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UNIVERSIDAD COMPLUTENSE DE MADRID 

Resumen Ejecutivo 

Facultad de Ciencias Económicas y Empresariales 

Tres ensayos sobre los efectos de la información contenida en los cambios de rating 

crediticio en los mercados financieros 

por Rodrigo FERRERAS LABRA 

La tesis doctoral “Tres ensayos sobre los efectos informacionales de los cambios de rating 

en los mercados financieros” estudia del impacto de los cambios en el rating de la deuda 

corporativa anunciados por las agencias de calificación crediticia en los mercados 

financieros. El estudio se desarrolla en cuatro capítulos.   

Introducción 

Este capítulo sirve para contextualizar la tesis. Las agencias de rating son compañías que 

dan una opinión acerca de la solvencia de las empresas y sus activos de deuda a través de 

los anuncios de rating. Los mercados financieros reaccionarán ante dichos anuncios 

siempre que aporten información relevante no conocida previamente. El hilo conductor 

de los capítulos de la tesis es el análisis del impacto de esta información en los mercados 

financieros y cómo varía ante distintos escenarios. Así, el segundo capítulo de la tesis se 

concentra en cómo cambia el impacto de esta información cuando se producen cambios 

regulatorios y eventos que afectan a la credibilidad de las agencias. El tercer capítulo 

estudia la transmisión de la información de los cambios en el rating de una empresa a 

otras empresas de su mismo sector. Finalmente, el último capítulo analiza la evolución 

dinámica de las discrepancias de opinión entre las agencias como una medida de cambios 

en la opacidad informativa de las empresas y analiza su efecto sobre la respuesta del 

mercado a los anuncios de cambio de rating. 

El papel informativo de las revisiones en el rating tras eventos reputacionales y reformas de la 

regulación  

El segundo capítulo analiza la relación entre los eventos que afectan a la reputación de 

las agencias y los sucesivos cambios regulatorios con el aporte informativo de los ratings. 

El estudio se centra en el mercado de renta variable estadounidense en el periodo 

comprendido entre 1996 y 2014, considerando cambios efectivos de rating y 
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refinamientos. Se realiza un estudio de eventos y un análisis de regresión. El contenido 

informativo se mide con la sincronía de los rendimientos de las acciones respecto del 

rendimiento de mercado. Los principales resultados del capítulo desvelan que los 

deterioros crediticios son más informativos tras las quiebras de Enron, WorldCom y 

Lehman Brothers. El mercado interpreta que las crisis reputacionales actúan como 

medidas disciplinarias para las agencias, quienes mejoran sus procesos y metodologías 

para recuperarse del daño reputacional. En cuanto a los sucesivos cambios regulatorios 

del mercado americano, los resultados indican que no siempre mejoran la calidad de los 

ratings. El mercado considera que los cambios de rating son menos informativos tras 

nueva regulación que incrementa la dependencia de las decisiones de los inversores 

institucionales en el nivel de ratings o que incrementa la competencia entre las agencias. 

Por el contrario, cuando la regulación reduce la dependencia de los mercados financieros 

al nivel de ratings, las agencias reaccionan proporcionando unos ratings con mayor 

contenido informativo, para incrementar su utilidad para los agentes del mercado. 

El efecto de la transmisión sectorial de los anuncios de riesgo de crédito: Rivales con 

rating frente a rivales sin rating  

El tercer capítulo, analiza cómo se propaga la información contenida en los anuncios de 

rating (tanto cambios efectivos como refinamientos) de la deuda de una empresa a otras 

empresas del mismo sector, dependiendo de su fuente de financiación. Se analizan 

empresas cotizadas españolas entre el año 2000 y 2014, siendo pionero en el análisis de 

transmisión informativa de los ratings en este mercado. Se analiza tanto el impacto en el 

rendimiento como en el riesgo beta anormal con una extensión del estudio de eventos 

tradicional. La principal contribución es que la transmisión difiere entre empresas del 

sector según la fuente de financiación de las misma (deuda corporativa o financiación 

bancaria). Las empresas que se financian en los mercados de deuda tienen rating, mientras 

que aquellas que no disponen de calificación por parte de las agencias utilizan otras 

alternativas para financiarse. Los resultados revelan los siguientes efectos diferenciales: 

(1) las compañías con calificaciones crediticias reciben más transmisión en rendimientos 

y riesgo que en las que no; (2) los anuncios crediticios producen un menor co-movimiento 

entre los rendimientos de ambos tipos de empresas alrededor de las fechas del anuncio; 

(3) no todos los sectores presentan los mismo efectos, siendo mayores en el sector 

manufacturero, en los sectores con mayor nivel de riesgo y en los de menor nivel de 

competencia. Los resultados sugieren que los anuncios de cambio de rating de una 
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empresa son más relevantes para otras empresas del sector que se financian también a 

través de los mercados de deuda que para aquellas que optan por otras alternativas de 

financiación. 

Opacidad informativa y rendimiento de los bonos corporativos: la dinámica del split-

rating 

El cuarto capítulo aborda el estudio del impacto de la discrepancia de opinión entre las 

agencias en los rendimientos de los bonos corporativos americanos. Se considera por 

primera vez en la literatura el efecto de la dinámica de la discrepancia de opinión, esto es, 

se realiza un seguimiento de los anuncios de deterioros crediticios (tanto cambios 

efectivos como entradas y salidas de lista de vigilancia) a lo largo de la vida de los 

instrumentos durante el periodo 2004-2014. En línea con la literatura, se interpreta el 

nivel de discrepancia entre las CRA como un indicador de opacidad informativa de la 

compañía. El estudio se realiza con un análisis de regresión. La evidencia muestra que las 

bajadas en el rating que implican una reducción en el nivel de opacidad tienen un impacto 

en los rendimientos de los bonos más intenso. El nivel de opacidad el día del anuncio es 

también relevante: mayores niveles de opacidad limitan el efecto mencionado. 

Adicionalmente, los resultados indican que el nivel de opacidad y los cambios en la 

misma no son relevantes para los bonos clasificados en nivel de inversión, son muy 

relevante para los bonos calificados como especulativos. Se proponen dos medidas 

alternativas de discrepancia y los resultados son robustos. 
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UNIVERSIDAD COMPLUTENSE DE MADRID 

Executive Summary 

Facultad de Ciencias Económicas y Empresariales 

Three essays on the informational effects of credit rating changes on financial 

markets  

by Rodrigo FERRERAS LABRA 

The dissertation “Three essays on the informational effect of credit rating changes on 

financial markets” studies the impact of rating change announcements provided by the 

credit rating agencies (CRA) in financial markets. The dissertation is composed of four 

chapters. 

Introduction 

The first chapter contextualises the dissertation. CRA are private companies that provide 

an opinion about the solvency of firms and their assets through the ratings. Financial 

markets react to their opinions whenever it contains relevant information that is not 

previously considered. The common thread of the dissertation is the impact of these 

opinions in financial markets. The second chapter covers how the impact changes after 

regulation disclosures and events affecting the reputation of the CRA. Third chapter 

studies the spillover effect of CRA changes announcements on the rivals of the firm 

affected by the announcement. The last chapter analyses the dynamic evolution of CRA 

discrepancies of opinion as a measure of firm information opacity and analyses its impact 

on financial market reaction after rating change announcements.  

Informational role of rating revisions after reputational events and regulation reforms 

The second chapter analyses the relationship between events affecting CRA reputation 

and new regulation announcements on the informative role of ratings. The study is 

focused on the US traded stock market between 1996 and 2014, taking into consideration 

effective rating changes and refinements. It uses an event study and a regression analysis. 

The informational content is measured via the stock return synchronicity. The novel 

empirical finds that investors consider downgrades more informative after the Enron, 

WorldCom and Lehman Brothers defaults. Investors interpret reputational distresses as 



18 
 

disciplinary events that prompt agencies to improve the rating process to recover their 

reputation. The analysis of rating-related regulation indicates that changes in regulation 

did not always increase the value-relevant information in rating. The results suggest less 

informative rating changes after the passage of rules that increase the reliance on ratings 

or enhance the competition among agencies. Conversely, when the objective is to reduce 

the regulatory reliance, CRAs react by issuing more informative ratings, thus increasing 

their utility for market participants. 

Intra-industry Transfer Effects of Credit Risk News: Rated versus Unrated Rivals 

Third chapter seeks to analyse the spillover effect of the informational content of credit 

rating changes (either effective and rating refinement announcements) on industry rivals’ 

debt, depending on the way they get financed. It studies this effect for the first time in 

literature on Spanish traded stocks between 2000 and 2014. It uses an event study 

approach analysing the impact on abnormal return and beta risk. The main contribution 

is that the spillover is different on rivals depending on the source of their financing 

(corporate debt or banking). The results reveal that credit rating adjustment induces 

different/stronger effects: (1) the intra-industry transfer effects (on returns and risk) are 

stronger on rated rivals than on unrated rivals; (2) the credit risk news produces lower co-

movements between the returns of the two types of rivals; (3) the differential effect is 

stronger in the manufacturing industry, in the riskiest industries and in the industries with 

the lowest competition levels. Interestingly, the results suggest that credit rating news is 

more relevant for rivals with access to the public debt markets than for rivals that focus 

on other sources of funding.  

Information opacity and corporate bond returns: the dynamics of Split-ratings  

Fourth chapter analyses the impact of variations on the divergence of opinion between 

CRA (split rating) in US corporate bond returns. For the first time in literature it performs 

a dynamic analysis of split rating, that is, following the effects of rating deteriorations 

(either effective and refinements) on the period comprising 2004 to 2014. In line with 

previous studies we consider that split-rating is an indicator of firm solvency opacity. The 

study is made using a regression analysis. It finds that variations on the split-rating level 

leading to a reduction on information opacity, intensifies the downgrade impact on bond 

abnormal return. The opacity about the creditworthiness on the announcement day is also 
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relevant: biggest opacity levels limit the aforementioned effect. Additionally, results 

reveal a clear pattern whereby the dynamic effects of split rating are different for bonds 

in investment grade versus high yield. The results indicate that, while the level of opacity 

and its changes are not really relevant on the former, it is quite relevant for the latter/high 

yield. Finally, it proposes two alternative measures to control for discrepancy of opinion 

between CRA, thus providing robust results. 
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1. Introducción 

Resumen 

Esta tesis, titulada Tres ensayos sobre los efectos informacionales de los cambios de 

rating en los mercados financieros (Three essays on the informational effect of credit 

rating changes on financial markets), consta de cuatro capítulos: tres aportaciones más 

un capítulo introductorio. Como indica su título, desarrolla tres contribuciones a la 

literatura sobre el estudio del impacto de los anuncios de las agencias de rating sobre la 

solvencia de la deuda corporativa en los mercados financieros. 

Este primer capítulo tiene como objetivo contextualizar el trabajo realizado a lo largo de 

la tesis y enmarcarlo dentro de la literatura existente. Incluye un breve resumen de las tres 

aportaciones, así como un resumen de las principales conclusiones alcanzadas en la tesis.  

Las agencias de calificación crediticia (Credit Rating Agencies, CRA) aparecen a 

principios del siglo XX en Estados Unidos. Son empresas privadas que resumen la 

información pública y privada acerca de la solvencia de las empresas (y/o sus activos de 

deuda) y la publican en forma de calificaciones o ratings crediticios. Una vez asignan un 

rating inicial a una emisión de deuda, y conforme varían las circunstancias relevantes, las 

CRA pueden cambiar su percepción sobre dicha solvencia. Esto las llevará a anunciar su 

nueva opinión bien en forma de un nuevo rating, bien con el inicio de un proceso de 

revisión de la calificación con una perspectiva determinada a medio plazo o con el inicio 

de un proceso de revisión inmediato (entrada del activo o empresa en la lista de vigilancia) 

para decidir si es necesario un ajuste en el rating asignado.  

Dada la escasez de fuentes alternativas de información fiable, los anuncios de las CRA 

han ido ganando relevancia en los mercados financieros. Éstos reaccionarán a la 

publicación de dichos anuncios si consideran que aportan nueva información no conocida 

hasta el momento del anuncio.1 Esta misma razón hace que los reguladores hayan venido 

apoyándose en las agencias y hayan legislado el sector financiero basándose en sus 

ratings. Sin embargo, la confianza de los reguladores (y de todo el mercado) en las 

agencias cambia a partir del año 2001, tras una serie de acontecimientos que afectan 

directamente a la reputación de las CRA, como, por ejemplo, la quiebra de Enron 

 
1 Como veremos más adelante en la siguiente sección, el estudio del contenido informativo de los cambios 

de rating es un área de investigación en finanzas que ha dado lugar a una ingente cantidad de trabajos en 

los últimos años (ver Matthies, 2013) 
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Corporation en 2001, la de WorldCom en 2002 o, posteriormente, la de Lehman Brothers 

en 2008, todas ellas con un rating elevado antes de la quiebra. Estos eventos, unidos a una 

sociedad demandante de mayor transparencia en la información, lleva a que se comience 

a eliminar las referencias a los ratings en la regulación de los inversores institucionales y 

a centrar el foco en regular la operativa de las propias agencias. 

Tanto los distintos cambios regulatorios como los eventos que afectan a la reputación de 

las CRA y que generan crisis de confianza en las mismas, afectan a la percepción del 

mercado sobre el aporte informativo de los ratings. Esto ha motivado una importante línea 

de investigación en la literatura en la que se encuadra el Capítulo 2 de la tesis. Por 

ejemplo, Jorion, Liu y Shi (2005), Cheng y Neamtiu (2009), Dimitrov, Palia y Tang 

(2015), Jankowitsch, Ottonello y Subrahmanyam (2018) y DeHaan (2017) analizan el 

impacto de la implementación de alguna de las diferentes normativas relacionadas con 

las agencias o con el uso regulatorio de los ratings, como la Fair Disclosure Regulation 

del año 2000 (Jorion et al., 2005) o la Dodd-Franck Act de 2010 (Dimitrov et al., 2015, 

Jankowitsch et al., 2018). Otros, como Bedendo, Catharty y El-Jahelz (2018) se 

preocupan del efecto de los eventos reputacionales. El segundo capítulo, titulado El papel 

informativo de las revisiones en el rating tras eventos reputacionales y reformas de 

la regulación (Informational role of rating revisions after reputational events and 

regulation reforms) amplía esta literatura con un análisis exhaustivo de todos los cambios 

en las leyes que afectan a las CRA y al uso regulatorio de los ratings ocurridos entre 1996 

y 2014, prestando atención también a los eventos que afectaron la reputación de las CRA 

en el mercado americano.  

En el Capítulo 3 de la tesis el interés se centra en la transmisión de información de los 

ratings entre empresas. La literatura académica ha encontrado que la información que 

aportan los anuncios de las CRA sobre la solvencia de una empresa puede ser relevante 

para las empresas relacionadas con ella, causando un efecto de propagación de 

información. En particular, la evidencia empírica muestra efectos de los cambios en el 

rating de una empresa sobre el resto de sus empresas rivales del mismo sector (Akhigbe, 

Madura y Whyte, 1997, Caton y Goh, 2003, Jorion y Zhang, 2010 y Cizel, 2013). En este 

contexto, el tercer capítulo de la tesis, El efecto de la transferencia transmisión 

sectorial de los anuncios de riesgo de crédito: Rivales con rating frente a rivales sin 

rating (Intra-industry Transfer Effects of Credit Risk News: Rated versus Unrated Rivals) 

aborda el estudio de la transmisión de información de los cambios de rating al sector en 
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el mercado español, anteriormente inexplorado, estudiando, también por primera vez en 

la literatura, si la propagación de la información es distinta dependiendo de si las empresas 

rivales son también calificadas por las CRA o no lo son. Con ello, se estudia si la forma 

de financiación de ambos tipos de rivales: deuda corporativa cotizada en el mercado 

versus otras fuentes de financiación, es relevante para explicar el efecto transferencia. 

Con respecto a la tercera aportación de la tesis, presentada en el Capítulo 4, ésta centra su 

foco en el hecho de que es habitual que varias CRA califiquen a un mismo instrumento 

de deuda (o emisor) y, en muchas ocasiones, se producen discrepancias en la percepción 

del riesgo de crédito que tienen las distintas agencias. Según la literatura académica, estas 

discrepancias, denominadas split-rating, ponen de manifiesto la falta de transparencia 

informativa de las empresas (por ejemplo, Morgan, 2002, Livingstong y Zhou, 2010, 

Hauck y Neyer, 2014 o Bowe y Larik, 2014). El cuarto capítulo, titulado Opacidad de la 

información informativa y rendimiento de los bonos corporativos: la dinámica del 

split-rating (Information opacity and corporate bond returns: the dynamics of split-

ratings) trata de contribuir a esta literatura analizando en el mercado de deuda corporativo 

americano, y presentando evidencia por primera vez del relevante papel que tiene la 

dinámica en la discrepancia de opinión entre agencias. Así, se consideran los efectos de 

los cambios en el nivel de opacidad, aproximado por el cambio en el split-rating, en el 

rendimiento de los bonos a lo largo de la vida de los mismos.  

El resto del capítulo se estructura como sigue. El segundo apartado resume lo que son las 

agencias de los ratings y de los distintos tipos de rating que pueden emitir. En el tercer 

apartado se presenta el contenido informativo que tienen los ratings para los mercados 

financieros. En el cuarto apartado se relaciona la historia de las agencias de rating con su 

papel dentro de la regulación actual. El quinto apartado analiza cómo se propaga el 

contenido informativo de los anuncios de las CRA. En el sexto epígrafe se presenta el 

impacto que tienen, dentro del contenido informativo de los ratings, el que las CRA no 

presenten la misma opinión acerca de la solvencia de los instrumentos. El apartado 7 

presenta un resumen de las principales conclusiones de la tesis.  

1.1 Los ratings y las agencias de rating  

Las CRA son compañías privadas que informan sobre la solvencia de emisores 

institucionales, tanto públicos como privados, y de una gran variedad de productos 

financieros. Thomas Friedman, periodista de The New York Times escribió sobre ellas en 
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1996: “volvemos a vivir en un mundo con dos superpoderes: Estados Unidos y Moody’s. 

Estados Unidos puede destruir un país dejando caer bombas, pero Moody’s puede destruir 

un país dejando caer sus bonos. Y no tengo claro cuál de los dos tiene más poder”. Esto 

da una visión del alcance que pueden tener los anuncios de dichas agencias. 

Las CRA, realizan análisis de solvencia utilizando tanto información pública como 

privada, aportada ésta última directamente por la empresa analizada. Esto les permite dar 

su opinión a través de calificaciones crediticias o ratings acerca de la capacidad y la 

voluntad del deudor para cumplir con sus compromisos financieros en tiempo y forma. A 

nivel mundial, y en particular en los mercados español y americano, existen tres agencias 

principales con una cuota de mercado superior al 90% en ambos mercados. Las Tres 

Grandes (The Big Three) son Standard & Poor’s Global Ratings (S&P en adelante), 

Moody’s y Fitch Rating (Fitch en adelante). Entre las tres suponían un 95.8% de todos 

los ratings emitidos en 2018 (S&P el 49.2%, Moody’s el 33.1% y Fitch el 13.5%) en 

Estados Unidos,2 presentando niveles similares en Europa3 (46.3%, 32% y 15% 

respectivamente). Para expresar su opinión sobre el riesgo de crédito de la deuda, las 

agencias siguen un código alfabético que sigue una escala delimitada, que es estable en 

el tiempo y que es el mismo para S&P y Fitch y tiene equivalencia con el código de 

Moody’s. El indicador de mayor solvencia corresponde a la categoría AAA (Aaa para 

Moody’s), y la peor calificación se corresponde con la letra D, la cual señala una situación 

de impago general del emisor.4 A menor número de letras y/o si es una letra posterior en 

el abecedario, peor es la calificación crediticia. Las CRA añaden un modificador (un signo 

“+” o “-” en el caso de S&P y Fitch y números de 1 a 3 en Moody’s) para indicar distintos 

niveles de solvencia dentro de una misma categoría (o letra). A las calificaciones situadas 

entre el equivalente a AAA y BBB se las denomina nivel de inversión (investment grade, 

IG), e indican que el riesgo de crédito se encuentra en niveles moderados o bajos. Por su 

parte, aquellas por debajo de dicho nivel, entre BB y D, se dice que son inversiones en 

nivel especulativo (speculative grade, SG), indicando que son inversiones con alto riesgo 

de crédito o que ha existido algún tipo de impago5. 

Por otro lado, las agencias también utilizan refinamientos que matizan el rating (rating 

refinements) para dar información al mercado sobre posibles cambios en la calificación 

 
2 https://www.sec.gov/2018-annual-report-on-nrsros.pdf 
3  “Report on Market Share Calculation” (2018) 
4 Más detalles: https://www.standardandpoors.com/en_US/web/guest/article/-/view/sourceId/504352 
5 https://www.fitchratings.com/site/definitions 

https://www.sec.gov/2018-annual-report-on-nrsros.pdf
https://www.esma.europa.eu/press-news/esma-news/esma-reports-annual-market-share-credit-rating-agencies
https://www.standardandpoors.com/en_US/web/guest/article/-/view/sourceId/504352
https://www.fitchratings.com/site/definitions
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de solvencia en el corto y/o el largo plazo. Así, si se producen cambios en el entorno 

económico o en las condiciones de negocio que pueden dar lugar a ajustes en el rating a 

medio plazo, la agencia puede realizar un anuncio que modifique la perspectiva de la 

calificación crediticia (Credit Outlook). Esta perspectiva (positiva o negativa), indica la 

dirección potencial que puede tomar el rating a medio plazo (de 6 a 24 meses). Así mismo, 

cuando se dan circunstancias que puedan afectar a la solvencia a corto plazo 

(normalmente a un plazo inferior a los anuncios de perspectiva), pueden incluir el activo 

en la lista de vigilancia (CreditWatch list), indicando además si existe una connotación 

positiva, negativa o neutral en dicha inclusión/exclusión.  

La evaluación de la capacidad crediticia de las empresas es algo dinámico. Tras asignar 

un rating inicial en el momento de emisión de un bono (o para un emisor), las CRA 

realizan un seguimiento de la evolución de la empresa, de su sector y de la economía en 

general con objeto de realizar una revisión del rating cuando cambien esas circunstancias. 

De este modo, el rating puede mejorar (upgrade), deteriorarse (downgrade) o mantenerse 

(affirmation si se trata de un rating provisional o confirmation en cualquier otro caso). 

Las CRA, en general, no sólo tienen acceso a la información pública de las empresas a 

las que califican, sino que tienen acceso a información privada proporcionada por las 

propias empresas. Por esta razón, el mercado puede valorar los anuncios de las CRA como 

eventos informativos.  

1.2 El contenido informativo de los ratings  

La literatura académica ha estudiado en qué medida la información contenida en los 

anuncios de ajustes en el rating es novedosa y relevante para el mercado, es decir, 

proporciona información sobre la empresa recalificada no incorporada previamente en los 

precios de sus bonos (por ejemplo, Weinstein, 1977, Goh y Ederington, 1999 o 

Livingston, Naranjo y Zhou, 2008). También se ha estudiado si esa información es 

relevante para valorar otros activos de la empresa, como sus acciones (por ejemplo, 

Pinches y Singleton, 1978, Jorion y Zhang, 2007 o Abad y Robles, 2006, 2007, 2014) o 

los CDS emitidos sobre sus bonos (entre otros, Micu, Remolona y Wooldridge, 2004, 

Hull, Predescu y White, 2004 o Ismailescu y Kacemi, 2010). El resultado es que los 

anuncios de cambios de rating contienen información relevante, ya que tienen un impacto 

significativo en los rendimientos de los activos de esos distintos mercados.  
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En general, las investigaciones realizadas encuentran que los deterioros de la calidad 

crediticia van asociados a respuestas negativas en los rendimientos de acciones y bonos 

y positivas en los CDS. Respecto a los anuncios de mejoras en la calidad crediticia, no 

existe un consenso en la literatura sobre su efecto en los distintos instrumentos 

financieros. Además, los estudios que encuentran un efecto significativo reportan que ese 

efecto es menor al encontrado en el caso de los deterioros. Por ejemplo, Bannier y Hirsch 

(2010) y Kiesel y Schiereck (2015) no encuentran efectos, mientras que Jorion y Zhang 

(2007) y Dichev y Piotroski (2001) encuentran efectos más débiles que para los 

deterioros.  

La explicación de esa asimetría es diversa. Algunos autores, como Altman y Rijken 

(2006) relacionan este comportamiento asimétrico con la reputación de las agencias. Ellos 

indican que el impacto reputacional es más severo si una CRA clasifica un rating 

erróneamente en un nivel más alto que si lo clasifican erróneamente en un nivel más bajo, 

ya que el primer caso puede derivar en pérdidas económicas importantes para los 

inversores. En este contexto, las CRA son más reacias a mejorar las calificaciones que a 

deteriorarlas retrasando los anuncios de mejora. La lentitud en anunciar las mejoras 

permite que el mercado anticipe la mayor solvencia de la empresa e incorpore esa 

información en los precios. Por otro lado, Bar-Isaac y Shapiro (2010) sugieren que existe 

una relación de los ratings con el ciclo económico. Durante los periodos expansivos 

(donde hay un mayor número de mejoras) se produce un deterioro de la calidad de los 

ratings, que los hace menos informativos. Por su parte, en periodos de crisis (donde 

predominan los deterioros), las agencias son más críticas con la información que manejan. 

Esto lleva a que el mercado interprete que los deterioros son más informativos que las 

mejoras.  

Por otro lado, los refinamientos en el rating también contienen información relevante para 

determinar el valor de los activos de la empresa recalificada. Así, entre otros, Holthausen 

y Leftwich (1986), Hand, Holthausen y Leftwich (1992) y Followill y Martell (1997) o 

Liu, Seyyed y Smith (1999) encuentran que los anuncios de perspectiva negativa y/o las 

entradas en la lista de vigilancia o watchlisting tienen efectos en los precios de las 

acciones de las compañías afectadas por el anuncio.  

Existen muchos trabajos que han estudiado cuestiones que pueden afectar al contenido 

informativo que tienen los cambios de rating. Entre ellos se encuentran tanto cuestiones 

relacionadas con las agencias de rating y la regulación como las propias características de 
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las empresas recalificadas. El nivel de competencia entre las agencias ha sido 

ampliamente analizado y el resultado general es que el incremento de la competencia no 

tiene porqué mejorar la calidad de los ratings (Faure-Grimaud, Peyrache y Quesada, 2009, 

Becker y Milbourn, 2011, Bolton, Freixas y Sapiro, 2012 y Goel y Thakor, 2015), o que 

reduce su calidad (Kisgen y Strahan, 2010 y Bruno, Cornaggia y Cornaggia, 2016). 

Algunos autores muestran que la competencia promueve la denominada compra de 

ratings (rating shopping). Así, las empresas contratarán aquellas agencias dispuestas a 

darles ratings más altos (Skreta y Veldkamp, 2009).  Por el contrario, Xia (2014) 

encuentra que el valor informativo de los ratings de S&P se incrementa con la 

incorporación de una nueva agencia (Egan Jones Rating Company). 

También ha recibido gran atención el uso regulatorio de los ratings. Por ejemplo, Behr, 

Kisgen y Taillard (2016) estudian el efecto de la implementación del sistema de 

designación como NSRO de 1975, Jorion, Liu y Shi (2005) analizan el impacto de la 

introducción de la regulación Fair Disclosure del año 2000, o Subrahmanyam (2018) 

estudia el impacto del Dodd Frank Act en 2010.  

Del mismo modo, los trabajos de Goel y Thakor (2015) y Bar-Isaac y Shapiro (2013) 

muestran que el contenido informativo de los anuncios de rating depende crucialmente 

de la reputación de las agencias. Así, Han, Pagano y Shin (2012) detectan la existencia 

de un mayor impacto en los mercados financieros de los anuncios de las agencias de rating 

con mayor reputación. Por otro lado, históricamente se han producido eventos que han 

dañado la reputación de las agencias de rating, como, por ejemplo, las quiebras de Enron 

Corporation en 2001, la de WorldCom en 2002 o la de Lehman Brothers Holding Inc en 

2008, que pocos días antes de producirse se encontraban calificadas en nivel de inversión. 

El efecto de estos eventos reputacionales dentro de los mercados financieros no está claro. 

Como indican Bedendo et al. (2018), al hacerse público el error de las CRA, los inversores 

pueden incrementar su desconfianza en sus ratings y buscar fuentes alternativas de 

información. Por otro lado, si los inversores interpretan que las calificaciones de las CRA 

son demasiado laxas, pueden considerar que los anuncios de deterioros crediticios son 

más informativos. 

Siguiendo con las cuestiones que afectan a la respuesta del mercado a los anuncios de 

cambio de rating, y centrándonos en los factores directamente relacionados con la 

empresa recalificada, Jorion y Zhang (2007) han estudiado el impacto del nivel de rating 

previo al anuncio, encontrando que cuanto mayor es el nivel, mayor impacto de los 
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deterioros crediticios. Abad y Robles (2006) consideran el sector al que pertenece la 

empresa, encontrando una mayor respuesta del sector financiero.  

Uno de los factores que ha recibido atención en los últimos años es el nivel de 

transparencia de las empresas. Badoer y Demiroglu (2019) sugieren que una relación 

entre la transparencia empresarial y el contenido informativo de los anuncios de rating. 

Así, Duffie y Lando (2001) establecen una relación entre los spreads crediticios y el nivel 

de opacidad. Por su parte, Easley y O'Hara (2004) plantean una relación entre la opacidad 

de la información y mayores rendimientos de la renta variable. Respecto a la deuda, 

Livingston y Zhou (2010) encuentran primas por discrepancia de opinión entre las 

agencias de rating de 7 puntos básicos frente a bonos con mismo nivel de rating, en el 

momento de emisión. Establecen que este rendimiento extra se debe a la opacidad 

informativa. Por su parte, Santos (2006) encuentra que la discrepancia de opinión entre 

las agencias de rating incrementa el coste de financiación de las empresas en periodos de 

recesión económica, mientras que Livingston y Zhou (2016) encuentran que la inclusión 

de una tercera agencia de rating reduce la opacidad de la información. Bonsall y Miller 

(2017) relacionan mayores niveles de opacidad con mayor discrepancia entre las agencias 

de rating, que se refleja en mayores costes de la deuda. 

Por último, una importante rama de la literatura se ha preocupado por estudiar si los 

anuncios rating sobre una empresa contienen información relevante para empresas 

relacionadas. Giesecke (2004) y Benzoni, Collin-Dufresne, Goldstein y Helwege (2015) 

determinan que eventos que afectan al perfil del riesgo de una empresa pueden afectar a 

las probabilidades de quiebra de otras empresas relacionadas, ya sea por relaciones 

financieras, vínculos legales o por la relación entre sus negocios. Por otro lado, Akhigbe 

et al. (1997) y Caton y Goh (2003) evidencian el efecto negativo de un deterioro crediticio 

en los rendimientos de las empresas rivales, mientras que Jorion y Zhang (2010) 

encuentran evidencia de un efecto contagio en los rendimientos dentro del mismo sector 

tras deterioros crediticios.  

1.3 Los ratings en la regulación 

El interés de las empresas por obtener una mejor calificación crediticia no sólo se debe a 

que con ello consiguen disminuir el coste de su deuda (Gonzalez, Haas, Persson, Toledo, 

Violi, Wieland y Zins, 2004) sino a la existencia de requerimientos regulatorios basados 

en los ratings. Estos requerimientos pueden modificar el interés de los inversores por la 
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deuda haciendo que las empresas con mejor calificación tengan acceso a una financiación 

más barata.  

Las CRA aparecen a principios del siglo XX. Desde su aparición han ido ganando 

relevancia en los mercados financieros dada la escasez de fuentes alternativas de 

información fiable sobre la solvencia. Por esta razón, los reguladores comenzaron a 

apoyarse en ellas para regular el sector financiero basándose en sus ratings. Es por ello 

que no podemos hablar del nacimiento y desarrollo de las CRA sin hacer referencia a los 

cambios regulatorios ocurridos en paralelo, ya que éstos son el origen del gran desarrollo 

de las agencias y de su poder en el mercado financiero. Por ello, este apartado presenta 

una breve introducción a la historia de las CRA, centrándose en las 3 principales agencias 

(S&P, Moody’s y Fitch), y continúa con la descripción de la evolución de la regulación 

americana relacionada con las CRA. 

1.3.1 Nacimiento de las agencias de ratings 

Las agencias de rating inician su desarrollo en 1841 en los Estados Unidos (Olegario, 

2016). Lewis Tappan crea en ese año la Mercantile Agency, empresa cuyo fin era facilitar 

información acerca de la solvencia de instituciones regionales. Disponía de equipos 

expertos en las distintas regiones de los EEUU y facilitaba sus servicios a inversores de 

otros estados distintos o que no tenían información. Se vivía un momento de expansión 

del crédito relacionado con una fase de crecimiento económico debida al desarrollo del 

ferrocarril. Para evitar que sus clientes tuvieran que desplazarse a sus oficinas centrales, 

editaban unos folletos para suscriptores en los que se proveía de información acerca de la 

solvencia de los prestatarios (ver Figura 1). 

Figure 1-1. Creación de las agencias de rating. 

 

Nota: Principales eventos que dieron pie a la creación de S&P, Moody’s y Fitch. 
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Posteriormente, en 1860, Henry Varnum Poor,6 editor de la revista The American 

Railroad Journal, publica History of the Railroads and Canals of the United States. Esta 

publicación reúne detalles financieros y operacionales del sector del ferrocarril de Estados 

Unidos, que en ese momento era el mayor demandante de capital. Este documento sería 

la semilla de la agencia Standard & Poor’s, que se constituiría en 1941.  

En 1907 se produce una crisis financiera originada por la quiebra de varias entidades 

financieras (Tallman y Moen, 1990). Esta crisis incrementa la demanda de información 

independiente sobre la solvencia de los prestamistas, lo que motiva la aparición de nuevos 

proveedores de información. Así, en 1909, John Moody establece los comienzos de lo 

que derivaría en la agencia de rating que lleva su nombre, facilitando estadísticas del 

sector del ferrocarril.  

La última de las tres principales agencias se crea en 1913 por John Knowles bajo el 

nombre de Fitch Publishing Company. Se centraba en facilitar estadísticas financieras a 

través de su publicación The Fitch stock and bond manual. En 1924, esta compañía es la 

que introdujo el sistema de calificación del rating con letras que se usa en la actualidad.  

1.3.2 Evolución de la regulación relacionada con los ratings  

El uso de los ratings con fines regulatorios en Estados Unidos comienza poco después del 

nacimiento de las CRA, en los años 30. Estados Unidos entra en la Gran Depresión y los 

reguladores ven en las agencias un aliado para controlar el riesgo de insolvencia en el 

mercado. Esto lleva a que se apoyen en sus calificaciones a la hora de legislar, utilizando 

los ratings para limitar o penalizar la toma de riesgo por parte de los agentes de mercado. 

Posteriormente, los cambios regulatorios se orientan a la estrecha vigilancia de las CRA 

para garantizar la calidad de sus ratings. Por ejemplo, se fijan en su independencia, en 

qué tipo de información manejan o en la metodología que utilizan. La ilustración 2 resume 

los cambios regulatorios más relevantes que a continuación se comentan. 

 
6 Información tomada de la publicada en 2012 en la web de Standard and Poor’s sobre su historia: 

https://web.archive.org/web/20120323143841/https://www.standardandpoors.com//about-

sp/timeline/en/us/  

https://web.archive.org/web/20120323143841/https:/www.standardandpoors.com/about-sp/timeline/en/us/
https://web.archive.org/web/20120323143841/https:/www.standardandpoors.com/about-sp/timeline/en/us/
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Figure 1-2. Evolución regulación relacionada con los ratings. 

