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Abstract 

This paper mainly explores how and if sales and increased competition among financial 

certifiers, namely Fitch, Standard & Poor’s and Moody’s, affect the default rate of cor-

porate bonds. The postulated idea is that distorted credit ratings are created when com-

peting credit rating agencies want to increase their market share or revenue. Data for 

econometric regressions was taken from three market leaders who have approximately 

95% of total market share - Fitch, Moody’s and S&P. The data was collected from each 

company’s annual balance sheets and bond default rate reports. Two panel data models 

are constructed to test how corporate bond default rates are affected by sales and market 

share of credit rating companies. While market share indicated no significance on the 

bond default rate, the sales proved to be significant enough to increase the bond default 

rate in the future years. Based on these results, policy recommendations were made. 
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1 Introduction 

The first time credit rating agencies (CRAs) were subject to public criticism was after 

the collateralized debt obligation market crashed causing global recession, starting in 

years 2007-08. Part of the blame was put on CRAs (Skreta, Veldkamp, 2009). The oth-

erwise risky securities were rated higher than they were supposed to due to a few postu-

lated reasons – lack of transparency, high complexity and ratings shopping. The asser-

tion is that investors and issuers were shopping for ratings to sell their financial prod-

ucts, thus upward bias for ratings was created. An issuer had the incentive to shop for 

higher ratings among different credit rating agencies and had an option to disclose only 

the best rating. Whereas credit rating agencies had the incentive to provide higher rat-

ings than their counterparts in order to do more business and gain more market share. 

Due to complexity, competition and lack of transparency of the securities rated, the in-

vestors bought overvalued securities which then led to an increase in bond default rates. 

This leads to question these assertions and do an empirical research on the, so blamed, 

credit rating agencies. Surely, the scope of ideas proposed for the reasons why credit 

rating agencies are to be blamed is very wide, so the thesis will focus on problems with 

ratings’ distortion. The ratings’ distortion appears when a CRA is starting to issue bi-

ased credit ratings in order to compete for market share and make more profit from the-

se services. Also, faster issuance of ratings, as shoppers wanted to get ratings faster, re-

sulted in a less diligent analysis and higher likelihood of default. Standard & Poor’s, 

Moody’s and Fitch credit rating agencies are to be analyzed for the effect of the sales 

and competition on corporate bond default rates. 

1.1 Purpose 

The purpose of the paper is to empirically analyze if increased sales and competition 

among top three credit rating agencies, namely S&P, Moody’s and Fitch, would lead to 

an increase in default rates of corporate bonds. 

1.2 Limitations 

One drawback is that the observations accessible were annual from 1998 to 2011. There 

were annual reports for year 2012 from Moody’s and S&P, however Fitch changed the 

reporting date and including this year would have skewed the year matching. Before 

1998, either the company was not a rating agency as we know today or some huge mer-
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ger occurred which limited the observation period to 1998. Also, all companies have 

closed access to financial statements dating back from 1997-96 mainly due to changed 

accounting standards. The quarterly observations of sales were available, yet the bond 

default rates were provided only as annual numbers. 

Another drawback is that the sales included were total sales of all departments. So if, for 

example, S&P had its revenue of S&P Rating Services separate from other departments 

of the company, the Moody’s reported sales of the rating services, indexing and insur-

ance all together. For this reason sales were taken in total of all sales across all depart-

ments, which could include many other services and products, and dilute the actual rev-

enue change from rating services. 

1.3 Outline and Frameworks  

Firstly, the background and previous studies of credit rating agencies are discussed in 

Sections 2 and 3, which then leads into theoretical frameworks in Section 4 which will 

help to build the model for panel data regressions in further sections. The data will be 

analyzed and processed in more depth so as to get as accurate regressions as possible. 

The panel regressions will be run with fixed effects model which is the same as ordinary 

least squares regression with dummy variables. 

In Section 6 the results will be discussed in a more technical way before moving for-

ward to Section 7, which will be focused on the economic significance and application 

to policy of regulations for credit rating agencies. 
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2 Background 

All three rating agencies take 95% (European Commission, 2013) of the total market 

share in credit rating industry. In this section there is a brief introduction to all of the 

companies rating systems and ratings themselves. 

2.1 Fitch, Moody’s and Standard & Poor’s 

Fitch, the smallest of the three leaders, was founded in 1913 and was the first rating 

company that adopted the currently popular rating system of AAA to D to rate securities. 

Fitch Ratings has been recognized in 1975 as a global rating agency by SEC and cur-

rently has more than 2000 professionals and over 50 offices around the world. (Official 

Fitch website, 2013). 

Moody’s has been operating for more than 100 years. Moody’s rates debt in more than 

115 countries, employs around 6800 and holds offices in 28 countries. As discussed in 

Section 2.2, it is the only company of the three that has a slightly different rating scale 

as compared to Fitch and S&P. Like Fitch, Moody’s was recognized as a credit rating 

agency in 1975. Until then the company was providing statistics about securities. (Offi-

cial Moody’s website, 2013). 

