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This dissertation consists of three essays: essay 1, Underwriting Use of Credit 

Information and Firm Performance‐An Empirical Study of Texas Property‐Liability Insurers, essay 

2, Prediction of Ratings in Property‐Liability Industry when The Organizational Form Is 

Endogenous, and essay 3, A Discussion of Parsimonious Methods Predicting Insurance 

Companies Ratings.  

    The purpose of the first essay is to investigate the influence of underwriting use of 

credit information on variation in insurers’ underwriting performance.  Specifically, this study 

addresses the following two research questions: first, what firm‐level characteristics are 

associated with the insurers’ decision to use credit information in underwriting? second, is 

there a relationship between the use of credit information and variation in insurers’ 

underwriting performance?  The empirical results indicate that larger insurance companies, 

companies having more business in personal auto insurance, and those with greater use of 

reinsurance are more likely to use credit information in underwriting.  More importantly, the 

results indicate that use of credit information is associated with lower variation in underwriting 

performance, consistent with the hypothesis that use of credit information enables insurers to 

better predict their losses.       

The purpose of the second essay is to resolve the inconsistent relationship between the 

organizational forms (i.e., stock versus mutual insurers) and insurers’ financial strength ratings.  

Specifically, this study takes into account the potential endogenous nature of organizational 

forms to investigate the influence of organizational forms on insurers’ financial strength ratings.  



The empirical results from the models employed indicate that the stock dummy variable is 

indeed a significant predictor of insurers’ ratings and that the relationship between the stock 

dummy and insurers’ financial strength ratings is not affected after the endogenous nature of 

organizational forms is considered.  However, such relationship flips to be negative when 

additional rating predictors are included into the models.   

The purpose of the third essay is to investigate whether a logistic model is consistent in 

its predictions within one data set and compare the predictability and classificatory 

performance between the regression with a set of financial variables and the regression with 

principal components derived from this set of financial variables.  The empirical results indicate 

that the models’ predictability is consistent within one data set which includes two different 

groups of observations.  Also, the findings suggest that the principal components regression as 

a parsimonious model achieves the similar accuracy of estimation and fit while providing 

clearer interpretation of the role of the significant predictors. 
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CHAPTER 1 

INTRODUCTION 

1.1  Overview 

My dissertation consists of three essays on insurers’ performance and Best’s ratings.  

The first essay, entitled “Underwriting Use of Credit Information and Firm Performance - An 

Empirical Study of Texas Property-Liability Insurers,” investigates the relationship between 

property-liability insurance companies’ underwriting use of credit information and companies’ 

variation in underwriting performance.  The second essay, entitled “Prediction of Ratings in 

Property-Liability Industry when The Organizational Form is Endogenous,” examines the 

influence of organizational forms on property-liability insurance companies’ financial strength 

ratings.  The third essay, entitled “A Discussion of Parsimonious Methods Predicting Insurance 

Companies Ratings,” develops a new approach to examine the influence of extreme 

observations on rating prediction models and to compare the predictability of two regression 

models.   

This dissertation makes some significant contributions to the insurance literature.  First, 

the first essay is the first study to investigate the role of underwriting use of credit information 

on insurers’ variation in underwriting performance.  Second, the first essay is also the first study 

to empirically examine the differences existing between insurers that use credit information in 

underwriting and those that do not.  Third, I make two methodological contributions in the 

second and third essays respectively.  The second essay develops a simple method to measure 

the existence of endogeneity and creates two misclassification dummies which enable this 

study to distinguish the importance of organizational forms under the consideration of 

1 



endogeneity.  The third essay provides an across-group approach not only to validate the 

model’s accuracy in predicting insurers’ ratings by-groups but also to examine if extreme 

observations have any influence on the models’ prediction accuracy.   

1.2  Summary of Essay 1: Underwriting Use of Credit Information and Firm Performance-An 
Empirical Study of Texas Property-Liability Insurers  

Despite underwriting use of credit information in the insurance industry being 

permissible by the Fair Credit Reporting Act since 1970, there is a considerable debate in the 

public with regard to such practice.  On the one hand, proponents1 argue that the insurance 

industry should not be banned from using policyholders’ credit information since such 

information has been practiced in other financial segments and has been found to be 

associated with risk of loss in prior studies.  On the other hand, opponents2 argue that the use 

of credit information in insurance underwriting is unfair to consumers since a bad credit score 

can be a result of an accident such as a medical emergency or temporary job loss rather than a 

reflection of insureds’ risk.  Motivated by this contentious issue, this study investigates whether 

underwriting use of credit information enables insurers to predict losses more accurately if such 

information is a predictor of insurance risk.  Specifically, if insurers using such information in 

underwriting can have lower variation in underwriting performance relative to other insurers 

that do not use.  In addition, this study examines what companies’ characteristics are 

associated with the insurers’ decision to use policyholders’ credit information in underwriting.   