  

 

Nota: En color negro se muestra la regulación de los mercados financieros que tienen que ver con las CRA. En rojo 

se muestran los eventos que han afectado la reputación de las CRA y han generado cambios en la orientación del 

regulador a la hora de legislar. En azul se presentan regulaciones centradas directamente en las CRA. 
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Organization (NSRO en adelante)7. La Net Capital Rule de 1975 asigna consumos de 

capital en función de las distintas calificaciones crediticias de la deuda. En 1984 se 

promulga el Secondary Mortgage Market Enhancement Act, por el cual se requiere que 

las titulizaciones tengan al menos un rating en las mejores categorías. En 1989 el 

Congreso Americano incluye la referencia de investment grade para la deuda corporativa, 

indicando que el rating de la deuda se tiene que situar en los 4 mejores escalones por al 

menos una NSRO. En 1998 la Transport Infrastructure Finance and Innovation Act 

requiere a las empresas que tengan una calificación en el grado de inversión para poder 

participar en las ayudas del departamento de transporte americano. El año siguiente, la 

Gramm–Leach–Biley Act of 1999 limita la creación de entidades subsidiarias bancarias 

en función del rating.  

Aunque en 2004 se aprueba el segundo acuerdo de Basilea, Estados Unidos no lo llega a 

implementarlo completamente debido a la crisis financiera de 2008 (Dugan y Xi, 2011). 

De hecho, la regulación del uso de los ratings no se ve modificada en EEUU hasta 

septiembre de 2011. En esa fecha se implementa la sección 939A de la Dodd–Frank Wall 

Street Reform and Consumer Protection Act (aprobada anteriormente en 2010 y de la que 

se hablará más adelante) por la cual se eliminan las referencias a los ratings del Securities 

Act de los años 30. En junio de 2013 se aprueba la National Credit Union Rule (NCU 

Rule), por la cual, para las cooperativas de crédito, se reemplazan los ratings por medidas 

alternativas de solvencia. Ese mismo año, el Financial Stability Board (FSB) lanza un 

conjunto de recomendaciones indicando que el sistema financiero debería de reducir su 

dependencia de la información facilitada por las CRA.  

1.3.4 Regulación de las agencias de rating 

Las CRA empiezan a adoptar cambios e innovaciones tras el fin del sistema cambiario de 

Bretton Woods en los años 70, que establecía la paridad entre el dólar y el oro. Es en esta 

época cuando comienzan a cobrar a los emisores de los bonos por sus ratings. Hasta esta 

época las agencias se financiaban sólo mediante la venta de las publicaciones. Este nuevo 

sistema de cobrar por sus servicios puede dar lugar a posibles conflictos de interés. Dicho 

conflicto de interés es una importante rama de investigación académica sobre las CRA 

(Jiang, Stanford y Yuan, 2012, Cornaggia y Cornaggia, 2013, Flynn y Ghent, 2017). Otro 

 
7 Concepto definido por la SEC en 1975. Las otras 4 agencias que alcanzaron la denominación de NSROs 

son Duff & Phelps McCarthy, Crisant & Maffei, IBCA y Thomson BankWatch. En el año 2003 las NSROs 

aprobadas se redujeron a las 3 que analizamos como consecuencia de fusiones y adquisiciones (Securities 

and Exchange Commission,2003). 
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cambio producido en esta época es la inclusión del signo + y – para matizar así las 

categorías de rating. 

En el año 2000 se aprueba el Regulation Fair Disclosure (RFD), norma que busca reducir 

la operativa en los mercados con información privilegiada. RFD fuerza a los emisores a 

hacer pública la información que distribuya entre grupos limitados de individuos. Sin 

embargo, RFD exime a las CRA de esta obligación, permitiéndoles utilizar información 

no pública y las sitúa en una posición de ventaja frente a otros analistas y fuentes de 

información.  

En diciembre de 2001 se produce la bancarrota de Enron Corporation, importante empresa 

energética de Estados Unidos que estuvo realizando operaciones contables fraudulentas 

hasta su hundimiento. Sin embargo, el rating de la compañía se situaba en niveles de 

grado de inversión hasta 4 días antes de la quiebra (Hill, 2009). Seis meses después ocurre 

una situación similar con otra gran compañía americana, WorldCom, empresa de 

telecomunicaciones que también maquilló sus estados financieros hasta su bancarrota en 

Julio de 2002. Estos eventos causaron una pérdida de confianza en las CRA por parte de 

los participantes de los mercados financieros. El mercado se cuestionó la validez de los 

ratings otorgados por las agencias como indicadores del riesgo de insolvencia de las 

empresas (Hill, 2009) e incluso se barajó crear instituciones gubernamentales para suplir 

a las CRA (Gudzowski, 2010). Según Bedendo et al. (2018), el posible efecto de los fallos 

de las CRA sobre el nivel de información que aportan los ratings no está claro. Por un 

lado, está la pérdida de confianza de los inversores en las agencias. Por otro, si los 

inversores perciben que los ratings están inflados, su respuesta ante ellos será asimétrica: 

confiarán en mayor medida en los deterioros, mientras que las dudas recaerán sobre las 

mejoras crediticias.  

Esta crisis de confianza sobre las CRA marca un punto de inflexión en la forma de actuar 

de los reguladores. Desde este momento, los reguladores consideran necesario establecer 

un mayor control sobre las agencias y una reducción de la dependencia regulatoria de los 

ratings. En definitiva, los cambios normativos que siguieron se centraron en disminuir la 

dependencia, aumentar el control sobre las CRA y, finalmente, en reducir su poder en el 

mercado. Las quiebras de Enron y WorldCom derivan en la aprobación de la ley 

Sarbanes-Oxley Act (SOX) en 2002, que establece mayores controles sobre las CRA. En 

2003, la International Organization of Securities Commissions, IOSCO, plantea una serie 

de recomendaciones indicando que las CRA deberían mantener ciertos estándares de 
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calidad en la información. También se toman medidas para incrementar la competencia 

entre agencias. En particular, en 2006 se aprueba la Credit Ratings Reform Act (CRR), 

que modifica el proceso de designación de las NSRO en Estados Unidos para incrementar 

el número de CRA. Sin embargo, autores como Bolton, Freixas y Saphiro (2012) 

encuentran que mayores niveles de competencia en la industria de ratings no mejora el 

contenido informativo de los mismos. 

En julio de 2008 la SEC realiza una serie de propuestas que plantean el objetivo de reducir 

el peso de las CRA en el sistema financiero (SEC, 2008). Poco después, el 15 de 

septiembre de 2008 se produce la quiebra de Lehman Brothers Holding Inc, el cuarto 

banco de inversión de Estados Unidos por tamaño. Esta quiebra tampoco es anticipada 

por las agencias, que hasta días antes lo mantenían en grado de inversión. Este evento 

refuerza la tendencia a reducir la dependencia de la regulación del sistema financiero en 

los ratings. En 2010 se presenta la Dodd–Frank Wall Street Reform and Consumer 

Protection Act, que señala a las CRA como un asunto de interés público e incrementa las 

medidas para controlarlas. La Dodd–Frank Wall Street Reform and Consumer Protection 

Act se anuncia en 2010 y se implementa por partes en los años posteriores, afectando tanto 

a las agencias de rating como a los agentes del mercado, sustituyendo o eliminando de las 

normas las referencias a las agencias de rating8.  En 2014 la SEC aprueba la Credit Rating 

Agency Reform Rules (CRRR) con el objeto de regular los controles internos y mejorar la 

transparencia de las NSRO. 

1.3.5 Efectos de la regulación sobre el contenido informativo de los ratings 

La literatura académica ha estudiado el efecto de la regulación sobre la calidad y el 

contenido informativo de los ratings. En general, los trabajos que analizan el impacto de 

las reformas regulatorias en los mercados financieros suelen concentrarse en una reforma 

en concreto. Behr et al (2016) analizan el impacto de la designación de NSRO de 1975, 

Jorion, Liu y Shi (2005) estudian el impacto de la introducción de la Regulation Fair 

Disclosure (RFD) de 2000, Cheng y Neamtiu (2009) analizan la implementación en el 

2002 del Sarbanes–Oxley Act (SOX) y Dimitrov et al. (2015), Jankowitsch, Ottonello y 

Subrahmanyam (2018) y DeHaan (2017) se centran en la Dodd-Frank Act de 2010.  

 
8 A la fecha de escritura de esta tesis aún no se encuentran todos los puntos referentes a las agencias de 

rating implementados, quedando por finalizar partes de la norma 939. El estado de implementación se puede 

consultar en: https://www.sec.gov/spotlight/dodd-frank.shtml# en el subapartado de Credit Rating 

Agencies. 

https://www.sec.gov/spotlight/dodd-frank.shtml
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Estos trabajos son el punto de partida del Capítulo 2 de la tesis, en el que se analiza en 

qué medida cambios en la regulación en Estados Unidos que han afectado tanto a las 

agencias como al uso de los ratings por parte de los inversores institucionales. En 

particular, el Capítulo 2 trata de complementar y ampliar la literatura analizando el 

impacto de los cambios regulatorios desde una perspectiva dinámica. Para ello, 

consideran las distintas regulaciones de forma conjunta, distinguiéndolas según el 

objetivo perseguido por las mismas. El capítulo se completa estudiando el impacto de los 

eventos reputacionales ocurridos en la primera década del siglo XX, que generaron 

pérdida de confianza en las agencias por parte de los agentes de mercado (la quiebra de 

Enron Corporation en 2001, la de WorldCom en 2002 y la de Lehman Brothers en 2008). 

Las dos principales cuestiones que se trata de responder en el Capítulo son las siguientes: 

Pregunta 1. ¿Cómo afectan los cambios regulatorios al contenido informativo de los 

cambios de rating? 

Pregunta 2. ¿Cómo han afectado las quiebras de empresas con alta calificación 

crediticia al contenido informativo de los cambios de rating? 

Para realizar el estudio se parte 6.661 anuncios de cambio de rating y/o entradas y salidas 

de la lista de vigilancia de bonos corporativos para los que su emisor es una empresa 

cotizada estadounidense. Los anuncios son realizados por las tres principales agencias de 

rating (S&P, Moody’s y Fitch) en el periodo comprendido entre 1996 y 2014.  

El contraste de existencia de cambios en el contenido informativo de los anuncios 

relacionados con la regulación o quiebra se realiza en el marco de un estudio de eventos 

sobre la sincronía de los rendimientos (stock price synchronicity), medida utilizada 

habitualmente con este fin en la literatura (Morck, Yeung y Yu, 2000, Gul, Kim y Qiu, 

2010, Chan y Chan, 2014 o Bai, Hu, Liu y Zhu, 2017 entre otros). 

Los resultados indican que los cambios regulatorios no siempre mejoran la calidad de los 

ratings, en el sentido de que incrementan su contenido informativo. Aquellas normas que 

incrementan la dependencia de los inversores de los ratings emitidos por las CRA o que 

tratan de incrementar el nivel de competencia entre ellas, derivan en un menor contenido 

informativo de los anuncios de cambios de rating. Por el contrario, cuando el objetivo 

perseguido por la regulación es reducir la dependencia de las CRA, estas reaccionan 

produciendo ratings más informativos, mejorando su utilidad para los actores de los 

mercados. 
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Por su parte, los resultados del capítulo indican que los eventos reputacionales son 

considerados por el mercado como eventos disciplinarios que hacen que las CRA mejoren 

sus procesos para recuperar su reputación. Además, los esfuerzos de las CRA a nivel 

informacional son mayores en los instrumentos con peor calidad crediticia. 

1.4 Transmisión del contenido informativo de los cambios de rating 

Como se ha comentado previamente, los anuncios de las CRA aportan información 

novedosa a los mercados que se refleja en los precios de acciones, bonos y CDS de las 

empresas. Entre otras cosas, las CRA, a la hora de componer su visión, tienen en cuenta 

no sólo la información actual de la empresa, sino sus perspectivas de futuro. Así, 

consideran eventos como posibles fusiones y adquisiciones, acciones regulatorias, la 

situación de la región o del negocio donde operan. Teniendo esto en cuenta, algunos 

autores, como por ejemplo Akhigbe, Madura y Whyte (1997) y Caton y Goh (2003) han 

encontrado evidencia de efectos negativos de los deterioros en la calidad crediticia en los 

rendimientos de empresas del mismo sector. Benzoni et al. (2015) indican que la 

percepción de los inversores acerca de los fundamentales de las empresas se ve 

condicionada por eventos crediticios que afectan a otras empresas del mismo sector, 

aunque no exista relación directa entre las mismas. 

Jorion y Zhang (2010) detectan que en el mercado americano existe un efecto transmisión 

de la información del cambio de rating a los rendimientos de empresas que operan en el 

mismo sector. Estos autores determinan que la transmisión puede ir en dos direcciones: 

en la misma dirección que la empresa afectada por el cambio de rating (contagio) o en la 

dirección opuesta (competencia, esto es, compiten por ganar la cuota de mercado de la 

empresa afectada). Finalmente, concluyen que, para las empresas americanas, el efecto 

depende del nivel de rating: para activos clasificados con nivel de inversión, el efecto que 

se produce es de contagio, mientras que, para los activos en nivel de especulativo, el 

efecto observado es de competencia. Hu, Kaspereit y Prokop (2016) complementan este 

análisis previo encontrando la existencia de efectos de transmisión en los mercados US, 

UK y Italia. 

El Capítulo 3 de esta tesis trata de realizar aportaciones a esta línea de investigación. En 

particular, estudia por primera vez, el efecto transferencia informativa de los cambios de 

rating anunciados por las principales CRA en el mercado de valores español. La principal 

aportación es considerar entre las empresas del sector aquellas que son calificadas y, en 
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consecuencia, utilizan la misma fuente de financiación versus las que no disponen de 

rating, lo que indica que se financian con otras fuentes. Custódio, Ferreira y Laureano 

(2013) detectan que las empresas con rating poseen ratios de deuda con mayor plazo de 

vencimiento que las empresas sin rating. El-Masry (2016) analiza la estructura de capital 

de bancos calificados por las CRA y no calificados por ellas y detecta que los primeros 

utilizan mayor nivel de deuda. Colla, Ippolito y Li (2013) determinan que las empresas 

calificadas por las agencias de rating y las que no los son difieren en el tipo de 

financiación que utilizan. Kisgen (2009) y Bedendo y Siming (2018) observan diferencias 

en la estructura de capital de las empresas en función de los anuncios de las CRAs. En 

este contexto, este capítulo plantea las siguientes cuestiones:  

Pregunta 3. ¿Existe efecto transmisión de información de los anuncios de cambio de 

rating de una empresa a empresas de su sector en el mercado bursátil español? 

Pregunta 4. ¿Dicha transmisión se propaga de igual manera a empresas calificadas 

por las CRA (que se financian en mercados de deuda corporativa) que a las no 

calificadas (que usan otras fuentes de financiación)? 

El estudio se centra en los anuncios de cambios de rating, cambios de perspectiva y 

entradas y salidas de la lista de vigilancia que afectan a empresas del mercado bursátil 

español. Se consideran los anuncios de S&P, Moody’s, Fitch y DBRS en el periodo 

comprendido entre el año 2000 y el 2014, presentando un total de 777 eventos. Se realiza 

un estudio de eventos basado en un modelo de regresión que estudia la reacción de los 

rendimientos de un índice del sector de la empresa afectada por el anuncio que excluye a 

la empresa afectada. El estudio aborda la respuesta tanto del exceso de rentabilidad como 

del riesgo beta anormal. El análisis considera varias ventanas temporales alrededor del 

anuncio de la CRA: previa, alrededor y posterior al anuncio.  

Los resultados obtenidos indican que, al igual que en otros mercados desarrollados, existe 

un efecto trasmisión de información a las empresas del mismo sector. Los deterioros 

provocan un efecto contagio. Los refinamientos de rating (que implican solo cambios en 

la perspectiva o entradas/salidas de la CreditWatch list), llevan a un efecto competición. 

El análisis del riesgo sistemático (o riesgo beta) indica que existe un efecto contagio al 

sector. Para los eventos de mejora crediticia, el mercado bursátil español no presenta 

efectos claros. El resultado más importante es que la información provista por las CRA 

es más relevante para las empresas con acceso a los mercados de deuda (empresas 
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calificadas por las CRA) que para aquellas que utilizan habitualmente otros tipos de 

financiación y no tienen calificaciones de riesgo de crédito públicas.  

1.5 La divergencia de opinión entre las agencias de rating 

Como hemos visto, en el mercado conviven varias CRA que frecuentemente emiten 

ratings sobre los mismos emisores y emisiones. Al repasar la historia de la regulación que 

afecta a las CRA, vimos que mayores niveles de competencia no necesariamente mejoran 

la información contenida en los anuncios de las CRA. Así mismo, se constató que el 

mercado de las CRA ha sido un mercado muy cerrado, y que desde la aprobación de la 

CRR en 2006, el regulador ha fomentado la entrada de nuevas CRA en el mercado.  

Cuando varias CRA califican una misma empresa o instrumento, estas pueden calificar 

igual o, por el contrario, pueden discrepar, dando cada una de ellas una calificación 

crediticia diferente. Pese a que inicialmente algunos autores asociaron las discrepancias 

de opinión entre las CRA a sus diferentes metodologías (Pottier y Sommer, 1999), a 

errores aleatorios (Ederington, 1986), a diferencias en las escalas de rating (Tabakis y 

Vinci, 2002) o al rating shoping9 (Skreta y Veldkamp, 2009), el consenso actual de la 

literatura apunta a la opacidad de la información de las empresas calificadas como la 

razón de las discrepancias (Livingston y Zhou, 2010). Santos (2006) indica que estas 

discrepancias entre las CRA no penalizan a las emisiones de deuda durante los ciclos 

económicos expansivos, mientras que no ocurre durante periodos de recesión económica. 

Por su parte, Bonsall y Miller (2017) encuentran niveles más altos de opacidad en la 

publicación de información financiera asociados a mayor discrepancia entre las CRA. 

Morgan (2002), Bonaccorsi y Dell’Ariccia (2004) o Livingston et al. (2008) justifican el 

uso de la discrepancia de opinión entre las CRA como indicador de la opacidad de 

información de las empresas. Livingston y Zhou (2010) analizan qué efecto tienen las 

discrepancias en el momento de emisión de los bonos, encontrando una prima asociada a 

las mismas que refleja el efecto de la opacidad informativa de la empresa emisora del 

bono. Estos estudios consideran el efecto de la discrepancia entre las CRA desde un punto 

de vista estático, es decir, considerando una única observación para cada bono en el 

momento de emisión.  

 
9 Si un emisor tiene acceso a varias CRA para que le pongan una calificación a su deuda, tendrá preferencia 

por aquella agencia que le ponga la mejor calificación. 
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Sin embargo, nuestra hipótesis en el Capítulo 4 de la tesis es que cambios en el nivel de 

opacidad de las empresas llevará a las agencias de rating a ajustar las calificaciones 

conforme dispongan de mejor (o peor) información. Este hecho se traducirá en cambios 

de rating que afectarán al nivel de discrepancia, que variará a lo largo de la vida de los 

bonos. Así, en el cuarto capítulo se plantea el análisis de esta cuestión considerando los 

efectos de la dinámica de la discrepancia de opinión de las agencias sobre los 

rendimientos de los bonos mientras éstos estén en el mercado. En particular, las preguntas 

planeadas en este capítulo son: 

Pregunta 5. ¿El efecto de los cambios de rating sobre los rendimientos de los bonos 

depende de si estos cambios implican un incremento o una disminución de la 

discrepancia entre las agencias? 

Pregunta 6. Si es el caso, ¿la intensidad del efecto depende del nivel de discrepancia 

entre agencias para esa emisión? 

Pregunta 7. ¿El papel de las discrepancias entre CRA es igualmente relevante en la 

deuda calificada como inversión y en la deuda de grado especulativo? 

Este capítulo analiza los anuncios de deterioro crediticio, tanto cambios efectivos de 

rating (downgrades) como entradas y salidas de la lista de vigilancia con connotaciones 

negativas, realizados por las tres principales agencias de rating (S&P, Moody’s y Fitch) 

que afectan a bonos corporativos de empresas estadounidenses entre 2004 y 2014, lo que 

supone una muestra de 16.625 eventos de rating. Se toma un grupo de control de 16.625 

no-eventos (es decir, fechas en las que no se produce ningún anuncio por parte de las 

CRA en las que existe precio para los bonos) mediante un muestreo aleatorio simple con 

reemplazamiento, controlando tanto por emisor como por ciclo económico. El análisis se 

realiza mediante modelos de regresión cuya variable dependiente es el exceso de 

rendimiento del bono recalificado sobre el bono tesoro a mismo vencimiento y las 

variables explicativas son el nivel de rating previo al anuncio de cambio de rating, el 

tamaño del salto en el anuncio y si el anuncio presenta una convergencia o una 

divergencia de opinión entre las CRA. 

Se observa que los deterioros de rating conducentes a un incremento de la convergencia 

de opinión de las CRA generan una mayor caída en el rendimiento de los bonos, indicando 

que son más informativos. Así mismo, la intensidad del efecto es menor cuanto mayor es 

el nivel de divergencia de opinión entre agencias tras el cambio de rating. Cuando se 



40 
 

consideran los dos segmentos del mercado de deuda corporativa (grado inversión y grado 

especulativo), se observa que las discrepancias sólo son relevantes en los bonos 

calificados especulativos.  Finalmente, los resultados obtenidos se mantienen cuando 

consideramos dos medidas alternativas de discrepancias entre CRA, propuestas en este 

capítulo, que consideran la distribución completa de las discrepancias en vez de centrarse 

en el rating mayor y el menor, como hace la medida habitual. 

1.6 Conclusiones 

Esta tesis contiene tres aportaciones relevantes sobre el impacto de los anuncios de las 

CRA en los mercados financieros:  

Primero, contrasta por primera vez de forma simultánea el impacto de los shocks 

reputacionales y de todas las reformas regulatorias sobre el contenido informativo que los 

ratings aportan al mercado de renta variable americano. La evidencia indica que los 

shocks reputacionales conducen a ratings más informativos. Lo mismo ocurre cuando el 

objetivo del cambio regulatorio es desvincular de los ratings las decisiones de inversión 

de los inversores institucionales. Por su parte, las reformas regulatorias que tratan de 

incrementar la competencia entre las CRA o que incrementan la dependencia de los 

ratings conducen a ratings con menor contenido informativo.  

Segundo, estudia la existencia de efecto transmisión de los anuncios de cambios de rating 

de una empresa a otras empresas de su sector, considerando por primera vez el tipo de 

financiación de las empresas rivales. Se observa que en el mercado bursátil español los 

anuncios de deterioro crediticio se contagian a las empresas del mismo sector tanto en 

rendimientos como en riesgo sistemático. No obstante, aquellas empresas que optan por 

financiarse en los mercados de deuda y también son calificadas por las CRA sufren con 

mayor intensidad este contagio que aquellas que optan por otras fuentes de financiación. 

También se observa que el efecto transmisión depende de características del sector, como 

su nivel de riesgo y el nivel de competencia entre las empresas que lo forman.  

La tercera aportación considera por primera vez cómo el efecto de los cambios de rating 

en el exceso de rendimiento de los bonos se ve afectado por las variaciones en las 

discrepancias de opinión entre las CRA a lo largo de su vida. La evidencia presentada 

muestra que tanto la dinámica de la discrepancia de opinión entre las CRA como el nivel 

de la discrepancia son importantes para determinar los efectos de los cambios de rating 

sobre el rendimiento. Así, anuncios de deterioros que implican convergencia de opinión 
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entre agencias (menor opacidad informativa) tienen efectos más intensos, mientras que 

mayores niveles de discrepancia (mayor opacidad) provocan un efecto menor en el 

rendimiento de los anuncios de deterioro crediticio. Además, cuanto mayor es el nivel de 

discrepancia, menor es la intensidad. Finalmente, el papel de la discrepancia de opinión 

es más relevante para los bonos en nivel especulativo, cullos rendimientos son, en general, 

más sensibles a los deterioros en el riesgo de crédito.  

En conjunto, los resultados obtenidos a lo largo de la tesis son relevantes para los distintos 

agentes de los mercados financieros. Por un lado, para los reguladores, que disponen de 

una guía para diseñar la nueva regulación sobre el uso de los ratings y/o sobre las agencias 

de rating, según cuales sean los objetivos finales perseguidos. Los resultados indican que 

es necesario considerar las consecuencias que esta regulación tiene sobre la calidad de los 

ratings, es decir, sobre su contenido informativo. Además, vistos los resultados, los 

reguladores pueden plantear ajustes en ciertas medidas de consumo de capital como el 

Incremental Risk Charge (IRC) que establecen los acuerdos de capital de Basilea desde 

Basilea II10, que consideran las implicaciones de las variaciones de rating dentro de la 

cartera de negociación. Los resultados indican que el deterioro crediticio de una empresa 

tendrá un impacto directo en la cartera a través del efecto en el valor de los activos de la 

empresa recalificada, sino que también tendrá un impacto indirecto a través de los efectos 

en el valor de los activos de las empresas del mismo sector. Finalmente, la evidencia 

presentada avala el uso de las discrepancias entre CRA como herramienta para 

monitorizar la evolución de la opacidad de las empresas e informa a los reguladores de 

los efectos más intensos que tienen los cambios en el riesgo de insolvencia en contextos 

de opacidad informativa del emisor.  

En segundo lugar, los resultados son también relevantes para los inversores, quienes 

tienen que tener en cuenta el nivel de discrepancia entre CRA (opacidad informativa) y 

la transmisión de los efectos entre empresas del sector según su fuente de financiación en 

la gestión de sus carteras. Si su objetivo es el de construir carteras menos sensibles ante 

los anuncios de las CRA, escogerán aquellos para los cuales exista mayor discrepancia 

entre las CRA y aquellas compañías que opten por medidas alternativas de financiación 

a los mercados de deuda 

 
10 En el acuerdo de Basilea 2.5 pasó a utilizarse el Incremental Default Risk (IDR), para el cual también 

son relevantes los resultados encontrados, volviendo a requerirse el uso del IRC posteriormente. 
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Finalmente, los emisores de deuda corporativa también pueden extraer interesantes 

conclusiones de la evidencia presentada en esta tesis. Estos deben tener presente que su 

opacidad informativa produce un mayor coste de financiación vía deuda corporativa. 

Además, su exposición al riesgo de insolvencia de otras empresas del sector depende del 

uso de la deuda corporativa como forma de financiación frente a fuentes alternativas. 

Para terminar, es importante señalar que esta tesis deja abiertas varias cuestiones y abre 

varias líneas de investigación que se tratará de desarrollar en el futuro. Entre estas se 

puede destacar el análisis de la relación entre la discrepancia de opinión entre CRA (como 

medida de opacidad) y la sincronía de los rendimientos de las acciones (como medida de 

contenido informativo), así como el estudio del impacto sobre la información contenida 

en los anuncios de ratings de cambios regulatorios orientados a incrementar la 

transparencia en los mercados (por ejemplo la implementación de normas contables 

internacionales o la obligación de algunos mercados de publicar indicadores de 

gobernanza corporativa).  
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2. Informational role of rating revisions after reputational events 

and regulation reforms11 

 

 

 

Abstract 

This paper analyses how reputational shocks and regulatory reforms have affected the 

value-relevant information content of rating adjustments announced by the main Credit 

Rating Agencies (CRAs). We analyse the U.S. stock market at the firm level. Our novel 

empirical findings show the inverse relation between rating revisions and the stock price 

synchronicity, indicating additional information impounded in prices after rating changes. 

We find that investors consider downgrades more informative after the Enron, WorldCom 

and Lehman Brothers defaults. Investors interpret reputational distress as a disciplinary 

event that prompts agencies to improve the rating process to recover their reputation. 

Agencies efforts seems to be greater for worse-rated issues. Our analysis of rating-related 

regulation indicates that the changes in regulation did not always increase the value-

relevant information in rating. We find less informative rating changes after the passage 

of rules that increase the reliance on ratings or enhance the competition among agencies. 

Conversely, when the objective is to reduce the regulatory reliance, CRAs react by issuing 

more informative ratings, thus increasing their utility for market participants.  

 

Keywords: Stock Price Synchronicity; Rating Changes; Reputational Shocks; 

Regulatory Reforms.  

 

  

 
11 International Review of Financial Analysis, 62, 91-103. 
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“…we should expect a never-ending game of cat-and-mouse between the industry and its 

regulators in which first one side and then the other gains the upper hand…” 

Alan S. Blinder, 2015 

2.1 Introduction 

During the last twenty years, credit rating agencies (CRAs) have been gaining 

relevance in financial markets, and their ratings have become central to assess the credit 

risks of different asset classes and determine compliance with regulatory requirements, 

as well as for private contracting. Their significant role is reliant on the quality of ratings 

they assess, i.e., on the ability of ratings to accurately reflect the risk of issues and issuers. 

CRAs must impound value-relevant information about firms into credit ratings and their 

respective rating changes to make them credible for the market. High quality ratings 

disclose this private information to the market, reducing the risk to less-informed 

investors due to adverse selection (Tang, 2009 and Opp, Opp and Harris, 2013). In 

contrast, low quality ratings harm the function of CRAs as information gatekeepers and 

complicate credit risk management for investors and public regulators. 

The value of information disclosed by ratings critically depends on the reputation 

of the CRA (Duff and Einig, 2009). CRAs acquire and increase their reputation capital 

by being honest and accurate in estimating the creditworthiness of issuers. Events such 

as the failure of high-grade firms impacts their reputation, diminishing the investors’ 

confidence in the ratings they issue. In the last two decades, several reputational events 

such as the Enron scandal in 2001 or the default of Lehman Brothers in 2008 have eroded 

the reputation of CRAs, leading to questioning the ratings quality, lessening investor trust 

and damaging the entire financial system. These episodes of reputational distress have 

prompted market supervisors to enact stricter regulation on the rating industry, as in the 

Sarbanes–Oxley Act passed in 2002 after the Enron episode and the Dodd-Frank Act 

enacted in 2010 in response to the Lehman Brothers default. These regulatory reforms 

aim to enhance the quality of ratings to restore confidence in the security markets by 

improving the competitiveness of the rating industry and the reliance on ratings for 

regulatory purposes. 

In this paper, we hypothesize that both types of shocks (reputational and 

regulatory) impact the value of ratings, shifting the market perceptions about the value-

relevant information that rating adjustments convey. We focus on price informativeness 

and analyze how the impoundment of the value-relevant information conveyed by ratings 
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into stock prices has been affected by the main reputational and regulatory shocks that 

occurred in the U.S. during the last two decades. Our findings suggest that the value-

relevant information disclosed by rating adjustments is sensitive to reputational distress 

and changes in the regulatory setting.  

Consistent with extensive literature, we gauge price informativeness using the 

stock price synchronicity, i.e., the extent to which the stock price commoves with the 

market (see, among others, Crawford, Roulstone and So, 2012, Cheng, Leung and Yu, 

2014 and Dang, Moshirian and Zhang, 2015). According to Roll (1988), a firm’s stock 

price is less likely to convey firm-specific information when it commoves strongly with 

the market, i.e., when it shows high synchronicity. We assume that a rating change 

provides incremental information about a firm’s risk, reducing information asymmetry 

and increasing price informativeness. To test this hypothesis, we compute the stock price 

synchronicity (SPS hereafter) response to changes in the rating assigned to senior long-

term bonds issued by firms listed in the U.S. market by the main rating agencies 

(Moody’s, Standard & Poor’s and Fitch Ratings) from 1996 to 2014. We document a 

significant decrease of SPS (an increase in price informativeness) after rating 

downgrades. The increase of value-relevant information is stronger for downgrades 

preceded by a watchlist with negative connotations.  

Regarding reputational distress, we investigate how the Enron, WorldCom and 

Lehman Brothers scandals affect the SPS response to rating changes. These cases are 

characterized by a miss assessment of risk by CRAs, revealed to the market by the default 

of these firms from an investment-grade rating. According to Bedendo, Catharty and El-

Jahelz (2018), the final effect of reputational distress on the informative content of ratings 

is unclear, as there can be two opposing mechanisms. On one hand, once the miss 

assessment of credit risk became public, market participants could assign lower 

information content to ratings, focusing on other possible sources of information about 

creditworthiness. On the other hand, as investors observe rating inflation, they could infer 

greater negative information in downgrades announced when a CRAs’ reputation is under 

scrutiny and they could maintain doubts about upgrades. Our evidence shows a stronger 

negative SPS response to rating downgrades announced after reputational shocks but no 

effect for upgrades, consistent with the latter view and with the findings of Bedendo et al. 

(2018). According to this evidence, CRAs seems to issue more informative downgrades 

that disclose increased relevant information after these episodes as a response to public 



54 
 

criticism. The result also supports the view of Baghai, Servaes and Tamayo (2014), who 

find that CRAs have become more stringent after the defaults of high-rating firms at the 

beginning of the 21th century (e.g., Enrond) probably due to reputational concerns.  

 Our second objective is to analyze the impact of new regulations on credit rating 

informativeness. Supervisory authorities have different intended objectives to change the 

regulatory framework. The supervisors may overhaul the regulation of the rating industry 

to enhance transparency and competitiveness among CRAs (e.g., the 2006 CRA Reform 

Act). This regulation stimulates CRAs to invest in improvements to enhance the accuracy 

of ratings and the integrity of the rating process (methodologies, diligence and 

performance monitoring), increasing rating quality. However, Bolton, Freixas and 

Saphiro (2012), among others, show that higher levels of competition in the rating 

industry do not necessarily improve the information content of ratings.  

In other cases, the authority seeks to affect the mechanistic reliance on ratings to 

control the risk in the financial market. Some regulations increase this reliance (e.g., the 

1998 Transport Infrastructure Finance and Innovation Act) and others seek to mitigate it 

(e.g., the 2010 Dodd-Frank Act, Section 939). Although this is not their primary goal, 

these rating-contingent restrictions impact the informative content of ratings, not always 

positively (see Opp et al., 2013, Dimitrov, Palia and Tang, 2015). Behr, Kisgen and 

Taillard (2018) find that the joint effect of restricting competition and increasing the 

regulatory reliance on ratings caused by the SEC’s new NRSRO (Nationally Recognized 

Statistical Rating Organization) and credit rating-based capital requirement rules in June 

1975 has a detrimental effect on ratings quality through rating inflation.  

We analyze all the rating-related regulatory changes that occurred in the last two 

decades. We find that some (but not all) new rules alter the value that investors assign to 

the information disclosed by rating adjustments. The final effect depends on the specific 

objective of the rule. Those that increase the reliance on ratings and/or intensify 

competition among CRAs reduce the value of the information disclosed by ratings. 

Conversely, those that reduce the reliance on ratings lead to more informative ratings. 

Our paper is related to several strands of the literature, but our setting differs from 

them in a number of ways. First, to the best of our knowledge, we provide the first 

empirical evidence on the links between credit ratings and stock price informativeness, 

filling an important gap in the literature. Odders-White and Ready (2006) is the only paper 
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that does so in a theoretical model that explains the rating level with information 

asymmetries.  

Second, we add empirical evidence to the study of the reputation incentives of 

CRAs, focusing on the change of the stock price informativeness response to rating 

adjustments. Theoretical papers indicate the relevance of reputation in the definition of 

credit ratings (Goel and Thakor, 2015 and Bar-Isaac and Shapiro, 2013). Covitz and 

Harrison (2003) find that Moody’s and S&P are motivated more by reputational concerns 

than revenue maximization when they issue rating actions and Alp (2013) and Baghai et 

al. (2014) find reputational arguments behind the tightening in corporate rating standards 

over time. Lugo, Croce and Faff (2015) find reputational factor explaining the herding 

behaviour of CRAs. Han, Pagano and Shin (2012) show a stronger effect of ratings issued 

by the more reputed global rating agencies than those issued by local agencies in the 

Japanese bond market.  