Standard & Poor’s has been in business for 152 years and dates back to late 1800s, but 

the ratings shopping, as we know it, began in 1974 when S&P started charging its issu-

ers for corporate ratings. The company publishes more than a million credit ratings on 

corporate, sovereign, municipal and financial issued debt. In 2011 Standard & Poor’s 

rated almost 3.2 trillion dollars of issued debt. There are 23 offices, over 1400 analysts, 

managers and economists working in the company. The ratings issued by all CRAs are 

published through e-newsletters, multi-media presentations, posted on the web and on 

mobile devices. (Official S&P website, 2013). 

2.2 Ratings Criteria and Rating Systems 

The analytical framework for corporate debt issues includes analysis of creditworthiness 

before external support, external support and analysis of specific instruments. 

The creditworthiness is a very important step in analyzing the corporate issuer. It is 

done by “gauging the resources available to it [issuer] for fulfilling its commitments 

relative to the size and timing of those commitments” (S&P, 2013). Cash flows and fu-
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ture income is the most relevant aspect evaluating creditworthiness for corporate issu-

ers. Usually other resources like liquid assets are added. The variance of these most im-

portant financial statement indicators is also taken into creditworthiness equation. When 

the issuer has an external contractual support by high-rated guarantor it can enhance the 

creditworthiness, as well as the rating. The specific instruments used in case of the de-

fault are taken into account too. For example, a capital structure of separating senior 

debt from subordinated debt in case of default will affect the rating. For another exam-

ple, an issue of unsecured debt will always receive lower rating than secured debt. 

However, the more detailed calculations differ across companies. The calculations are 

disclosed and unknown to public (European Commission, 2013), hence the possibility 

of the same debt being rated differently. 

There are long-term and short-term rating scales. However, the focus is on the long-

term ratings since they are more relevant to the purpose of the thesis as most important 

debt issued is long-term (DBRS Ratings, 2013). The abbreviations of long-term ratings 

differ across the companies, but the systems are similar. For example S&P’s rating of 

high grade is AA, whereas in Moody’s case high grade is expressed as Aa2. The Table 

1 shows the symbols assigned to the risk level of the issuer or issuance for each compa-

ny. 

Table 1. Rating Categories 

  Fitch Moody's S&P   Fitch Moody's S&P 

Prime  AAA Aaa AAA Non-
investment 
grade 

BB+ Ba1 BB+ 

High grade AA+ Aa1 AA+ BB Ba2 BB 

AA Aa2 AA BB- Ba3 BB- 

AA- Aa3 AA- Highly 
speculative 

B+ B1 B+ 

Upper me-
dium grade 

A+ A1 A+ B B2 B 

A A2 A B- B3 B- 

A- A3 A- Highly risky 
with pro-
spect for de-
fault 

CCC+ Caa1 CCC+ 

Lower me-
dium grade 

BBB+ Baa1 BBB+ CCC Caa2 CCC 

BBB Baa2 BBB CCC- Caa3 CCC- 

BBB- Baa3 BBB- CC Ca CC 

Non-
investment 
grade 

BB+ Ba1 BB+ C C 

BB Ba2 BB In default D C D 

BB- Ba3 BB- 

Source: CRA websites 



 

 
7 

2.3 Ratings Shopping 

This topic of ratings shopping is fairly new, but there has been strong theories support-

ing that ratings shopping is part of the problem affecting stability of the economy. This 

is the main possible issue that was raised by other researchers. Bolton, Freixas, Shapiro, 

Skreta, Veldkamp, Farhi, Lerner and Tirole have elevated the idea of ratings shopping. 

The more credit issuers shop around different agencies for better ratings, the worse the 

investors are. Shopping around tends to distort credit ratings, which then no longer re-

flect the true risk of the financial instruments. There has been named more than a few 

reasons why this happens and these reasons are discussed more thoroughly in Section 3. 

2.4 Business Cycle 

The interest is taken in business cycles, since it is an important economic indicator tell-

ing the state of the overall economy. It will be an important factor to the regressions lat-

er in the paper helping to differentiate the real causation of the bond default rate chang-

es. The purpose of this is to find a business cycle indicator which will be in the model as 

a control variable for bond default rates. 

Economic indicators that report economic cycle can be differentiated by leading, lag-

ging and coinciding (Wekker, 2009). Leading indicators mostly tell where the economy 

is going in the near future, coinciding indicators mostly go alongside the economy and 

lagging indicators often follow the economy. Different indicators belong to different 

category; the indicators are grouped by their type in the Table 2. 

Table 2. Economic Cycle Indicators. 

  

Leading Temp jobs, Consumer confidence, Orders received, Produc-

er confidence, Large purchases 

Coincident GDP, Exports, Capital market rate, Consumption, Fixed 

capital formation 

Lagging Vacancies, Unemployment, Labour rate 
Source: Wekker, 2009. 

For the purposes of the study the actual representation of the economic cycle is needed. 

Since GDP is a coinciding factor with the actual cycle and it also coincides with con-

sumption, nominal GDP will be used in the model as an independent variable influenc-

ing the bond default rates. Consumption can be thought as investors’ consumption of 

credit rating agencies’ services. The fact that both indicators, GDP and consumption, 

are coinciding will help to build a model without a cycle lag between three independent 
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variables in Section 4. Since all three credit rating agencies are based in United States, 

the annual nominal GDP of United States will thus be used for the selected sample. 

