall 
Percentage 11.21% 44.86% 40.19% 3.74% 87.85% 

 

The result of above table shows that 96.5% of the total training cases (302 cases out 
of total 314 cases) are correctly classified for multilayer perceptron neural network training 
model. Whereas, 87.85% of the total validation cases (94 cases out of total 107 validation 
cases) are correctly classified for validation model. 

The highest prediction rate is obtained by AA rating category of training model 
result with 98.33% classification accuracy rate of individual rating (118 cases out of total 
120 rating AA cases). On the other hand, the lowest is attained by BBB rating category for 
both training and validation test which only able to correctly classified 66.67% of the 
individual rating classes. 

With regard to Type I and Type II error, the training model has 7 misclassification 
case of Type I error and 5 misclassification case of Type II error. Whereas, the validation 
test has 6 and 7 Type I and Type II error, respectively. 

 
 
6. CONCLUSION AND IMPLICATION OF FINDINGS 

 
This study deliberates on meticulous result on Sukuk rating prediction using both 

statistical and non statistical techniques such as the Multinomial Logistic and Neural 
Network model. From the classification accuracy, it can be conclude that non statistical 
method, Neural Network is more powerful than statistical method, Multinomial Logistic to 
predict sukuk rating using the samples we have. Neural Network method can classify the 
general training model with 96.18% accuracy rate. Multinomial Logistic method, on the 
other hand, can predict lower prediction rate with 91.72% accuracy rate. 

Interestingly, both models strongly indicate that share price and Sukuk structure are 
significantly important to determine Sukuk rating. Industrial sectors and guarantee status 
also empirically proven as key factors to predict Sukuk rating. These findings are unique in 
a way that these variables are considered as infrequent variables that use to be involved in 
credit rating models. 
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Koh (1992) also add that the higher the misclassification cost of Type I error relative 
to that Type II error, the more Type II errors should be minimised by the cut-off point in the 
model. The misclassification cost for Type I error is higher than Type II error. From these 
two methods, it is shown that Multinomial Logistic is having more both Type I and Type II 
errors than Neural Network model. This led us to a conclusion that Neural Network method 
will give more robust result in term of accuracy. 

Many previous studies of bond rating prediction show that the artificial intelligence 
method can perform better than the traditional statistical methods as it requires some 
assumptions which may not be appropriate for bond rating (Huang, et. al., 2003). Dutta and 
Shekar (1988), Ederington (1985), Kaplan and Urwitz (1979), Kim (1993), Kwon, Han and 
Lee (1997), Maher and Sen (1997), Chavesuuk et.al. (1999), Hu and Ansell (2005) find that 
neural network performs significantly than linear regression, Multiple Discriminant 
Analysis or logistic regression. This conclusion is consistent with the empirical result of this 
study, which finds that the artificial intelligence methods are superior to multivariate 
analysis method to predict rating in the case of Malaysian Sukuk. 

This study is expected to enrich the literature and has practical implications of the 
findings. As far as concerned, this study is being the first comprehensive of Sukuk rating 
prediction research. The present study tries to expand literatures related to Sukuk in general. 
Thus, encourage the academic researcher to develop other potential research based on the 
recommendations for further study.  

This proposed model could be useful for the issuer company or corporate managers 
to anticipate the rating of their newly Sukuk issuance. The preliminary internal rating 
assessment is useful to mitigate the potential risk and provide credit enhancement prior the 
actual rating measurement by the external rating agency. The buy-side and sell-side firms 
such as mutual funds, pension funds, insurance companies, investors and broker dealers can 
benefit the model by conducting an internal credit assessment of risk management reason or 
identifying pricing discrepancies from their trading operations. 

Despite capital market players, regulatory agencies also can apply this model as an 
internal tool for financial institutions that rely on rating systems in order to improve the risk-
assessment techniques, pricing strategies, and provisioning levels as require in the Basel II. 
The Basel II framework allows the bank to establish capital adequacy requirements based on 
ratings provided by external credit rating agencies or determine rates of its investment 
internally for the more advance approach. This requirement forces corporations to be rated 
by external rating agencies or assess their own internal rating. Due to this requirement, the 
model can lead Islamic banks to develop an internal rating based (IRB) approach.   

 
7. RECOMMENDATION 

 
It is expected that further research efforts in this area could benefit from this study. 