The work of Bedendo et al. (2018) is the most related to this research. They also 

explore the effects of reputational events on investors’ perceptions of rating signals. Our 

setting differs in several respects. First, we focus directly on price informativeness and its 

link with value-relevant information disclosed by rating events, while they analyse a very 

short term response of returns. Price informativeness is crucial for efficient asset 

allocation (see Durnev, Morck and Yeung, 2004 and Wurgler, 2000). Our study seeks to 

ascertain how reputational events impacts the informative role of CRAs, altering the 

capitalization of value-relevant information into stock prices. We consider SPS a direct 

measure of price informativeness and provide direct evidence of the connection between 

changes in credit ratings and SPS for the first time in the literature. Then we show how 

this connection changes in the aftermath of reputational shocks. Second, we focus on the 

kind of reputational shocks that are due to the miss-rating of corporates, i.e., those 

originated by the default of a high-rated firm. The set analysed by Bedendo et al. (2018) 

is different from ours as it includes other kinds of reputational events.  Third, our paper 

differs in the methodology applied to determine the effect on the value-relevant 

informative content of rating changes.  

In addition, we add new evidence to the extensive literature on the effects of 

regulatory reforms in financial markets (see Schäfer, Schnabel and di Mauro, 2013 and 

Duffie, 2017, for example). We contribute to the analysis of changes in investors’ 

reactions to ratings concerning new specific rating-related rules. Behr et al. (2018) 
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examine the effect of the NRSRO designation system in 1975 on the quality of ratings by 

analysing the default likelihood of firms before and after the designation. Jorion, Liu and 

Shi (2005) analyzed the introduction of the 2000 Regulation Fair Disclosure (RFD), 

Cheng and Neamtiu (2009) studied the implementation of the 2002 Sarbanes–Oxley Act 

(SOX) and Dimitrov et al. (2015), Jankowitsch, Ottonello and Subrahmanyam (2018) and 

DeHaan (2017) focused on the 2010 Dodd-Frank Act. Some important considerations 

should be highlighted. First, our approach provides a broader view, allowing for 

examination of how new regulations alter the information content of rating with respect 

to the previous reform. Rather than a single rule, we analyze the successive rating-related 

reforms from 1996 to 2014. Second, we extend the set of rating-related regulations by 

including rules that affect the use of credit ratings for regulatory purposes that have not 

been analyzed previously, such as the Transport Infrastructure Finance and Innovation 

Act (TIFIA) in 1998, the Gramm–Leach–Biley Act (GLBA) in 1999 and the Credit Union 

Administration final rule in 2013. We control for confounding effects by including rating-

related SEC recommendations and the reputational shocks.  

The paper is structured as follows: in Section 2, we explain the data used and our 

measures of synchronicity. Section 3 presents the results concerning the effect of 

reputational distress in the information content of rating changes. In Section 4, we 

describe the recent rating-related regulation and analyze how it affects the 

informativeness of rating adjustments. We present the conclusions in Section 5. 

2.2 Data and measurement of price informativeness 

2.2.1 Data 

We gather information about U.S. corporate bond ratings from the Mergent Fixed 

Income Securities Database (FISD) database. We consider rating actions by S&P, 

Moody’s, and Fitch Rating  from January 1996 to December 2014. After a filtering 

process that we describe in Appendix A, the final sample of rating events comprises 6,661 

credit rating changes affecting 1,555 issuers. Table 1 presents their distribution according 

to their characteristics: Direction (downgrades/upgrades), CRA, sector of the re-rated 

firm and rating level. 
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Table 2-1. Rating changes distribution 

 

 

 

S&P is the most active CRA, representing approximately 46% of the total, 

followed by Moody’s and Fitch. In terms of the sectorial classification of the re-rated 

firms, approximately 76% of the total of rating changes affect firms in the industrial 

sector, financial firms account for 16% and approximately 8% affect the utilities sector. 

In the case of downgrades, the percentage of re-rated firms in the financial and utility 

sectors is 17% and 6%, respectively. In the case of upgrades, the financial sector 

represents 14% of the total and the utilities sector represents 9%. In terms of monitoring 

degree, most rating changes are announced by a single agency (95%) and the remaining 

5% are announced simultaneously by more than one CRA (multi-CRA).  

Figure 1 shows the evolution of rating changes from 1996 to 2014. There are more 

downgrades than upgrades in crisis times (from 1999 to 2003 and from 2008 to 2009) 

whereas the opposite arises during expansions, with more upgrades than downgrades 

(1997, 2006 and 2007 and from 2010 to 2014). The number of rating changes in both 

directions is similar in 1996, 1998, 2004 and 2005, with 2008 being the most active year.  

 

Single–CRA are rating changes announced by one single CRA affecting one single issuer. Multi–CRA are 

simultaneous rating changes by more than one CRA affecting one single issuer at the same date. Proportion of 

downgrades and upgrades are computed from the total + and - rating changes. 

 

Positive and Negative 

rating changes (+ and -)  Downgrades (-)  Upgrades (+) 

  Number 

Proportion 

of total + 

and - 

  Number 
Proportion 

of total - 
  Number 

Proportion 

of total + 

         

Total 6,661 100%  3,488 52.4%  3,173 47.6% 
         

By CRA        
 

Standard & Poor’s 3,139 47.1%  1,646 47.2%  1,493 47.1% 

Moody’s 2,906 43.6%  1,525 43.7%  1,381 43.5% 

Fitch 972 14.6%  517 14.8%  455 14.3% 
         

By Sector         

Industrial (1,218 issuers) 5,095 76.5%  2,650 76.0%  2,445 77.1% 

Financial (341 issuers) 1,069 16.0%  613 17.6%  456 14.4% 

Utilities and other (117) 497 7.5%  225 6.5%  272 8.6% 
         

By monitoring         

Single–CRA 6,335 95.1%  3,307 94.8%  3,028 95.4% 

Multi–CRA 326 4.9%  181 5.2%  145 4.6% 
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Figure 2-1. Number of downgrades & upgrades from 1996 to 2014. 

 

 

2.2.2 Measurement of price informativeness  

We use the stock price synchronicity to proxy price informativeness (see Morck, 

Yeung and Yu, 2000; Gul, Kim and Qiu, 2010; Chan and Chan, 2014; Bai, Hu, Liu and 

Zhu, 2017). Synchronicity accounts for the comovement between the stock returns and 

market returns, and it is inversely related to firm-specific information content of prices. 

We measured it as: 

 Syni = ln (
Ri

2

1−Ri
2), (1) 

where R2 is the coefficient of determination of an asset–pricing model based on common 

factors such as: 

 R𝑖𝑡 = α𝑖 + f𝑡β𝑖 +  ε𝑖𝑡 (2) 

where Rit is the log return of firm i at time t, βi is a (kx1) vector of factor sensitivities or 

loadings, ft is a (kx1) vector of risk factors and εit is an uncorrelated zero–mean error 

term. Some popular models such as the Capital Asset Pricing Model and the Arbitrage 

Pricing Theory are nested using expression (2). In this paper, we estimate the Fama–

French 3 factor model: 
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 R𝑖𝑡 = 𝑅𝑓𝑡 + βiM(𝑅𝑀𝑡 − 𝑅𝑓𝑡) + β𝑖𝑆𝑀𝐵SMBt + βiHML𝐻𝑀𝐿𝑡 + ε𝑖𝑡 (3) 

where 𝑅𝑓𝑡 is the return of the one month Treasury Bill rate on day t, (𝑅𝑀𝑡 − 𝑅𝑓𝑡) is the 

excess market return, SMBt is the risk factor associated with size (returns of small firms 

minus returns of big firms) and 𝐻𝑀𝐿𝑡 is the risk factor associated with the excess return 

of firms with the highest book to market ratio with respect to firms with a low book to 

market ratio.12 

To check the robustness of results, we follow Li et al. (2014) and compute R2 

using different models: an expanded version of the market model that includes two leads 

and two lags of the market factor (see Mork et al., 2000; Jin and Meyers, 2016; Cheng et 

al., 2014), the five-factor model of Fama and French (2015) and a global market model. 

The results (available upon request) are the same.  

2.2.3 Do rating announcements impound new value-relevant information in 

prices?    

Consistent with recent literature (e.g., Cheng et al., 2014), we consider that 

changes in the SPS capture differences in the informative content of prices before and 

after informative events for the same firm. The announcement of a change in the 

creditworthiness of a firm incorporates previously unknown value-relevant information 

that should be impounded in prices after the announcement, increasing the price 

informativeness. As Roll (1988), Mork et al. (2000), Gul et al. (2010) and Cheng et al. 

(2014) show, the SPS is negatively related to firm-specific information impounded in 

prices. Accordingly, we expect an SPS reduction due to the new information about the 

creditworthiness of the firm disclosed in rating changes. 

We apply an event-study type approach to examine the statistical relation between 

synchronicity and the informative content of ratings by analyzing the behavior of SPS 

before and after the rating change announcement. For the 6,661 credit rating events in the 

sample, we estimate model (3) twice in the 60–working–day pre- and the post-rating event 

windows and compute the synchronicity defined in equation (1) for both. To avoid 

information leakage prior the credit event, we exclude the 20 days preceding the 

announcement, i.e., we choose a [–80, –21] window prior to the rating event (t=0) and a 

 
12 See Kenneth French’s website for details http://mba.tuck.dartmouth.edu/pages/faculty/ken.french/Data_Library/f-

f_factors.html 



60 
 

[0, 59] window after it. For each rating change j, we compute the change in the SPS due 

to the announcement, i.e., the SPS response to rating adjustments as:  

 ∆Synj = Syn𝑗
𝑝𝑜𝑠𝑡 − Syn𝑗

𝑝𝑟𝑒,      j=1,…, 6661 (4) 

where Syn𝑗
𝑝𝑟𝑒

 is the synchronicity estimated in the pre–rating event window and Syn𝑗
𝑝𝑜𝑠𝑡

 

is the synchronicity estimated in the post–rating event window. 

 Table 2 shows the average and median ∆Synj across events and tests for their 

significance with a standard t-ratio and two nonparametric tests: a sign test and Wilcoxon 

signed rank test. We observe a significant decrease in the SPS (increase in 

informativeness) after the announcement of a change in the creditworthiness of the firm. 

However, when we consider the sign (positive or negative) of the information disclosed 

by the rating change, we find lower SPS (more informativeness) only for downgrades. 

This asymmetric market response is usually found in literature that analyses abnormal 

returns around rating changes (e.g., Bannier and Hirsch, 2010, Steiner and Heinke, 2001 

and Altman and Rijken, 2004).13 Cheng et al. (2014) also find differences in the SPS 

response to positive and negative earning-related news, with a stronger effect for the 

latter.  

In Panel B of Table 2, we consider the expected rating changes, i.e., those that 

have been preceded by the inclusion of the firm debt in the credit watch list. We observe 

a strong impact in the case of downgrades but no effect for upgrades, indicating that 

watch-preceded downgrades convey new value-relevant information that is impounded 

into firm’s price after the announcement. 

 

 
13 Altman and Rijken (2004) note that the market could anticipate enhancements in the creditworthiness of a firm more 

than deteriorations because CRAs take time to announce the former and avoid reputation losses in the case of the 

distress or bankruptcy of a highly rated company. 
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Table 2-2. Synchronicity response to rating announcements. 

 

 

This result confirms our initial expectation and provides support to the Roll (1988) 

hypothesis: Downgrades reduce the SPS, indicating an increase of value-relevant 

information after the announcement of negative rating adjustments.  

2.3 Informational effects of reputational events 

The reliance of investors on ratings crucially depends on the reputation of CRAs 

and their commitment to issuing high-quality ratings (Duff and Einig, 2009). However, 

CRAs’ efforts may depend on the chances of suffering a reputational shock. CRAs may 

inflate ratings if the possibility of suffering a reputational damage is low whereas they 

will produce better ratings when their reputation is threatened (Bar–Isaac and Sharpio, 

2013). Mathis, McAndrews and Rochet (2009) argue that reputation concerns are not 

sufficient to discipline CRAs, which will inflate the rating with a positive probability 

when their major profit source are structured finance product.  

Reputational shocks reveal miss assessments of credit risk by CRAs and could 

make ratings less credible for investors if they realize that the information about the actual 

credit risk of firms is inaccurate. In this situation, the market response to rating 

adjustments could be lower. However, because investors observe rating inflation, they 

could infer greater negative information in downgrades announced when a CRAs’ 

reputation is under scrutiny whereas they could maintain doubts about upgrades. 

Moreover, investors could rely on credit ratings because they expect that CRAs act to 

 

ΔSyn is the difference in the magnitude of synchronicity between pre- and post-rating change announcement 

periods. Negative values of Average and Median ΔSyn indicates lower synchronicity in the post-event period. 

Expected events sample include only those events that occurs after the inclusion of the firm debt in a watch list 

in the 90 days prior to the announcement of the effective rating change. *, **, *** indicate rejection of the null 

hypothesis of no effect of rating changes on synchronicity at 10%, 5% and 1% significance level. T-ratio and 

Wilcoxon test presents the p–value of both test. % ΔSyn>0 in the proportion of positives. N is the number of 

rating adjustments in each subsample. 
 Whole sample  Expected events 

  

Positive and 

negative  
Negative Positive   

Positive and 

negative  
Negative Positive 

        

Average ΔSyn –0.024 –0.049 0.003 
 

–0.038 –0.090 0.027 

Median ΔSyn –0.016 –0.026 –0.002 
 

–0.021 –0.057 0.012 

t-ratio 0.093* 0.013** 0.869 
 

0.065* 0.001*** 0.382 

Wilcoxon test 0.068* 0.009*** 0.916 
 

0.093* 0.001*** 0.190 

% ΔSyn > 0 49% 49% 50% 
 

49% 48% 51% 

N 6.661 3.488 3.173 
 

3.092 1.721 1.371 

                

 



62 
 

regain market confidence by improving their procedures and increasing the quality and 

informative content of the ratings they issue (Cheng and Neamtiu, 2009, Bedendo et al., 

2018). Furthermore, as reputational events are rare, investors could assign them a very 

low probability of reoccurring (Hill, 2009). Therefore, we establish our first hypothesis: 

H1: The occurrence of reputational events prompts CRAs to increase the rating 

quality, enhancing the value-relevant information contained in rating adjustment.  

We consider the date of downgrade to junk status of a highly rated firm as the 

starting point of a reputational event. Although any rating that is not aligned with the 

credit risk of issuers and securities can damage the reputation of a CRA, they only cause 

reputational distress when they are fully observed by market participants. This is the case 

when they result in the default (or distress) of a highly rated firm and the announcement 

of a severe downgrade by one or several agencies serves to publicly reveal the failure of 

CRAs. We analyze the three major reputational shocks in the US market: the defaults of 

Enron on November 28, 2001, WorldCom on May 9, 2002 and Lehman Brothers on 

September 15, 2008.  

To test our hypothesis, we compare the SPS response to rating changes (∆Synj) 

the years before and after the reputational shock.14 We assume that if reputational shocks 

affect the quality of ratings, they will alter the amount of value-relevant information that 

ratings convey. If CRAs improve the quality of ratings after the event, rating adjustments 

will include more value-relevant information and there is likely to be a more negative 

SPS response to them (higher price informativeness). Conversely, if CRAs do not 

improve the quality of ratings, the synchronicity response to rating changes will be 

weaker after the reputational shock. 

The test design is based on the following model: 

∆Synj = 𝛼0 + 𝛼𝐼Inf𝑗 + 𝛼𝑅𝐸RE𝑗 + 𝛼𝐼
𝑅𝐸RE𝑗xInf𝑗 + 𝐶𝑗

′𝛼𝐶 + 휀𝑗 (5) 

where ∆Synj is the SPS response to the rating change j and RE𝑗 is a dummy variable set 

to 1 for announcements in the year after the reputational event and zero otherwise. 

Although we include a set of control variables (𝐶𝑗
′), we also consider an indicator of 

 
14 We exclude rating changes announced from day -60 to day 80 with respect to the reputational event dates due to data 

requirements for estimating the synchronicity response to the rating changes described in Section 2. 
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particularly informative rating changes (Inf𝑗) and analyze how reputational events alter 

the information content of these events (RE𝑗𝑥Inf𝑗). 

The coefficient 𝛼𝑅𝐸 accounts for the incremental SPS response to rating changes 

after the reputational shock. We test 𝛼𝑅𝐸 = 0, i.e., whether ∆Syn  is significantly 

different in post-reputational shock periods than in pre-reputational shock periods. A 

positive value of 𝛼𝑅𝐸 indicates that reputational distress decreases the value of ratings 

and investors perceive them as less (value-relevant) informative. As the coefficient 𝛼𝐼 

accounts for differences in the information content of rating changes between particularly 

informative ratings changes, the coefficients 𝛼𝐼
𝑅𝐸accounts for changes in these differences 

after the reputational shock. We test 𝛼𝐼
𝑅𝐸 = 0, i.e., whether the differences in the 

information content of these more informative rating changes are significantly different 

in post-reputational shock periods than in pre-reputational shock periods.  

We follow the literature in considering that some rating announcements contain 

more information than others and re-estimate the model including several indicators that 

identify these rating events (Inf𝑗  variable in equation 5). Table 3 describes these indicators 

in the pre- and post-reputational subsamples. In line with Bannier and Hirsch (2010) and 

Chung, Kim and Frost (2012), who find stronger market response for direct rating changes 

than for watch-preceded rating changes, we include the Expected event variable that is set 

to 1 for rating changes preceded by a review process in the 90 previous days and zero 

otherwise. The number of rating changes is slightly lower in the pre-reputational event 

period than after it (Table 3); during the post-event periods, there is an increase of 

expected events of 20% (mostly downgrades). CRAs appear to be keener to provide 

additional information about a possible rating change before making the final decision 

when their reputation is under threat.   
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Table 2-3. Mean values of the rating characteristics for the reputational analysis 

Pre-Reputational events include events that occur in the period of one year before Enron and Lehman Brothers downgrades. 

Post-Reputational events include events that occur in the 1-year period after Worldcom and Lehman Brothers downgrades. 

Both samples exclude the period from day -60 to day 80 with respect to the reputational event day. # rating events is the 

number of rating adjustments in each subsample. Figures are the mean values, which in the case of dummy variables is the 

proportion of rating events with the corresponding characteristic. Expected event is a dummy variable equal to 1 for rating 

changes preceded by a review process in the 90 previous days, zero otherwise; Invest – Speculative is a dummy variable equal 

to 1 for downgrades that cross the Investment/Speculative frontier, zero otherwise; Jump size is the absolute value of the 

difference between the post-announcement rating level and the pre-announcement rating level; From Investment grade is a 

dummy variable equal to 1 for rating downgrades of bonds in the investment grade, zero otherwise; Prior Rating is a variable 

that account for the rating level prior the rating change in a numerical scale (Aaa=AAA=1; Aa3=AA+=2; etc.); Multi-CRA 

indicates the number of CRAs that simultaneously announce the rating change and takes value from 1 to 3. Moodys (S&P) is 

a dummy variable equal to 1 for downgrades announced by Moody’s (Standard & Poor’s), zero otherwise; Industrial Sector 

(Financial Sector) is a dummy variable equal to 1 for the Industrial (Financial) sector, zero otherwise.  

    Pre-Reputational event   Post-Reputational event 

    

Positive 

and 

negative  Downgrades Upgrades   

Positive 

and 

negative  Downgrades Upgrades 

Rating events    1134 654 480   1160 864 296 

Alternative indicators of particularly informative rating changes (Infj)   

Expected event  28% 28% 30%   46% 50% 38% 

Investment - Speculative  10% 9% 11%   9% 9% 7% 

Jump size  1.39 1.44 1.32   1.40 1.42 1.35 

From Investment grade  32% 42% 19%   37% 43% 19% 

Previous rating  11.65 10.94 12.60   11.41 10.87 13.00 

Control variables (C'j)                 

Multi-CRA   1.04 1.05 1.03   1.05 1.03 1.09 

Moodys   39% 44% 32%   43% 42% 44% 

S&P   52% 48% 57%   44% 41% 52% 

Industrial Sector   81% 82% 80%   70% 67% 78% 

Financial Sector   12% 13% 11%   23% 27% 13% 
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We also consider rating downgrades (upgrades) that are more severe (favorable) 

to be particularly informative. We use two different indicators: the crossing of the 

Investment/Speculative boundary (Invest–Speculative variable) and the jump size 

(absolute variation in the rating level). The first is set to 1 for rating changes that cross 

the boundary and otherwise. These changes are particularly relevant because they have 

regulatory implications for investors in the bond market (Ben Dor and Xu, 2011). The 

second is the absolute value of the difference between the post- and the pre-announcement 

rating level (the number of notches in the rating change). We assume that the bigger the 

adjustment in the rating level, the more informative the announcement is. The average 

size of the jump is approximately 1.4 in the pre- and post-reputational samples (see Table 

3).  

Finally, we consider the indicator From Investment grade that is set to 1 for rating 

adjustments affecting investment grade bonds (from AAA to BBB-) and zero otherwise 

and Previous rating, which accounts for the rating level before the announcement on a 

numerical scale (Aaa=AAA=1; Aa3=AA+=2; etc.). These variables are motivated by 

Jorion and Zhang (2007), who observe that the rating prior to the announcement is the 

main factor explaining a return’s response to rating changes, and Jorion and Zhang 

(2010), who find that the effects depend on the original credit quality of the downgraded 

firm (investment-grade or speculative-grade firms). Table 3 shows that the percentage of 

the rating adjustment affecting investment-grade bonds is similar in pre- and post-

reputational shock periods. The average of the previous rating in pre-reputational shock 

periods is similar to the average in post-reputational shock periods. 

For a robustness analysis, we rule out possible confounding effects by extending 

each model with a set of control variables than could affect the SPS response to rating 

changes: the number of agencies that simultaneously announce the rating change, the 

agency that makes the announcement and the sector of the re-rated firm. Table 3 shows 

these variables. We observe that S&P is the most active CRA and that its activity decrease 

in post-reputational periods. Conversely, Moody’s increase its activity after the 

reputational shocks. Regarding the sector, the financial sector seems to be the most 

sensible to CRAs reputation as the percentage of rating changes affecting financial firms 

is higher after the reputational shocks specially the percentage of downgrades.  
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Table 2-4. Synchronicity response to downgrades around reputational events 

 

 

(1) (2) (3) (4) (5) (1) (2) (3) (4) (5)

Const.  0.129 **  0.103 **  0.163 *  0.300 ***  0.388 ***  0.784 ***  0.756 ***  0.806 ***  0.962 ***  0.913 ***

( 2.313) ( 2.096) ( 1.951) ( 3.294) ( 3.205) ( 2.887) ( 2.849) ( 2.955) ( 3.524) ( 3.274)

RE -0.385 *** -0.382 *** -0.435 *** -0.545 *** -0.695 *** -0.346 *** -0.320 *** -0.393 *** -0.471 *** -0.614 ***

(-5.442) (-6.453) (-4.296) (-6.822) (-4.683) (-4.670) (-5.222) (-3.882) (-5.730) (-4.054)

Expected Event -0.151  -0.195 * -0.136 ** -0.140 ** -0.140 ** -0.140 **

(-1.462) (-1.886) (-2.371) (-2.448) (-2.461) (-2.450)

RE x (Expected Event)  0.098   0.097   

( 0.817) ( 0.805)

Speculativ – Invest -0.158  -0.200 ** -0.269 -0.198 ** -0.197 * -0.198 **

(-0.927) (-1.996) (-1.572) (-1.971) (-1.951) (-1.968)

RE x (Spec-Inv)  0.093   0.119

( 0.466) ( 0.605)

Jump size -0.051  -0.023  -0.021  -0.054  -0.025  -0.025  

(-1.025) (-0.791) (-0.723) (-1.087) (-0.865) (-0.860)

RE x (Jump size)  0.042   0.059  

( 0.697) ( 0.996)

From Investment grade  0.206 ** -0.212 ** -0.210 ** -0.209 ** -0.044  -0.208 **

( 2.207) (-2.131) (-2.114) (-2.107) (-0.350) (-2.091)

RE x (From Invest.) -0.297 *** -0.279 **

(-2.658) (-2.506)

Prior Rating -0.027 ** -0.045 *** -0.045 *** -0.045 *** -0.044 *** -0.060 ***

(-2.497) (-3.716) (-3.702) (-3.718) (-3.570) (-4.005)

RE x (Prior Rating)  0.029 **  0.028 **

( 2.183) ( 2.048)
Control variables (C' j )

Multi-CRA -0.344 ** -0.341 ** -0.343 ** -0.353 ** -0.347 **

(-2.220) (-2.202) (-2.218) (-2.287) (-2.237)

Moodys  0.208 ***  0.212 ***  0.215 ***  0.215 ***  0.211 ***

( 2.656) ( 2.703) ( 2.723) ( 2.738) ( 2.690)

S&P  0.098   0.102   0.102   0.105   0.103  

(1.280) ( 1.332) ( 1.336) ( 1.376) ( 1.352)

Industrial Sector  0.257 ***  0.263 ***  0.258 ***  0.256 **  0.267 ***

( 2.592) ( 2.655) ( 2.604) ( 2.577) ( 2.681)

Financial Sector  0.084   0.082   0.079   0.098   0.108  

( 0.794) ( 0.776) ( 0.749) ( 0.917) ( 1.007)

R2  0.032  0.031  0.031  0.035  0.036  0.052  0.052  0.052  0.056  0.055

F-stat  16.619 ***  16.171 ***  16.149 ***  18.326 ***  18.628 ***  6.829 ***  6.804 ***  6.857 ***  7.332 ***  7.188 ***

F p_val  0.000  0.000  0.000  0.000  0.000  0.000  0.000  0.000  0.000  0.000

Table 4. Synchronicity response to downgrades around reputational events
The dependent variable is ΔSyn, i.e. the difference in the magnitude of synchronicity between pre- and post rating change announcements. RE is a

dummy variable equal to 1 for rating changes announced in the post-reputational shock period, zero otherwise. Alternative indicators of particularly

informative rating changes are: (1) Expected Event is a dummy variable equal to 1 for rating changes preceded by a review process in the 90 previous

days, zero otherwise; (2) Invest – Speculative is a dummy variable equal to 1 for downgrades that cross the Investment/Speculative frontier; (3) Jump size

is the absolute value of the difference between the post-announcement rating level and the pre-announcement rating level; (4) From Investment grade is a

dummy variable equal to 1 for rating downgrades of bonds in the investment grade, zero otherwise; and (5) Prior Rating is a variable that account for the

rating level prior the rating change in a numerical scale (Aaa=AAA=1; Aa3=AA+=2; etc.). Control variables: Multi-CRA indicates the number of CRAs

that simultaneously announce the rating change and takes value from 1 to 3. Moodys, and S&P are dummy variables equal to 1 for downgrades

announced by Moody’s and Standard & Poor’s respectively, zero otherwise; Industrial Sector and Financial Sector are dummy variables equal to 1 for the

corresponding sectors and zero otherwise. The sample includes 1505 rating downgrades. All models are estimated by OLS with White heteroskedaticity-

robust standard errors.  t-statistic in parenthesis. *, **, *** indicate rejection of the null hypothesis at 10%, 5% and 1% significance level.  

A. Base Models B. Control Models

Alternative indicators of particularly informative rating changes (Inf j ) 
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Table 2-5. Synchronicity response to upgrades around reputational events 

  

  

(1) (2) (3) (4) (5) (1) (2) (3) (4) (5)

Const. -0.001   0.002  -0.033   0.092   0.093  -0.452  -0.489  -0.459  -0.435  -0.246  

(-0.018) ( 0.036) (-0.315) ( 0.548) ( 0.489) (-1.412) (-1.588) (-1.448) (-1.208) (-0.703)

RE -0.144  -0.107  -0.152  -0.219  -0.627 ** -0.202 ** -0.153 * -0.191  -0.216  -0.587 **

(-1.637) (-1.387) (-1.096) (-1.414) (-2.235) (-2.295) (-1.948) (-1.399) (-1.363) (-2.095)
Alternative indicators of particularly informative rating changes (Inf j ) 

Expected Event  0.058   0.043   0.048   0.042   0.042   0.030  

( 0.512) ( 0.376) ( 0.571) ( 0.501) ( 0.496) ( 0.348)

RE x (Expected Event) -0.026  -0.003  

(-0.160) (-0.018)

Speculativ – Invest  0.096  -0.100   0.077  -0.101  -0.100  -0.109  

( 0.653) (-0.727) ( 0.518) (-0.728) (-0.724) (-0.787)

RE x (Spec-Inv) -0.604 ** -0.601 **

(-2.163) (-2.174)

Jump size  0.034   0.037   0.037   0.041   0.037  0.035

( 0.491) ( 0.790) ( 0.807) ( 0.598) ( 0.789) ( 0.727)

RE x (Jump size) -0.004  -0.009  

(-0.045) (-0.111)

From Investment grade  0.002   0.037   0.032  0.038   0.043   0.016  

( 0.015) ( 0.262) ( 0.226) ( 0.271) ( 0.276) ( 0.115)

RE x (From Invest.) -0.080  -0.015  

(-0.453) (-0.086)

Prior Rating -0.006   0.015   0.014   0.015   0.015  -0.001  

(-0.418) ( 0.798) ( 0.756) ( 0.826) ( 0.813) (-0.031)

RE x (Prior Rating)  0.036 *  0.030  

( 1.652) ( 1.370)

Control variables (C' j )

Multi-CRA  0.014   0.028   0.014   0.015   0.015  

( 0.088) ( 0.177) ( 0.086) ( 0.090) ( 0.091)

Moodys  0.217 *  0.212 *  0.217 *  0.217 *  0.220 *

( 1.913) ( 1.856) ( 1.912) ( 1.913) ( 1.949)

S&P -0.001   0.007  -0.000  -0.000   0.013  

(-0.004) ( 0.066) (-0.000) (-0.001) ( 0.122)

Industrial Sector  0.126   0.141   0.128   0.125   0.117  

( 0.972) ( 1.095) ( 0.975) ( 0.956) ( 0.894)

Financial Sector  0.316 **  0.339 **  0.317 **  0.315 **  0.310 **

( 2.053) ( 2.204) ( 2.045) ( 2.024) ( 2.006)

R
2

 0.005  0.012  0.006  0.006  0.010  0.024  0.030  0.024  0.024  0.026

F-stat  1.414  3.081 **  1.567  1.437  2.586 *  1.515  1.911 **  1.516  1.515  1.675 *

F p_val  0.237  0.027  0.196  0.231  0.052  0.113  0.030  0.113  0.113  0.068

A. Base Models B. Control Models

Table 5. Synchronicity response to upgrades around reputational events

The dependent variable is ΔSyn, i.e. the difference in the magnitude of synchronicity between pre- and post rating change announcements. RE is a

dummy variable equal to 1 for rating changes announced in the post-reputational shock period, zero otherwise. Alternative indicators of particularly

informative rating changes are: (1) Expected Event is a dummy variable equal to 1 for rating changes preceded by a review process in the 90 previous

days, zero otherwise; (2) Invest – Speculative is a dummy variable equal to 1 for downgrades that cross the Investment/Speculative frontier; (3) Jump size

is the absolute value of the difference between the post-announcement rating level and the pre-announcement rating level; (4) From Investment grade is a

dummy variable equal to 1 for rating downgrades of bonds in the investment grade, zero otherwise; and (5) Prior Rating is a variable that account for the

rating level prior the rating change in a numerical scale (Aaa=AAA=1; Aa3=AA+=2; etc.). Control variables: Multi-CRA indicates the number of CRAs

that simultaneously announce the rating change and takes value from 1 to 3. Moodys, and S&P are dummy variables equal to 1 for downgrades

announced by Moody’s and Standard & Poor’s respectively, zero otherwise; Industrial Sector and Financial Sector are dummy variables equal to 1 for the

corresponding sectors and zero otherwise. The sample includes 1505 rating downgrades. All models are estimated by OLS with White heteroskedaticity-

robust standard errors.  t-statistic in parenthesis. *, **, *** indicate rejection of the null hypothesis at 10%, 5% and 1% significance level.  
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Tables 4 and 5 show the estimation results of model (5) for downgrades and 

upgrades. Panel A shows the base models in columns (1) to (5) and Panel B shows the 

augmented models (including the set of control variables). All models are estimated by 

OLS and the White heteroskedasticity-consistent covariance matrix is used for testing. 

Table 4 shows a more negative synchronicity response to those ratings announced 

after the reputational events than to those announced in the previous year. The estimated 

𝛼𝑅𝐸 are significant and negative in the base and control models, confirming the robustness 

of this effect. The results for downgrades reveal a strong significant increase in price 

informativeness due to rating adjustments after the reputational events. In line with 

Bedendo et al. (2018), our results indicate more (value-relevant) informative downgrades 

after the reputational distress, consistent with the view that CRAs are committed to review 

their procedures to improve the analysis of firms’ creditworthiness to provide better rating 

estimations and restore their reputation.  

Regarding the particularly informative rating changes in pre-reputational shock 

periods, we observe that the lower the previous rating level (higher value of the Previous 

rating variable), the higher the decrease of SPS. This result indicates that there is more 

value-relevant information included in rating changes in the case of the worse-rated issues 

(see column 5). This is consistent with the results of Jorion and Zhang (2007). However, 

reputational shocks appear to increase the informative content of better-rated issues more. 

The significantly positive parameter of the variable RE x Previous rating indicates that, 

the higher previous rating level (lower rating numerical scale), the higher the decrease in 

the SPS is, indicating that more value-relevant information is included in the rating 

changes of higher rated issues after reputational shocks. We reach the same conclusion 

when we consider From investment grade as the indicator of particularly informative 

rating changes (see column 4). 

We are unable to detect such strong effects in the case of upgrades (Table 5). 

Despite the scarce impact that upgrades have on the SPS observed in Section 2 for the 

entire sample, we find evidence of more value-relevant information included in upgrades 

after reputational events, indicating that investors give more value to upgrades issued in 

this period. The announcements of rating changes from speculative to investment grade 

also appear to provide more information to the market after a reputational shock.  
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 The main conclusion is that, after reputational events, there is an increase in the 

value-relevant information included in downgrades. Our evidence supports the first 

hypothesis and suggest that, after reputational shocks, the efforts of CRAs to improve 

their procedures result in issuing higher-quality ratings, with a stronger improvement 

when they are rating the debt of firms with higher credit risk. It is also remarkable that 

the informativeness of upgrades also improved after reputational shocks.  

2.4 Informational effects of regulatory reforms 

In this Section, we examine how regulatory reforms affect the responsiveness of 

synchronicity to rating adjustments. Market supervisors change regulations to promote 

financial stability. In many cases they enact new regulations that affect the rating industry 

to ensure more transparency and competitiveness and, in other cases, the changes affect 

the regulatory reliance on ratings that regulators use to control the riskiness of certain 

institutional investors such as pension funds, banks and insurers. New regulations induce 

changes in CRA and/or investor behavior, affecting the value-relevant information 

included in ratings and, consequently, the SPS response to rating adjustments. However, 

the final impact on the rating informativeness depends on the purpose of the reform.  

The literature has documented how characteristics of the rating industry and its 

inherent conflict of interest and poor governance contribute to facilitating rating shopping 

and overoptimistic assessment of risk (Jiang, Stanford and Yuan, 2012, Cornaggia and 

Cornaggia, 2013, Flynn and Ghent, 2017). The regulatory framework that seeks to 

mitigate them should increase the quality of ratings. However, higher levels of 

competition in the rating industry do not necessarily improve the information content of 

ratings (Faure-Grimaud, Peyrache, and Quesada, 2009, Becker and Milbourn, 2011, 

Bolton et al, 2012 and Goel and Thakor, 2015). Kisgen and Strahan (2010) and Bruno, 

Cornaggia and Cornaggia (2016) find that the designation of a new agency as a NRSRO 

reduces rating quality, mainly for issuer–paid CRAs. Mariano (2012) shows that 

competition among the credit rating agencies might inflate the ratings even without 

conflicts of interest. Therefore, we establish our second hypothesis as:  

H2: Rules aimed to better regulate rating industry, to reduce conflict of interest, 

and to improve CRA’s procedures enhance the value-relevant informative content 

of ratings whereas those that increase competition among CRAs reduce it. 
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Under this hypothesis, the synchronicity response to rating changes announced 

after the regulations that maintain tight control over agencies will be more negative 

whereas the response to rating changes announced after the regulation that are focused on 

increasing competition among CRAs will be less negative.  