  



 

 
9 

3 Previous Studies 

The issue is that credit issuers, who want their financial instrument rated, shop around 

different credit rating agencies for better ratings. This issue is the common thread across 

almost all research papers. Issuers have been proved to be internally discussing fees be-

fore making a decision whether it is worth to pay CRA for a rating (SEC, 2008), still – 

“many banks and funds are required to hold only investment grade securities” (Skreta, 

Veldkamp, 2009). This enforcement to grade the securities forces issuers to go to differ-

ent rating agencies and pay to get their securities rated. If an issuer decides or has to pay 

for a rating, but is unhappy with it - CRA can issue another one and fees are paid only 

when rating is issued (Bolton, Freixas, Shapiro, 2009). It is not likely to create a bias, 

upward or downward, in the rating issued as long as CRA has no negotiable power. But 

in the economy there are more than one CRA, which makes them compete for market 

share. Offering higher ratings to attract issuers can create problems. Even if decreased 

competition has been linked to increased market failures, it might not be in the case of 

CRAs (Skreta, Veldkamp, 2009). 

One proposition is that the issuer has the ability to choose whether/or which rating to 

disclose (Skreta, Veldkamp, 2009) which in turn increases the incentive to shop around. 

A so called shadow rating can be issued or pre-rating assessment can be done identify-

ing of what a rating might be (Bolton, Freixas, Shapiro, 2009; Skreta, Veldkamp, 2009). 

Considering there is no policy requiring to disclose the rating, a shadow rating is a rat-

ing issued by a credit rating agency, which does not obligate the issuer to disclose it to 

public. So if the cost of getting a credit rated is relatively low when compared to bene-

fits of getting a higher rating and/or issuers want to issue a really big and important 

credit, they are most likely to shop around different credit rating agencies. Surely, in-

creased amount of CRAs will increase the amount of ratings that could be issued, which 

would only encourage issuers to shop more with a hope of a better rating. As a result, 

issuers of credit become like shoppers searching for the best price they can get for the 

service they want. 

A story of two financial journals in the 1970s-1980s indicated that competition encour-

ages not only competing for prices, but for market share too (Farhi, Lerner, Tirole, 

2009). When a monopolistic Journal of Economics encountered a fierce competitor 

Journal of Financial Economics the rate of rejection for articles submitted to be pub-
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lished fell dramatically from 41% to only 13.5%. Partly it was because of the increased 

editors’ pressure on reviewers to review the articles faster and lower the standards. If 

one looks at CRAs from this perspective, they have the same incentive to issue ratings 

faster by lowering rating standards to gain more market share. As Farhi, E., Lerner, J. 

and Tirole, J. (2009) discuss in their paper, the defense strategy by one certifier is to be-

come a multi-tier grader since “sellers will indeed turn to such “quick turn-around” 

certification.” In other words, one of the ways to increase the profit and market share is 

to lower the standards and grade the credit faster in order to attract more customers, 

which in this case - debt issuers. 

There are three market leaders in financial certifier industry – Moody’s, Standard & 

Poor’s and Fitch. Due to acquisitions of Thomson Bankwatch and Duff & Phelps that 

Fitch made during 1990s and 2000s, it became possible to observe how Fitch’s market 

share increase influenced credit ratings. B. Becker and T. Milbourn (2010) discuss in 

the paper how market share of Fitch can be determined by the amount of bonds rated by 

Fitch against the bonds rated in total. As results suggest, the more Fitch increased the 

market share, the higher ratings were issued. When market share of Fitch was above the 

median, assuming high competition, the ratings had the tendency to be higher and when 

market share of Fitch was below the median, assuming low competition, the ratings had 

the tendency to be lower (Becker, Milbourn, 2010). The authors concluded that “a one 

standard deviation increase in Fitch’s market share is predicted to increase the average 

firm and bond rating by between a tenth and half of a step.” 

The financial securities became more complex over the years (Financial Stability Fo-

rum, 2008). Therefore another perspective why rating agencies are to be blamed is that 

the complex securities became harder to grade. V. Skreta and L. Veldkamp (2009) argue 

that higher asset complexity, in most cases, incentivizes to shop for ratings. As the asset 

is becoming more complex, the ratings become more further apart from one another. 

Because of this gap the issuer can pay for another grade in hope that it will be much dif-

ferent from the first one. When the disclosure of the rating is mandatory, the issuer pre-

fers a less complex security. But when the disclosure is voluntary, the issuer will go for 

a more complex asset, because he or she then can choose from a wider range of ratings 

since “[…] profits rise with added complexity […] if the two ratings are sufficiently far 

apart, he [or she] discloses the larger of the two” (Skreta, Veldkamp, 2009). 
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Based on these studies, the increased complexity of financial instruments only adds to 

the issue of ratings shopping. The more complex financial instruments become, the 

more variance among credit ratings issued by different credit rating agencies there is. 

Hence it only adds to the incentive of the issuers to shop around. 