The data utilized in this study are drawn from the Texas Department of Insurance and 

from National Association of Insurance Commissioners.  The data from the Texas Department of 

1 Proponents include, but not limited to, insurance companies and their relevant trade organizations. 
2 Opponents include, but not limited to, consumer groups. 
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Insurance provides a substantial feature in this study.  Because this data is not available to the 

public yet, it enables this study to empirically examine if the systematic differences exists 

between insurers that use credit information and those that do not and also investigate if any 

link exists between underwriting use of credit information and variation in insurers’ 

underwriting performance. 

In this study, I conduct a two-step procedure to investigate such link.  In the first step, I 

use a logistic regression model to examine the association of a set of firm-level variables with 

the insurers’ decision to use policyholders’ credit information in underwriting.  In the second 

step, I use a traditional ordinary least squares regression to investigate if an insurer’s 

underwriting performance, measured by the variation in loss ratios, is affected by the predicted 

value of credituse indicator, which is obtained from the first step, and additional firm-level 

variables.  I further use the qualitative and limited dependent variable model to address if there 

is a simultaneous relationship between variation in insurers’ underwriting performance and 

insurers’ underwriting use of credit information.   

Overall, the empirical findings indicate that larger insurance companies, companies 

utilizing more reinsurance, and companies that have more business in personal auto insurance 

are more likely to use credit information in underwriting.  In addition, the findings indicate a 

significant and inverse relationship between underwriting use of credit information and 

variation in insurers’ loss, suggesting that such information helps insurers predict the losses 

more accurately and thus these insurers can have relatively lower variation in underwriting 

performance.   

3 



1.3  Summary of Essay 2: Prediction of Ratings in Property-Liability Industry When the 
Organizational Form Is Endogenous  

A mutual or stock indicator is often included as an explanatory variable in the analysis of 

insurers’ financial strength ratings but the evidence with regard to its influence is unclear in 

extant insurance studies.  Some studies find that mutual insurers are more likely to receive 

higher ratings3 while others find that stock insurers tend to receive higher ratings4.  Two 

statements are used to explain this inconsistency.  The first statement is relevant to mutual 

insurers’ relative safety.  The second is related to mutual insurers’ inefficiency to control costs 

or “limited access to capital5.”  In order to investigate this inconsistent relationship between 

the organizational forms and insurers’ financial strength ratings, the second study extends the 

extent studies by considering the endogenous nature of insurers’ organization forms  to 

examine the influence of organizational forms on insurers’ ratings.     

The data sources are from the National Association of Insurance Commissioners and 

from the A.M. Best Key Rating Guide.  After following a sample screening procedure commonly 

used in insurance studies, I construct an annual final sample from 259 to 1046 over the period 

of 2005 to 2009.     

I first use a multinomial logistic regression model to analyze the relationship between 

the organizational form indicator and insurers’ ratings, which is called a benchmark model.  

Taking into the consideration of endogenous nature of organizational form, I apply a binary 

logistic regression model to examine the association of an insurer’s organizational form with 

3 Studies include, but not limited to, Pottier (1997), Pottier and Sommer (1997), Bouzouita and Young (1998), 
Adams, Burton, and Hardwick (2003), Doherty and Philips (2002), and Pottier and Sommer (2003). 
4 Studies include Eckles and Pottier (2011), Doherty and Philips (2002), and Pottier and Sommer (2003). 
5 Eckles and Sommer, 2011. 
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other rating predictors and then create two misclassification dummies to measure the presence 

of endogeneity.  Next, I examine and compare models6 with and without controlling for the 

endogeneity to the benchmark model.   

After comparing the benchmark model to other models and considering the issue of 

endogenous nature of organizational forms, the empirical results show that the stock dummy 

variable is an important variable to classify insurers’ rating categories but its effect is still 

unclear.  When additional rating variables are included as other explanatory variables into the 

benchmark model, the sign of stock dummy variable is flipped from positive to negative.  Most 

importantly, empirical results demonstrate that the role of organizational forms is not affected 

after the models controlling for the endogenous nature of organizational forms.  Furthermore, I 

find that property-liability insurers that have higher profitability, greater reinsurance ratio, 

larger firm size, and lower leverage risk, are more likely to have higher ratings, consistent with 

the expectations and prior studies.   

1.4  Summary of Essay 3: A Discussion of Parsimonious Methods Predicting Insurance 
Companies Ratings  

In contrast to the extant studies using one-year ahead observations as out-of-sample to 

verify the accuracy of model’s estimation, this study develops an across-group approach to 

compare the models’ predictability and check the model’s sensitivity to extreme observations 

as well.  This study also evaluates the model’s accuracy to predict insurers’ ratings by-groups 

between the regression with a set of financial variables and the regression with principal 

components derived from these financial variables.  