The extant literature suggest that investors use ratings primarily due to their 

regulatory implications despite their informational value (e.g., Ellul, Jotikasthira, and 

Lundblad, 2011, Becker and Ivashina, 2015, Almeida, Cunha, Ferreira and Restrepo, 

2017). Legislation that reinforces the reliance on ratings could reduce their, as it forces 

market participants to use ratings despite their effective information content. Opp et al. 

(2013) show how regulatory reliance on credit ratings leads agencies to assign lower-

quality ratings, as they focus on facilitating regulatory arbitrage instead of on providing 

informative ratings. The results obtained by Lugo (2014) suggest that this rating-

contingent regulation favours rating inflation. Regulation could contribute to facilitate 

rating shopping and inflated ratings, lowering the rating quality. Besides, regulatory 

reliance on ratings makes CRAs’ revenues greatly independent of the informational value 

of ratings (Partnoy, 2008). Bruno, et al. (2016) suggest that reduced regulatory reliance 

on CRAs may improve the quality of issuer-paid ratings. Other papers, as Chen, 

Lookman, Schürhoff and Seppi (2014) and Cornaggia, Cornaggia and Israelsen (2017) 

document that investors not directly affected by regulation, continue to rely on credit 

ratings for information about credit risk to manage the credit risk of their portfolio. Given 

these arguments, our third hypothesis is:  

H3. New rules that reinforce (weaken) the reliance on ratings reduce (increase) 

the value-relevant informative content of ratings.  

Under this hypothesis, we expect to find a more (less) negative synchronicity 

response to rating adjustments after the passage of rules that limit (promote) the use of 

ratings for regulatory purposes. 

Our test design for this purpose uses a multivariate approach to model how 

regulatory changes affect the SPS response to rating adjustments. Rather than focus on 

one regulatory reform, as is typical in the literature, we consider all new rules from 1996 

to 2014. This setting allows us to control the possible confounding effect of the precedent 

and subsequent regulatory reforms when analysing the effect of one of them. We estimate 

the following model:   



71 
 

 ∆Syn𝑗 = 𝛾0 + 𝑅𝑅𝑗𝛾𝑅𝑅 +  𝑢𝑗  (6) 

where 𝛾𝑅𝑅 is a vector of parameters and 𝑢𝑗  is a zero-mean error term. 𝑅𝑅𝑗 is a vector 

containing a set of dummy variables set to one after the launch of a regulatory reform and 

zero otherwise. We consider cumulative dummies to measure how the effect of a new 

regulation is added to previous regulations over time. A significant and negative 

(positive) parameter in the 𝛾𝑅𝑅 vector indicates a more (less) negative response of the 

SPS to rating changes after enacting the corresponding rule, i.e., more (less) value-

relevant information conveyed by ratings after the reform than prior to it.  

In Table 6, we outline the new rules and their expected effects according to our 

hypothesis. Figure 2 depicts these regulatory reforms in a time line that includes the dates 

of the reputational shocks. We identify several different time periods. Before the Enron 

and WorldCom defaults, new regulations focus on reinforcing CRAs and the reliance on 

ratings. From 2003 to 2007, during the great moderation period, new regulations are 

characterized by the scarcity of regulatory actions. In the final period, after the Lehman 

Brothers default, new regulations focus on undermining the regulatory power of CRAs. 

 

Figure 2-2. Timeline of regulatory reforms. 

 

The first are two rules contingent on CRA ratings. They have specific purposes 

but both mandate high ratings as a suitability requirement for investments. The Transport 

Infrastructure Finance and Innovation Act, launched in 1998, only allows the Department 

of Transportation to extend credit assistance to projects with an investment-grade rating. 

Passed in 1999, the Gramm–Leach–Bliley Act limits the opening of financial subsidiaries 

to national banks with an investment credit rating.   
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Table 2-6. Regulatory changes from 1998 to 2014. 

 

Note: ‘Expected effect’ denotes the expected effect of the regulatory reform in the value-relevant information conveyed by 

ratings. The expected effect on the synchronicity is the opposite because a positive (negative) effect on the synchronicity 

response to rating changes implies less (more) informative ratings.    

 

The subsequent Regulation Fair Disclosure provides CRAs an advantage in terms 

of the information they gather to assign the ratings. It was enacted on 23rd October 2000 

and prohibits selective non–public disclosures of information to investment professionals, 

with the exception of CRAs. As Jorion et al. (2005) state, this informational advantage 

benefits CRAs with respect to other credit analysts, potentially increasing the previously 

unknown information disclosed by ratings and the value of their ratings for investors.  

Subsequent reforms directly affect the rating industry. The Sarbanes–Oxley Act 

was passed in 2002 after the Enron and WorldCom bankruptcies. SOX is an effort to 

obtain tighter control over agencies. The rule stipulates that the Securities and Exchange 

Commission (SEC) must strictly monitor the level of diligence of CRAs regarding 

Date Event  Event description Expected effect  

Rules

9th June 1998
Transport Infrastructure Finance and Innovation 

Act of 1998 (TIFIA)

It limited credit assistance by the Department of Transportation

to projects with at least an investment grade rating.

Less informative 

ratings

12th November 

1999
Gramm–Leach–Biley Act of 1999 (GLBA)

It limited the creation of financial subsidiaries to national banks

based on the credit rating.

Less informative 

ratings

23rd October 

2000
Fair Disclosure (RFD)

It excluded CRAs from the prohibition of making selective non-

public disclosures of information to investment professionals.

Less informative 

ratings

30
th

 July 2002 Sarbanes–Oxley Act (SOX)
It specified the level of diligence of CRAs regarding information

flows, potential conflicts of interests and unfair practices.

More informative 

ratings

29
th

 September 

2006
Credit Ratings Reform Act (CRR)

It changed the NRSROs designation process, with a goal of

increasing the level of competition.

More informative 

ratings

21st July 2010 Dodd–Frank Act
It enhanced the regulation concerning NRSROs and increased

controls over them. CRAs became a matter of public interest.

More informative 

ratings

2nd September 

2011
Section 939A of Dodd–Frank 

It removed CRAs references from rules and forms promulgated

under the Securities Act of 1933 and the Securities Exchange Act

of 1934.

More informative 

ratings

11th June 2013 National Credit Union SEC–final rule (NCU)
It replaced ratings with alternative standards of creditworthiness

for use by federal credit unions and corporate credit unions.

More informative 

ratings

27th August 

2014
SEC–NRSRO Rule regarding NRSRO reports of internal controls.

More informative 

ratings

25th September 

2003
IOSCO–Principles on CRAs’ activities

It recommended maintaining certain standards related to the

quality and integrity of the rating process.

1st July 2008 SEC–new regulation on ratings It reduced the reliance on ratings.

27th December 

2013

FSB “Thematic Peer Review on Reducing Reliance 

on CRA Ratings” 
It recommended reducing reliance on CRA ratings.

Recommendations
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information flows, potential conflicts of interest and unfair practices.15 According to 

Cheng and Neamtiu (2009), SOX leads to higher accuracy and timeliness of ratings from 

2002 to 2006. 

The US Credit Ratings Reform Act (CRR), passed on September 2006, pursues 

also to directly affect the rating industry. The CRR changes the NRSRO designation 

process and allows for the participation of smaller and newer CRAs to foster competition. 

It also aims to increase transparency and accountability.16 Although the purpose is to 

enhance the quality of ratings, higher levels of competition in the rating industry do not 

necessarily improve rating information content (Becker and Milbourn, 2011, Bolton et 

al., 2012 and Goel and Thakor, 2015, Kisgen and Strahan, 2010 and Bruno et al., 2016). 

In 2010, the Dodd–Frank Wall Street Reform and Consumer Protection Act 

(Dodd–Frank) was passed. This act declares the CRAs a matter of public interest, 

enhances the regulation concerning NRSROs and increases controls over them by 

increasing the legal liability related to inaccurate ratings.17 The available evidence 

regarding Dodd-Frank is conflicting. Dimitrov et al. (2015) do not find evidence that the 

Dodd–Frank causes CRAs to provide more accurate and informative ratings. They argue 

that the regulatory penalties for issuing inaccurate ratings incentivize CRAs to issue 

pessimistic ratings that are less informative. Jankowitsch et al. (2018) find a stronger bond 

market reaction to rating changes for non-financial bonds and no effect of rating-

contingent thresholds, suggesting more informative ratings after Dodd-Frank. 

The final set of rules aim to remove regulatory references to ratings to mitigate 

their negative effect on rating quality (Opp et al., 2013). In September 2011, Section 939A 

of the Dodd–Frank Act became effective, removing references of CRAs from rules and 

forms promulgated under the Securities Act of 1933 and the Securities Exchange Act of 

1934.18 On 11th June 2013, the National Credit Union Administration final rule became 

effective, replacing credit ratings with alternative standards of creditworthiness for 

 
15 See the “Report on the Role and Function of Credit Rating Agencies in the Operation of the Securities Markets as 

Required by Section 702(b) of the Sarbanes-Oxley Act of 2002”. 

16 See https://www.sec.gov/divisions/marketreg/ratingagency/cra-refor m-act-2006.pdf 
17 Some relevant Section of the Dodd-Frank as Section 939B “Elimination of Exemption from Fair Disclosure Rule” 

became effective on October 2015, outside our sample period. However, the Act directs the SEC to implement that 

Section’s provision within 90 days following the passage of Act on July 21, 2010. 
18 This established new requirements about potential conflicts of interest and governing of CRAs and requested more 

information about the rating process. See https://ww w.sec.gov/about/laws/wallstreetreform-cpa.pdf.  
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federal credit unions and corporate credit unions. Three years later, on 27th August 2014, 

the SEC adopts rules regarding NRSRO reports of internal controls.  

Table 7 depicts the results for downgrades (Panel A) and upgrades (Panel B). We 

estimate equation (6) by OLS with a White heteroskedasticity-consistent covariance 

matrix.  
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Table 2-7. Abnormal synchronicity response to rating announcements after regulatory reforms. 

(1) (2) (3) (1) (2) (3)
Constant  0.077   0.077   0.261   0.193 **  0.193 **  0.395 **

( 0.696) ( 0.696) ( 1.273) ( 2.485) ( 2.484) ( 2.283)

TIFIA 1998 -0.225 * -0.225 * -0.217  -0.237 ** -0.237 ** -0.257 **

(-1.637) (-1.636) (-1.569) (-1.963) (-1.962) (-2.086)

GLBA 1999  0.336 ***  0.336 ***  0.342 *** 0.106 0.106 0.121

( 2.741) ( 2.740) ( 2.747) ( 0.714) ( 0.714) ( 0.802)

RFD 2000 -0.116  -0.116  -0.131  0.064 0.064 0.048

(-1.100) (-1.099) (-1.145) ( 0.402) ( 0.402) ( 0.255)

SOX 2002 -0.238 *** -0.240 *** -1.602 ** -0.331 *** -0.283 * -2.089 ***

(-3.688) (-3.052) (-2.295) (-2.873) (-1.851) (-3.754)

CRR 2006  0.145 ***  0.240 ***  0.223 *** 0.408 *** 0.236 *** 0.237 ***

( 3.106) ( 3.537) ( 3.242) ( 7.521) ( 3.688) ( 3.635)

Dodd-Frank 2010  0.189   0.241 **  0.334 *** -0.068 -0.32 *** -0.217 **

( 1.611) ( 2.021) ( 2.785) (-0.949) (-3.865) (-2.549)

Section 939A 2011 -0.556 *** -0.556 *** -0.570 *** -0.325 *** -0.325 *** -0.333 ***

(-4.242) (-4.240) (-4.330) (-3.933) (-3.932) (-3.959)

NCU 2013  0.235 *  0.138   0.122  -0.079 -0.052 -0.056

( 1.760) ( 0.795) ( 0.685) (-0.904) (-0.534) (-0.563)

SEC-NSRO 2014 -0.088  -0.185  -0.185  0.579 *** 0.609 *** 0.608 ***

(-0.303) (-0.589) (-0.594) ( 3.436) ( 3.197) ( 3.234)

IOSCO - Recomendation 2003  0.003  -0.003  -0.054 -0.049

( 0.041) (-0.045) (-0.463) (-0.408)

SEC- Recomendation 2008 -0.148 **  0.746 *** 0.430 *** 1.279 ***

(-2.423) ( 5.505) ( 5.938) ( 7.742)

FSB - Recomendation 2013  0.194   0.224  -0.056 -0.046

( 0.839) ( 0.952) (-0.407) (-0.338)

Multi-CRA -0.148  -0.058

(-1.602) (-0.654)

Invest - Speculative -0.007  -0.003

(-0.100) (-0.045)

From Investment grade  0.031  -0.089

( 0.415) (-1.168)

Prior Rating -0.014  -0.006

(-1.558) (-0.573)

Jump size -0.022  0.007

(-1.040) ( 0.296)

Expected Event -0.097 ** 0.045

(-2.334) ( 0.992)

Moodys  0.115 ** -0.075

( 1.979) (-1.186)

S&P  0.058  -0.047

( 1.020) (-0.755)

Industrial Sector  0.072  0.001

( 0.942) ( 0.019)

Financial Sector -0.018  -0.003

(-0.217) (-0.034)

Enrond default  0.059  -0.144

( 0.551) (-0.669)

Worldcom default  1.370 * 1.934 ***

( 1.956) ( 3.411)

Lehman Brothers default -0.965 *** -0.937 ***

Controls No No Yes No No Yes

R
2

 0.015  0.016  0.035  0.027  0.036  0.048

F-stat  6.588 ***  5.359 ***  5.793 ***  10.688 ***  10.736 ***  6.929 ***

F p_val  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)  (0.000)

Table 7. Abnormal synchronicity response to rating announcements after regulatory reforms

The dependent variable is ΔSyn, i.e. the difference in the magnitude of synchronicity between pre- and post-rating change

announcements. All the explanatory variables are dummies taking the value of 1 after the pass of the corresponding

regulatory reform (or after the publication of a new recomendation) and zero otherwise. The description of these

regulatory reforms and recomendations is in Table 6. Models (1) includes a set of control variables formed by: Expected

Event, Invest – Speculative, Jump size, From Investment grade, Prior Rating, Multi-CRA, Moodys, S&P, Industrial Sector

and Financial Sector, defined in Tables 3. The set of controls also includes three Post-reputational event dummies equal to

1 for rating changes announced in a post-reputational shok period (Enrond, Worldcom or Lehman Brothers defaults), zero

else. All models are estimated by OLS with the White variance–covariance matrix, p–values in brackets. *, **, ***

indicate rejection of the null hypothesis at 10%, 5% and 1% significance level.  

Models for downgrades (N=4036) Models for upgrades (n=3504)
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Overall, the results support our third hypothesis. The estimated coefficients of the 

base model for downgrades are depicted in column (1) of Panel A. The passage of the 

TIFIA has a negative effect on the responsiveness of SPS to downgrades, i.e., an increase 

in informativeness. The Gramm–Leach–Biley Act has the opposite effect. The SPS 

response to downgrades is significantly lower after the passage of the GLBA, indicating 

lower informative content in negative rating adjustments. As this regulation enhances the 

reliance on ratings, this result is in agreement with our hypothesis.  

The results indicate that the passage of RFD in 2000 does not significantly affect 

the informative content of downgrades. This result differs from that of Jorion et al. (2005) 

who find more informative rating adjustments after passage of the RFD. However, the 

post-RFD window that they analyzed also included SOX, possibly affecting their results. 

In our case, we find that the approval of SOX leads to a significant increase in the value-

relevant information disclosed by downgrades. This result is consistent with Cheng and 

Neamtiu (2009) and Baghai et al. (2014), and seems to indicate that the new diligence 

levels required of CRAs by SOX has the desired effect, supporting our hypothesis. 

However, as SOX is a response to the Enron and WorldCom scandals, the observed effect 

could be due to the efforts of CRAs to rebuild their reputations by improving the quality 

of ratings. We control for this confounding effect below.  

As we expect, the increase in competition forced by the CRR reduced the value-

relevant information included in downgrades after its passage in 2006, i.e., the estimated 

parameter is significantly positive. This result indicates that higher levels of competition 

among CRAs leads to less informative ratings. This result is consistent with our second 

hypothesis and with those of Becker and Milbourn (2011), Bolton et al. (2012) and Goel 

and Thakor (2015).  

The Dodd-Frank Act has a negative but insignificant impact on the 

informativeness of downgrades. However, the application of the 939A of Dodd-Frank in 

2011 leads to a significant increase in the informativeness of announcements of rating 

deteriorations. This result supports the third hypothesis, which indicates lower 

informational content of ratings due to the regulatory reliance on them, and is consistent 

with Opp et al. (2013). The CRAs must to work to provide more informative ratings to 

maintain relevancy to market participants. However, the NCU in 2013, which also lower 
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the reliance on ratings for credit unions, has the opposite effect although it is significant 

merely at the 10% level. The SEC-NSRO, which strengthens the internal controls of 

CRAs, does not show any significant effect on the informativeness of downgrades.    

The results for upgrades (Panel B) are slightly different and indicate the 

heterogeneous effects of regulatory changes on the informativeness of upgrades and 

downgrades. In this case, TIFIA is relevant and appears to induce more informative 

upgrades, whereas GLBA does not have any effect. The effects of SOX, CRA and 939A 

of Dodd-Frank are the same as for downgrades whereas the Dodd-Frank Act does not 

show any effect. The adoption of the SEC-NSRO in 2014 leads to less informative rating 

upgrades.  

Regulatory reforms can be anticipated by market participants (Lamdin, 2001). To 

account for this, we extend equation (6) to control for other confounding effects. The 

augmented model is:  

 ∆Syn𝑗 = 𝛾0 + 𝑅𝑅𝑗𝛾𝑅𝑅 + 𝑁𝑅𝑗𝛾𝑁𝑅 + 𝐶𝑗𝛾𝐶 +  𝑢𝑗   (7) 

where 𝛾𝑁𝑅 and 𝛾𝐶 are the corresponding vector of parameters. Vector 𝑁𝑅𝑗 includes the 

recommendations about CRAs and ratings from market authorities. The 

recommendations are not mandatory but may act as signals that anticipate the passage of 

forthcoming regulation. To control for this possible anticipation, we consider the three 

recommendations about CRAs and ratings made by market authorities (Table 6 

summarizes them). The first was published by the International Organization of Securities 

Commissions (IOSCO) in 2003.19 The second is the proposal to change regulation to 

reduce undue reliance on ratings that were published by the SEC in 2008.20 The third is 

the report about CRAs published by the SEC in 2013.  

We complete the model by including the vector 𝐶𝑗, which contains the set of 

variables included in equation (5). We also extend the model by including three time-

 
19 These principles address four points to promote informed, independent analyses and opinions by CRAs: Quality and 

integrity of the rating process (to reduce the asymmetry of information among borrowers, lenders and market 

participants; independence and conflicts of interest of CRAs; transparency and timeliness of ratings disclosure; and the 

confidentiality of information. See the IOSCO “Statement of Principles Regarding the Activities of Credit Rating 

Agencies” and the “Report on the Activities of Credit Rating Agencies” (September 2003). 

They are available at http://www.iosco.org/library/pubdocs/pdf/IOSCOPD151.pdf and 

http://www.iosco.org/library/pubdocs/pdf/IOSCOPD153.pdf, respectively.  
20 See SEC Release No. 33-8940 (July 1, 2008) “Proposals to Increase Investor Protections by Reducing Reliance on 

Credit Ratings”, https://www. sec.gov/rules/proposed/2008/33-8940.pdf  
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dummy variables set to 1 after each reputational shock and zero otherwise to account for 

the potential influence of reputational distress that we have found in the previous Section. 

Columns (2) and (3) in Table 7 present the results of estimating equation (7). In 

general, the results for downgrades (Panel A) and upgrades (Panel B) are robust to 

inclusion of the recommendations from market authorities (column 2) and control 

variables (column 3). We find that the Dodd-Frank Act has a significant effect for both 

upgrades and downgrades. Remarkably, its effect is in opposite direction, i.e., CRAs seem 

to impound less value-relevant information in downgrades and more information in 

upgrades after Dodd-Frank. This result is consistent with Dimitrov et al. (2015) and 

suggests that the increase in regulatory penalties due to miss assignments of ratings leds 

to this asymmetry, with fewer informative rating deteriorations and more informative 

rating enhancements. However, the 939A of Dodd-Frank and SEC Act in 2011 that reduce 

the reliance on ratings for regulatory purposes, seems to induce a significant increase in 

the informativeness of rating adjustments, positive or negative. After the 939A of the 

Dodd-Frank Act, CRAs appear to work harder to provide more informative ratings to 

keep their credit risk evaluations relevant to market agents. 

2.5 Conclusions 

Based on an analysis of 6,661 credit rating changes announced by S&P, Moody’s 

and Fitch from 1996 to 2014, affecting 1,555 US issuers, we find strong evidence 

supporting the hypothesis that rating announcements lead to impounding more value-

relevant information into stock prices. Stock returns exhibit lower co-movement with 

market returns after downgrades, i.e., stock price variation is more related to value-

relevant information after a downgrade. This result highlights the informational role of 

CRAs in the price formation process. 

We contribute to the literature by testing how important reputational shocks 

suffered by CRAs and the regulatory reforms of the credit rating industry have affected 

the value-relevant information that ratings disclose to the market, modifying the 

informativeness of stock prices. Our analysis reveals that downgrades became more 

informative after reputational shocks, consistent with an increase in rating value. In 

general, downgrades disclose more value-relevant information in the case of the firms 

with lower ratings but the reputational shocks increase the informative content of 

downgrades affecting firms with higher ratings. This evidence indicates that reputational 
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concerns could motivate CRAs to improve the quality of downgrades to recover their 

reputation, making them especially cautious in downgrading higher-rated firms.  

We also make an important contribution to the regulatory literature by showing 

that the improvement in rating informativeness of the consecutive US rating-related 

regulatory reforms is not uniform. We find less informative rating adjustments after the 

passage of regulations that increase the reliance on ratings. The effect is similar when the 

focus is on increasing the competition among CRAs. Conversely, when the objective is 

to reduce the regulatory reliance on credit ratings, CRAs react by issuing more 

informative ratings.  

Our results encourage the debate about the success of regulations based on their 

objectives. Our message to regulators is that they must proceed with caution before 

implementing any rating-related regulation. A new regulatory environment will create 

direct and indirect effects on the value-relevant informative content of ratings. These 

effects crucially depend on the incentives created by the new regulatory environment. 

This study offers regulators a useful detailed guide of the policy architecture needed to 

increase the quality of ratings, i.e. regulators must analyse their proposal based on the 

understanding of what are the types of regulation that are capable of generating incentives 

for CRAs to increase the quality of their ratings.  

Regulators also must remain cautious about the effects of reputational shocks. 

Despite the potential increase in rating quality due to CRAs’ efforts to recover their 

reputation, these shocks have also a negative impact on the whole financial system that 

must be avoided. They must consider actions which alleviate the negative effects of 

reputational shocks in credit ratings.  
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Appendix A. Data selection process 

 

We used 1,298,659 rating actions of any type on 217,769 bond issues of 9,246 issuers 

included in TRACE and filtered them using different criteria.  

1. We gathered 91,808 that affected 148,229 issues by 2,524 issuers listed in the 

stock market.  

2. We restricted the sample to effective rating changes (upgrades and downgrades).  

3. We removed rating changes that coincided with other announcements affecting 

the debt of the same issuer (by the same CRA or another) in the previous 80 days.  

4. We excluded cases in which several CRAs announced conflicting rating actions 

(i.e., rating actions in which one agency announced an upgrade and another 

announced a downgrade) for the same firm on the same day.  

5. We considered it to be one unique rating event i) when one CRA changed the 

ratings of several bonds of the same issuer on the same date and ii) when different 

CRAs changed the ratings of the debt of the same issuer in the same direction on 

the same day (hereafter multi–CRA changes).  

6. We filtered out rating events affecting firms with more than 50% of zero returns 

from eighty days before the announcement date (t=0) to day 59 after. We applied 

this liquidity filter on an event-by-event basis instead of the firm-by-firm basis 

that is typically used in the literature to consider time variability in the liquidity 

of firms and increase the final sample of rating events. 

 

After this filtering process, the final sample comprised 6,661 credit rating changes 

affecting 1,555 issuers. Table 1 presents their distribution according to their main 

characteristics: by direction (downgrades/upgrades), by the announcing CRA, by the 

sector of the re-rated firm and by the level of risk. 
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3 Intra-industry Transfer Effects of Credit Risk News: Rated 

versus Unrated Rivals21 

 

 

Abstract 

We examine the information transfer effect of bond-rating adjustments on industry rivals. 

Our research is based on the premise that the transfer effect is influenced by the rated 

status of rivals, i.e., whether the rival’s debt is rated by any credit rating agency. The 

results reveal that credit rating adjustment induces different/stronger effects. First, the 

intra-industry transfer effects (on returns and risk) are stronger on rated rivals than on 

unrated rivals. Second, the credit risk news produces lower co-movements between the 

returns of the two types of rivals. Third, the differential effect is stronger in the 

manufacturing industry, in the riskiest industries and in the industries with the lowest 

competition levels. Interestingly, our results suggest that credit rating news is more 

relevant for rivals with access to the public debt market (such as re-rated firms) than for 

rivals that focus on other sources of funding.  

 

Keywords: Intra-industry transfer effects, Rated and Unrated rivals, Credit rating events, 

Returns, Systematic (beta) risk 

 

JEL: G12, G14, G24 

  

 
21 The British Accounting Review (2018). Forthcoming 
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3.1 Introduction 

A consensus already exists about the relevance of credit rating agencies (CRAs) and 

their credit ratings for the securities markets. Beyond other publicly available 

information, they incorporate and transmit private information to investors in the market. 

An extensive variety of studies has investigated how financial markets react to credit 

rating adjustments announced by CRAs. Recent examples include Shi, Wang and Zhang 

(2017) for the stock market, Livingston, Poon and Zhou (2018) for the bond market and 

Finnerty, Miller and Chen (2013) for the CDS market. The literature also reveals that the 

informative signal associated with rating adjustments has pricing effects on the re-rated 

firm's rivals competing in the same industry, causing the so-called intra-industry effect 

(e.g., Akhigbe, Madura and Whyte, 1997, Caton and Goh, 2003, Jorion and Zhang, 2010 

and Cizel, 2013). Following this literature, we use a sample of rating adjustments to 

examine their effect on the industry. We go further by examining for the first time whether 

and to what extent the intra-industry effect relates to the rating status of rivals (i.e., 

whether the rival issues public debt rated by a CRA).  

Grounded theory supports this analysis. According to Hameed, Morck, Shen and 

Yeung (2015), competing firms face common industry and macroeconomic shocks. 

Hence, a signal about a firm can convey information about its competitors. Admati and 

Pfleiderer (2000) theoretically model externalities in capital markets and show that 

information of one firm helps investors in valuing other firms when their values and cash 

flows correlate. In the model of Lambert, Leuz and Verrecchia (2007), there are direct 

and indirect paths through which value-relevant information of both the firm and other 

related firms affects the firm’s cost of equity. Gieseke (2004) and Benzoni, Collin-

Dufresne, Goldstein and Helwege (2015) model credit risk correlation and show how 

investors with an imperfect knowledge of the economy will use all available information 

to update the current state of the other firms operating in the same industry. The transfer 

effect (in the models of Diamond and Rajan, 2005 and Acharya and Viswanathan, 2011) 

exists because the distressed firm and its competitor share the same lenders, which could 

adjust the credit terms of all of its borrowers after a shock to one of them. Baranchuk and 

Rebello (2018) analyse how the debt renegotiation of a financially distressed firm affects 

its competitors. Their game-theoretic model predicts that the intra-industry effect will 

depend upon the degree of asymmetry in the information generated about the firm’s 
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competitiveness or the prospects for its industry and on the cost of the possible 

bankruptcy.  

Empirical evidence in the literature also supports the transfer effect. Akhigbe et 

al. (1997) note that credit rating adjustments can reflect changes in economic conditions 

relevant to the whole industry rather than only to the re-rated firms. Caton and Goh (2003) 

and Jorion and Zhang (2010) analyse empirically the intra-industry effect of rating 

downgrades and find transfer effects on industry returns associated with downgrades for 

the US stock market. Cizel (2013) and Wengner, Burghof and Schneider (2015) also find 

intra-industry information transfer effects in the CDS market by studying the US CDS 

market and the largest companies with CDS traded worldwide respectively.  

Although these studies attest to the fact that the transmission effect depends upon 

industry characteristics, they have ignored the rated status of rivals. Here, we hypothesise 

that the value-relevant information disclosed by a rating change of a firm might have 

different implications for the group of competing firms that issue bonds in the public bond 

market (rated rivals) from those for the group of competing firms that generally do not 

access the public debt market (unrated rivals). Several strands of the literature highlight 

significant differences between rated and unrated firms that might be relevant in 

explaining the intra-industry effect of rating adjustments. The literature on capital 

structure points to differences in their funding market (public bond market versus other 

sources of funding). Gonis, Paul and Tucker (2012) find that those UK firms more prone 

to raise funds in the debt market have a higher propensity to be rated. Custódio, Ferreira 

and Laureano (2013) find that rated firms have higher debt maturity ratios than do unrated 

firms. They argue that this difference exists because public debt has much longer maturity 

than private debt does and, then, the former remains on the balance sheet of rated firms 

for a much longer period compared with unrated firms. Kisgen (2009) finds that capital 

structure decisions are more affected by rating changes than by leverage, profitability or 

z-score. Managers tend to reduce firm’s leverage after downgrades. Kisgen estimates 

“pseudo-downgrades” for unrated firms, but they fail in predicting subsequent capital 

structure behaviour. Colla, Ippolito and Li (2013) show that rated and unrated firms differ 

in the types of debt they primarily use. Bedendo and Siming (2018) also find important 

differences in the financial structure of firms related to their credit ratings. 

The literature on the market response to relevant information uncover some 

differences between rated and unrated firms. Chou and Cheng (2012) find that the 
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valuation effect of diversification is less negative for rated firms than for unrated firms. 

Chou (2013) shows that the current returns of rated firms reflect future earnings more 

than the unrated firms’ returns do. Chan and Lo (2011) and An and Chan (2008) find that 

IPOs of unrated firms are more under-priced and better perceived by outside investors 

than are IPOs of rated firms. 

These significant differences between rated and unrated firms suggest that the 

intra-industry effects of individual rating changes could be different depending upon the 

rated status of the industry rivals. This gap in the literature provides a clear plan for our 

paper’s original contribution. We thus provide unique insights into the intra-industry 

transfer effect of ratings adjustments by addressing the effects on rated and unrated rivals. 

We will test whether and to what extent the value-relevant information that rating events 

reveal to the market is equally important for pricing rated and unrated industry rivals.  

Rated firms have publicly traded outstanding debt rated by CRAs. Their ratings 

provide market participants with an assessment of the firm’s solvency by an independent 

agency, facilitating the trading of their bonds and allowing them to achieve lower 

financing costs (Duff and Einig, 2009). By contrast, unrated firms use relationship-

focussed financing, such as credit agreements with banks and private placements of their 

bonds. The direct lenders, who access private information about their borrowers, 

primarily monitor their credit risk.22  

Individual rating news can enhance the information environment, reducing 

information asymmetry and affecting financing costs for related firms in the industry. 

Investors would rely on individual rating adjustments when assessing the stock value of 

industry rivals differently depending upon their rated status. However, their effect on the 

stock price of rated and unrated rivals is not obvious a priori. The absence of public-debt 

ratings might increase the value of the signal embedded in the rating of related firms for 

those investors that include unrated firms in their portfolios. Because public information 

about the creditworthiness of unrated firms is scarce, investors could consider information 

on the rating changes of rivals a substitute from which they reassess their prospects with 

respect to the future cash flows of unrated firms. Conversely, because the re-rated firm 

shares the corporate debt market with other rated firms in the industry, investors could 

understand individual rating changes as signals of new credit conditions that primarily 

 
22 There is an extensive literature that describes the special abilities of banks monitoring loans (e.g., Diamond, 1984; 

Mester, Nakamura and Renault, 2007). 
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affect the financing cost in bond markets and, so, the cost of debt for rated rivals. As 

unrated firms are more bank-dependent23 and have limited access to bond markets 

(Custódio et al., 2013), the information conveyed by the rating changes of their rivals 

might not be value-relevant to their investors. Shroff, Verdi and You (2017) analyse the 

spillover effect of rival information on the cost of capital of firms that issue public and 

private debt finding a reduction in the cost of capital to the former but not to the latter.  

A second literature gap we address is the study of how individual rating 

adjustments relate to systematic risks within the industry. Few studies focus on systematic 

risk revaluations of one firm after the announcement of adjustments in the rating of its 

debt. Abad and Robles (2006, 2014) and Hubler et al. (2014) find that rating changes 

affect the returns of the re-rated firms and their market risk. The model of Lambert et al. 

(2007) predicts that an increase in the information quality of one firm and/or in the 

information quality of its rivals affects the assessed covariance with other firms, altering 

its cost of capital in a non-diversifiable way. Therefore, we study how the disclosed 

information about changes in the credit quality of one firm affects the systematic market 

risk of its industry rivals.  

To test our hypothesis, we study the Spanish stock market. Studies on the 

externalities of credit rating news have primarily studied the U.S. market (Akhigbe et al., 

1997, Caton and Goh, 2003 and Jorion and Zhang, 2010). Our paper adds international 

evidence on the intra-industry transfer effect of credit risk news. The rationale for 

choosing Spain is that the Spanish market provides a particularly suitable setting in which 

to study differences in the cross-transmission of rating events among rated and unrated 

rivals for two main reasons. The first is the existence of a limited public bond market. As 

De Miguel and Pindado (2001) show, the public bond market in Spain and other European 

countries such as Germany and Italy is less developed than is the public bond market in 

the US.24 This point is reflected in the high percentage of unrated firms in the Spanish 

market (77.7%; see Section 3.2.) and makes the Spanish case a good testing ground for 

this phenomenon. The second lies in the relevant role of the Spanish market among the 

European stock exchanges. It is the 6th-largest market in Europe, holding the 19th position 

 
23 The absence of a public-debt rating is usually used as a proxy for bank-dependence, whereas the access to public 

debt markets is proxied by the existence of a debt rating (e.g., Chava and Purnanandam, 2011). 
24 According to the World Federation of Exchanges, the value of bonds (private sector) listed on the Spanish stock 

exchange is 66.6% of their market capitalisation. This ratio reaches 73.2% in the German case.  
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in the world at the end of 2017, and has been a reference in the corporate credit rating 

analysis in Europe (see Abad and Robles, 2006, 2014).25 

Additionally, we analyse six different rating actions: upgrades, downgrades, 

positive and negative outlook reports and positive and negative review processes (watch-

listings hereafter) issued by the three main CRAs (Moody’s, Standard & Poor’s and Fitch-

Ratings). The transfer effect literature has largely focussed on the effect of downgrades 

(e.g., Akhigbe et al., 1997, Caton and Goh, 2003 and Jorion and Zhang, 2010). However, 

there is evidence on the asymmetric effect of positive and negative rating changes on re-

rated firm returns (e.g., Purda, 2007 and Jorion and Zang, 2007). Additionally, the 

refinements of a rating, such as outlook reports and review processes, are useful in 

transferring relevant information about the issuers’ credit risk (e.g., Altman and Rijken, 

2007 and Boot, Milbourn and Schmeits, 2006, among many others). These events reflect 

movements in the credit risk of the firm preceding the announcement of the new rating 

level. Therefore, it is expectable that they incorporate information on the credit risk of the 

firm that could be relevant for its industry rivals. 