  



 

 
12 

4 Theoretical Framework 

4.1 Usage of Panel Data 

Panel data is the chosen method. As D. Yu (2011) put “the added temporal dimension 

enlarges the sample size hence contains more degrees of freedom, adds more variabil-

ity, renders less co-linearity among the variables, and gives more efficiency for estima-

tion.” One of the advantages of panel data is that the regression output contains more 

degrees of freedom, which is useful since the collected data is a relatively small 39 ob-

servation sample size (Section 5). Besides that, there probably are significant differ-

ences across the companies and ordinary regression does not take it into account, 

whereas regression using panel data does. Using panel data to run a regression is a good 

fit to study the dynamics of change and can detect effects that pure cross-sectional or 

pure time series regressions cannot (Gujarati, 2009), which applies to the case of testing 

the change in bond default rate. The annual data of the three companies have been put in 

a balanced panel ranging from 1998 to 2011. The balanced panel means that the obser-

vation number does not differ across panel members - CRA companies. 

4.2 Usage of Pooled Regression, Fixed and Random Effects Models 

The task is to determine which model for estimating panel data regression is more ap-

propriate – pooled regression, fixed or random effects models. If a pooled regression 

was to be run on the panel data, the output would have intrinsic assumption that inter-

cept values of Moody’s, Fitch and Standard & Poor’s are the same. It would also as-

sume that slope coefficients for all of the three variables, sales, market share and GDP, 

are the same for the three companies. These assumptions are very strong as it is very un-

likely that different companies have similar slope coefficients and intercept values. 

Fixed effects model relaxes one of the assumptions and allows members of the panel to 

have intercept differences among one another (Gujarati, 2009). However, the intercept 

is constant through time, hence the name fixed effects model. The coefficients are as-

sumed to be constant through time and same for all panel members. Its usage of dum-

mies is what allows turning on and off various members of the panel during a regression 

to get the different intercepts for different panel members. Statistical software EViews 

7.1 already has a fixed effect model routine integrated which obtains the same result as 
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regressing using dummy variables. The model for fixed effects using one dependent and 

three independent variables is: 

                                                                                                                 (1) 

Independent variable   will be corporate bond default rate. The independent variables 

tested will be sales of CRAs, GDP and competition among CRAs, which is expressed as 

sales divided by total sales of all three major credit rating agencies. Each variable is 

listed in the Table 3. 

Table 3. Description of Variables. 

 
 Description Variable 

 Intercept.     

 Error term.     

Default Rate Dependent variable.     

Sales Independent variable.    

Market Share Independent variable. Market share 
ratio of Sales/Total Sales. 

   

GDP Independent variable.     

 

  is an error term or a residual, which should contain only white noise. Even if this 

model does allow having different intercepts, they are constant or time-invariant, which 

is opposite to random effects model which will be discussed next. 

Random effects model goes even further and relaxes the assumption that the model is 

specified correctly and attempts to express any misspecifications of the intercept in the 

error term (Gujarati, 2009). While in fixed effects model the intercept     is assumed to 

include the cross-sectional error term, the error term in random effects model is includ-

ed in the residual. It means that the coefficient     becomes    and the error term    is 

moved to the error term, which now is labeled as    . To be exact, this means that the 

companies now have a mean value for the intercept and any differences are captured by 

the new error term    . The process of moving the cross-sectional error term to residual 

is this: 

                     i = {1, 2, 3}. 

Where i is credit rating agencies. Now let the residual include the cross-sectional error 

term    of the coefficient     
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where   becomes a mean value and there are two error terms 

                                                         

                                                                                                                (2) 

4.3 Model Selection 

The logical option to choose between the fixed and random effects model would be to 

run the Hausman test. However, random effects model requires to have number of cross 

sections to be higher than number of coefficients. There are three coefficients for three 

panel members, therefore running random effects model is impossible. Gujarati (2009) 

states that when a number of T (time series observations) is high relative to a number of 

N (cross-sectional units) then there is little difference between fixed effects and random 

effects models (Gujarati, 2009). In this case this assumption is satisfied since there are 

14 time series observations and 3 cross-sectional units. So even if random effects model 

was the more appropriate model to run, there would still be little difference between the 

two regressions. That is why the chosen model is fixed effects model. 
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5 Empirical Framework 

5.1 Data 

Three market leaders in the industry are and have been Fitch, Moody’s and Standard & 

Poor's. The sample period is from 1998 to 2011 resulting in total 39 observations or 13 

observations for each company. The data was collected from each company's balance 

sheet since 1998. The cutoff date, 1998, was chosen due to lack of data before it. Either 

one of the companies had no relevant financial reports before 1998, accounting stand-

ards have changed, the company’ structure was different or a huge merger occurred. For 

example in Fitch's case the company merged with IBCA in 1997 and sales more than 

tripled (Becker, B. and Milbourn, T. 2010). Fitch made smaller acquisitions during the 

following years and as a result it was followed by a sales and market share increase. The 

default rates of corporate bonds include both, speculative and investment grade bonds. 

The default rate is individual for each company’s graded bonds. The rates were provid-

ed by each company in a report format whereas sales were drawn from financial state-

ments. Annual nominal GDP data was retrieved from worldbank.org 

Before putting into a panel, each variable was tested for unit root, or for non-

stationarity, which can cause spurious regressions, using Augmented Dickey-Fuller test. 