6 Models include a regression consisting of additional rating variables and a regression consisting of additional 
rating variables along with interactions of these variables with the organizational form indicator.    
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I use the same data source and sample screening procedure as those used in the second 

essay.  The only difference to the second essay is the definition of group classification.  This 

study divides the sample into two groups: the inner group as middle observations and the outer 

group as extreme observations.   

To evaluate if the model is sensitive to extreme observations, I use a binary logistic 

regression to evaluate if the model’s predictability is consistent across the inner and outer 

group respectively.  Moreover, I compare the predictability between the regression with 21 

variables along with 5 dummies and the regression with principal components along with 5 

dummies to examine if a parsimonious model is a representative of rating prediction by-groups. 

This study provides the evidence that the models employed are not sensitive to extreme 

observations since the models’ predictability is consistent when either the inner or outer group 

is used as estimation sample.  Also, the empirical findings show that the estimated regression 

using principal components is qualitatively similar to the regression estimated from a complete 

set of 26 variables.  This result suggests that the regression with principal components is a 

parsimonious representation in predicting insurers’ rating by-groups since these few 

components have very similar predictive ability to the original 26 variables.     

1.5  References  

Adams M., Burton B., and Hardwick P., “The Determinants of Credit Ratings in the United 
Kingdom Insurance Industry,” Journal of Business Finance and Accounting, 2003, Vol. 30, 
p.539-572 

Bouzouita R. and Young A. J., “A Probit Analysis of Best Ratings,” Journal of Insurance Issues, 
1998, Vol. 21, p.23-34 
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CHAPTER 2 

UNDERWRITING USE OF CREDIT INFORMATION AND FIRM PERFORMANCE – AN EMPIRICAL 

STUDY OF TEXAS PROPERTY-LIABILITY INSURERS 

2.1  Abstract 

With a sample of Texas property-liability insurance companies, this study addresses two 

research questions.  First, what firm-level characteristics are associated with the insurance 

companies’ decision to use credit information in underwriting? Second, is there a relationship 

between the use of credit information and underwriting performance of insurers?  The 

empirical results indicate that larger insurance companies, companies utilizing more 

reinsurance, and companies that have more business in personal auto insurance are more likely 

to use credit information in underwriting.  More importantly, the results indicate that 

underwriting use of credit information helps insurers reduce the variation in insurers’ 

underwriting performance. 

2.2  Introduction 

Authorized by the Fair Credit Reporting Act (FCRA), property-liability insurance 

companies have a choice with respect to whether to use credit information in underwriting 

their business7.  However, such underwriting use of credit information has been highly 

controversial in the public debate.  Insurance companies and their trade organizations, such as 

National Association of Mutual Insurance Companies (NAMIC), argue for such use based on two 

primary reasons.  First, credit information of policyholders has been found to be “a strong 

7 The federal law, the Fair Credit Reporting Act, states that insurance companies have a “permissible purpose” to 
use credit information in underwriting without the permission from applicants or policyholders.  
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predictor of risk of loss”.  Second, the use of credit information is common practice and affects 

the pricing in other segments of the financial services industry, such as mortgages and personal 

loans, for many years.  Therefore, it would be unfair for the insurance industry to be banned 

from using such information in insurance underwriting and rating (NAMIC)8.  On the other 

hand, consumers groups, such as Consumers Union, Consumer Federation of America, and 

several others question the validity of the relation between credit information and insurance 

risk.9  They believe such practice is unfair to consumers because bad credit score can be a result 

from temporary job loss or unpaid medical bills after a medical emergency rather than a 

reflection of risk as a driver or a homeowner.10  Such contentious public debates about 

underwriting use of credit information have motivated this study: if credit information is a good 

indicator of insurance risk, all else equal, then one would expect insurers using consumers’ 

credit information in underwriting to be associated with more predictable losses in their 

business.  

Despite the greater attention in this area, no prior research has empirically studied the 

potential relationship between the underwriting use of consumers’ credit information and 

variation in insurers’ underwriting performance.  Such lack of research is plausibly due to the 

fact that there is no systematic information publicly available to indicate which insurers use 

policyholders’ credit information in underwriting, although insurers are required to disclose 

such use to insurance applicants.11  In addition, most insurance companies are reluctant to 

8 See http://www.namic.org/issues/InsuranceScoring.asp 
9 Other opponents include United Policyholders, National Consumer Law Center, and Center for Economic Justice. 
10 See http://consumersunion.org/pdf/swro_pp/InsUnderwriting.pdf 
11 The National Conference of Insurance Legislators (NCOIL) has the MODEL ACT REGARDING USE OF CREDIT 
INFORMATION IN PERSONAL INSURANCE, mostly and recently modified in 2009, which suggests that “If an insurer 
writing personal insurance uses credit information in underwriting or rating a consumer, the insurer or its agent 
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acknowledge publicly the application of consumer credit information in the underwriting 

process out of the concern for revealing competitive advantage to their competitors (Wu and 

Guszcza, 2003; Federal Trade Commission, 2007).  In this study, I hope to fill this gap of the 

insurance literature by taking advantage of the list of insurance companies using credit 

information in underwriting obtained from the Texas Department of Insurance.  