Summarising our main results, we observe significant negative responses of 

industry returns to negative rating news consistent with previous studies and significant 

positive responses of industry beta risk. Remarkably, the results support our main 

hypothesis, indicating that the transfer effect of rating adjustments is clearly different 

according to the rated status of the rivals in the industry. We detect a stronger transfer 

effect in the returns and the market risk of rivals monitored by CRA than in the case of 

unrated rivals. We also find, consistent with our expectations, a significant decrease in 

the co-movements between returns of both types of rivals after the announcement of credit 

risk adjustments. In addition, we find that the differences in the intra-industry transfer effect 

between rated and unrated rivals are industry-dependent, being stronger in the 

manufacturing industry. These differences are also higher for riskier industries and for 

those industries with a low competition level. 

In the following section, we present our hypothesis about the transfer effect of 

credit rating changes of a firm on their industry rivals. In Section 3, we describe the 

dataset and set out our research design. In Section 4, we present the main results of the 

 
25 Market capitalisation places BME Spanish Exchanges in the sixth position in European ranking 2017, behind 

Euronext, Deutsche Börse AG, SIX Swiss Exchange, Nasdaq Nordic Exchanges and Johannesburg Stock Exchange 

(see World Federation of Exchanges Annual Statistics Guide 2017). 
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different tests applied by considering, consistent with the literature, the transfer effect on 

the whole-industry rivals. Thereafter, we analyse the effects on portfolios of rated and 

unrated rivals separately to test the general hypotheses of the paper. Section 5 analyses 

the factors that determine differential effects between rated and unrated rivals. The paper 

closes with some conclusions in Section 6.  

3.2 Related studies and hypothesis 

Rating adjustments can signal industry-wide information, with pricing effects on 

industry rivals. According to the theoretical models of Admati and Pfleiderer (2000) and 

Lambert et al. (2007) on the effect that the information environment of a firm has on the 

cost of capital of its related firms, the underlying transmission channel operates through 

the covariance among their cash flows. The cash flows of firms in the same industry are 

likely correlated; therefore, value-relevant announcements of one firm likely provide 

information about the cash flows of other firms in the industry. Hence, if these rating 

change announcements disclose information that correlates with the state of the industry, 

this information would be relevant for other firms competing in the industry. Investors 

could interpret the information about changes in the creditworthiness of one firm as a 

signal that might help them to value industry competitors.  

Theoretical models of credit risk correlation (e.g., Giesecke, 2004 and Benzoni et 

al. 2015) state that firm-specific credit events can affect the default rates of other related 

firms due to financial, legal, or business relationships between them (information 

channel). Giesecke (2004) develops a structural model of multi-firm default in which the 

uncertainty concerning firms’ liabilities affects the conditional default probabilities 

across the industry. Benzoni et al. (2015) model investors with an imperfect knowledge 

of the economy that use all available information to update the current state of the other 

firms operating in the same industry. In their model, credit events could incline investors 

to update their beliefs about the fundamentals of other firms, even when they have no 

direct business relationship with a re-rated firm. Other authors such as Acemoglu, 

Ozdaglar and Tahbaz-Salehi (2015) and Elliott, Golub and Jackson (2014) develop 

network models in which a default by one firm can have a direct effect on the conditional 

default rates of other firms beyond the correlation due to firms’ joint exposure to 

systematic market factors. Azizpour, Giesecke and Schwenkler (2018) propose a reduced 

form model of correlated default timing in which firms are exposed to observable 

systematic factors, a latent systematic factor, and failure events. 
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Intra-industry information transfer studies have found that the stock price of a firm 

is affected by the release of information of related firms.26 The empirical literature reveals 

that individual rating adjustments act as relevant signals for firms in the same industry. 

Akhigbe et al. (1997) and Caton and Goh (2003) find evidence of negative effects of 

credit quality deterioration on the returns of industry rivals. Jorion and Zhang (2010) also 

find evidence of the intra-industry information transfer effect on returns after rating 

downgrades. Hu, Kaspereit and Prokop (2016) conclude that earlier results observed by 

Jorion and Zhang (2010) continue to hold for G7 countries. Other authors also find 

significant intra-industry effects of changes in individual credit risk, measured as 

bankruptcy announcements (Lang and Stulz, 1992, Jorion and Zhang, 2009, Helwege and 

Zhang, 2016) and financial distress (Hertzel, Li, Officer and Rodgers, 2008 and Akhigbe, 

Madura and Martin, 2015).  

Jorion and Zhang (2010) establish that transfer effects can be one of two types: 

contagion or competition. The contagion effect can arise due to common factors affecting 

the industry – that is, due to the extent to which firms in the industry share inputs, outputs, 

production processes and labour markets (Laux, Starks and Yoon, 1998). It can also 

reflect the existence of counterparty risk associated with close business ties among the 

industry firms (Jorion and Zhang, 2010). Additionally, shocks in the credit conditions of 

one firm could reduce the collateral value of other firms in the industry, thereby increasing 

their cost of capital (the collateral channel by Benmelech and Bergman, 2011). 

Accordingly, the contagion effect predicts positively correlated information transfers and 

therefore a positive (negative) price effect of upgrades (downgrades) for rivals in the same 

industry. 

In the competition scenario, individual credit shocks could affect the competitive 

structure, which implies that within a given industry, some firms will benefit whereas 

others will suffer (Lang and Stulz, 1992). In the model of Baranchuk and Rebello (2018), 

the effect of debt renegotiation of a financially distressed firm when there is little 

information asymmetry about the firm’s prospects, or the information asymmetry is about 

industry prospects, bankruptcy raises competitors’ share and debt prices and lowers their 

probability of bankruptcy. Jorion and Zhang (2010) establish that a competition effect 

 
26 Several studies examine the information transfer effects of individual corporate events. Balachandran, Faff and 

Nguyen (2004) find differences in the reaction of Australian energy, industrial and financial firms to special dividend 

announcements. Goins and Gruca (2008) study the contagion and competition effect of layoffs. Lee, Chiang and Lin 

(2012) find a contagion effect on real estate investment trust dividend events.  
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can occur in industries in which the demand for the product is fixed. Rivals could benefit 

from the reduced capacity of one firm, as they could obtain new clients from the displaced 

firm or gain market power in industries that are more concentrated. Investors can 

understand individual negative (positive) credit events as good (bad) news for rivals, 

reassessing their prospects about their future cash flows. Hence, the competition effect 

predicts negatively correlated information transfers and hence a negative (positive) intra-

industry price effect of positive (negative) credit shocks. 

The empirical findings support both contagion and competition effects. Akhigbe 

et al. (1997) and Caton and Goh (2003) find significant contagion effects acting upon 

industry rivals around bond rating downgrades. In a remarkable contribution, Jorion and 

Zhang (2010) hypothesise that the intra-industry contagion and competition effects will 

depend upon the original credit quality of the downgraded firm. They identify contagious 

intra-industry effects for downgrades of investment-rated firms and competition intra-

industry effects for downgrades of speculative-rated firms. Hu et al. (2016) also find the 

existence of significant contagion effects of rating changes in the US, the UK and Italy.  

With the exception of Jorion and Zhang (2010), studies have overlooked that the 

intra-industry transfer effect could be different depending upon the type of re-rated firm 

or the type of rival. We consider this possibility by examining how the intra-industry 

effect relates to the rating status of rivals. We hypothesise that the information conveyed 

by individual rating news will have a different value for those rivals without a publicly 

available assessment on their credit risk (i.e., unrated rivals) than for rivals rated by CRAs 

(i.e., rated rivals).27 As Colla, Ippolito and Li (2013) show, rated and unrated firms differ 

in the types of debt they primarily use. Unrated firms use relationship-focussed financing, 

whereas rated firms finance their activities by issuing rated debt in the corporate debt 

market. The direct lenders of unrated firms monitor their credit risk because they have 

access to soft and hard private information about the borrowing firm. In the case of the rated 

firms, bond ratings give market participants relevant information about their credit risk. 

Bedendo and Siming (2018) find that bank financing has a mitigating effect on 

shareholder value and firm policies in the aftermath of a rating downgrade. Firms that 

 
27 The literature reveals important differences between rated and unrated firms. They differ in terms of i) capital structure 

(Gonis et al., 2012, Custódio et al., 2013 and El-Masry, 2016), ii) the valuation effect of industrial diversification (Chou 

and Cheng, 2012), iii) future earnings reflected by current return (Chou, 2013) and iv) IPO pricing (Shroff et al., 2017, 

Chan and Lo, 2011 and An and Chan, 2008). 
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rely more on bank financing experience milder effects on stock returns and leverage 

following a downgrade compared with firms that primarily tap public debt markets. 

Accordingly, we will consider two hypotheses. Considering the differences in the 

main funding market that each type of firm uses, one could expect stronger transfer effects 

on rated rivals than on unrated rivals. Some authors (e.g., Gonis et al., 2017, Custódio et 

al., 2013 and Kisgen, 2006 and 2009) posit that rated firms access public debt markets to 

borrow funds, but unrated firms have limited access. Custódio et al. (2013) conclude that 

rated firms have higher debt maturity ratios than do unrated firms. El-Masry (2016) 

indicates that credit rating directly affects the capital structure decisions of banks, in which 

rated banks use more debts than do unrated banks. Negative rating adjustments imply 

higher financing cost for new issues in the corporate bond market. Investors could infer that 

this negative credit news might signal adverse industry conditions, affecting the financing 

cost for industry rivals who also issue public debt. In that case, an individual rating 

adjustment should be more relevant for those rivals in the same industry that seek financing 

funds in the corporate bond market than for bank-dependent firms. This conclusion is in 

keeping with Kisgen (2009) and Shroff et al. (2017). Kisgen (2009) shows that downgrades 

affect the capital structure of re-rated firms. However, “pseudo-downgrades” do not have 

the same effect on unrated firms.28 Shroff et al. (2017) find that rival information 

environment is less relevant to pricing private debt (such as bank loans) than it is to pricing 

public debt of related firms in the same industry. Accordingly, we establish the following 

hypothesis as:  

 

H1a: Information conveyed by individual credit rating adjustments is more relevant to 

pricing rated (that also use the public debt market) than unrated rivals in the same 

industry.  

 

Under H1a, the transfer effect could be also significant for unrated rivals because 

there is a lack of publicly available assessments about their credit risk. If firms in an industry 

are affected by similar economic forces, the release of individual rating information will 

 
28 Kisgen (2009) estimates “pseudo” credit ratings for unrated firms based on factors that previous studies use to predict 

ratings. He finds that these “pseudo” downgrades do not help to predict the subsequent capital structure behaviour of 

these “pseudo re-rated” firms after including other changes in the firm as controls.  
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have spillover effects, reducing information asymmetry among investors with respect to 

firms operating in that industry. Stockholders could use the signal in individual rating 

adjustments of related firms to reduce this information gap by inferring relevant information 

to price unrated firms.29 However, their direct lenders monitor the credit risk. They gather 

confidential information from firms to generate a non-public internal evaluation of their 

riskiness.30 As unrated firms do not issue debt in the public market as rated firms do 

(Custódio et al., 2013) and are not subject to ratings, rating changes will be not relevant to 

price them. Shroff et al. (2017) find that rival information reduces the cost of capital of 

firms that issue public debt but have no effect on the cost of capital of firms that use other 

funding markets. To considering this possibility, we propose the following hypothesis:  

 

H1b: Information conveyed by individual credit rating adjustments is not relevant to 

pricing unrated rivals (monitored directly by their lenders) in the same industry. 

 

Many researchers have determined that bond rating adjustments convey value-

relevant information that affects the stock returns of both the re-rated firm and its rivals 

(e.g., Akhigbe et al.,1997, Caton and Goh, 2003, Jorion and Zhang, 2010 and Hu, et al., 

2016). A more limited strand of the literature finds a relationship between ratings and 

changes in the market risk of the re-rated firms. Changes in default risk can be caused by 

activities that change the leverage, the expected cash flow or its variance that would also 

result in changes in beta risk. Hilscher and Wilson (2017) find a consistent relationship 

between credit rating and different measures of systematic default risk, including the 

CAPM beta-risk. Impson, Karafiath and Glascock (1992), Chandra and Nayar (1998), 

Abad and Robles (2006, 2014) and Hubler et al. (2014) find that downgrades are 

associated with an increase in the beta risk of the re-rated firms. However, to the best of 

our knowledge, the question of whether the intra-industry transfer effects on systematic 

risk hold for rivals has thus far not been addressed in the literature. Firms in the same 

industry face common industry and macroeconomic shocks (Hameed et al., 2015) that 

 
29 Another strand of the literature shows that investors search for alternative sources of information when it is not directly 

observable. For instance, Einwiller, Carroll and Korn (2010) argue that stakeholders are likely to rely more on news media 

if direct evidence of a firm’s reputation is lacking. Hameed et al. (2015) find that the price movements of the stocks of 

firms covered more by analysts help investors update the prices of less-covered stocks. 
30 As direct lenders, banks possess superior monitoring skills due to their information-gathering activities (Diamond, 

1984) and their long-standing business relationships with their borrowers (Fama, 1985). 
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would result in correlation in their values and cash flows. Lambert et al. (2007) model 

different paths through which value-relevant information about a firm and its peers has a 

non-diversifiable effect on the firm’s cost of equity. Ma (2017) shows how the market 

risk of a firm responds to the information quality of the economically related firms in the 

case of earnings announcements. We thus hypothesise that rating changes convey value-

relevant information about the creditworthiness of firms that will be useful to investors 

in assessing the covariance of expected future cash flows of other related firms, i.e., they 

could modify investors' assessment of the systematic risk of industry rivals. Consistent 

with our main hypotheses, we expect the rating status of rivals will play an important role 

in explaining the intra-industry effect on the market risk of rivals. Under H1a, we expect 

a greater effect on the market risk of rated rivals, whereas H1b states that the effect will 

be stronger for unrated rivals. 

3.3 Research design and sample selection  

To test our predictions, we must study the intra-industry effect on the stock 

market.31 We proceed in several stages. First, we examine whether there is an intra-

industry effect from individual credit risk adjustments on industry returns and beta risk. 

Second, we study which group of rivals (rated versus unrated) is more affected by the 

transfer effect, and we analyse to what extent the transfer effect differs between the two, 

i.e., whether the new information increases or decreases co-movements between them. 

Once we have established the connection between the intra-industry effect and the rated 

status of industry rivals, we go further by exploring the key drivers of the difference in 

the response of rated and unrated rivals. 

3.3.1 Rating events on the Spanish Market 

To measure changes in the credit risk of a firm, we gather information about credit 

ratings.32 We will consider rating actions by Moody’s, Standard and Poor’s (S&P), Fitch 

Ratings and DBRS affecting Spanish firms. We are covering all of the companies that 

 
31 Generally, unrated firms do not issue bonds in the public market (Custódio et al., 2013, Colla, et al., 2013) and they 

do not have a quoted CDS spread, which makes unfeasible an analysis of the differences in the intra-industry effect 

related to the rated status of rivals in the CDS market.  
32 An alternative to ratings are the CDS spreads. As Cizel (2013) indicates, the CDS spreads measure the market 

assessment of firms’ credit risk. However, ratings and the CDS spreads do not always give the same information on the 

relative riskiness of a firm (Jacobs, Karagozoglu and Layist, 2016). The CDS appears to be noisier than ratings because 

it incorporates liquidity and speculative premia. Conversely, it responds more quickly to changes in the credit 

conditions than ratings do. In our case, the limited number of firms in the Spanish CDS market and their lack of liquidity 

prevent us from using CDS to measure the changes in firms’ credit quality.  
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received a rating/outlook/watch-status change from January 2000 to November 2014 

referring to their financial obligations or to their general creditworthiness.33  

We use several primary and secondary sources to identify the announcement date 

and the information needed to classify rating actions.34 For each event date, we also 

consider whether the CRA announces a single rating action (upgrade/downgrade, 

positive/negative outlook report and positive/negative watch-listing) or a mix of them.35 

To avoid sample contamination, we filter out the following events: 1) multi-

agency events (i.e., rating actions of any type that coincide with another rating action on 

the same issuer by the same or any other CRA from day t=-5 to day t=+5 around the 

announcement date, t=0);36 and 2) multi-firm events (i.e., rating actions of any type that 

coincide with another rating action on any other issuer in the same sector by the same or 

other CRA in the 11-day window around the announcement date). The final sample 

includes 777 announcements of rating actions affecting up to 50 issuers (45 listed firms 

and 5 private equity firms).  

Table 1 depicts the distribution of credit events. We have 777 events of which 557 

are credit deterioration and 220 are credit enhancement announcements. Approximately 

45% of them are effective rating changes (252 downgrades and 96 upgrades), 33% are 

outlook reports (160 negatives and 98 positives), 7% are watch-listing announcements 

(44 negatives and 14 positives), and 15% are mixed-events (101 negatives and 12 

positives). Finally, following Jorion and Zhang (2010), we remove multi-firm events from 

the sample.37  

 
33 CRAs offer additional information via refinements: outlooks and watch-lists. Both provide agency intuitions 

concerning future credit rating changes. Outlooks show opinions on the development of the rating over a medium term. 

Watch-lists are stronger opinions about developments in a shorter term (see Bannier and Hirsch, 2010).  
34 CRAs provide us with primary information. Secondary data sources are news databases (Baratz-Servicios de 

Teledocumentación and El País), online databases (www.finanzas.com and www.invertia.com) and Bloomberg. 
35 These events are announcements of a coincident change in the rating and outlook, in outlook and watch-listing, in 

rating and watch-listing or a change in all of them simultaneously by one CRA referring to the same issuer. 
36 In this case, we only include the first rating action and remove subsequent rating changes and/or rating refinements 

(outlook reports and watch-listings). 
37 We analyse the Multi-firm sample separately. The results are robust. Detailed results are available upon request.  
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Table 3-1. Credit rating actions. 

 Negative rating 

events 

Positive rating 

events 

 

Total 

Total  557 220 777 (100%) 

Rating Changes 252  96 348 (45%) 

Outlook report 160 98 258 (33%) 

Watch-listing 44 14 58 (7%) 

Mixed events 101  12 113 (15%) 

 

Multi-firm events 

 

200 

 

64 

 

264 (34%) 

Mixed events are defined as those announcements of a coincident change in rating and perspective or in 

perspective and watch-listing, or in rating and watch-listing, or a change in all of them simultaneously. Multi-

firm events are defined as events (of any kind) followed or anticipated by another rating event (of any kind) 

affecting another firm on the same sector in a window of five days. Notice that “Multi-firm events” is a different 

sample from Total sample. 

 Figure 1 depicts the temporal distribution of rating actions. The years 2007 and 

2014 present more than 25 credit enhancements, being that 2014 is the year with the 

largest amount of positive credit news. The number of credit deterioration announcements 

is greater than the number of credit enhancements. CRAs have been very active in the 

Spanish market during two periods – in 2002 and from 2008–2012. These two periods 

are coincident with times of financial crisis (the tech bubble bursting at the beginning of 

the XXI Century and the global financial crisis after the Lehman Brothers default). As 

expected, the whole period is characterised by a growing number of effective rating 

actions, most likely due to the rising interest in the information provided by the CRAs in 

recent times.  
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Figure 3-1. Temporal distribution of rating announcements. 

 

 Moody’s is the most active CRA in the Spanish market, with a total of 304 events, 

closely followed by S&P with 284 credit events and Fitch with 251 events. DBRS follows 

far behind with only 22 events, but it started to rate Spanish firms’ debt in 2005. We find 

four different periods here. The first is from 2000 to 2002, when the most active CRA 

was Moody’s (primarily during the “dot-com” crisis). The second covers the economic 

plenty from 2002 to 2008, when S&P was the most active. The third is from 2008 to 2011, 

which includes the global financial crisis and the European sovereign debt crisis, when 

the most active CRAs were Fitch and Moody’s. The fourth is from 2012 to 2014, when 

the most active CRA was again S&P.  

3.3.2 Spanish Stock Market data  

Our initial database contains the 351 firms listed on the Spanish stock market in 

any time between January 2000 and December 2014.38 After applying several filters,39 

we have obtained an incomplete panel with 256 firms. Of these 256 firms, 32 belong to 

industries in which no firm is rated by any CRA. 

Table 2 presents the distribution across industries and different rating actions. We 

identify industry rivals that might suffer from information transfer effects as competitors 

that operated in the same NACE code (the European Community standard classification 

 
38 This information comes from the Spanish stock exchange.  
39 We apply two filters. First, we chose firms whose core business is in Spain. Second, we apply a local liquidity 

criterion to choose firms that have at least one valid return in the whole sample period. We consider that the return of 

day t is valid if it is preceded by at least 7 non-zero returns in the previous 10 trading-day window. 
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of economic activities).40 Most rating events affect firms in the financial and insurance 

sector, representing more than one-half of the whole sample, followed by the utilities 

sector.  

Table 3-2. Distribution of firms and rating events on industries with unless one rated firm. 

Industry # Firms # Events 

# Rated 

firms 

% Rated 

firms 

Total 224 777 50 22.3% 

Manufacturing 70 46 4 5.7% 

Electricity, gas, steam and air conditioning supply and 

Mining and quarrying 
28 203 11 

39.3% 

Construction 24 46 5 20.8% 

Wholesale and retail trade; repair of motor vehicles and 

motorcycles 
13 8 1 

7.7% 

Transporting and storage 6 19 3 50.0% 

Accommodation and food service activities 3 15 1 33.3% 

Information and communication 21 34 2 9.5% 

Financial and insurance activities 43 380 20 46.5% 

Professional, scientific and technical activities and 

Arts, entertainment and recreation 
12 20 2 

16.7% 

Administrative and support service activities 4 6 1 25.0% 

The first column shows the industry sector by NACE code. The second column displays the number of companies 

belonging to the industry. The third column incorporates the number of events announced about some companies 

in the industry. The fourth column indicates the number of firms rated in the industry and the fifth the percentage 

of rated in the industry. 

 To test our hypothesis, we identify two groups of firms. For each date in which a 

firm-specific rating event occurs, we identify those rivals that are rated by at least one 

CRA and those not rated by any agency at this date (rated and unrated firms, respectively). 

The distribution of firms across rated and unrated categories are 50 and 174, respectively. 

The last column in Table 2 shows the number of rated firms by industry. Transporting 

and storage and financial and insurance activities are the sectors with the higher 

percentage of rated firms (more than 40%), whereas manufacturing and wholesale and 

 
40 See http://ec.europa.eu/eurostat/ramon/ for the NACE vs SIC (U.S. classification standard) equivalence. 

http://ec.europa.eu/eurostat/ramon/
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retail trade; repair of motor vehicles and motorcycles are the industries with a lower 

percentage (less than 10%).41  

3.3.3 Testing Strategy 

We employ a regression-based event study of the stock market reactions of the 

entire industry of the re-rated firm. We identify rivals in the same NACE code as the re-

rated firm. We assume that industry return follows the following market model:42 

  𝑅𝑗,𝑡 = 𝛼𝑗 +  𝛽𝑗𝑅𝑀,𝑡 + 𝑒𝑗,𝑡           (1) 

where 𝑅𝑗,𝑡 is the return of industry j at day t excluding the firm directly affected by the 

rating change (i.e., it is the return of the portfolio of industry rivals), and 𝛼𝑗  is the 

expected excess return of industry 𝑗 considering its risk profile. 𝛽𝑗  is the market beta of 

industry 𝑗,  𝑅𝑀,𝑡 is the market return, and 𝑒𝑗,𝑡 is the zero mean error term.  

Under the intra-industry transfer hypothesis, individual rating adjustments will 

alter the industry's sensitivity to market returns, i.e., they will change the values of alpha 

and beta with respect to their pre-event values. We address this hypothesis by testing for 

parameter shift around the announcement day (day t=0). We specify an extended version 

of model (1) for each event (i.e., a rating action affecting one firm pertaining to one industry 

at one date) as follows:  

𝑅𝑖,𝑡 = 𝛼𝑖 + 𝛽𝑖 𝑅𝑀,𝑡 + 𝛼𝑖,𝑠𝐷𝑠,𝑡 + 𝛽𝑖,𝑠𝑅𝑀,𝑡𝐷𝑠,𝑡 + 𝑒𝑖,𝑡          i=1,...,777; t=-

250…T 

(2) 

where  𝑅𝑖,𝑡 and 𝑅𝑀,𝑡 are the returns of the industry rivals of the re-rated firm and the 

market, respectively, around the rating event i,43 and 𝐷𝑠,𝑡 is a dummy variable equal to 

one on the days into the event window s = [L, T], and zero otherwise. If an individual 

rating change adds value-relevant information for industry rivals, then 𝛼𝑖,𝑠 ≠ 0 and/or 

𝛽𝑖,𝑠 ≠ 0. 

 
41 We check whether the heavy weight of financial firms in the sample dominates our main results in Section 4. 
42 As a robustness analysis, we also estimate a three-factor model that considers the local market factor jointly to a 

regional and a global market factor (see Section 4).  
43 We compute the industry returns at the event level. First, for each day t in the [-250, T] window we filter out those 

firms without at least 7 non-zero returns in the previous 10 trading days. Then, we compute the returns of an equally 

weighted industry index that exclude the re-rated firm. The minimum number of firms in the industry returns is one 

(see Table 2). For market returns, we compute an equally weighted market index from the 256 firms in the sample. We 

also apply the local liquidity filter previously described.  
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Finally, we follow Savickas (2003) in considering event-induced variance and 

assume conditionally time-dependent variance of the error term, 𝑣𝑎𝑟(𝑒𝑖,𝑡) =.𝜎𝑖,𝑡
2 . We 

specify different models nested on the GJR-GARCH formulation, extended with the 

variable 𝐷𝑠,𝑡, as follows: 

𝜎𝑖,𝑡
2 = 𝜔0,𝑖 + 𝜑𝑖 𝜎𝑖,𝑡−1

2 + 𝜔𝑖 𝑒𝑖,𝑡−1
2 + 𝜙𝑖 𝑆𝑡−1

− 𝑒𝑖,𝑡−1
2 + 𝛿𝑖,𝑠𝐷𝑠,𝑡   (3) 

where St−1
−  is equal to 1 if 𝑒𝑖,𝑡−1 < 0, and 0 otherwise.  

A remarkable feature of our approach is that all of the parameters in the industry-

returns model represented by equations (2) and (3) are event-specific. Thus, we allow for 

full heterogeneity across industries and events. We estimate the model for each event in 

the sample (777 rating adjustments) and each window s by quasi-maximum likelihood 

and use the Bollerslev-Wooldridge robust covariance matrix for testing purposes. We 

consider four different event windows: three days around the announcement date, [-1, 1], 

two post-event windows, [1, 5] and [1, 30], and one pre-event window, [-5, -1].  

Once we have estimated the models we analyse the results in four steps. First, we 

analyse whether there are intra-industry effects on the return and beta risk of industry 

rivals at the event level by testing the joint significance of the parameters 𝛼𝑖,𝑠 and 𝛽𝑖,𝑠 for 

each rating event, i, and for each event window, s. Second, we analyse the intra-industry 

effect across events, testing for statistical significance of the mean (median) of 𝛼𝑖,𝑠 and 

  𝛽𝑖,𝑠 by a standard t-ratio, the Fisher-sign test and the Wilcoxon-signed-rank test (see 

Sheskin, 2003 for details on these tests)44. Third, we test our main hypotheses, H1a and 

H1b. We split the sample to compute two different industry portfolios. The first includes 

the subsets of rivals with their own rating (rated rivals), and the second includes the subsets 

of rivals that are not rated by any CRA (unrated rivals).45 We then apply the same 

methodology and estimate 𝛼𝑖,𝑠
𝑅 , 𝛼𝑖,𝑠

𝑈𝑅 , 𝛽𝑖,𝑠
𝑅  and 𝛽𝑖,𝑠

𝑈𝑅, where superscripts R and UR denote 

rated and unrated rivals, respectively.46 We test the equality of means (and medians) of 

 
44 To analyse the influence of outliers on the results, we run the analysis on trimmed and winsorised distributions (using 

limits of 5% and 95%) of returns and betas. These results are robust and available on request. 
45 We compute the returns of the portfolios of industry rated and unrated rivals as we describe previously. We must 

exclude several industries due to the lack of rated firms (wholesale and retail trade, accommodation and food service 

activities and administrative and support service activities) or due to the lack of data on the rated firms (transporting 

and storage). In the case of information & telecommunications, we filter out some events that have only one rated firm 

in the relevant period around them. 

46 We discard pooling both rated and unrated responses to individual rating changes in a cross-sectional regression to 

test for differences between them due to the pairwise clustering of events. This clustering causes a violation of the 
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𝛼𝑖,𝑠
𝑅  𝑣𝑠 𝛼𝑖,𝑠

𝑈𝑅 (𝛽𝑖,𝑠
𝑅  𝑣𝑠 𝛽𝑖,𝑠

𝑈𝑅) by the Satterthwaite-Welch unequal variances t-test47 and the 

non-parametric Kruskal-Wallis test, which is robust to non-normality. Fourth, we analyse 

the effect of rating adjustments on the co-movement between the stock returns of rated 

and unrated rivals.  We compute the covariance between the risk-adjusted returns of the 

rated and unrated rival portfolios as a measure of the strength of the relationship between 

them.48 We model this covariance as a first-order autoregressive model that we extend by 

including the 𝐷𝑠,𝑡 variable to capture the effect of the rating adjustment on the co-

movement. We perform a standard t-ratio, the Fisher-sign and the Wilcoxon-signed-rank 

test for the null hypothesis of the mean (median) of the coefficient associated with 𝐷𝑠,𝑡 

equal to zero.   

3.4 Intra-industry transfer effects  

In this section, we study whether there is a response to individual rating 

adjustments in terms of returns and beta risk of firms in the same industry. We first 

analyse the return and beta responses for the industry overall. Second, we go further by 

examining the intra-industry transfer effect in rated and unrated rivals and in the co-

movements between them.  

3.4.1 Transfer effects for the whole industry 

We estimate models (2)-(3) for all industry portfolios, considering positive and 

negative rating news separately, and for the four different event windows around the 

rating action date described above. We initially make the analysis at an individual level 

by testing whether there are transfer effects on return and risk for rivals. For each rating 

event, we test the following joint significance hypothesis: 𝐻0: 𝛼𝑖,𝑠 = 𝛽𝑖,𝑠 = 0. We 

compute an F-statistic and test the null hypothesis at the 10% significance level or lower. 

Table 3 shows the percentage of rejections, i.e., the percentage of rating events for which 

the test detects intra-industry transfer effects. 

   

 
underlying hypothesis of the regression model as the absence of cross correlation between responses of rated and 

unrated rivals or the equality of variances across them. 
47 This t-test is more reliable when the two samples have unequal variances and unequal sample sizes than the student's 

t-test whenever the underlying distributions are normal.  
48 In line to Barndorff-Nielsen and Shephard (2004), we compute risk-adjusted returns as the residuals of the industry 

return models in equations (2)–(3), estimated separately for portfolios of rated and unrated rivals to filter out the effect 

of the market factor that is common to both types of firms. Then, we proxy the daily covariance of rated and unrated 

risk-adjusted returns as the cross product of these residuals. 
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Table 3-3. Transfer effect event by event: Significance tests. 

 

 

 

 

 

 

 

 

 

 

We find strong evidence of unconditional intra-industry transfer effects of firm-

specific rating adjustments. The percentage of rejection of the null hypothesis in the event 

window [-1, 1] is very high (79%). These percentages are higher when the null hypothesis 

is tested close to the event day. The results also indicate that the transfer effect lasts one 

week after the announcement and appears to disappear over time (see the [1, 30] window 

results). The delay might be related to the lead-lag effects of information diffusion (Hou, 

2007).49  

The above provides us a preliminary indication that the release of new information 

about the credit quality of a firm reduces the asymmetric information level in the industry. 

Industry rivals react significantly to individual rating adjustments, indicating the 

existence of a response on behalf of the industry-expected excess returns and/or beta risk 

to positive and negative news about the credit quality of one of their members.  

Here, market participants appear to anticipate the rating action some days prior to 

the announcement (see the [-5, -1] window results). The explanation of this anticipated 

effect can be found in the reputation hypothesis and/or in the moral hazard problem CRAs 

 
49 Hou (2007) shows a strong intra-industry lead-lag effect, i.e., within the same industry, and this effect is much more 

important than the effect across industries. His results confirm that market frictions and institutional forces are 

responsible for the delayed response of stock prices to new information. Additionally, he finds that the lead-lag effect 

varies across industries; it is more pronounced in industries that are smaller and less competitive, with lower levels of 

analyst coverage, institutional ownership and trading volume and higher levels of analyst dispersion. 

 𝑯𝟎: 𝜶𝒊,𝒔 = 𝜷𝒊,𝒔 = 𝟎 

 

Window 

Negative  

rating events  

Positive  

rating events 

[-5,-1] 64% 61% 

[-1,1] 79% 79% 

[1,5] 65% 60% 

[1,30] 35% 31% 

The figures are the percentage of credit events for which we reject the null hypothesis of no intra-

industry effect at 10% or lower significance level for rating deteriorations (N=557) and rating 

enhancements (N=220) 
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face. The reputation hypothesis (Altman and Rijken, 2006) states that CRAs can require 

extra time for announcing improvements in credit quality to avoid a loss of reputation 

related to the default of a highly rated firm. They might also delay the announcement in 

the case of downgrades, thus favouring issuers who have extra time to correct their credit 

quality. This behaviour could reflect a moral hazard risk problem related to the issuer-

pay model (Covitz and Harrison, 2003). In both cases, this delayed agency action 

increases the likelihood that the market will discover information about the new level of 

risk before the rating change is announced.  

We now go deeper by investigating whether the detected intra-industry transfer 

effect reflects the existence of contagion or of competitive effects. Table 4 depicts results 

for the expected excess industry returns change around the rating event, 𝛼𝑖,𝑠. We test the 

null hypothesis E(𝛼𝑖,𝑠) = 0. A rejection of this null indicates the existence of an 

information-transfer effect on industry returns, whereas the estimated sign of the averaged 

𝛼𝑖,𝑠 will indicate whether the detected effect reflects contagion or competition. Panel A 

of Table 4 shows the results for negative rating events, whereas Panel B shows results for 

positive rating events.  

Table 3-4. Intra-industry Information Transfer Effects on expected excess returns changes (αi,s ). 