The variable of sale was following a random walk with a drift process, whereas the var-

iable of GDP was following stationary process around deterministic trend. To make 

sales a stationary process the correct remedy was to take the first difference. As for 

GDP, the correct remedy to make it a stationary process was to take the deviations of 

the residual along the deterministic trend. 

Since default rate and market share were expressed as ratios, they did not have a sta-

tionarity problem, because the values fall within         range. GDP and sales varia-

bles had to be de-trended, because there was no range for them to fall within as they 

could have been trending upwards infinitely. After detrending the data, all variables be-

came stationary (and not growing) individually and as a group, rejecting the null hy-

pothesis of unit root presence (Table 4), which makes it safer to put in the panel. The 

panel group test was performed by Levin, Lin and Chu (LLC) test, while individual 

tests were performed by Augmented Dickey-Fuller (ADF) test. 
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  : There is unit root. Data is not stationary. (Variable is not growing) 

  : There is no unit root. Data is stationary. (Variable is not growing) 

Table 4. Panel Unit Root Tests. 

    

  Default 
Rate 

Sales Market 
Share 

GDP 

Individual Unit Root 0.0519* 0.0376** 0.0071*** 0.0390** 

(ADF) 

Common Unit Root 0.0017*** 0.0000*** 0.0000*** 0.0107** 

(LLC) 

*** = 1% level of sign., ** = 5% level of sign., * = 10% level of sign. 

The Tables 5 and 6 represent descriptive statistics and correlation matrix after the data 

has been processed and ready to be put into panel data. 

Table 5. Descriptive Statistics 

 
Sales 
Fitch 

M.Share 
Fitch 

D.Rate 
Fitch 

Sales 
Moodys 

M.Share 
Moodys 

D.Rate 
Moodys 

Sales 
SNP 

M.Share 
SNP 

D.Rate 
SNP 

GDP 

           Mean 29,63 0,10 0,01 137,32 0,35 0,02 156,38 0,55 0,02 0,00 

Standard 
Error 

17,38 0,00 0,00 58,71 0,01 0,00 54,27 0,01 0,00 89109,68 

Median 37,30 0,10 0,00 221,90 0,37 0,02 213,00 0,53 0,02 -72782,09 

Standard 
Deviation 

62,65 0,02 0,01 211,68 0,04 0,02 195,68 0,04 0,01 333417,89 

Sample 
Variance 

3924,81 0,00 0,00 44809,21 0,00 0,00 38289,76 0,00 0,00 1111674- 

          
92693,15 

Kurtosis 3,52 -0,32 1,12 7,80 -0,84 1,35 4,95 0,52 -0,76 -0,53 

Skewness -1,64 0,56 1,35 -2,62 -0,93 1,26 -1,97 1,39 0,71 0,72 

Range 236,10 0,05 0,03 809,10 0,10 0,06 738,00 0,12 0,04 1055806,37 

Minimum -136,60 0,08 0,00 -503,60 0,28 0,00 -392,00 0,51 0,00 -407310,77 

Maximum 99,50 0,13 0,03 305,50 0,38 0,06 346,00 0,63 0,04 648495,60 

Sum 385,20 1,44 0,11 1785,20 4,88 0,29 2033,00 7,68 0,25 0,00 

Count 13,00 14,00 14,00 13,00 14,00 14,00 13,00 14,00 14,00 14,00 
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Table 6. Correlation Matrix 

  Sales 
Fitch 

M.Share 
Fitch 

D.Rate 
Fitch 

Sales 
Moodys 

M.Share 
Moodys 

D.Rate 
Moodys 

Sales 
SNP 

M.Share 
SNP 

D.Rate 
SNP 

GDP 

Sales Fitch 1,00 
         

M.Share 
Fitch 

0,37 1,00 
        

D.Rate 
Fitch 

-0,46 0,21 1,00 
       

Sales 
Moodys 

0,81 0,15 -0,33 1,00 
      

M.Share 
Moodys 

-0,16 -0,01 -0,05 0,25 1,00 
     

D.Rate 
Moodys 

-0,21 0,30 0,83 -0,29 -0,33 1,00 
    

Sales SNP 0,76 0,02 -0,51 0,96 0,31 -0,50 1,00 
   

M.Share 
SNP 

-0,01 -0,38 -0,04 -0,32 -0,92 0,19 -0,32 1,00 
  

D.Rate 
SNP 

-0,13 0,43 0,83 -0,24 -0,42 0,97 -0,46 0,22 1,00 
 

GDP 0,05 0,05 -0,47 -0,19 0,15 -0,49 0,00 -0,16 -0,51 1,00 

5.2 Granger Causality Test 

To elevate the idea that GDP might be the main causal factor for bond default rates, 

Granger Causality Test was conducted. There is a possibility that corporate bonds do 

not default the same year as sales increase, because they lag (Bruche M., Gonzalez-

Aguado C. 2009).  It is useful to conduct this test in order to understand more about the 

significance of these variables and check which one is more deterministic in affecting 

bond default rate in the future. Market share is expressed as “Sales/Total Sales of All 

Companies.” The causation test was lagged by 1, 2 and 3 years. Hypothesis: 

  : Y (default rate) is not caused by X (sales, GDP or market share) 

  : Y (default rate) is caused by X (sales, GDP or market share) 

Table 7. Pairwise Granger Causality Tests. 