On the issue of data collection, more observations are suggested to be collected. It is also 
very good if the study also discusses about asset-backed sukuk and compare between this 
mode and asset-based Sukuk mode. Future researches can also add more dependent and 
independent variables related to Sukuk rating. For dependent variables, researchers can try 
to use more specific level of rating categories rather than general level of rating categories 
like we used in this study. For independent variables, researcher can improve the model by 
adding more relevant dependent variables to get robust result. For example, cash flow ratio, 
activity ratio, etc. One interesting issue would be the guarantee status variable. There are 
various types of guarantee status or binding agreement in accordance with the structure of 
Sukuk. The study that considers the various types of this guarantee status in the model will 
give better picture with regard to Sukuk credit risk profile. 
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APPENDICES 
 

Appendix-1 
Amount of global sukuk outstanding, 2000 to Jan 2013 

Nominal Nominal
(USD 

Millions)
(USD 

Millions)
Malaysia 9,677 19 12.4% 314,820 3,026 79.8%
Indonesia 3,131 4 4% 12,029 146 3.1%
Pakistan 600 1 0.77% 6,045 43 1.5%

Brunei Darussalam 3,929 84 1%

Singapore 319 2 192 5 0.05%
Hong Kong 196 2 0.25%

Japan 190 3 0.24%
Total 14,113 31 18% 337,015 3304 85.5%

GCC & MIDDLE 
EAST

Bahrain 6,780 93 8.7% 5,675 173 1.4%
Qatar 7,685 9 9.8% 9,548 3 2.4%

Saudi Arabia 9,990 15 12.8% 18,712 26 4.7%
UAE 34,536 50 44.1% 8,218 13 2.1%

Kuwait 2,127 13 2.7% 332 1 0.08%
Jordan 119 1 0.03%
Yemen 253 2 0.06%
Total 61,118 180 78% 42,485 216 11%

AFRICA
Sudan 130 1 0.17% 13,214 22 3.4%

Gambia 78 104 0.02%
Total 130 1 0.17% 13292 126 3.42%

OTHERS
Turkey 1,950 3 2.50% 905 1 0.23%

Germany 55 1 0.07% 123 1 0.03%
UK 282 3 0.36%

France 1 1 0.00%
USA 600 2 0.77% 167 1 0.04%

Kazakhstan 77 1 0.10%
Total 2,965 11 4.00% 1,195 3 0.30%

Grand Total 78,326 223 100% 393,987 3,649 100%

International Sukuk Domestic Sukuk

ASIA & FAR 
EAST

Number of  
 sukuk % Number of  

 sukuk %

 
Source: IIFM Sukuk Report 3rd Ed.
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Appendix-3 
Summary of Variables, Profiles and Techniques used  in Bond Ratings Previous Studies 

No. 
Author, Date 

Size 
Variable 

Liquidity 
Variable 

Profitability 
Variable 

Coverage 
Variable 

Leverage 
Variable 

Market 
Variable 

Qualitative 
Variable 

Method 

1 Belkaoui 
(1980) √ √   √ √   √ MDA 

2 Ederington 
(1984) √    √ √ √   √ MDA 

3 
Duta and 
Shekar 
(1988) 

   √  √    √  √  √ AI ANN 

4 
Singleton and 

Surkan 
(1990) 

√ √ √ √ √     AI ANN MDA 

5 
Kwon, Han 

and Lee 
(1997) 

√ √ √ √ √ √ √ OPP 

6 Chaaveesuk 
et.al (1997) √ √ √ √ √     AI ANN 

7 Kamstra 
(2001) √    √ √ √   √ COMBINED 

LOGIT 

8 Touray 
(2004) √ √   √ √   √ MDA-

MLOGIT 

9 Kim (2005) √  √ √    √ √           √ AI ANN 

10 
Brabazon and 

O’Neil 
(2006) 

√ √ √ √ √ √    Grammatical 
Evolution 

11 Lee (2007) √ √ √ √ √ √  
  

SVM, BP, 
MDA 

12 Hwang 
(2009) √ √ √ √ √ 

  
√ KMV-Merton 

13 Hajek and 
Olej (2011)  √ √ √ 

  
√ 

    
SVM, NN 

14 Kors et.al 
(2012) √ √ √ √ √ √ 

  
MDA, Logit, 

Probit 

15 Arundina and 
Omar (2010) √ √ √ √ √ 

  
√ Logit 

 
Note:   MDA: Multiple Discriminant Analysis 
 ANN: Artificial Neural Network 

BP: Backprogation 
SVM: Support Vector Machine
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Appendix-4 
Pearson Correlation Matrix 

 
Variables 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 16 17 18 19 20 21 22 23 24

1 1 .107 -.067 -.097 .044 -.018 .007 -.149 -.090 -.115 -.065 -.031 -.081 -.077 .072 -.055 -.116 -.121 .094 -.057 -.032 -.033 -.009 -.050