 Panel A. Negative rating events Panel B. Positive rating events 

Window Mean t-test Median 

Sign 

test     

Rank 

test  Mean t-test Median 

Sign 

test     

Rank 

test  

Whole sample (Nd=503 and Ne=203) 

[-5,-1] 0.031 1.306 0.01 258 1.267 0.004 0.152 -0.02 105 0.397 

[-1,1] -0.111 -0.740 0.02 265 0.675 -0.025 -0.310 0.09 111 1.144 

[1,5] -0.050 -2.440** -0.06 289*** 2.960*** -0.005 -0.143 0.01 105 0.344 

[1,30] -0.020 -2.715*** -0.01 267 2.147** 0.001 0.172 0.02 114* 1.006 

Effective Rating changes (Nd=226 and Ne=91) 

[-5,-1] 0.051 1.431 0.01 117 1.014 0.040 1.034 -0.04 47 0.599 

[-1,1] -0.012 -0.046 0.03 123 0.069 -0.136 -0.942 0.10 53 1.031 

[1,5] -0.002 -0.053 -0.01 117 0.246 0.055 1.303 0.06 52 2.016** 

[1,30] -0.024 -1.971** -0.02 123 1.499 0.008 0.521 0.03 56** 1.323 
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Outlook Reports (Nd=148 and Ne=86) 

[-5,-1] 0.017 0.397 0.01 75 0.629 -0.033 -0.619 0.01 43 0.159 

[-1,1] -0.016 -0.071 0.08 85** 2.892*** 0.005 0.057 0.03 44 0.137 

[1,5] -0.090 -2.430** -0.04 84** 2.143** -0.104 -2.417** -0.08 48 2.097** 

[1,30] -0.023 -2.026** -0.02 81 2.465** -0.002 -0.073 0.01 47 0.409 

Watch-listing (N=38 and Ne=14) 

[-5,-1] -0.050 -0.918 -0.11 23 0.783 -0.018 -0.420 -0.07 9 1.067 

[-1,1] 0.249 2.367** 0.13 24 1.972** 0.133 1.009 0.02 7 0.564 

[1,5] 0.057 0.621 -0.07 21 0.174 0.063 0.706 0.03 8 0.313 

[1,30] 0.032 1.675* 0.03 30*** 2.653*** 0.003 0.156 -0.03 9 0.439 

Mixed-events (Nd=96 and Ne=12) 

[-5,-1] 0.036 0.577 0.03 51 1.189 0.014 0.199 -0.03 6 0.274 

[-1,1] -0.626 -1.738* -0.25 63*** 2.885*** 0.421 1.499 0.07 7 1.137 

[1,5] -0.144 -3.679*** -0.11 67*** 3.579*** 0.176 1.360 0.24 7 1.294 

[1,30] -0.029 -1.508 -0.03 55 0.940 -0.028 -0.745 0.00 6 0.509 

Table shows the mean and the median of  αi,s. Nd is the number of negative rating events and Ne is the number of 

positive rating events analysed in each subsample. *, ** and *** indicates rejection of the null hypothesis at 10%, 5% 

and 1% significance level respectively. t-test tests the significance of the mean and it follows an asymptotic Normal 

distribution under the null. Sign test is the Fisher sign test for the null hypothesis that the proportion of positive and 

negative sign are equal and it follows a binomial distribution with a sample proportion of 0.5 under the null. Rank test 

is the Wilcoxon-signed-rank for the null hypothesis that the ranks above and below the median are similar and it 

follows a Normal distribution under the null. The whole sample includes all rating actions: effective rating changes, 

outlook reports, watch-listings and mixed events. The Mixed-events sample includes effective rating changes 

announced simultaneously with a rating refinement.  

The evidence in Panel A points to the existence of contagion effects in the industry 

due to deteriorations in the credit quality of one of its firms. Although the results indicate 

insignificant expected excess industry return changes in the [-1, 1] window, the estimated 

mean and median 𝛼𝑖,𝑠 are significantly negative in the two post-event windows. 

Therefore, the market does not appear to anticipate the worsening in credit quality during 

the previous week.  

These negative signs indicate that investors believe that industry rivals will suffer 

significant losses in terms of expected excess returns due to the bad news about the credit 

risk of one firm in the same industry. This decline in the industry value is consistent with 
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a significant intra-industry contagion. Moreover, this finding is consistent with Jorion and 

Zhang (2010), Helwege and Zhang (2016) and Hu et al. (2016). It is also consistent with 

the slow diffusion of common negative information within industries suggested by Hou 

(2007).  

We observe differences in the detected effects depending upon the rating action at 

hand. Evidence of effective rating changes (downgrades) and mixed events 

(announcements that include simultaneously a downgrade and one or more rating 

refinements) produces evidence confirming post-event contagion effects. The results for 

downgrades and mixed events strongly support the contagion effect, showing immediate 

significant contagion effect and stronger significant effects. When the event is a rating 

refinement (outlook report or watch-listing), the evidence points to the existence of an 

immediate competitive effect that is detected with two of three test statistics. Rating 

refinements are not necessarily precursors of a rating change in the future; rather, they can 

indicate the potential direction of the credit risk trend, giving a noisy/imprecise signal to 

the market (with respect to effective downgrades). Investors appear to interpret initially that 

negative rating refinements can positively affect the value of other firms in the industry due 

to the competitive environment. In the case of outlook reports, the competitive effect turns 

to a contagion effect in the [1, 5] and [1, 30] windows. This equity return reversal reflects 

a subsequent correction; being a contagion-type, the final effect accumulated 30 days after 

the announcement. The rationale under this reversal effect is consistent with investors’ 

biases documented in the behavioural literature, which predicts that investors will miss-

react to imprecise intra-industry signals (see Cheng and Eshleman, 2014, and references 

therein). For watch-listings, the competition effect also maintains in the longer post-event 

window and is significant with the three test statistics. This last finding is consistent with 

Hu et al. (2016), who find negative watch-listings associated with competition effects in 

the US over a [0, 1] window.  

Panel B of Table 4 focusses on the announcement of credit enhancements. We find 

a weaker evidence of the transfer effect related to positive credit news. Firm-specific 

upgrades only appear to be related to the contagion transfer effect in the post-event 

windows, but the response is only significant with one test statistic (two in the case of 

outlook reports). As in the case of negative credit news, the evidence points to competitive 

effects one week after the announcement of positive outlook reports. Overall, we consider 

that the minor response detected points to no reliable intra-industry effect following 
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positive rating news. This result supports the usual observation that positive rating events 

do not have significant transfer effects on industry rivals (Hu et al., 2016).50  

Next, we investigate the existence of contagion or competition in the industry 

systematic risk (Table 5). As with the returns, individual downgrades could spread to 

industry rivals, causing higher industry systematic risk under the contagion effect 

hypothesis. Conversely, under the competition hypothesis, firms in the same industry 

could appear stronger after negative individual credit risk news, presenting a decrease in 

their systematic risk. In Table 5, we test the null hypothesis E(𝛽𝑖,𝑠) = 0. In view of the 

whole sample of deteriorations (see Panel A), the estimated mean and median changes in 

beta are significantly positive immediately around the event date and in both post-event 

windows.  

This result confirms the contagion effect. Market participants infer that an increase 

in firm-specific credit risk is a signal about an increase in the riskiness of the industry, 

which is reflected in higher levels of industry systematic risk. This finding is consistent 

with Favara, Schroth and Valta (2012), Giesecke (2004) and Benzoni et al. (2015); it is 

also consistent with prior studies on the effect of rating events on the beta risk of the re-

rated firm, such as Abad and Robles (2006) and Hubler et al. (2014). Moreover, the 

increase in the industry systematic risk can be observed in the [-5, -1] window, indicating 

anticipation by the market, as in the case of the industry-expected excess return.  

Table 3-5. Intra-industry Information Transfer Effects on systematic risk (βi,s). 

 Panel A. Negative rating events Panel B. Positive rating events 

Windo

w Mean t-test Median 

Sign 

test     

Rank 

test  Mean t-test Median 

Sign 

test     

Rank 

test  

Whole sample (Nd=503 and Ne=203) 

[-5,-1] -0.012 -0.377 0.00 252 0.267 -0.071 -1.549 -0.04 115* 1.598 

[-1,1] -0.260 -1.284 0.08 281*** 2.111** -0.060 -0.668 0.12 111 0.724 

[1,5] 0.116 4.675*** 0.05 276** 4.228*** 0.072 1.441 0.02 108 1.127 

 
50 The literature generally finds this asymmetry in the market effect of positive and negative rating news (see Abad and 

Robles, 2014 and references therein). Downgrades cause abnormal returns, whereas upgrades have an insignificant 

effect. There are plausible explanations for this asymmetry. First, positive and negative rating news have different 

implications for investors. Although downgrades could force sales to minimise economic losses and to comply with 

regulatory constraints, upgrades do not force purchases. Second, firms are more prone to disclose positive than negative 

information to the market. Thus, the market has already incorporated the information on upgrades in stock prices. Third, 

CRAs are timelier in detecting credit deteriorations than improvements. 
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[1,30] 0.034 3.234*** 0.01 256 2.571** 0.023 0.754 0.01 102 0.284 

Effective Rating changes (Nd=226 and Ne=91) 

[-5,-1] -0.044 -0.865 0.00 114 0.071 -0.097 -1.208 -0.05 54* 1.426 

[-1,1] -0.053 -0.150 0.11 132** 2.260** 0.022 0.181 0.13 55* 1.379 

[1,5] 0.101 2.441** 0.02 118 1.822* 0.081 1.218 0.02 51 1.165 

[1,30] 0.026 1.800* 0.00 115 1.447 0.040 0.862 -0.01 46 0.009 

Outlook Reports (Nd=148 and Ne=86) 

[-5,-1] -0.065 -1.141 -0.07 84** 1.526 -0.039 -0.640 -0.04 45 0.568 

[-1,1] -0.438 -1.444 0.02 73 0.003 -0.172 -1.129 -0.06 47 0.852 

[1,5] 0.095 2.540** 0.08 82* 2.868*** 0.080 0.862 0.03 45 0.762 

[1,30] 0.050 2.164** 0.01 75 1.955* 0.011 0.230 -0.02 47 0.831 

Watch-listing (N=38 and Ne=14) 

[-5,-1] 0.035 0.563 0.01 22 0.681 -0.125 -0.772 -0.06 8 0.690 

[-1,1] -0.014 -0.121 -0.03 21 0.304 -0.204 -0.646 0.31 8 0.188 

[1,5] 0.231 2.962*** 0.19 27** 2.798*** 0.053 0.479 0.07 8 0.376 

[1,30] 0.021 0.553 0.01 19 0.348 0.019 0.223 0.07 10 0.878 

Mixed-events (Nd=96 and Ne=12) 

[-5,-1] 0.125 2.099** 0.06 56 2.000** -0.039 -0.427 -0.02 8 0.509 

[-1,1] -0.581 -1.189 0.21 59** 1.522 0.281 0.811 0.17 9 1.137 

[1,5] 0.141 2.350** 0.01 49 1.755* -0.027 -0.232 -0.10 8 1.059 

[1,30] 0.035 1.562 0.00 49 1.057 -0.025 -0.487 0.04 8 0.353 

Table shows the mean and the median of β i,s. Nd is the number of negative rating events and Ne is the number of 

positive rating events analysed in each subsample. *, ** and *** indicates rejection of the null hypothesis at 10%, 

5% and 1% significance level respectively. t-test tests the significance of the mean and it follows an asymptotic 

Normal distribution under the null. Sign test is the Fisher sign test for the null hypothesis that the proportion of 

positive and negative sign are equal and it follows a binomial distribution with a sample proportion of 0.5 under the 

null. Rank test is the Wilcoxon-signed-rank for the null hypothesis that the ranks above and below the median are 

similar and it follows a Normal distribution under the null. The whole sample includes all rating actions: effective 

rating changes, outlook reports, watch-listings and mixed events. The Mixed-events sample includes effective rating 

changes announced simultaneously with a rating refinement.  

 With at least one of the three test statistics computed, we find the same contagion 

effect consistently after any type of negative rating action. The effect lasts longer for 
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downgrades. We find evidence that the market anticipates the announcements of mixed 

events.  

Considering the positive news about firm-specific credit quality (Panel B, Table 

5), we also find minor evidence of information transfer effects on systematic risk that 

point to the absence of informative content of positive rating events relevant to price 

industry rivals. 

To summarise, our main result about the intra-industry information transmission of 

the negative news about individual rating indicates that these firm-specific events appear to 

act as significant signals that help investors to price other firms in the same industry. This 

information is relevant insofar as it causes significant changes in expected excess returns 

and significant responses of systematic risk in the re-rated firm’s industry. We find a 

contagion effect in the industry around and after effective rating changes and after rating 

refinements, but the industry immediately exhibits a competition effect around a negative 

outlook or a watch-listing event.  

3.4.2 Transfer effects for rated versus unrated rivals  

We now examine our hypotheses H1a and H1b. We test whether there are 

significant differences in the effects on both types of industry portfolios to determine 

whether the information conveyed by firm-specific rating adjustments implies the same 

meaning depending upon the rated status of industry rivals. Notice that the rated rivals 

represent 22.3% of the Spanish stock market. 

The results for both types of industry portfolio are depicted in Tables 6 and 7 (effects 

on expected excess returns and systematic risks, respectively). We check for significant 

effects in the four event windows and then test for equality of effects due to a firm-specific 

rating event between the two types of rivals.  
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= Mean = Median = Mean = Median

Mean Median Mean Median  test test Mean Median Mean Median test test

[-5,-1] 0.039 -0.003 0.000 -0.010 1.099 2.354 -0.035 -0.005 0.010 -0.004 -0.549 0.038

[-1,1] -0.210* 0.065 -0.159 -0.005 -0.120 3.115* -0.114 0.041 -0.004 0.097 -0.946 0.000

[1,5] -0.036 -0.048** -0.015 0.006 -0.618 3.304* 0.035 0.056* -0.009 -0.018 0.617 0.545

[1,30] -0.027*** -0.035*** 0.005 0.004 -2.303** 10.342*** 0.026* 0.029** -0.028 0.000 1.491 1.550

[-5,-1] 0.014 -0.033 0.055 0.003 -0.280 0.024 0.019 0.056 0.015 -0.055 0.031 2.186

[-1,1] -0.234 0.047 0.021 -0.058* -0.554 2.018 -0.294* 0.023 -0.135 0.154 -0.629 0.379

[1,5] 0.042 0.012 -0.019 -0.040 0.658 0.134 0.146*** 0.109*** -0.043 -0.018 1.77* 2.808*

[1,30] -0.029** -0.028* -0.013 -0.011 -0.863 0.168 0.035* 0.047** -0.051 -0.005 1.524 1.573

[-5,-1] 0.100** 0.026 0.000 0.015 1.511 0.889 -0.068 -0.042 0.017 0.050 -0.563 0.730

[-1,1] -0.087 0.133** -0.149 0.149* 0.401 1.046 0.003 0.070 0.085 -0.007 -0.725 0.620

[1,5] -0.136*** -0.149*** 0.001 0.022 -1.934* 7.137*** -0.086* -0.013 -0.071 -0.052 -0.132 0.032

[1,30] -0.012 -0.049*** -0.010 0.004 -0.149 5.590** 0.022 0.025 -0.015 0.000 0.592 0.310

[-5,-1] -0.039 -0.062 0.004 0.084 -0.423 0.004 -0.115 0.010 0.035 0.084 -0.983 0.762

[-1,1] 0.299** 0.208* 0.174 0.108 0.939 0.423 0.086 0.040 0.024 -0.086 0.204 1.117

[1,5] 0.136 0.018 -0.093 -0.047* 1.685* 1.245 -0.038 -0.046 0.092 0.186 -0.791 0.304

[1,30] 0.002 -0.026 0.089*** 0.144*** -2.677*** 7.581*** 0.003 0.014 0.028 0.019 -0.489 0.052

[-5,-1] 0.036 0.054 -0.132 -0.131** 1.274 4.091** -0.106 0.016 -0.101 -0.061 -0.030 0.013

[-1,1] -0.539 -0.063 -0.728* -0.177** 0.269 0.072 0.177 -0.020 0.322** 0.165** -0.296 1.921

[1,5] -0.136** -0.129*** 0.000 0.076* -1.596 5.725** 0.149 0.317 0.580* 0.106** -1.268 0.053

[1,30] -0.056*** -0.033*** 0.035 0.050 -2.830*** 7.536*** 0.014 0.034 -0.013 -0.034 0.386 0.030

Table shows the mean and the median of . *, ** and *** indicate the rejection of the null hypothesis (with the t-test in the case of Mean and at least one of the Fisher sign test and the Wilcoxon rank test

in the case of the Median) at 10%, 5% and 1% significance level respectively. The whole sample include all rating actions: effective rating changes, outlook reports watch-listings and mixed events. The Mixed-

events sample includes effective rating changes announced simultaneously with a rating refinement. = Mean test is the Satterthwaite-Welch test for the null hypothesis of equal means between T and NT rivals

(but possibly unequal variances). = Median test is the Chi-square approximation to the Kruskal-Wallis test statistic (with tie correction) for the equality of medians. *, ** and *** indicate the rejection of the

null hypothesis at 10%, 5% and 1% significance level respectively.

Window

Negative rating events Positive rating events

Tracked Non-tracked Tracked Non-tracked

Whole sample (Nd=503 and Ne=203)

Effective Rating changes (Nd=226 and Ne=91)

Outlook Reports (Nd=143 and Ne=86)

Watch-listing (N=38 and Ne=14)

Mixed-events (Nd=96 and Ne=12)

Table 3-6. Intra-industry Information Transfer Effects on industry expected excess returns changes (αi,s): Rated vs unrated rivals. 
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 The results for expected excess returns in Table 6 indicate that negative rating 

events appear to produce similar information transfer effects in rated rivals to those we find 

for the whole industry (see Table 4). We find weaker effects in the portfolios of unrated 

rivals. Here, firm-specific rating adjustments produce a contagion effect on returns of 

unrated firms in the days before and around negative rating news and a competition effect 

in the days after the event.  

The tests for equality of effects on both subsets reject the equality of means and/or 

medians, except for effective downgrades. The finding for returns is consistent with our 

hypotheses and points to a stronger effect of deterioration for rated rivals, supporting H1a. 

We interpret these results as investors viewing the information revealed by firm-specific 

rating adjustments as relevant signals, primarily to price the same type of companies in the 

industry (those seeking financing in corporate debt markets).  

In private debt markets, lenders have access to private information about borrowers, 

such as financial projections and investments plans, and to soft information such as 

managerial skills. Hence, the information revealed by individual rating changes seem to 

have a marginal effect for the pricing of firms financed by private loans when compared 

with firms that issue public debt.  

We find a tiny intra-industry transfer effect of positive rating news, as we do in the 

whole sample. In general, the tests do not reject the hypothesis of equality of mean and 

median effects between portfolios of rated and unrated rivals, i.e., the response to positive 

news is statistically similar in both cases (see Panel B in Table 6).  
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= Mean = Median = Mean = Median

Mean Median Mean Median  test test Mean Median Mean Median test test

[-5,-1] -0.035 -0.005 0.010 -0.004 1.480 3.905** 0.034 0.038** -0.035 -0.031 3.364*** 13.386***

[-1,1] -0.114 0.041 -0.004 0.097 -0.098 7.814*** -0.258 0.163*** -0.245 -0.019 3.138*** 14.643***

[1,5] 0.035 0.056* -0.009 -0.018 1.380 5.237** 0.129*** 0.054*** 0.071* -0.001 -0.060 1.375

[1,30] 0.026* 0.029** -0.028 0.000 -0.340 1.104 0.029** 0.009* 0.037* -0.011 -1.577 0.022

[-5,-1] 0.019 0.056 0.015 -0.055 0.563 0.084 0.008 0.004 -0.005 0.025 1.210 2.357

[-1,1] 0.294* 0.023 -0.135 0.154 -0.358 11.657*** -0.221 0.22*** -0.037 -0.120 2.248** 7.204***

[1,5] 0.146*** 0.109***** -0.043 -0.018 0.702 2.82* 0.110*** 0.078*** 0.058 0.051 -0.604 0.137

[1,30] 0.035* 0.047** -0.051 -0.005 0.432 1.014 0.036* 0.026* 0.016 -0.013 -0.998 1.566

[-5,-1] -0.068 -0.042 0.017 0.050 1.667* 11.663*** 0.028 0.101** -0.16** -0.139*** 2.458** 5.327**

[-1,1] 0.003 0.070 0.085 -0.007 0.775 1.563 -0.138 0.232* -0.499 0.010 0.969 1.476

[1,5] 0.086* -0.013 -0.071 -0.052 0.332 0.064 0.057 0.024 0.099 -0.011 0.241 0.625

[1,30] 0.022 0.025 -0.015 0.000 -1.477 1.780 0.024 0.003 0.128* 0.046** -1.531 4.422**

[-5,-1] -0.115 0.010 0.035 0.084 0.752 1.530 0.020 0.059 -0.076 -0.054 3.006*** 11.564***

[-1,1] 0.086 0.040 0.024 -0.086 -1.166 0.639 -0.190 -0.020 0.200 0.010 3.000*** 8.381***

[1,5] -0.038 -0.046 0.092 0.186 -0.439 0.233 0.218** 0.027 0.193* 0.285* -0.338 0.211

[1,30] 0.003 0.014 0.028 0.019 0.365 1.184 0.002 0.060 0.024 0.029 0.897 0.931

[-5,-1] -0.106 0.016 -0.101 -0.061 -0.085 0.000 0.106 0.062* 0.100 0.136* 0.732 1.614

[-1,1] 0.177 -0.020 0.322** 0.165** -0.074 0.220 -0.551 0.170* -0.536 0.068 1.025 2.805*

[1,5] 0.149 0.317 0.58* 0.106** 2.154** 9.197*** 0.243*** 0.151*** 0.010 0.126* 1.555 2.805*

[1,30] 0.014 0.034 -0.013 -0.034 1.575 4.962** 0.034 -0.006 -0.041 0.054** 0.407 0.653

Table shows the mean and the median of . *, ** and *** indicate the rejection of the null hypothesis (with the t-test in the case of Mean and at least one of the Fisher sign test and the Wilcoxon rank test

in the case of the Median) at 10%, 5% and 1% significance level respectively. The whole sample include all rating actions: effective rating changes, outlook reports watch-listings and mixed events. The Mixed-

events sample includes effective rating changes announced simultaneously with a rating refinement. = Mean test is the Satterthwaite-Welch test for the null hypothesis of equal means between T and NT rivals

(but possibly unequal variances). = Median test is the Chi-square approximation to the Kruskal-Wallis test statistic (with tie correction) for the equality of medians. *, ** and *** indicate the rejection of the

null hypothesis at 10%, 5% and 1% significance level respectively.

Window

Negative rating events Positive rating events

Tracked Non-tracked Tracked Non-tracked

Whole sample (Nd=503 and Ne=203)

Effective Rating changes (Nd=226 and Ne=91)

Outlook Reports (Nd=143 and Ne=86)

Watch-listing (N=38 and Ne=14)

Mixed-events (Nd=96 and Ne=12)

Table 3-7. Intra-industry Information Transfer Effects on industry systematic risk ( βi,s): Rated vs unrated rivals. 
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 The results reported in Panel A in Table 7 for the beta risk suggest that the rated 

rivals’ systematic risk responds similarly to how it does in the case of the whole industry. 

The evidence is stronger for effective downgrades. The rated rivals’ results point to 

contagion effects. By contrast, we find weaker effects in the case of unrated rivals. We only 

find evidence for mixed-events. The test of equality of effect indicates that the transfer 

effects of any type of negative rating news are different for both portfolios of rivals; that is, 

they support H1a and point to the relevance of the market of funding. The information on 

the credit deterioration of a firm is more important to determine the market risk of other 

firms that also issue public debt than for firms that seek finance by private channels.  

Interestingly, although we do not observe relevant intra-industry transfer effects on 

beta risk in the whole-industry portfolios around a positive event, we find significant effects 

when we split the industry portfolio between rated and unrated rivals (Panel B Table 7). An 

increase in the rating of a firm appears to increase the market risk of other rated rivals in 

the same industry. This effect is significant in the days before, around and after the news 

and is independent of the type of news (effective changes, refinements or mixed events). 

Investors appear to consider this positive rating news relevant to assess the systematic risk 

of other rated rivals. A higher rating will lower the cost of debt of the re-rated firm in the 

public debt market. Rated firms competing for funding in the same market could incline 

investors to replace some bonds in industry portfolios with the upgraded bonds, affecting 

the cost of debt of both in opposite directions. Investors in the stock market could interpret 

this result as bad news for other rated firms, considering a higher level of market risk for 

them.  

We observe weaker intra-industry effects for unrated rivals that also point to 

competition effects for all rating events but positive outlooks. However, the tests reject the 

hypothesis of equality of means and median effect, suggesting differences in the intensity 

of the competition effect between portfolios of rated and unrated rivals. This evidence 

supports our H1a and suggests that investors consider individual credit news more 

informative for assessing the future prospects of other rated firms in the same industry than 

for unrated rivals.  
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3.4.3 Effects on co-movements between rated and unrated portfolio returns  

To go deeper, we analyse the effect of rating adjustments on the co-movement 

between the returns of rated and unrated rivals. We expect a different reaction of this co-

movement depending upon whether the rating announcements convey value-relevant 

information to price rivals in the industry and whether this information is equally relevant 

for rated and unrated rivals. We consider three possibilities: (1) If this information is 

irrelevant for the industry, then the co-movement in the returns of rated and unrated rivals 

should not change. (2) If the rating adjustment reveals relevant information about changes 

in the economic forces that affect the common risk factors, then the co-movement between 

rated and unrated rivals will be higher (a symmetric response). (3) If the rating change 

reveals information that is value-relevant primarily for one type of rival or that has different 

relevance for both, then the co-movement will be lower. According to our hypotheses, we 

expect to find evidence supporting (3). 
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Table 3-8. Intra-industry Information Transfer Effects on comovement between rated and unrated rivals. 

 Panel A. Negative rating events Panel B. Positive rating events 

Window Mean t-test Median 

Sign 

test     

Rank 

test  Mean t-test Median 

Sign 

test     

Rank 

test  

Whole sample (Nd=503 and Ne=203) 

[-5,-1] -0.008 -0.364 0.000 254 0.200 0.017 0.822 0.000 104 0.167 

[-1,1] -0.046 -2.560** -0.030 283*** 3.210*** 0.003 0.188 0.000 102 0.254 

[1,5] -0.007 -0.334 -0.010 261 0.897 -0.054 -1.515 -0.020 115* 1.638 

[1,30] -0.018 -1.786* -0.010 263 1.495 0.003 0.212 0.000 105 0.738 

Effective Rating changes (Nd=226 and Ne=91) 

[-5,-1] -0.040 -1.286 -0.010 120 1.075 0.037 1.654* 0.000 47 1.023 

[-1,1] -0.039 -1.625 -0.040 133*** 2.757*** 0.008 0.333 0.000 48 0.959 

[1,5] -0.026 -0.920 -0.030 127* 1.205 -0.024 -0.372 0.000 47 0.045 

[1,30] -0.023 -1.487 -0.020 125 1.390 -0.005 -0.168 0.000 46 0.041 

Outlook Reports (Nd=143 and Ne=86) 

[-5,-1] 0.016 0.623 0.030 78 0.740 -0.002 -0.028 -0.020 46 0.577 

[-1,1] -0.053 -1.626 -0.020 79 1.183 0.007 0.330 -0.010 46 0.374 

[1,5] -0.011 -0.375 0.020 77 0.512 -0.098 
-

2.044** 
-0.050 53** 2.376** 

[1,30] -0.028 -1.466 0.000 72 0.982 0.002 0.087 0.000 44 0.585 

Watch-listing (N=38 and Ne=14) 

[-5,-1] 0.114 2.606*** 0.090 26** 2.349** 0.018 0.614 -0.010 7 0.564 

[-1,1] -0.132 -1.791* -0.100 23 1.551 0.042 1.378 0.020 8 1.318 

[1,5] 0.157 1.224 0.060 24 1.508 -0.031 -0.423 -0.010 7 0.439 

[1,30] -0.035 -1.080 0.000 20 0.768 0.020 0.620 0.050 10 0.439 

Mixed-events (Nd=96 and Ne=12) 

[-5,-1] -0.017 -0.222 -0.060 52 0.955 -0.004 -0.097 -0.040 7 0.509 

[-1,1] -0.018 -0.359 0.000 48 0.520 -0.120 -1.408 -0.030 7 1.215 

[1,5] -0.020 -0.382 -0.030 54 1.649* 0.010 0.202 -0.010 8 0.117 
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[1,30] 0.014 0.636 0.010 49 0.381 0.055 0.927 -0.030 7 0.509 

Table shows the mean and the median of the coefficient associated to Ds,t in the first order autoregressive model for 

the realized covariance of the returns of the portfolios of rated and unrated rivals. Nd is the number of negative rating 

events and Ne is the number of positive rating events analysed in each subsample. *, ** and *** indicate rejection of 

the null hypothesis at 10%, 5% and 1% significance level respectively. t-test tests the significance of the mean and it 

follows an asymptotic Normal distribution under the null. Sign test is the Fisher sign test for the null hypothesis that 

the proportion of positive and negative sign are equal and it follows a binomial distribution with a sample proportion 

of 0.5 under the null. Rank test is the Wilcoxon-signed-rank for the null hypothesis that the ranks above and below the 

median are similar and it follows a Normal distribution under the null. The whole sample includes all rating actions: 

effective rating changes, outlook reports watch-listings and mixed events. The Mixed-events sample includes effective 

rating changes announced simultaneously with a rating refinement.  

 

 

Table 8 shows the significance tests of the mean and median covariance-change 

parameters estimated in the autoregressive model described in Section 3.3. The estimated 

sign of the mean and median will indicate higher (symmetric effect) or lower (asymmetric 

effect) co-movements between the two rivals. The results for the negative rating 

adjustments are in Panel A and for positives in Panel B. The evidence for negative news 

points to lower co-movements between rated and unrated industry rivals. The estimated 

mean and median of the change in expected covariance are significantly negative in the 

shorter windows.  

This evidence is similar for effective downgrades and watch-listings. The results 

for effective downgrades and mixed events indicate that the significant reduction in the 

co-movements persists in the [1, 5] window. By contrast, we observe a higher covariance 

in the week that precedes the watch-listing news. These findings support the notion of a 

different type of information in negative credit risk news for both rivals, giving a higher 

support to our previous results in Section 4.2.  

Panel B of Table 8 shows the estimated effect for positive credit announcements. 

According to our previous results on returns and market risk, the evidence is weaker than 

for credit deteriorations, but that leads us to similar conclusions. For positive outlook 

reports and for the whole sample, we observe significantly lower co-movements in the 

week after the announcement and a significant decline in the previous week for effective 

upgrades. In short, all of these results add limited evidence in favour of an asymmetric 

effect in the case of the announcement of positive rating news. 
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Thus far, the main results are consistent with our previous results, also supporting 

our hypotheses. The intra-industry transfer effects on rated rivals are relatively stronger 

than on unrated rivals. Individual credit news produces lower co-movements of their 

returns. This evidence reinforces the importance of considering the rated status of rivals 

in the study of transfer effects. 

3.4.4 Robustness checks  

 In this section, we provide additional tests to further assess the statistical 

significance of the relationship between the intra-industry effect and the rated status of 

rivals.51 A potential concern with our analysis is the influence of omitted factors in the 

basic model that could bias our results. The empirical research has shown that the market 

model yields very robust results (see MacKinlay, 1997), and the test specification is not 

highly sensitive to the benchmark model of normal returns in short-horizon event studies 

(Kothari and Warner, 2007). However, one could argue that our findings could largely 

depend upon the validity of the market model in Equation (1). Hence, as a robustness 

analysis, we estimate an international pricing model with three factors, namely the local 

factor as described in Section 3, a regional factor and a global factor. We proxy the 

regional factor by the returns of the Eurostoxx 50 index and the global factor by the 

returns of the Standard & Poor's 500 index. This model allows accounting for the 

influence of regional and international related factors in estimating the intra-industry 

effect. The unreported results are consistent with those in Tables 4 to 7. As we expected, 

the choice of the market model for our modelling approach does not bias the analysis.52 

A second concern relates to the influence of the economic environment on the 

intra-industry effect. Studies have established the existence of clustering of defaults in 

periods of crisis and market turbulence (e.g., Azizpour et al. 2018). This effect could also 

be a source of intra-industry effects in the case of downgrades. The great proportion of 

rating events in our sample during the global financial crisis (see Figure 1) motivate us to 

examine whether the intra-industry effect continues when we incorporate this crisis into 

the analysis. We do so by separating into two samples rating events that occur before and 

after the Lehman Brothers failure in September 2008 (pre-LB and post-LB periods). In 

the unreported versions of Tables 4 to 7 for the two subsamples, we find that our main 

 
51 To save space, we do not include the tabulated results of the robustness analyses in this section, but they are available 

upon request. We thank the two reviewers for suggesting these useful analyses. 
52 Another popular model for similar purposes is the Fama-French three-factor model. The lack of daily data on the 

needed factors for the Spanish market makes unfeasible estimating it in our case. 
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conclusions are qualitatively unchanged. Results for the post-LB period are consistent 

with those for the whole period reported in Tables 4 to 7. In the pre-LB period, we find 

weaker evidence, although we should be cautious in interpreting this result due to the 

limited size of the sub-samples (effective rating changes, outlook reports, watch-listing 

and mixed-events) in this period. Overall, our main results are robust to the financial 

crisis. 

 The last important concern of our analysis is related to the heavy weight that the 

financial sector has in the sample (see Table 2). The capital structures, business models 

and sensitivity to the economic environment of financial firms could be very different 

from non-financial firms. In addition, the financial distress of financial firms is special 

because they could trigger government interventions that are not common in the case of 

other sectors. Helwege and Zhang (2016) find that financial firm defaults have historically 

only triggered modest contagion effects. To check whether the presence of the financial 

sector dominates our main findings, we analyse a subsample after excluding the financial 

and insurance activities industry. The main results in Tables 4–7 are robust when we 

remove this industry. Thus, the inclusion of the financial sector in our sample is not a key 

driver of our results. 

3.5 Determinants of the differences in the intra-industry effect  

In this section, to shed further light on the relationship between the intra-industry 

effect and the rated status of rivals, we investigate the differences between the rated and 

unrated rivals’ responses to rating changes in more detail. To this end, we estimate 

multivariate regressions to analyse what are the key determinants of the size of the 

differences between the rated and unrated rivals’ responses. We measure this size as the 

sequence of absolute value of the difference between the estimated alpha shifts, 

{|αi,s
𝑅 − αi,s

𝑈𝑅|}, and between the estimated beta shifts, {|βi,s
𝑅 − βi,s

𝑈𝑅|}, in the [-1, 1] event 

window. We run the regression by ordinary least squares and calculate the standard errors 

by the White heteroscedasticity-consistent covariance matrix. 

Following Chen, Ho and Shih (2007), we consider that industry factors could be 

important in explaining the heterogeneous intra-industry effects and regress the size of the 

response on the main industry characteristics (see Panel A, Table 9 for details). The first is 

the competition level in the industry that we measure by the number of firms in the sector 

over the total market. Lang and Stulz (1992) argue that the strength of intra-industry 
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competitive effects of bankruptcies would be greater in less competitive industries. 

According to Akhigbe et al. (2015), the benefits of this competitive repositioning are less 

likely to occur with less-severe distress events, such as downgrades in our case. An 

alternative argument is that rivals in less competitive industries might not be adequately 

prepared and will bear higher contagion effects. The second factor is the industry economic 

relevance, which we proxy by its relative size in terms of market capitalisation. We expect 

that rivals in more-relevant industries should be less adversely affected because they have 

advantages in changing their capital structure. However, due to the different flexibility in 

the financial structure between rated and unrated firms (Colla et al., 2013, Bedendo and 

Siming, 2018), we expect stronger differences between the response of rated and unrated 

industry rivals. The third industry factor is its market risk. We proxy this risk by the market 

beta of the industry estimated in the [-250, -6] window before the rating event. We expect 

that firms in riskier industries will have a limited ability to respond bearing higher contagion 

effects. As in the case of industry relevance, we expect that rated firms have a greater ability 

to respond to changes in the credit risk of one related firm because the degree of debt 

specialisation is less pronounced for them (Colla et al., 2013), allowing the differences in 

their response to be stronger. Finally, we include in the model a set of sector dummies and 

an indicator variable to consider the presence of a high proportion of unrated firms in the 

industry. 
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Table 3-9. Variables for multivariate regressions. 