   Default Rate is Granger 
Caused by Sales 

Default Rate is Granger Caused 
by GDP 

Default Rate is Granger 
Caused by Market Share 

  Lagged Year(s) Lagged Year(s) Lagged Year(s) 

  1 2 3 1 2 3 1 2 3 

Fitch No No No No No No No No No 

Moody's Yes*** Yes** Yes* Yes* No No No Yes* No 

S&P Yes** Yes** No Yes* No No No No No 

*** = 1% level of sign., ** = 5% level of sign., * = 10% level of sign. No = default rates are not caused 

by X, Yes = default rates are caused by X. 
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It turns out that even if GDP and market share are significant in affecting the bond de-

fault rates in some years, the actual causal factor is the sales of the credit rating agen-

cies. Sales of Moody’s and S&P displayed significant effect to bond default rates over 

the lagged years. This asserts that there has to be significance of sales in lagged regres-

sion too. This conclusion is supported by the paper of Bruche M. and Gonzalez-Aguado 

C. (2009), which shows that bond default rates lag. GDP had significant causation only 

for one lagged year; this effect completely disappeared in the future years. It suggests 

that even if GDP is proved to be a causal factor for bond default rates by regressions in 

Section 6, one can argue that this effect disappears in the future years. Fitch stood out as 

having no significance in causing bond default rates. The market share had a causal ef-

fect for only two year lag year and only for Moody’s.  

5.3 Testing Assumptions of Fixed Effects Model 

To check the assumption that coefficients are similar for all companies, six separate 

OLS
1
 regressions are run for the three companies with no lag and with two year lag. 

Table 8. Separate Regressions. 

No Lag 
  Fitch (N=13) Moody's (N=13) S&P (N=13) 

  Coefficient Coefficient Coefficient 

Sales -7.38E-05** -2.41E-05 -2.76E-05 

Market Share 0.203365 -0.142328 0.057286 

GDP -1.09E-08* -2.49E-08* -1.93E-08* 

2 Year Lag 

  Fitch (N=12) Moody's (N=12) S&P (N=12) 

 N=14 Coefficient Coefficient Coefficient 

Sales 4.05E-05 1.90E-05 2.07E-05 

Market Share -0.212816 0.088228 -0.088452 

GDP -9.51E-09 -2.27E-08 -1.97E-08* 
*** = 1% level of sign., ** = 5% level of sign., * = 10% level of sign. N = observations. 

Because of the lag, one observation was lost for each time series. The coefficients for 

sales and GDP are relatively close across all companies, except for the coefficient of 

market share. Coincidently, the coefficients for market share will turn out to be non-

significant in the panel regressions in Section 6. Hence running fixed effects model is 

appropriate. 

                                                 
1
 Abbreveiation for ordinary least squares 
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6 Empirical Analysis 

6.1 Fixed Effects Model Regression 

The market share, as written in Section 4.2, is expressed as sales relative to total sales of 

all three market leaders for that particular year. So the model is 

                                                                                           

where t is a time index and i = 1 (Fitch), 2 (Moody’s), 3 (S&P). After running the re-

gression the following results are obtained as shown in Table 9. 

Table 9. Regression Results. No Lag. 

 No Lag Regression Results 

 
Coefficient/Value 

Intercept 0.028558 

Sales -3.05E-05*** 

Market share (Sales/Total Sales) -0.027273 

GDP -1.95E-08*** 

No Lag Regression Statistics 

R-Squared 0.51 

Durbin-Watson 1.74 

Jarques-Bera 0.29 

F-Statistic (p value) 0.000167 

S.E. of Regression 0.010363 

Nr. of Observations 39 
*** = 1% level of sign., ** = 5% level of sign., * = 10% level of sign 

There were 39 observations in total for all 3 cross-sections. P-value of F-Statistic shows 

that regression is significant and coefficients are not zero. R-Squared is relatively high 

which means that 0.51% of bond default rates’ movement can be explained by the mod-

el. However, that could be a sign of autocorrelation, since Durbin-Watson statistic is 

relatively high. Jarques-Bera tests a null hypothesis that the residual is normally distrib-

uted (p-value 0.29) and it can be concluded that the residual mostly captures the white 

noise. The intercept, which should not be meaningful since run fixed effects model is 

used, is 0.028558. The slope for sales variable is -3.05E-05 and has 1% level of signifi-

cance. The slope for market share is -0.027273 and is insignificant. The slope for GDP 

is -1.95E-08 and also has 1% level of significance. These numbers of coefficients are 

for one million U.S. dollar change in sales or GDP. Since sales and GDP do not change 

by only 1 million dollars over a year, the numbers of coefficients are multiplied by 100.  
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Now it can be said that if sales of credit rating agencies rise by 100 million dollars, the 

bond default rates will decrease by 0.305%. Consequentially, if GDP rises by 100 mil-

lion dollars, the bond default rates will decrease by 0.0000000195%. This no lag model 

is expressed as following: 

                                                                                          

6.2 Fixed Effects Model Regression. 2 Year Lag. 

Based on the fact that sales had much higher influence on default rates in future years in 

Granger causality tests in Section 5.4, it can be stipulated that bond default rates are a 

lagging indicator, variable. Meaning - bonds that are issued in one year, do not usually 

default at the same or the next year. So by adjusting the panel data, the bond default rate 

observations are moved by 2 years forward, thus creating a lagging effect by sacrificing 

one observation of each panel member. The 2 year lagged regression results: 

Table 10. Regression Results. 2 Year Lag. 