2 .107 1 .098 .119 .117 .023 .079 -.026 .013 .071 -.107 -.029 .064 .085 -.221 .142 .195 .086 .103 -.005 .170 .247 .119 .220

3 -.067 .098 1 .952 .664 .074 .294 .221 .499 .424 -.148 .116 -.112 .014 -.510 .048 .093 .401 -.192 .053 .426 .212 .265 .421

4 -.097 .119 .952 1 .589 .201 .335 .134 .451 .355 -.141 .037 -.146 -.025 -.627 .055 .096 .325 -.143 .067 .488 .270 .248 .467

5 .044 .117 .664 .589 1 .046 .158 -.176 .100 .060 -.291 -.034 -.213 -.040 -.650 -.197 -.139 .179 -.068 -.018 .070 .004 -.092 .084

6 -.018 .023 .074 .201 .046 1 .073 -.063 -.015 -.015 -.016 -.026 -.049 -.041 -.160 -.074 -.027 .014 .095 .017 .068 .036 -.236 .059

7 .007 .079 .294 .335 .158 .073 1 -.030 .147 .102 -.059 -.022 .092 .096 -.284 -.022 .037 -.048 -.046 .335 .251 .184 .161 .251

8 -.149 -.026 .221 .134 -.176 -.063 -.030 1 .512 .748 .137 .208 .137 .039 .354 .123 .148 .328 -.172 -.011 -.015 -.144 .068 -.015

9 -.090 .013 .499 .451 .100 -.015 .147 .512 1 .692 .012 .209 .125 .115 .007 .197 .266 .416 .003 -.043 .314 .162 .294 .322

10 -.115 .071 .424 .355 .060 -.015 .102 .748 .692 1 .055 .213 .092 .067 .057 .261 .245 .398 -.098 -.014 .209 .060 .214 .218

11 -.065 -.107 -.148 -.141 -.291 -.016 -.059 .137 .012 .055 1 .101 .190 .094 .186 -.039 .050 .077 -.075 .040 -.090 -.059 -.049 -.069

12 -.031 -.029 .116 .037 -.034 -.026 -.022 .208 .209 .213 .101 1 .409 .504 .106 .055 .114 .713 -.104 -.049 .085 .028 .127 .111

13 -.081 .064 -.112 -.146 -.213 -.049 .092 .137 .125 .092 .190 .409 1 .835 .182 .071 .251 .316 -.069 .120 .017 .120 .082 .080

14 -.077 .085 .014 -.025 -.040 -.041 .096 .039 .115 .067 .094 .504 .835 1 -.035 .026 .145 .431 -.096 .124 .055 .113 .081 .094

15 .072 -.221 -.510 -.627 -.650 -.160 -.284 .354 .007 .057 .186 .106 .182 -.035 1 .073 .099 -.084 -.037 -.047 -.308 -.240 -.049 -.272

16 -.055 .142 .048 .055 -.197 -.074 -.022 .123 .197 .261 -.039 .055 .071 .026 .073 1 .716 .128 .080 -.039 .561 .544 .617 .540

17 -.116 .195 .093 .096 -.139 -.027 .037 .148 .266 .245 .050 .114 .251 .145 .099 .716 1 .175 .087 -.034 .563 .609 .591 .640

18 -.121 .086 .401 .325 .179 .014 -.048 .328 .416 .398 .077 .713 .316 .431 -.084 .128 .175 1 -.164 -.010 .133 .005 .110 .171

19 .094 .103 -.192 -.143 -.068 .095 -.046 -.172 .003 -.098 -.075 -.104 -.069 -.096 -.037 .080 .087 -.164 1 -.059 .070 .127 .038 .049

20 -.057 -.005 .053 .067 -.018 .017 .335 -.011 -.043 -.014 .040 -.049 .120 .124 -.047 -.039 -.034 -.010 -.059 1 -.033 -.034 -.047 -.017

21 -.032 .170 .426 .488 .070 .068 .251 -.015 .314 .209 -.090 .085 .017 .055 -.308 .561 .563 .133 .070 -.033 1 .913 .915 .977

22 -.033 .247 .212 .270 .004 .036 .184 -.144 .162 .060 -.059 .028 .120 .113 -.240 .544 .609 .005 .127 -.034 .913 1 .862 .922

23 -.009 .119 .265 .248 -.092 -.236 .161 .068 .294 .214 -.049 .127 .082 .081 -.049 .617 .591 .110 .038 -.047 .915 .862 1 .901

24 -.050 .220 .421 .467 .084 .059 .251 -.015 .322 .218 -.069 .111 .080 .094 -.272 .540 .640 .171 .049 -.017 .977 .922 .901 1  
 
 
 