Variable Definition 

Panel A: Explanatory variables 

Financial  Dummy variable equal to 1 if the NACE sector of the company that is affected by the event belongs 

to sector K, the financial and insurance activities sector, and 0 otherwise 

Utilities  Dummy variable equal to 1 if the NACE sector of the company that is affected by the event belongs 

to sector D, the electricity, gas, steam and air conditioning supply sector, and 0 otherwise  

Manufacturing  Dummy variable equal to 1 if the NACE sector of the company that is affected by the event belongs 

to sector C, the manufacturing sector, and 0 otherwise 

Competence level Number of firms in sector i / Number of firms on the market  

Economic relevance Total capitalisation of sector i / Total capitalisation of the market (at the end of the year) 

Beta risk Industry beta (βi ) estimated in the market model (Equation 1) from day t=-250 to t=-1 

Level of tracking  Dummy variable equal to 1 if the percentage of rated firms in sector i is less than 25%, and 0 

otherwise 

Panel B: Control variables  

Big jump Dummy variable equal to 1 if it is a rating change in the upper 5% of the jump size distribution, 

and 0 otherwise 

Multi-rating Dummy variable equal to 1 if there is a simultaneous change by more than one rating agency (e.g., 

Standard and Poor’s and Moody’s), and 0 otherwise 

Inv-spec Dummy variable equal to 1 for rating changes from investment grade to speculative grade (on 

deteriorations) or from speculative grade to investment grade (on enhancements), and 0 otherwise 

Standard & Poor's Dummy variable equal to 1 for events announced by Standard and Poor’s, and 0 otherwise 

Moody’s Dummy variable equal to 1 if the CRA that announces the event is Moody’s, and 0 otherwise 

Outlook Dummy variable equal to 1 for outlook events, and 0 otherwise 

Watchlist Dummy variable equal to 1 for watch-listing events, and 0 otherwise 

Prior refinement Dummy variable equal to 1 if the closer prior event is a watch-listing or perspective change, and 

0 otherwise 

Private equity Dummy variable equal to 1 for rating events affecting private equity firms (non-listed), and 0 

otherwise 

Differences in Rated vs 

Unrated size 

Dummy variable equal to 1 for events affecting industries in which the average size of rated firms 

is larger than the average size of unrated firms, and 0 otherwise (size measured by market 

capitalisation) 
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To check the robustness of results, we extend the base model to control for 

confounding effects related to characteristics of the rating adjustment. We consider its size 

(measured as number of notches the rating changes),53  its type (effective change or 

refinement), the specific CRA that announces it, the difference in the averaged size of rated 

and unrated firms, among other factors that we describe in Panel B of Table 9.  

Table 3-10. Explaining the differences in the transfer effect between rated and unrated rivals. 

 Panel A. Negative rating events  Panel B. Positive rating events 

 
|αi,s

𝑅 − αi,s
UR| |βi,s

𝑅 − βi,s
𝑈𝑅|  |αi,s

𝑅 − αi,s
𝑈𝑅| |βi,s

𝑅 − βi,s
UR| 

Constant 

-2.684 

(0.49) 

-2.678 

(0.48) 

-2.442 

(0.64) 

-2.354 

(0.65) 

| 

| 

3.512*

* 

(0.03) 

3.222** 

(0.04) 

4.237*

* 

(0.02) 

4.288 

(0.02) 

Financial  2.953 

(0.31) 

3.092 

(0.32) 

3.411 

(0.39) 

3.67 

(0.38) 

| 

| 

-0.602 

(0.51) 

-0.491 

(0.52) 

0.772 

(0.51) 

0.89 

(0.38) 

Utilities  2.87 

(0.31) 

2.907 

(0.33) 

3.753 

(0.33) 

3.869 

(0.33) 

| 

| 

-0.808 

(0.16) 

-0.689 

(0.18) 

0.339 

(0.62) 

0.44 

(0.49) 

Manufacturing 3.041** 

(0.02) 

2.976** 

(0.01) 

3.574*** 

(0.00) 

3.51*** 

(0.00) 

| 

| 

3.037 

(0.12) 

2.967 

(0.11) 

3.268 

(0.15) 

2.842 

(0.18) 

Competition level -8.932* 

(0.06) 

-9.33** 

(0.04) 

-11.57* 

(0.05) 

-11.66** 

(0.04) 

| 

| 

-15.66 

(0.14) 

-14.89 

(0.15) 

-16.18 

(0.19) 

-14.35 

(0.23) 

Economic relevance -1.328 

(0.69) 

-1.001 

(0.75) 

-0.934 

(0.84) 

-0.945 

(0.83) 

| 

| 

0.604 

(0.81) 

0.263 

(0.91) 

-3.189 

(0.32) 

-3.701 

(0.22) 

Industry systemic risk 2.052* 

(0.09) 

2.078* 

(0.08) 

1.715 

(0.28) 

1.857 

(0.24) 

| 

| 

0.039 

(0.93) 

0.169 

(0.67) 

-0.205 

(0.76) 

-0.489 

(0.44) 

Level of tracking  2.389 

(0.34) 

2.482 

(0.34) 

2.706 

(0.42) 

2.756 

(0.43) 

| 

| 

-0.388 

(0.19) 

-0.403 

(0.14) 

-0.152 

(0.76) 

-0.056 

(0.91) 

 

Controls Yes No Yes No 

| 

| Yes No Yes No 

Obs. 497 497 497 497 | 201 201 201 201 

R-squared 0.052 0.043 0.046 0.035  | 0.157 0.129 0.095 0.075 

F-Statistic 1.78** 

(0.04) 

3.15*** 

(0.00) 

1.56* 

(0.08) 

2.54** 

(0.01) 

| 

| 

2.29** 

(0.01) 

4.12*** 

(0.00) 

1.30 

(0.21) 

2.25** 

(0.03) 

The dependent variables are the absolute value of the difference between αi,s (βi,s) calculated separately for unrated 

rivals and rated rivals in the same industry of the re-rated firm over the [-1, 1] daily interval around the event day. 

Explanatory variables are defined in Table 9. In parentheses are the p-values, which are based on White 

heteroscedasticity-consistent standard errors. ***, **, and * indicate significance at the 1%, 5%, and 10% levels, 

respectively. 

 

 
53 We define a dummy set equal to 1 for jumps in the upper 5% of the jump distribution, and zero otherwise. 
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Panel A in Table 10 shows that the response to rating cuts of rated and unrated rivals 

is different depending upon the industry considered. The difference in their reaction is 

significantly stronger in the manufacturing industry, but there are no differences in the 

financial and utilities sectors. We find this effect in both return and beta models.  

The higher the competition level is in the industry, the lower the difference in the 

effect of firm-specific rating bad news on the expected excess returns of rated and unrated 

rivals. These results indicate that the information included in the negative rating event is 

important to re-evaluate both rated and unrated firms in industries in which the competition 

level is higher. A high level of competition in the industry implies that investors will infer 

that when one firm faces problems, their competitors could take advantage of the situation. 

Our results indicate that this behaviour occurs independently of the rated status of industry 

rivals.  

We also find that rated and unrated rivals react differently to the news conveyed by 

firm-specific credit deterioration depending upon the level of risk in the industry. In fact, 

the difference in the responses is stronger for riskier industries. Investors in these riskier 

industries appear to infer different information to price the unrated rivals than for the rated 

rivals. This result points to the relevance of being publicly rated for firms in riskier 

industries.  

Finally, we do not find any significant difference in the responses of expected 

excess returns (and in beta risk) related to the percentage of unrated rivals in the industry.  

Panel B in Table 10 reports similar multivariate regressions for positive rating news. 

The relevant variables are the same as for negative rating events. In general, the estimated 

parameters have the same signs. However, we do not find that the characteristics of the 

industry of the re-rated firm add any explanatory power for differential response return or 

beta models. This result is consistent with the evidence on weaker significant different 

effects upon industry excess returns and beta risk between rated and unrated rivals for 

positive rating adjustments.  

Our conclusions about the influence of industry characteristics on the size of the 

differences between the responses to individual rating changes of rated and unrated industry 

rivals are robust when we consider the set of control variables (see Table 10). The findings 

indicate that investors should view the specific industry, its competition level and its 

systematic risk to infer the relevant information from individual rating news (regardless of 

whether it is positive or negative) as a useful indicator to assess their prospects towards 
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rivals. Nonetheless, they should also focus on what type of rivalry is involved – rated versus 

unrated. 

3.6 Conclusions 

This paper is among the few to analyse the intra-industry information transfer effect 

induced by corporate credit rating adjustments announced by CRAs. The novelty of the 

analysis lies in the fact that we test whether and to what extent the intra-industry effect 

differs between industry rivals that issue debt in the public debt market (also rated by 

CRAs) and other rivals that focus more on other sources of funding. We specifically focus 

on the industry-related factors that drive the differing effects between them. We provide 

international evidence to complete the relevant literature by studying the Spanish market, a 

medium size market that plays a significant role in Europe.  

We show that rating events convey and transmit information to investors in the 

market, giving a relevant signal to price rivals competing in the same industry. Two key 

finding are that the systematic risk of industry rivals responds to rating adjustments as 

expected returns do, and that refinements, which do not imply a different rating (outlook 

reports and watch-listings), convey relevant information to price other related firms as 

effective rating changes do.  

The analysis conducted herein indicates the existence of intra-industry contagion 

after negative credit news but not for positives. Negative rating events affect industry 

returns negatively, supporting the view that firms in the same industry face common risk 

factors, and, thus, investors interpret changes in the credit risk of one of them as a relevant 

signal for other related firms in the same industry. The industry systematic risk also reflects 

a contagion-type risk transmission for negative rating events, but no reliable transmission 

for positives.  

Our results on how the intra-industry effect relates to the rating status of industry 

rivals constitute new evidence. We test two hypotheses. The first states that single-firm 

rating adjustments give relevant signals to price rated rivals that also issue debt in the public 

debt market, whereas the second states that this signal is not relevant to price unrated rivals 

that do not have public assessments of their credit risk. The key results that emerge support 

our hypotheses. First, the intra-industry effects are much stronger for rated than for unrated 

rivals. Investors appear to consider that rating adjustments convey value-relevant 

information to reassess their prospects on rated rivals but that are not relevant to price the 
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unrated competitors. The rationale under these results is that investors interpret rating 

adjustments as signals of changes in the public debt market conditions affecting the 

financing cost of rivals that also issue debt in that market when they compete for funding. 

They do not consider rating changes relevant in the case of unrated rivals because lenders 

directly monitor their credit risk. Second, the effect differs in several respects: the type of 

effect (contagion versus competition), the events that cause stronger effects (effective 

change versus refinements) and the magnitude of the effect. Third, rating adjustments 

reduce the co-movements between the risk-adjusted returns of portfolios formed with each 

type of rival. This finding reinforces the view that investors give more attention to 

information on re-rated firms to price other rated firms in the same industry.  

The cross-sectional analysis points to the importance of industry characteristics in 

explaining the size of the differing intra-industry response to rating events between rated 

and unrated rivals. In particular, the differing effect in the expected returns and in the 

systematic risk is stronger for the manufacturing industry, the riskiest industries and those 

with a low competition level. 

The conclusions in this paper have important implications for the management of 

portfolio credit risk at financial institutions and for the valuation and risk management of 

financial derivatives. They highlight the existence of intra-industry ties in credit risk that 

should help to improve the calculations of the market risk and regulatory capital of banks. 

Banks should consider not only the effect of credit migrations of single firms but also the 

transfer effects of these credit migrations on the rest of the industry, being cautious about 

the rating status of firms in the industry. The results on the unrated rivals are particularly 

relevant, indicating that investors hardly use signals from the CRA to create an indicator of 

their credit quality.  

Finally, the findings in this paper suggest the need for further research. First, more 

work is needed to give deeper insights on the intra-industry transmission of rating changes 

on the cost of capital and systematic risk of rivals. Second, it is necessary to analyse other 

international markets, such as the US or the Eurozone, to generalise our main conclusions 

on the different implications of rating events for rated and unrated industry rivals.  
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4 Information opacity and corporate bond returns: the 

dynamic of split ratings 

 

 

Abstract 

Convergence and divergence between CRA's opinions regarding credit quality of bonds 

(i.e., the split rating dynamics) is a proxy of changes in the information opacity of firms. 

We study how this opacity dynamics affects bond returns during its lifetime. Split rating 

changes related to lower opacity lead to stronger return reduction. The opacity level 

explains this response, which is more negative for more opaque firms. The effect depends 

also on the rating level, being the opacity dynamics relevant only to explain the abnormal 

returns for high yield bonds. Main conclusions persist when considering alternative 

measures of split ratings. 
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4.1 Introduction 

Credit Rating Agencies (CRAs) are financial information providers that provide their 

opinions about the creditworthiness of debt issuers, i.e., the probability of repaying their 

debts, into a credit rating. Their important role in financial markets has been a topic of 

research for years (see Matthies, 2013 for a review of the credit rating-related research). 

Although ratings are opinions and not recommendations to buy, sell or hold, they have a 

central role in credit markets. Financial regulations often rely on them, and issuers use 

ratings as a signal of low investment risk to reduce their capital costs in the debt market. 

Financial markets incentivise debt issuers to ask for more than one rating to reduce their 

borrowing costs (Baker and Mansi, 2002). When several CRAs rate the same issue, they 

may agree on the opinion about its creditworthiness, providing equivalent ratings, or they 

may disagree, providing different ratings. This disagreement, known as split rating, arises 

due to the problem of information opacity of the issuers (see, e.g., Morgan, 2002) and has 

an important impact on corporate debt markets. For instance, Livingston and Zhou (2010) 

find higher yield spreads for bonds issued with split ratings than for equivalent bonds 

issued without split ratings.  

The previous research, which focused exclusively on the effects of split ratings on 

corporate bonds on the issuance date, finds that higher opacity is related to a higher cost 

of capital (Morgan, 2002; Jewell and Livingston, 1999; Livingston and Zhou, 2010). 

However, the information environment usually changes over time and CRAs react to the 

new degree of opacity by adjusting the assigned ratings if necessary. These adjustments 

are commonly asynchronous and of different magnitude, generating dynamic changes in 

the split rating along the lifetime of the bond. The study of the effect of these dynamics 

over the bonds’ lifetime instead of placing the focus on the issuance date provides a clear 

agenda for our original contributions. First, we analyse the impact of changing 

information opacity on the US corporate bond market by studying whether the bond 

investors’ responsiveness to credit rating changes varies depending on the change in the 

opacity level. Second, we investigate to what extent the effect of changes in the opacity 

level are different depending on the credit quality of the rerated bonds, that is, whether 

there are differential effects in Investment Grade (IG) vs High Yield (HY) market 

segments. We also contribute by proposing an alternative methodology to measure the 

divergence of opinion between CRAs. The standard approach is interested in the static 
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dimension of the split rating and focuses only in the highest and lowest ratings assigned 

to the same bond, ignoring the ratings between them. We propose two different measures 

that consider the whole distribution of ratings assigned to the same bond and incorporate 

the time-varying dimension of a split rating, thus overcoming the limitations of the 

standard measure.  

We analyse a sample of 16,625 announcements of credit rating deterioration for US 

corporate issues by Moody’s, S&P and Fitch (the Big Three) between 2004 and 2014. We 

focus on the excess return response to the split rating dynamics, measured on a daily basis 

as the higher rating minus the lower rating assigned by different CRAs to the same issue. 

We separately analyse increases (higher disagreement/opacity) and decreases (lower 

disagreement/opacity) in the split rating level. Our principal finding indicates that the 

bond return’s response to negative rating adjustments is stronger when the split rating 

cuts down. Lower split ratings are signals of higher transparency about the 

creditworthiness of the issue. This leads investors to increase their trust regarding the 

information disclosed by the CRAs’ rating announcements. The results considering the 

level of split rating confirm this finding, indicating a stronger effect of rating 

deteriorations when the level of information opacity is lower. We further find that the 

dynamics of split ratings are relevant mainly for bonds in the HY segment. This evidence 

suggests the importance of issuer transparency (as the opposite to opacity) to investors in 

considering the information disclosed by negative credit rating adjustments mostly for 

the lowest rated issuers. Rating announcements play an important role in determining 

bond returns when investors perceive a consensus among CRAs, whereas they are less 

credible for opaque firms.  

Our paper relates to different strands of the literature. The first related strand of the 

literature is the research that analyses the effect of information opacity on the costs of 

capital. Duffie and Lando (2001) show, theoretically, that when the firm value is not 

perfectly observable, investors will seek compensation to hold the firm’s risky assets. 

Easley and O'Hara (2004), Bonsall and Miller (2017), Mansi, Maxwell, and Miller 

(2011), and Lu, Chen, and Liao (2010) find that a lack of transparency is associated with 

higher cost of debt. The second strand of related literature is the research that studies the 

bond investors’ responses to rating changes (Hand, Holthausen and Leftwich, 1992; Goh 

and Ederington, 1993; Steiner and Heinke, 2001; Dichev and Piotroski, 2001; May, 2010; 
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Cornaggia and Cornaggia, 2013). The common result is a negative bond response to 

negative rating changes. The third related strand of the literature is the literature that 

analyses the effect of the CRAs’ disagreement on the yields of bonds on the issuance date 

(Morgan, 2002; Livingston, Naranjo and Zhou, 2007; Livingston, Wei and Zhou, 2010). 

Our study extends and complements the earlier literature on the effect of rating 

adjustments on bond returns by studying how changes in the firm opacity level (i.e., the 

split rating) alter the investor’s responsiveness to rating adjustments. The disagreement 

between CRAs has a substantial role in reflecting the changing information environments 

of firms, but it has largely been ignored in earlier studies. Our paper attempts to fill this 

gap. 

The paper is structured as follows: in Section 2, we present the hypothesis and the 

literature review. In Section 3, we explain the data used. In Section 4, we present the 

research design, and Section 5 shows the empirical results. Section 6 introduces two 

alternative measures of CRAs’ disagreements. We present the conclusions in Section 7. 

4.2 Hypotheses  

It is common for bonds issued in the US corporate debt market to receive more than one 

rating.54 In most cases, CRAs disagree on the credit risk of the bond and assign different 

ratings to the same issue, i.e., multi-rated bonds frequently exhibit split ratings on the 

issuance date or in later periods. Cantor, Packer and Cole (1997) found a 57.4% level of 

rating discrepancy among CRAs at issuance date in the US corporate bond market from 

1983 to 1993. More recently, Livingston and Zhou (2010) note that split ratings at 

issuance date reach up to a 48% in the 1983-2006 period. Moreover, the CRAs’ 

disagreements regarding the credit risk evolve along the lifetime of the rated bond. 

Subsequent rating adjustments after issuance might create, increase, decrease or eliminate 

disagreement, as these dynamics are more frequent for split-rated bonds (Livingston, 

Naranjo and Zhou, 2008). For instance, in our sample of rating downgrades, 73% of them 

 
54 A number of works find that multi-rating is beneficial for bonds. Baker and Mansi (2002) find that issues with two 

identical ratings have lower yields than issues receiving the same rating by just one CRA. Perry, Liu and Evans (1988) 

and Billingsley, Lamy, Marr, and Thompson (1985) indicate that the market prices of bonds are based on the lower 

rating. Conversely, Reiter and Ziebart (1991) and Hsueh and Kidwell (1988) show evidence that the higher rating is 

the one setting the market price of bonds. Jewell and Livingston (1999) find that Fitch rating assignments on issues 

formerly rated by S&P and Moody’s have lower yields and are more likely to receive upgrades. 
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lead to changes in the split rating level (see the data description in the next section for 

more details). 

Split ratings reflect an information opacity problem regarding the rated firms (see, e.g., 

Morgan, 2002, Livingstong and Zhou, 2010).55 Hauck and Neyer (2014) theoretically 

model the relationship between information opacity and disagreements between CRAs. 

Bowe and Larik (2014) find that the more transparent companies (that is, larger firms 

with more independent directors and with institutional investment) are less likely to 

receive split ratings. Livingston et al. (2007) find that six out of seven measures of asset 

opacity explain the split rating. The empirical literature usually measures informational 

opacity with split ratings (Morgan, 2002; Bonaccorsi and Dell’Ariccia, 2004; Livingston 

et al., 2008). The split is used to measure information opacity for banks (Bannier, Behr 

and Güttler, 2009; Balasubramnian and Cyree, 2011; Iannotta 2006), firms (Kim, Kraft 

and Ryan, 2013; Hyytinen and Pajarinen, 2008; Bonaccorsi and Dell’Ariccia 2004), 

different corporate issues (Bowe and Larik, 2014), insurance companies (Pottier and 

Sommer, 2006), corporate bonds (Güntay and Hackbarth, 2010; Livingston et al., 2010) 

and loans (Drucker and Puri, 2008). Bonaccorsi and Dell’Ariccia (2004) analyse the 

effects of competency on the set up of new firms under different degrees of asymmetric 

information and opacity levels, which they measure by the percentage of split ratings in 

the sector. Iannotta (2006) compares the opacity level between financial and non-financial 

firms with split ratings, and Hyytinen and Pajarinen (2008) use it to compare the opacity 

levels between firms already stablished and those setting up their business. Vu, Alsakka 

and Gwilym (2015) analyse sovereign bonds and find that for more opaque governments, 

there is a higher probability of receiving split ratings. 

Generally, more information opacity (i.e., less public information) implies higher 

financing costs for firms. Duffie and Lando (2001) propose a model for credit pricing that 

establishes the relationship between credit spreads and the degree of opacity. Easley and 

O'Hara (2004) relate information opacity to higher stock returns. Several researchers 

study how the opacity measured by a split rating impacts the cost of debt, focusing on the 

issuance dates of bonds. Cantor et al. (1997) and Jewell and Livingston (1999) note that 

 
55 Earlier theories attempting to explain the existence of split rating are the random error hypothesis (Ederington, 1986), 

methodological differences between CRAs’ procedures (Pottier and Sommer, 1999), differences in rating scales 

(Tabakis and Vinci, 2002), and, more recently, rating shopping (Livingston, 1999; Bolton, Freixas and Saphiro, 2012; 

Bongaerts, Cremers and Goetzmann, 2012).  
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the best and the worst ratings are important for estimating bond returns. Livingston and 

Zhou (2010) and Livingston et al. (2010) find that bonds presenting split ratings have an 

average excess spread of 7 basis points higher than bonds with similar credit risk and no 

split rating. They conclude that this excess spread is the consequence of the issuers’ 

information opacity. Likewise, Livingstone and Zhou (2010) note that during economic 

downturns, split ratings are less common, but the excess spread due to market opacity is 

higher. Santos (2006) finds that a split rating increases the relative financing costs only 

during economic recessions. Livingston and Zhou (2016) find that bond yields diminish 

after the inclusion of a third rating agency (Fitch) because a new CRA will reduce the 

information opacity. Bonsall and Miller (2017) find less readable financial disclosures 

(lower transparency levels) are associated with greater CRAs' disagreement and higher 

costs of debt.  

The study of the dynamics of information opacity and its effect on the bond market has 

been scarcely analysed. The information environment of firms is time varying, as the 

rankings of the S&P transparency and disclosure rankings and the Bloomberg ESG 

reflect. There are also many proxies of changes in transparency, such as changes in 

corporate disclosures, in earnings management, in accounting standards, etc. (e.g., Lang, 

Lins, and Maffett, 2012; Angela Liu, Hsu and Li, 2015). However, the literature is silent 

regarding the dynamics of split ratings as a proxy for time varying opacity, although it is 

superior to firm-specific attributes as a measure. These alternative proxies generally 

reflect a single dimension of the firm’s information environment, whereas CRAs will 

capture changes in this environment by adjusting the rating if the changes change CRAs’ 

beliefs regarding the firm value. Subsequent rating adjustments announced by different 

CRAs will generate changes in split rating along the lifetime of the bond, as usually they 

are not equally large and do not match in time. More information transparency will lead 

to greater consensus among CRAs, thus reducing the split rating, whereas increases in the 

opacity level will have the opposite effect, increasing the disagreement and the split 

rating. Therefore, the dynamic aspect of disagreement among CRAs has a substantial role 

in measuring the continuously changing information opacity of rated firms. 

CRAs facilitate the functioning of capital markets by reducing information asymmetries 

trough rating announcements. There is a consensus regarding the negative effect of 

negative rating changes on corporate bond returns (e.g., Steiner and Heinke, 2001; May, 
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2010; Cornaggia and Cornaggia, 2013). However, CRAs’ disagreements will mitigate the 

role of ratings in reducing asymmetries. According to the theoretical model of Boot, 

Milbourn and Schmeits (2006), CRAs play a delicate role in financial markets. Their 

opinions are more valuable when there is uncertainty, but when this uncertainty is too 

high, CRAs’ beliefs could be too divergent, breaking down the coordinating role of the 

ratings. He, Wang, and Wei (2010) find that information asymmetry changes with rating 

adjustments. Livingston et al. (2008) find that bonds issued by more opaque firms, i.e., 

with higher levels of split ratings, are prone to suffer from subsequent rating changes. We 

hypothesize that the return response to rating changes will depend on the dynamics of the 

information opacity. The successive rating adjustments on the same bond by the same or 

different CRAs could signal two types of changes in the issuer’s opacity level, as follows: 

higher opacity when the rating adjustment widens the split rating (higher uncertainty 

regarding the actual credit risk of the bond); and lower opacity when it narrows the split 

rating (lower uncertainty regarding the actual credit risk of the bond). Accordingly, we 

expect a weaker bond market response to rating announcements that widen the split rating 

and a stronger response to rating adjustments that narrow the split. Formally, we establish 

our first hypothesis as follows: 

H1. Rating adjustments that reflect lower information opacity (narrower split 

rating of the rerated bond) will have a stronger effect on bond returns than 

rating adjustments that reflect higher information opacity (wider split rating 

of the rerated bond). 

Furthermore, the effect of the split rating dynamics on the bond return response to rating 

adjustments could depend on the information opacity level at the announcement date. 

Badoer and Demiroglu (2019) find that the information content of credit ratings relates 

with the global market information transparency, affecting the investor reliance on 

ratings. According to Holthausen and Verrecchia (1988) and Kim and Verrecchia (1991), 

the investors’ sensitivity to new information increases in information uncertainty. In this 

sense, investors will be concerned with the opacity level at the rating adjustment date. 

Higher opacity reflected in a wide split rating level implies that investors face more 

uncertainty in assessing the actual credit risk of the rerated bond. We expect that due to 

this higher uncertainty, investors will reduce their reliance on the information that the 

rating adjustment discloses. Contrarily, rating changes will be more informative in the 
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case of bonds with low split rating. So, we expect a stronger market response with low 

opacity than with high opacity. Then, our second hypothesis is the following: 

H2: Rating adjustments on bonds with higher levels of information opacity 

(larger split rating) cause a less intense effect than rating adjustments on 

bonds with lower levels of information opacity (smaller split rating). 

Finally, as Jorion and Zhang (2007), among others, show, the better the rating level prior 

to the announcement, the stronger is the negative impact of downgrades. Cantor and 

Packer (1995) find that the CRAs’ opinion has a stronger effect for below-investment 

grade issues than for those at the investment grade level. The survey by Cantor, Gwilym 

and Thomas (2007) indicates that there is an important use of the IG level as a cut-off 

point by investment managers and plan sponsors. In fact, many institutional investors face 

credit rating-based portfolio restrictions. Baghai, Becker and Pitschner (2019) show that 

funds tend to hold mostly securities above the IG threshold (96%), pointing to a 

segmentation in the market. Kwan (1996) shows that HY bonds are particularly sensitive 

to firm-specific information; Han and Zhou (2013) indicate that bonds that are closer to 

default are more sensitive to reductions of information, and Hao, Prevost and Wongchoti 

(2018) argue that HY bonds have greater exposure to information risk. According to this 

literature, we hypothesized that the effect of information opacity on the return response 

to downgrades is reinforced for low-rated bonds. The uncertainty regarding the credit risk 

of more opaque bonds induces a worse investor perception for low-rated issues than for 

bonds with high ratings. We expect that for high rated bonds, the role of opacity will be 

less important. In short, our third hypothesis is as follows: 

H3: The dynamics of information opacity are more relevant for determining 

the effects of rating adjustments on bond returns for HY bonds than for IG 

ones. 

4.3 Rating event selection and split rating dynamics 

We analyse bond return responses to negative rating events. Following Gande and Parsley 

(2005), we use a comprehensive definition of credit rating events by considering rating 

downgrades and negative changes in the watch-status of bonds announced by at least one 
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of the Big Three CRAs (S&P, Moody’s and Fitch Ratings).56 Notice that a rating event 

may be announced by just one single CRA or various CRAs simultaneously (on the same 

date). We consider the events in the last case as one single event and denote them as 

multi-rating events.   

We collect bond credit rating information by the Big Three rating agencies from Mergent 

Corporate Bond Security Data. According to the Securities and Exchange Commission 

(SEC), these agencies covered approximately 95% of the US market at the end of 2017 

(SEC, 2017). We gather information on downgrades and changes in the watch listing 

status with negative connotations of corporate plain vanilla fixed rate bonds57 issued by 

US firms and denominated in US dollars from October 1st, 2004, to December 31st, 2014. 

We exclude ratings not tabulated in the common scales and short-term ratings. Second, 

we collect the daily prices of these rerated bonds from TRACE.58 Following Dick-Nielsen 

(2009) and Edward, Harris and Piwowar (2007), we eliminate TRACE errors and 

information that is not useful for bond price analysis.59 Finally, we set an event-driven 

liquidity filter by requiring at least 4 traded prices between consecutive rating events on 

the same bond. This filter also avoids event window contamination due to the clustering 

of events (see the next section for further details).  

 
56 CRAs frequently put corporate bonds on credit watch (positive or negative) and decide a few months later to change 

or to confirm the explicit credit rating. In our setting, we consider as rating events any change in the watch status of 

bonds with negative implications. 
57 This excludes bonds with optionality or redeemable, convertible bonds, asset backed securities, issues linked to other 

issues and perpetual bonds. 
58 TRACE is the Financial Industry Regulatory Authority (FINRA) vehicle to comply with the Rule 6200 series that 

requires a reporting of over the counter fixed income transactions. It started in January 2002 and covers almost 100% 

of the corporate bond market transactions since 2004. 
59 We filter out the following: (i) true duplicates (identified by the same message sequence number), (ii) same day 

reversals (occurring on the same day or in any other day identified by the R or the X), (iii) operations cancelled and 

corrections (cleaning the previous to correction operation), (iv) other errors (traded prices over 500$ or below 0.001, 

trade volumes below or equal to 0 or where there is no transaction time), (v) transactions indicated as “when issued”, 

(vi) agency transactions (double reports matching in most data, but not identified by the same message sequence 

number) identified by considering operations on the same instrument with a delay in the reporting time of up to 3 

minutes and with a price difference of 5% considering more than one reporting party, and (vii) outliers (returns from 

the previous price in absolute terms greater than 20% and prices above 20% in absolute terms with respect to the median 

daily price). After the filtering process, we compute the daily price as the average price of the day. 
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Table 4-1.Distribution of rating events 

  

 

A rating event is a downgrade or a change in the watch status of a bond. The total number is 16,625 rating events 

from October 1st, 2004, to December 31st, 2014, where 3,598 are changes in watch status (changes of 1 or 2 points 

on the 58-point numerical scale). CR is the credit rating of the bond on the event day, ∆CR is the size of the event 

defined as ∆CR=abs(CR-CR-1), where the subscript -1 indicates the day before the event. Best (Worst) rater 

indicates the percentage of events on which the CRA assigns the highest (lowest) rating on the event date. The 

total percentage of events by the CRA is larger than 100% due to multi-rating announcements. In some cases, 

several CRAs assign the same best (worst) rating, so the corresponding sum of percentages is above 100%.  

 

Table 1 depicts the distribution of rating events in the final sample. It contains 16,625 

downgrades and changes in the watch status. Regarding the announcing CRA (Panel a), 

43% correspond to Standard & Poor’s, 47% to Moody’s and 17% to Fitch. We map the 

alpha-numerical rating scale into a 58-point numerical scale (Sy, 2004), from the largest 

value that is assigned to the best rating level (Aaa/AAA=58) to the worst rating level 

(Ca/CC to C/SD-D=1). The average Standard and Poor’s rating is 32.9 (BBB), which is 

2 points higher than the average Moody’s rating (31, BBB-, watch +). This result is in 

line with the studies of Baker and Mansi (2002) and Livingston et al. (2008), 

corroborating that Moody’s provides more conservative ratings than S&P in the sample 

period. The Fitch’s average rating (33.9, BBB, watch +) is the highest among the CRAs, 

which is consistent with Jewell and Livingston (1999), who find that the average Fitch 

rating is much more positive than the ratings of Moody’s and S&P. When comparing the 

rating assigned before the announcement, we observe that Fitch is the best rating provider 

(assigning lower credit risk) in 52% of the events. On the opposite side is Moody’s, which 

Panel a. CRA

Standard & Poor’s Moody’s Fitch

% events by CRA 43.4% 47.0% 17.4%

Average CR 32.9 31.0 33.9

Average ∆CR 4.4 4.4 4.1

% Best rater 33.5% 30.6% 48.6%

% Worst rater 42.1% 42.6% 23.2%

Panel b. Jump size

 ∆CR<=3  ∆CR<=6  ∆CR<=9

% events 58% 87% 94%

Panel c. #CRA following

1 CRA 2 CRAs 3 CRAs

% followed by 13.0% 23.5% 63.6%

% announced simultaneously by 82.9% 13.4% 4%
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provides the best rating in only 33% of the cases, closely followed by S&P. When 

comparing the worst rating providers (assigning a higher credit risk), Moody’s is the 

strictest rating provider in 46% of the cases, closely followed by S&P with 45% of events, 

and Fitch, which is the worst rating provider for 25% of events.60 

In terms of the degree of rating deterioration (see Panel B), 58% of rating events 

correspond to a deterioration of 3 points or less in the numerical rating scale (the 

equivalent of one complete rating notch), 87% of the events are between 1 and 6 points 

and 6% of the events show more than 9 points of deterioration (more than one complete 

rating letter). The average rating drop is 4 points and is quite similar across CRAs. 

Panel C of Table 1 shows the distribution by the number of CRAs that monitor the rated 

bonds. At the rating event date, 13% of the issues are followed by just one CRA, 23% are 

followed by two CRAs and 64% by three CRAs. 83% of the events are announced by a 

single CRA, while the remaining 17% are multi-rating events. 

Figure 1 presents the time distribution of rating events. Years 2008 and 2009 (the global 

financial crisis period) present the highest number of rating events (53%), while 2005, 

2013 and 2014 are the years with fewer rating announcements, accounting altogether for 

3% of the events. 

 
60 Notice that the rating assigned by the different CRAs can be the same on the event date. 
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Figure 4-1. Distribution of negative rating events by year 

 

Note: 16,625 rating deterioration announcements from October 1st, 2004, to December 31st, 2014. 

Table 2 depicts the distribution of rerated bonds by relevant characteristics. The number 

of different bonds in the sample is 6,157 from 489 different issuers, which are affected 

by an average of 2.7 rating events per issue. The average time to maturity is 3.84 years. 

The most represented issuer is General Motors Acceptance Corporation (GMAC), with 

2,127 rating events. Most of the bonds are senior issues, which account for a 91.1% of 

the sample, and 15.9% of bonds contain covenants to enhance the credit profile of the 

issues. 

Table 4-2. Characteristics of rerated bonds and issuers 

 

 

The sample comprises 16,625 credit rating deteriorations announced from 

October 1st, 2004, to December 31st, 2014. # is the number, % is the 

percentage of the total number of events. 

 

We measure the daily split rating for bonds rated by more than one CRA as the difference 

between the higher and the lower ratings assigned by the different CRAs to the same bond 

# different issues 6,157

Number of issuers 489

Average years to maturity 3.84

Most represented issuer 2,127 (11.87%)

# of downgrades affecting to senior issues 15,085 (84.19%)

# of downgrades affecting to issues with covenants2,644 (14.76%)
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each day. The split rating is dynamic, as it changes when a CRA announces a rating event 

for this bond. Table 3 depicts the distribution of split ratings and provides the first view 

regarding the level of CRAs’ disagreement, i.e., the differences in their assessments of 

bond credit risk. The average split rating is 5.5 points (almost 2 complete notches), 

presenting a discrepancy level of 4.79 points before the event announcement. The average 

change in a split rating on the event date is 0.97, and the average of the absolute value of 

the split rating change is 2.47. A total of 74% of the 16,625 rating events lead to a change 

in the disagreement between CRAs’ opinions. They lead to a more convergent opinion 

on the credit worthiness of the issue, that is, a narrowing of the split rating occurs in 

28.6% of the events, and to a more divergent opinion, that is, a widening of the split rating 

in 44.8% of the events. These split rating dynamics imply a general increment of 

information opacity in the US corporate bond market in this period and give some indirect 

evidence against the herding behaviour hypothesis (see Lugo, Croze and Faff, 2015). 