 2 Year Lag Regression Results  

 
Coefficient/Value 

Intercept 0.016641 

Sales 2.46E-05** 

Market share (Sales/Total Sales) -0.007044 

GDP -1.64E-08*** 

 2 Year Lag Regression Statistics 

R-Squared 0.46 

Durbin-Watson 1.68 

Jarques-Bera 0.52 

F-Statistic (p value) 0.001641 

S.E. of Regression 0.011172 

Nr. of Observations 36 
*** = 1% level of sign., ** = 5% level of sign., * = 10% level of sign. 

The results of regression with two year lag are similar to the results of no lag regression 

results except for one thing – now increase in sales has a positive effect on bond default 

rates. R-squared, F-Statistic and Durbin-Watson statistics are similar to the previous re-

gression, however the non-normality of the residual displayed the greatest improve-

ment. That is, p-value of Jarques-Bera increased from 0.29 to 0.52, which is good. 

Now it can be stated that sales increase of credit rating agencies by 100 million dollars 

will lead to bond default rate increase of 0.246%; consequently if GDP increases by 100 

million dollars the bond default rate will decrease by 0.0000000164%. Which is still 
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very small compared to credit rating agency effect on bond default rates. The model 

with two year lag: 

                         

                                                                           

6.3 Analysis 

In the first regression, the non-lagged one, the sales actually go hand in hand with coin-

cident economic factor, GDP, and negatively affect (decrease) the bond default rate. 

These results of the non-lagged regression are counter intuitive as they suggest that in-

crease in sales and gross domestic product will lead to decrease in corporate bond de-

fault rate across the companies. This can be understood as sales increase is due to a 

good economic situation reflected in GDP and thus default rates decrease, because 

economy is trending up in the current year. 

Change in market share of CRAs does not have any significance to the outcome of the 

bond default rate, thus, so far, the statement that bond default rates increase as credit rat-

ing agencies increase their market share cannot be affirmed. This is not to contradict the 

study of Becker, B. and Milbourn, T. (2010) as their paper does not state that bond de-

fault rates increase; the paper states that the increased competition increases or distorts 

bond ratings. The assumption that distorted ratings lead to higher default rate is negated 

as a negative effect of sales and no effect from market share increase is observed. 

One way to explain it is that sales actually precede the bond default rate, so whenever 

sales increase bond default rates are still decreasing as a result of good economic situa-

tion from previous years and when sales were not increasing (or decreasing) as rapidly. 

It can be speculated that bonds with various maturities tend to distort the annual default 

variable as some bonds rated two years ago can default at the same time as bonds rated 

one year ago. This is an attempt to explain that the bond default rates are a lagging vari-

able, meaning that bonds rated at the same year the sales increase can default in not so 

near future. Hence, it is supported by the paper of Bruche M. and Gonzalez-Aguado C. 

(2009). 

To take into account this bond default rate lag effect, the bond default rates was lagged 

by two years and the results changed for the sales variable. Now sales increase became a 

positive effect on bond default rates (increase). This observation agrees with the state-
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ment that the more ratings are issued by credit rating agencies, the more corporate 

bonds will default in percentage terms in two years. Market share still was of no signifi-

cance in the lagged model again. Both, causality test and lagged regression, suggested 

that sales had much bigger influence on bond default rates than GDP in the future years, 

which allows assuming that bond default rates really lag into the future years. It allows 

concluding that the real causal factor for corporate bond default rate increase in two 

years is sales of CRAs; not the GDP (business cycle) or market share of CRAs. 
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7 Conclusion 

The results of the paper are somewhat expected based on previous researches. However, 

the conclusion of this paper goes even further than some other papers did. This paper 

tested both sales and market share of CRAs effect on bond default rates. Market share 

turned out insignificant, whereas sales did. The first and foremost conclusion of these 

kind of results is that it is not the market share of CRAs that affect bond default rates – 

it is the willingness to expand that causes distorted ratings that tend to default more. 

As complexity of financial instruments increased over the years, the CRAs, differing in 

rating methodology, issued ratings that are more far apart from each other. This finding 

is supported by the paper of V. Skreta and L. Veldkamp (2009). Therefore, as time went 

by, the shoppers of ratings were more incentivized to get a rating from more than one 

credit rating agency. This willingness to shop more increased the revenue of CRAs. As 

a result, demand for ratings increased and CRAs became pushed to issue better ratings 

than their competitors to increase sales. If the idea supported by the study of B. Becker 

and T. Milbourn (2010) is combined with the findings of this paper, it confirms that in-

crease in sales does lead to increase in bond default rates. 

As suggested by some papers covered in Section 2 section, the increased competition 

and sales among credit rating agencies lead to distorted credit ratings. The assumption 

in this study was that distorted ratings result in an increase of corporate bond default 

rates as issuers and investors buy into these false valuations (ratings) as credit rating 

agencies compete for business. The findings of the panel data regressions for three ma-

jor companies were that increase in sales of credit rating agencies resulted in a decrease 

of bond default rates (0.305% decrease per 100 million dollar increase). However, if the 

bond default rates were lagged by two years, the sales then became a positive effect 

(0.246% increase per 100 million dollar increase). The GDP, in both regressions, still 

had a negative effect (decreased) on corporate bond default rates, though relatively 

small when compared to the effect of sales. The causality test supported this assump-

tion. Market share had no significance to the model in both cases, lagged and non-

lagged models. Then the final conclusion was made that corporate bond default rates 

will increase by 0.246% in two years if sales of CRAs increase by 100 million dollars 

today whereas the business cycle and market share are not the causal factor for this ef-

fect. The opposite effect of sales produced by the non-lagged model is that, since bond 
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default rates lag – they are still decreasing because of previously good economic condi-

tions and not as rapid increase in sales. 

Since there was no significant relationship between market share of credit rating agen-

cies and corporate bond default rate, there could be no suggestions made to that area of 

policy regulation for credit rating agencies. However, since there was a significant rela-

tionship connection between sales of CRAs and bond default rates, there could be some 

conclusions drawn combined with the previous studies. 

The preventative techniques for this economic phenomenon are used by regulators who 

still have many questions about the policy regulation. From this study the following 

conclusions can be made:  

 It is best to have a mandatory disclosure of ratings so that shoppers would be 

less likely to shop around creating an incentive for CRAs to compete. 

 A mandatory rotation rule for the issuer to change CRAs every n years to limit 

the shopping by changing CRAs too often. Alternatively, a mandatory limited 

rotation rule where issuers would not be allowed to get a second opinion from 

another CRA once they have got their financial instrument rated. 

 Limit the times of credit getting rated to decrease the shopping. 

 Assimilation of rating techniques and methodologies so that they could be uni-

fied by all credit rating agencies to decrease the variance in ratings issued. 

 Also, limited complexity of financial assets to decrease the variance in ratings 

issued. 

Many of these policies have been applied in European Union and have been in effect 

since 2013 January (European Commission, 2013). The aim of the new policies has 

been focused on limiting the reliance on ratings and increasing transparency. However, 

some politicians, like Godfrey Bloom, raise some opposite ideas of what free market 

economy is and consider these newly applied regulations will only worsen the situation. 

The increase of observations is important to further improve the tests. Specifically - ob-

taining bond default rates for separately graded bonds (from Prime to C), would provide 

a deeper insight into bond default rate behavior. Thus, further studies are offered to in-

crease the number of observations by accessing larger databases of bonds and ratings, 

and differentiating bonds by their grade. Obtaining quarterly sales data from all of the 
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three CRAs would increase the observation count and would allow speculating about 

bond default rate seasonality. Testing for cointegration between variables could derive 

interesting results and even result in a different model. Linearizing sales and GDP and, 

somehow, adapting the ratios of market share and default rate to be trending along the 

GDP and sales could also result in an interesting model. 

Since, sales of CRAs in this study were taken in total and not separated from other de-

partments - ability to separate the sales of other departments from the sales of rating 

services would also greatly benefit the accuracy of the study. 
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9 Appendix 

Raw Data 

 

 

Date Sales_Fitch Mshare_Fitch Drate_Fitch Sales_Moodys Mshare_Moodys

1998 140,5 0,08149652 0,0042 495,5 0,287412993

1999 158,5 0,081294558 0,0085 564,2 0,289377853

2000 241,4 0,113669539 0,0038 602,3 0,283608796

2001 340,9 0,134445496 0,0091 796,7 0,314205711

2002 378 0,127819295 0,0217 1023,3 0,34602509

2003 402,9 0,11785871 0,0115 1246,6 0,364662864

2004 403,8 0,103615509 0,0012 1438,3 0,369069308

2005 476,6 0,103401892 0,0031 1731,6 0,375683416

2006 534,3 0,100481438 0,0007 2037,1 0,383100764

2007 623,4 0,105154848 0,001 2259 0,381047163

2008 486,8 0,099424043 0,0128 1755,4 0,358522936

2009 450,2 0,091757704 0,0257 1797,2 0,366297081

2010 487,5 0,090219302 0,0049 2032 0,376052559

2011 525,7 0,088689813 0,003 2280,7 0,384772413

Drate_Moodys Sales_Snp Mshare_snp Drate_snp GDP

0,01312 1088 0,631090487 0,0127 8741000

0,02377 1227 0,629327589 0,0213 9301000

0,02842 1280 0,602721665 0,0246 9898800

0,0433 1398 0,551348793 0,0375 10233900

0,03282 1556 0,526155615 0,0354 10590200

0,02009 1769 0,517478426 0,019 11089300

0,00909 2055 0,527315183 0,0077 11797800

0,00732 2401 0,520914692 0,006 12564300

0,00716 2746 0,516417798 0,0045 13314500

0,00398 3046 0,513797989 0,0037 13961800

0,02237 2654 0,542053021 0,0177 14219300

0,05934 2659 0,541945214 0,0409 13898300

0,01397 2884 0,533728139 0,0117 14419400

0,00857 3121 0,526537774 0,0076 14991300