Table 4-3. Split rating distribution 

 

The sample comprises 16,625 credit rating deteriorations announced from October 1st, 

2004, to December 31st, 2014. CR-1 is the prior rating level by the CRA announcing the 

event, where the subscript -1 indicates the day before the event. ∆CR is the size of the 

event, defined as ∆CR=abs(CR-CR-1). Split is the maximum discrepancy between the 

ratings assigned by the CRAs; Split-1 is the split level prior the announcement. ∆𝑆𝑝𝑙𝑖𝑡 

is the change in the split level, defined as ∆𝑆𝑝𝑙𝑖𝑡 = 𝑆𝑝𝑙𝑖𝑡 − 𝑆𝑝𝑙𝑖𝑡−1. # Indicates the 

number of events, % indicates the percentage with respect to the total number of events. 

 

# (%) Mean Max Min

∆CR 16,625   100% 4.31 40 1

Split 13,791   83% 5.50 44 0

Split-1 13,803   83% 4.79 44 0

∆Split 12,212   73% 0.97 40 -24

∆Split=0 4,413     27% 0.00

∆Split<0 (Narrow) 4,757     29% -3.07 -1 -24

∆Split>0 (Widen) 7,455     45% 3.55 40 1

TOTAL
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4.4 Research design 

To analyse the effects of information opacity on the returns of rerated bonds, we fist 

calculate the bond returns from clean prices. This allows us to avoid contamination of the 

results due to daily mechanical increases or sudden decreases in gross prices from accrued 

interest (see Defond and Zhang, 2014).61 We calculate the bond return around a rating 

event from the last daily price before the event date (at day t=t1) to the first daily price 

after it (at day t=t2). This definition of the event window allows us to increase the sample 

size and the power of the tests (see Ederington, Guan and Yang, 2015). Following 

Bessembinder, Kahle, Maxwell and Xu (2009), we compute the premium event period 

return (excess return for short) around the event i (i.e., a rating event for a bond at day 

t=0), by subtracting the return of a matched Treasury security with a similar maturity date 

computed in the same window. In this way, we eliminate the possibility that the estimated 

effects are the result of changes in the returns of Treasuries. In particular, this excess 

return (ER) is computed as follows: 

𝐸𝑅𝑖 = (
(𝑃𝑡2

𝑖 −𝑃𝑡1
𝑖 )

𝑃𝑡1
𝑖  −

(𝑇𝑡2
𝑖 −𝑇𝑡1

𝑖 )

𝑇𝑡1
𝑖  ) ∗

365

(t2−t1) 
    (1) 

where 𝑃𝑡1
𝑖  and 𝑃𝑡2

𝑖  are the last and first prices, respectively, of the rerated bond with 

respect to the i-event date, and 𝑇𝑡1
𝑖  and 𝑇𝑡2

𝑖  are the corresponding prices of the matched 

Treasury security in the same event window, (t1, t2). We compute the Treasury prices 

from the zero coupon yields of the US Treasury with the same maturity as the rerated 

bond. We gather the data from Bloomberg. Finally, we adjust ER by the number of days 

between the observed prices and convert it to an annual basis. 

We analyse the effect of the split rating dynamics on the bond excess returns in a 

multivariate setting. We start by specifying the following baseline cross-section 

regression (Model 1):  

𝐸𝑅𝑖 = 𝛽0 + 𝛽1𝐶𝑅𝑖,−1 + β2ΔCRi + λWi+𝜖𝑖   (2) 

where 𝐸𝑅𝑖 is the bond excess return around the rating event i , CRi, -1 is the rating level 

of the rerated issue the day before the i-event is announced (t=-1), and Δ𝐶𝑅𝑖 is the rating 

change size computed as the absolute value of the rating adjustment.62 We include the 

 
61 Bessembinder et al. (2009) and Ederington et al. (2015) indicate that calculating returns using clean prices, ignoring 

accrued interest, makes little difference in the size and power tests. 
62 Δ𝐶𝑅𝑖 = 𝑎𝑏𝑠(𝐶𝑅𝑖 − 𝐶𝑅𝑖−1). We take the maximum rating variation in those cases in which multiple CRAs announce 

a rating event simultaneously (multi-rating events). 
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number of trading days between the two prices used to estimate the excess return, t1 and 

t2, (Wi) to control for the event window size. 

In constructing the sample for estimating Model 1, we follow Gande and Parsley (2005) 

and Ferreira and Gama (2007) in taking the rating events and selecting a matched sample 

of non-event days as a control group. This approach is common in this branch of the credit 

rating literature (e.g., Brooks, Faff, Treepongkaruna and Wu, 2015, Abad, Alsakka and 

Gwilym, 2018), as it allows us to enhance the robustness and interpretation of the model 

estimations. We sample randomly with replacement by issuer and time period to obtain a 

representative matched random sample of non-event days63 that replicates the main 

characteristics of the rating sample.64 Hence, the number of observations in the estimated 

models doubles the number of rating events. 

As a second step, we want to focus on the role of information opacity in explaining the 

rerated bond returns response to rating events. To do so, we compute the daily split rating 

level of each bond as the largest disagreement about the creditworthiness of the issue 

among the CRAs that rate the issue as follows: 

Splitt = Max(CRS&P,t, CRMoody’s,t, CRFitch,t) – Min(CRS&P,t, CRMoody’s,t, CRFitch,t) 

where CRj,t is the rating assigned to the bond by agency j (j= S&P, Moody’s, Fitch) on 

day t on the 58-point scale. To analyse the effect of the split rating dynamics (our proxy 

for changes in the information opacity), we consider the value of the split on the i-event 

date (Spliti) and define two dummy variables, as follows: Widen, which is equal to 1 when 

there is an increase in the disagreement between CRAs as a consequence of the i-event 

(that is, for Spliti>Spliti,-1), and zero otherwise; and Narrow, which is equal to 1 when the 

rating event diminish the disagreement (for Spliti<Spliti,-1). These variables signal 

situations in which the information opacity became higher or lower. Both dummies where 

added, so Model 2 is as follows: 

𝐸𝑅𝑖 = 𝛽0 + 𝛽1𝐶𝑅𝑖,−1 + β2ΔCRi + β3Wideni + β4Narrowi + λWi+𝜖𝑖  (3) 

 
63 We match each rating event considering both the issuer and period (using the 4 periods based on the US Business 

Cycles). To avoid contamination due to clustering, we pick the random sample by removing two prices previous to 

each event and two prices after it. When there are not enough pricing data for that issuer in that time period, we find 

another random issuer with the same rating as the rating on the event date.  
64 The statistics of the main characteristics for the matched sample (analogous to Table 2) are available on request. 
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To test the second hypothesis, we augment Model 2 with additive and multiplicative 

widen and narrow variables simultaneously to consider the split level and its dynamics 

jointly. Model 3 is then the following:  

𝐸𝑅𝑖 = 𝛽0 + 𝛽1𝐶𝑅𝑖,−1 + β2ΔCRi + β3Wideni + β4Narrowi + β5Wideni𝑆𝑝𝑙𝑖𝑡𝑖 

+β6Narrowi𝑆𝑝𝑙𝑖𝑡𝑖 + λWi+𝜖𝑖  

(4) 

To enhance the estimation properties, we include a set of time periods and issuer dummies 

in all models.  

4.5 The effects of information opacity on bond returns 

Table 4, Panel A, presents the results of estimating Models 1, 2 and 3. The first column 

presents the results of Model (1), which reveal a clear pattern whereby larger sized 

negative rating adjustments lead to stronger decreases in bond returns. This negative 

impact of rating deterioration on returns is consistent with the literature (see May, 2010, 

Steiner and Heinke, 2001 and Jorion and Zhang, 2007). Specifically, a rating deterioration 

of 1 point (e.g., a negative change on the watch status from any rating level) is associated 

with a significant drop in the excess return of -0.115%. Also, consistent with prior studies, 

we observe that the prior rating is relevant in the explanation of the excess return around 

the event. In particular, the better the prior rating level, the lower the negative impact of 

negative rating adjustments. The coefficient on the event-window size (the number of 

trading days between prices used to the compute return) is significant and presents the 

expected sign, which implies that the negative effect of the credit event is somewhat 

diluted when the returns are calculated in a broad window. However, in line with 

Ederington et al. (2015), this evidence indicates that the additional non-event noise over 

the longer periods is out-weighted by the increased sampling, allowing the negative 

impact of the announcement of a lower credit quality of a bond to be detected. 
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The number of cases is 33,250 (16,625 credit rating deteriorations plus 16,625 non-event matched cases). 

All models are estimated by OLS with Huber-White robust standard errors. The t-statistics are displayed 

in parentheses. ***, **, and * denote significance at the 1%, 5% and 10% levels, respectively. CR-1 is the 

prior rating level by the CRA announcing the event, where the subscript -1 indicates the day before the 

announcement. ∆CR is the size of the rating event, defined as ∆CR=abs(CR - CR-1). Split is the maximum 

discrepancy between the ratings assigned by the CRAs. Widen (Narrow) is a dummy variables taking the 

Model 1 Model 2 Model 3 Model 1 Model 2 Model 3

Intercept -0.505

(-0.82)

-0.601

(-0.96)

-0.565

(-0.91)

0.245

(0.34)

0.078

(0.11)

0.150

(0.20)

CR-1
0.041***

(5.40)

0.047***

(6.03)

0.046***

(5.89)

0.051***

(4.03)

0.058***

(4.41)

0.057***

(4.29)

∆CR -0.115***

(-6.09)

-0.102***

(-5.04)

-0.108***

(-4.49)

-0.126***

(-6.80)

-0.113***

(-5.15)

-0.121***

(-4.91)

Widen 0.010

(0.10)

0.022

(0.13)

0.007

(0.07)

0.015

(0.10)

Narrow -0.439***

(-3.62)

-0.739***

(-3.95)

-0.459***

(-3.94)

-0.776***

(-4.53)

Widen*Split 0.002

(0.09)

0.003

(0.15)

Narrow*Split 0.081***

(2.60)

0.087***

(2.94)

Window 0.001***

(5.60)

0.001***

(6.08)

0.001***

(6.37)

0.001***

(5.62)

0.001***

(5.96)

0.001***

(6.10)

Senior -0.568

(-1.44)

-0.583

(-1.47)

-0.598

(-1.52)

Volume 0.000

(0.27)

0.000

(0.28)

0.000

(0.42)

SupSP -0.223***

(-2.84)

-0.198**

(-2.55)

-0.204***

(-2.61)

Covenants -0.315

(-1.45)

-0.337

(-1.55)

-0.332

(-1.53)

Risk 0.073

(0.41)

0.095

(0.54)

0.105

(0.59)

Multi-rating -0.100

(-1.04)

-0.103

(-1.06)

-0.089

(-0.90)

# CRA following -0.093

(-0.69)

-0.078

(-0.57)

-0.104

(-0.78)

Maturity -0.039

(-0.84)

-0.039

(-0.84)

-0.039

(-0.84)

Issuer & Time Yes Yes Yes Yes Yes Yes

R-squared 0.009 0.009 0.009 0.045 0.045 0.045

PANEL A PANEL B

Table 4-4. Impact of negative credit rating events on bond excess returns 
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value of 1 if Split>Split-1 (Split<Split-1). Issuer is a set of dummy variables to control for the issuers. Time 

is a set of dummies to control for the US Business Cycle (see footnote 16). Window is the number of days 

in the event window. Senior is a dummy variable that is equal to 1 for senior issues. Volume is the volume 

issued of the issue affected by the event. SupSP is a dummy with a value of 1 if S&P is the CRA assigning 

the highest CR. Coventants is a dummy variable taking a value of 1 if the issue has some covenants. Risk 

is the change in the Moody’s AAA Corporate Bond Index Yields. Multi-rating is a dummy variable equal 

to 1 for simultaneous announcements. #CRA following is the number of CRAs following the issue at the 

event date.  

 

The second column of Panel A in Table 4 presents the results of estimating Model 2, 

which includes the dynamics of split rating (opacity). The investors’ response to negative 

rating events is stronger when the announcing CRA’s opinion converge with the others, 

which imply that information opacity decreases. A rating event that narrows the split 

rating leads to more negative excess returns by -0.439. The rationale of this effect is that 

the reduction on the ambiguity about the creditworthiness enhance the investors reliance 

on the information disclosed by the rating event and induces a stronger excess return 

response to it. As in Model 1, the prior credit rating level and the event-window size 

remain significant, as their coefficients have the expected signs. 

The Model 2 results support our first hypothesis, indicating that the convergence of the 

CRAs’ opinions is important for investors along the lifetime of bonds. This result is 

aligned with the findings of Livingstone et al. (2010) on the impact of split ratings at 

issuance date. They prove that higher split rating levels are associated with larger yield 

spreads, signalling that more information opacity causes a higher cost of capital for firms. 

Our results complement this one, indicating that when a split rating converges after 

negative rating events, the excess return response to these events is stronger, as market 

participants trust the information disclosed by the rating event more. 

The estimation of Model 3 is consistent with the prior models’ results (see the third 

column, Panel A, Table 4), confirming that those negative rating events that imply the 

convergence across CRAs’ opinions have stronger impact on excess returns than other 

events. However, we observe milder effects when the split rating level is higher. This 

result supports our second hypothesis that expects weaker effects of negative rating events 

when there is more issuer opacity on the event date. The findings are consistent with those 

in Livingstone and Zhou (2010), who indicate that investors are more worried about over-

rating when there are high levels of split ratings. The negative impact for narrowing split 
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rating changes diminishes until the split rating is below 10 points of divergence in the 58-

point scale (one rating letter). In line with our expectations, negative rating events that 

imply the convergence of opinions across CRAs is the scenario in which the excess return 

presents a more negative response to rating deteriorations. The interpretation of this result 

is that this narrow split after the event signals lower uncertainty about the information 

that the rating adjustment discloses, making is more credible for investors. However, the 

impact is lower when the opacity level remains high. This result is consistent in 

supporting H2. 

To test the robustness of the previous inferences, we run the models again extended with 

a set of control variables. In line with Livingston et al. (2010), we control for the 

cofounding effects of several bond characteristics, as follows: years to maturity, volume 

issued, whether it is a senior bond and whether it includes covenants. We also control for 

corporate bond market conditions by including the Moody’s AAA Corporate Bond Index 

Yields. Finally, we include characteristics of the credit rating events, such as the 

announcing CRA, following Lugo et al. (2015), and we consider S&P to be the most 

likely agency to be the leader, as it is the most established CRA with the greatest 

reputational capital. We include SupSPi, which is a dummy variable indicating that 

Standard and Poor’s is the CRA assigning the highest rating to the rerated bond. Finally, 

we also control for multi-rating events and the number of CRAs that rate the issue on the 

event date. 

The estimation results of Models 1, 2 and 3 extended with control variables are presented 

in Panel B of Table 4. In general, they are consistent with those for their initial version. 

Remarkably, the negative rating events affecting bonds for whom S&P is the CRA 

assigning the best rating cause a stronger negative response of excess returns, pointing to 

a leading position of S&P in the US market. This finding is consistent with those 

presented by Livingston and Zhou (2010), who show that bonds with superior S&P 

ratings present less penalized yields due to split ratings.  

4.6 Further analysis  

4.6.1 Investment-Grade versus High-Yield issues 

The literature suggests that investors are more sensitive to negative rating events of 

speculative issues than of IG ones, showing a stronger reaction in these cases (Jorion and 

Zhang, 2007; Cantor and Packer, 1995). Some institutional investors face regulatory 



153 
 

restrictions that focus on a broad ratings category, i.e., the IG segment, rather than 

individual notches within a category (e.g., Cantor et al., 2007; Baghai et al., 2019). Rating 

events could reflect trading for regulatory reasons rather than reflecting the information 

content of adjustments. Conversely, speculative bonds are more sensitive to firm-specific 

information (Kwan; 1996, Han and Zhou; 2013). So, we deepen the investigation into the 

rating level aspect of opacity by studying the effects of the split rating dynamics on IG 

and HY issues separately. The IG group comprises bonds with at least a BBB- rating after 

the negative rating event. The HY group comprises issues that have BB+ or lower ratings 

before the event. We restrict the group to those cases in which the rerated bond remains 

in the same group (IG or HY) after the rating event to avoid those cases in which the 

rerated bond crosses the IG-HY boundary.  

Table 4-5. CR and split rating distribution by rating level 

 

See the note for Table 3. Investment Grade includes cases in which the rerated bond remains at the IG level after 

the negative rating adjustment (that is, that became rated above BBB-). High Yields includes cases in which the 

rerated bond was HY before the negative rating adjustment (that is, between BB+ and D). The percentages are 

calculated based on the total cases in the corresponding subsample. 

 

Table 5 shows the distribution of rating events and split ratings separately for both groups. 

The IG group presents 10,698 events, more than twice the number of HY events (4,798). 

The average rating deterioration for IG is 3.8 points on the scale, slightly below the 

average of the HY group (4.3 points). There is also a difference in the split rating level, 

as the average split rating level of the IG group is lower than that of the HY group on the 

event day. It is important to highlight that the percentage of HY rerated bonds showing a 

split rating is much higher (97%) than in the case of the IG group, which is 75%. 

Livingston et al. (2007) find that IG bonds are less likely to have a split rating than HY 

# (%) Mean Max Min # (%) Mean Max Min

∆CR 10,698   64% 3.78 16 1 4,798    29% 4.34 17 1

Split 8,022     75% 5.44 25 0 4,672    97% 7.71 44 0

Split-1 8,061     75% 4.68 30 0 4,678    97% 6.99 44 0

∆Split 7,272     68% 0.81 15 -10 3,949    82% 0.85 15 -24

∆Split=0 3,426     32% 0.00 849      18% 0.00

∆Split<0 (Narrow) 3,001     28% -2.78 -1 -10 1,401    29% -3.10 -1 -24

∆Split>0 (Widen) 4,271     40% 3.33 15 1 2,548    53% 3.02 15 1

CR Investment Grade Sample (N=10,698) CR-1 High Yield Sample (N=4,798)
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bonds. Livingston et al. (2008) show that highly rated bonds (AAA and AA) are less 

likely to have rating changes than BBB rated bonds. The average change in the split rating 

(i.e., in information opacity) is similar in both samples (0.81 and 0.85 points, 

respectively). In both groups, the percentage of rating adjustments related to opacity 

increases (widen split rating) is higher than the percentage of those leading to lower 

information opacity (narrow split rating). The narrows average size is higher in the HY 

group and the widens average size is higher in the IG group. However, the percentage of 

widen events is higher in the HY group than in the IG group, indicating a higher 

percentage of events related to increases in the opacity level for the lower quality bonds. 

We test the third hypothesis by running Models 1, 2 and 3 separately for both groups, 

excluding the CR-1 variable. Table 6 presents the results for HY bonds, and Table 7 

presents the results for IG bonds. Overall, our findings provide support for H3, indicating 

that the HY segment is more sensitive to opacity than the IG segment. 
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Table 4-6. Impact of credit rating deteriorations on bond excess returns. High Yield 

   

See the note for Table 4. The number of cases is 9,596 (4,798 credit rating deteriorations plus 4,798 

non-event matched cases). This table includes the rating deterioration with CR-1 at High Yield, that is, 

from BB+ watch + to D. The apostrophe (‘) indicates that the CR variable has been excluded from the 

models.  

 

Model 1' Model 2' Model 3' Model 1' Model 2' Model 3'

Intercept
-0.805*

(-1.90)

-0.876**

(-2.01)

-0.570

(-1.24)

4.202*

(1.71)

3.793

(1.58)

4.599**

(1.96)

∆CR
-0.200***

(-6.17)

-0.139***

(-2.62)

-0.190***

(-3.17)

-0.227***

(-6.17)

-0.151***

(-2.75)

-0.209***

(-3.34)

Widen
-0.175

(-0.89)

0.766**

(2.29)

-0.161

(-0.82)

0.624*

(1.88)

Narrow
-0.786**

(-2.28)

-2.758***

(-4.08)

-1.020***

(-2.99)

-2.887***

(-4.18)

Widen*Split
-0.093**

(-2.43)

-0.074**

(-2.0)

Narrow*Split 0.447***

(3.48)

0.449***

(3.30)

Window
0.002***

(3.04)

0.002***

(2.98)

0.002***

(2.97)

0.001**

(2.38)

0.001**

(2.31)

0.001**

(2.33)

Senior -1.360

(-0.58)

-1.147

(-0.50)

-1.262

(-0.58)

Volume 0.000

(0.86)

0.000

(0.92)

0.000

(1.12)

SupSP 0.255

(1.43)

0.450***

(2.67)

0.164

(0.93)

Covenants -0.141

(-0.50)

-0.174

(-0.62)

-0.216

(-0.76)

Risk -1.387***

(-5.80)

-1.460***

(-6.22)

-1.329***

(-5.91)

Multi-rating 0.400*

(1.66)

0.307

(1.24)

0.337

(1.35)

# CRA following -1.423***

(-3.72)

-1.414***

(-3.69)

-1.685***

(-4.12)

Maturity 0.010***

(23.43)

0.010***

(23.52)

0.010***

(23.47)

Issuer & Time Yes Yes Yes Yes Yes Yes

R-squared 0.056 0.058 0.062 0.067 0.069 0.073

PANEL A PANEL B
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Table 4-7. Impact of credit rating deteriorations on bond excess returns. Investment Grade 

 

 

See the note for Table 4. The number of cases is 21,396 (10,698 credit rating deteriorations plus 10,698 

non-event matched cases). This table includes issues with CR at Investment Grade, that is, from AAA to 

BBB+ watch –. The apostrophe (‘) indicates that the CR variable has been excluded from the models. 

 

The key results observed for the whole sample (see Table 4) are maintained for the HY 

group (see Table 6). Rating deteriorations lead to significant negative excess returns for 

low rated bonds, and this response depends on the size of the rating change, showing a 

stronger impact for larger rating falls. Downgrades leading to narrower split rating 

produce more negative excess returns, and their impact is stronger than for the whole 

Model 1' Model 2' Model 3' Model 1' Model 2' Model 3'

Intercept
-0.021

(-0.04)

-0.038

(-0.07)

-0.034

(-0.06)

-0.075

(-0.10)

-0.058

(-0.07)

-0.061

(-0.08)

∆CR
-0.058**

(-2.02)

-0.069**

(-2.56)

-0.067**

(-2.32)

-0.086***

(-4.30)

-0.098***

(-3.39)

-0.090***

(-3.55)

Widen
0.136

(1.24)

0.196

(0.89)

0.139

(1.14)

0.352

(1.22)

Narrow
-0.022

(-0.19)

-0.145

(-0.80)

-0.023

(-0.19)

-0.133

(-0.71)

Widen*Split
-0.011

(-0.38)

-0.038

(-1.02)

Narrow*Split 0.036

(1.10)

0.026

(0.79)

Window
0.001***

(5.08)

0.001***

(5.00)

0.001***

(5.03)

0.001***

(4.60)

0.001***

(4.50)

0.001***

(4.78)

Senior -0.583

(-1.42)

-0.589

(-1.42)

-0.595

(-1.44)

Volume 0.000

(0.26)

0.000

(0.29)

0.000

(0.29)

SupSP -0.227**

(-2.14)

-0.228**

(-2.16)

-0.231**

(-2.24)

Covenants -0.440

(-1.44)

-0.436

(-1.45)

-0.441

(-1.47)

Risk 0.349

(1.39)

0.348

(1.41)

0.344

(1.39)

Multi-rating -0.368***

(-2.68)

-0.373***

(-2.64)

-0.383**

(-2.54)

# CRA following -0.002

(-0.01)

-0.016

(-0.10)

-0.004

(-0.03)

Maturity -0.059

(-0.91)

-0.059

(-0.91)

-0.059

(-0.91)

Issuer & Time Yes Yes Yes Yes Yes Yes

R-squared 0.007 0.007 0.007 0.079 0.079 0.079

PANEL BPANEL A
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sample. This impact is reduced for higher split rating levels after the event date, as in the 

general case, resulting in a positive impact for those with a split rating of more than 7 

points. Additionally, rating deteriorations increasing the split rating (that is, widening 

rating-events) lead to lower negative return.  

Remarkably, the key results observed for the whole sample are not maintained for the IG 

group (Table 7). Negative rating events on investment grade issues induce negative excess 

returns linked to the size of the rating changes, but the dynamic of the information opacity 

of the issuers is not relevant. Investors seem to consider the uncertainty about the 

creditworthiness of the issuer reflected by the split rating not relevant when there is low 

credit risk, i.e., for bonds in the investment segment of the market.  

Interestingly, the impact of credit events in which Standard and Poor’s is the CRA 

assigning the highest grade becomes significant only for the IG sample, indicating that 

the market relies more on S&P in the investment segment. As Moody’s provides more 

conservative ratings than S&P, the downgrades by Standard and Poor’s only lead to 

stronger effects in the low credit risk segment. 

4.6.2 Alternative rating disagreement measures 

In the previous sections, we measured the CRAs’ disagreement with the standard split 

rating measure in the literature. However, the majority of issues in our sample are rated 

by three agencies (63.6%), and this measure ignores this information. The split rating 

measure only considers the two most extreme ratings, while ignoring the information of 

the ratings that are in the middle. This measure does not allow relevant cases to be 

distinguished, such as those when there is a divergence of opinion between all the CRAs 

(three different credit ratings for the issuer) from the case when two CRAs share the same 

rating opinion and the third disagrees. However, the first case implies a higher level of 

uncertainty regarding the creditworthiness of the issue than the second case.  

To overcome these shortcomings and to test the robustness of the main findings, we 

propose alternative measures of disagreement that consider not only the extreme but the 

entire rating distribution. The first is the Euclidean distance between the CR assigned by 

the CRAs (ED hereafter), which is computed as follows: 

𝐸𝐷𝑖 = √(𝐶𝑅𝑖,𝑆&𝑃 − 𝐶𝑅𝑖,𝑀𝑜𝑜𝑑𝑦′𝑠)
2

+ (𝐶𝑅𝑖,𝑆&𝑃 − 𝐶𝑅𝑖,𝐹𝑖𝑡𝑐ℎ)
2

+ (𝐶𝑅𝑖,𝐹𝑖𝑡𝑐ℎ − 𝐶𝑅𝑖,𝑀𝑜𝑜𝑑𝑦′𝑠)
2
  

 (5) 
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where CRi,S&P, CRi,Moody’s and CRi,Fitch are the credit rating of the issue by S&P, Moody’s 

and Fitch, respectively, on the i-event date.  

The second new measure is the Euclidean distance to the worst rating (EDW, hereafter), 

which we define as follows:  

𝐸𝐷𝑊𝑖 = √(𝐶𝑅𝑖,𝑆&𝑃 − 𝑊𝐶𝑅𝑖)
2

+ (𝐶𝑅𝑖,𝑆&𝑃 − 𝑊𝐶𝑅𝑖)
2

+ (𝐶𝑅𝑖,𝐹𝑖𝑡𝑐ℎ − 𝑊𝐶𝑅𝑖)
2
  (6) 

where 𝑊𝐶𝑅𝑖 = 𝑀𝑖𝑛(𝐶𝑅𝑖,𝑆&𝑃 , 𝐶𝑅𝑖,𝑀𝑜𝑜𝑑𝑦′𝑠, 𝐶𝑅𝑖,𝐹𝑖𝑡𝑐ℎ). ED considers the three ratings equally, 

whereas EDW considers the worst rating as the reference point.  

Table 8 presents the results considering the ED as the information opacity proxy, that is, 

substituting split by this new measure in all the models. The key results obtained for the 

whole sample (Table 4) are equivalent to the results with the ED measure, indicating the 

robustness of our main conclusions. This also happens when considering the distance to 

the worst measure (EDW), thus reinforcing the evidence that indicates the relevance of 

changes in the information opacity proxied by rating disagreements not only on the 

issuance date of bonds (as Livingston and Zhou, 2010 find) but during the entire time 

these bonds are in the market.  
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Table 4-8. Impact of rating deteriorations on bond excess returns. Euclidean distance 

 

 

See the note for Table 4. ED is the Euclidean distance of the ratings between all CRA following the 

issue: 𝐸𝐷 = √(𝐶𝑅𝑆&𝑃 − 𝐶𝑅𝑀𝑜𝑜𝑑𝑦′𝑠)
2

+ (𝐶𝑅𝑆&𝑃 − 𝐶𝑅𝐹𝑖𝑡𝑐ℎ)2 + (𝐶𝑅𝐹𝑖𝑡𝑐ℎ − 𝐶𝑅𝑀𝑜𝑜𝑑𝑦′𝑠)
2
. WidenED (NarrowED) is a 

dummy variable taking the value of 1 if 𝐸𝐷 > 𝐸𝐷−1 (𝐸𝐷 < 𝐸𝐷−1). 

Model 2 Model 3 Model 2 Model 3

Intercept -0.569

(-0.93)

-0.523

(-0.85)

0.129

(0.18)

0.228

(0.31)

CR-1
0.047***

(6.02)

0.045***

(5.77)

0.058***

(4.40)

0.056***

(4.25)

∆CR -0.117***

(-5.44)

-0.122***

(-4.82)

-0.127***

(-5.40)

-0.135***

(-5.04)

WidenED
0.157

(1.49)

0.258*

(1.74)

0.150

(1.48)

0.247*

(1.90)

NarrowED
-0.266**

(-2.19)

-0.685***

(-3.94)

-0.293**

(-2.51)

-0.727***

(-4.58)

WidenED*ED -0.008

(-0.58)

-0.006

(-0.46)

NarrowED*ED 0.078***

(3.76)

0.083***

(4.17)

Window 0.001***

(5.88)

0.001***

(6.31)

0.001***

(5.81)

0.001***

(6.13)

Senior -0.583

(-1.47)

-0.600

(-1.52)

Volume 0.000

(0.24)

0.000

(0.42)

SupSP -0.208***

(-2.67)

-0.215***

(-2.72)

Covenants -0.332

(-1.53)

-0.318

(-1.47)

Risk 0.094

(0.53)

0.105

(0.59)

Multi-rating -0.116

(-1.19)

-0.112

(-1.14)

# CRA following -0.087

(-0.63)

-0.130

(-0.93)

Maturity -0.039

(-0.84)

-0.039

(-0.84)

Issuer & Time Yes Yes Yes Yes

R-squared 0.009 0.009 0.045 0.045

PANEL A PANEL B
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Table 4-9. Impact of rating deteriorations on bond excess returns. Distance to the worst 

 

 

See the note for Table 4. EDW is the Euclidean distance of each CRA’s rating to the worst rating (WCR) 

𝐸𝐷𝑊 = √(𝐶𝑅𝑆&𝑃 − 𝑊𝐶𝑅)2 + (𝐶𝑅𝑆&𝑃 − 𝑊𝐶𝑅)2 + (𝐶𝑅𝐹𝑖𝑡𝑐ℎ − 𝑊𝐶𝑅)2, where 𝑊𝐶𝑅 =

𝑀𝑖𝑛(𝐶𝑅𝑆&𝑃, 𝐶𝑅𝑀𝑜𝑜𝑑𝑦′𝑠, 𝐶𝑅𝐹𝑖𝑡𝑐ℎ). WidenEDW (NarrowEDW) is a dummy variable taking the value of 1 if 

𝐸𝐷𝑊 > 𝐸𝐷𝑊−1 (𝐸𝐷𝑊 < 𝐸𝐷𝑊−1). 

 

Model 2 Model 3 Model 2 Model 3

Intercept -0.516

(-0.84)

-0.480

(-0.78)

0.234

(0.32)

0.311

(0.42)

CR-1
0.043***

(5.60)

0.044***

(5.67)

0.053***

(4.19)

0.055***

(4.28)

∆CR -0.121***

(-5.54)

-0.137***

(-5.26)

-0.132***

(-5.43)

-0.151***

(-5.36)

WidenEDW
0.124

(1.12)

-0.009

(-0.06)

0.125

(1.15)

-0.013

(-0.09)

NarrowEDW
-0.053

(-0.47)

-0.332**

(-2.16)

-0.064

(-0.58)

-0.348**

(-2.47)

WidenEDW*EDW 0.024

(1.29)

0.027

(1.48)

NarrowEDW*EDW 0.061***

(3.30)

0.065***

(3.68)

Window 0.001***

(5.70)

0.001***

(6.00)

0.001***

(5.53)

0.001***

(5.70)

Senior -0.575

(-1.46)

-0.593

(-1.50)

Volume 0.000

(0.26)

0.000

(0.41)

SupSP -0.221***

(-2.83)

-0.200**

(-2.51)

Covenants -0.316

(-1.47)

-0.300

(-1.40)

Risk 0.075

(0.43)

0.088

(0.50)

Multi-rating -0.110

(-1.13)

-0.111

(-1.13)

# CRA following -0.095

(-0.67)

-0.154

(-1.09)

Maturity -0.039

(-0.84)

-0.039

(-0.84)

Issuer & Time Yes Yes Yes Yes

R-squared 0.009 0.009 0.045 0.045

PANEL BPANEL A
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4.7 Conclusions 

Based on a sample of 16,625 announcements of rating deterioration of US corporate 

bonds rated by Standard and Poor’s, Moody’s and Fitch ratings between 2004 and 2014, 

we examine the dynamic evolution of the CRAs’ disagreement on the creditworthiness 

(split rating) as a measure of changes in the information opacity of issuers. According to 

previous literature, we confirm that the largest rating deteriorations lead to more negative 

bond return responses, but this effect depends strongly on the information opacity of the 

issue. Therefore, we contribute to the extant literature by considering the effect of the 

dynamics of a split rating on corporate bond returns, an issue that has not been previously 

addressed in the corporate credit ratings analysis. 

Our investigation on the role of information opacity on the bond returns response to 

negative credit rating events reveals that both the level and the dynamics of the 

information opacity (i.e., increases and decreases in the split rating) are important to 

explain this response. When the rating deterioration reflects a reduction in the information 

opacity, the excess return response is more intense than in other cases. This response is 

less intense for bonds that show a higher opacity level at the event date. The split rating 

acts as a signal for investors who perceive higher uncertainty regarding the issue credit 

risk for high disagreement. This situation lessens the credibility of the information 

disclosed by rating changes. These results highlight the role of the issuer’s information 

opacity on the bond price construction. 

An interesting result is that the effect of information opacity is asymmetric depending on 

the credit quality of the rerated bonds. The evidence indicates that this phenomenon is 

relevant for High Yield debt, but it is not for bonds in the investment segment. This 

suggests that investors are less concerned about the uncertainty regarding the 

creditworthiness of higher rated issues. 

Finally, we show that the key results are robust when we consider two alternative 

measures to estimate the rating divergence of opinion. We define two measures that 

consider all the credit scores assigned to a bond instead of only the two extreme ratings 

needed to compute the split rating measure. These measures could be helpful for further 

analysis on the CRAs’ divergence of opinion, as they capture any change in the rating 

distribution. 
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Our results complete the analysis of the effects of disagreement among CRAs in the 

corporate bond market considering the whole lifetime of the bond. These results are useful 

to investors, issuers and capital market regulators. The results highlight that issuers should 

consider the effects of the opacity dynamics on the cost of their debt, as it affects the 

returns of their bonds during their lifetime. The dynamics of CRAs’ disagreement could 

not only penalize the debt in secondary markets, but we find that this would also be 

relevant for the primary market. Bond investors should consider the opacity of firms to 

manage the credit risk of their portfolios. Finally, regulators could use the dynamics of 

split ratings to monitor the information opacity of firms and could design regulations that 

reinforce transparency as a tool to enhance the assessment of credit risk in the bond 

market.  
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