The purpose of this study is twofold: first, I study what firm-level characteristics are 

associated with the insurance companies’ choice to use credit information in underwriting; 

second, I investigate the potential relationship between the underwriting use of credit 

information and variation in insurers’ underwriting performance measured by loss ratios.  The 

empirical results indicate that systematic differences exist between insurers with underwriting 

use of credit information and those without.  Specially, larger insurance companies, companies 

utilizing more reinsurance, and companies that have more business in personal auto insurance 

are more likely to use credit information in underwriting.  More importantly, my results indicate 

a significant and negative relationship between underwriting use of credit information and 

variation in insurers’ loss ratios.  The results are consistent with the argument that underwriting 

use of credit information enables insurance companies to make more accurate prediction of the 

losses as witnessed by relatively smoother loss ratios. 

This study makes significant contributions to the extant insurance literature in two 

important ways.  First, this is the first empirical study to explore if systematic differences exist 

between insurers that choose to use credit information in underwriting and those that do not.  

shall disclose, either on the insurance application or at the time the insurance application is taken, that it may 
obtain credit information in connection with such application.” 
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Second, this is also the first study to analyze the impact of underwriting use of credit 

information on insurers’ underwriting performance, while the vast majority of existing studies 

have focused on the impact of such underwriting practice on consumers.   

This study also has important public policy implications.  Results of this study will also 

provide regulators some initial evidence with regard to the impact of underwriting use of credit 

information on insurers’ underwriting performance.  Specifically, if such use indeed enables 

insurance companies to have more smooth underwriting performance (i.e., lower variation in 

loss ratios), it will facilitate regulators in enacting and/or modifying the regulatory framework 

with this regard in the future.   

The remainder of this study proceeds as follows.  Section 2.2 reviews the relevant 

regulation and literature.  Section 2.3 describes the data collection process, how the sample is 

constructed, and develops the hypotheses.  Section 2.4 discusses the research methodologies 

and the empirical model.  Section 2.5 discusses the empirical testing results and Section 2.6 

concludes.   

2.3  Regulation and Literature Review 

2.3.1  Regulation 

The use of credit information for insurance underwriting has been legal since 1970 when 

the United States Congress passed the Fair Credit Reporting Act which gave insurance 

companies explicit permission for such practice.  Yet, it remains one of the most controversial 

factors among all those factors used in insurance underwriting.  As the practice has evolved 

over time, so has the regulation on such practice.  In 2002, the National Conference of 

Insurance Legislators (NCOIL) created the Model Act regarding Use of Credit Information in 

11 



 

Personal Insurance.  One primary focus of this model act is consumer protection.  For example, 

some information from credit reports such as gender, income, ethnic group, address, religion, 

and nationality are prohibited in the decision of insurance underwriting12.  According to the 

National Association of Mutual Insurance Companies (NAMIC, 2010), 47 states have adopted 

the NCOIL Model Act to date.13   

In addition to the federal regulation such as the Fair Credit Reporting Act, an insurance 

company is subject to the statutes of each state in which an insurer is licensed to operate 

business.  In terms of each state’s insurance statutes, only minor differences exist regarding the 

regulation of credit information use.  Some states allow insurers to use credit information in 

underwriting and premium rating14 but require insurers to disclose to consumers the fact that 

personal credit information is considered in the underwriting process; some states prohibit 

insurers to make adverse decisions15 in underwriting and rating if insurers only consider credit 

information but without considering other factors; and some states require insurers to 

reconsider the underwriting or re-calculate premiums if an insured’s credit information is 

corrected.  

2.3.2  Prior Literature  

Due to the greater attention in the public debate about use of credit information in 

insurance underwriting, some studies research the effect of such practice on consumers.  I.e., 

12 For details, please see http://www.ncoil.org/Docs/CreditScoringModel.pdf   
13 For details, please see http://iiky.org/documents/NAMIC_Policy_Briefing_on_Insurance_Scoring_Feb_2010.pdf 
which was last accessed on November 3, 2014. 
14 Currently, states prohibiting the use of credit information in underwriting of auto insurance include California, 
Hawaii, and Massachusetts.  
15 The adverse decision includes the denial of a new application of insurance policy, the cancel of the insurance 
policy, or the increase in premiums.   
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whether consumers’ credit information or credit scores developed from the use of such 

information is (are) related to consumers’ potential claims.  These extant empirical studies16 

have reached a consistent conclusion that there is an inverse relationship between the 

insured’s credit information and losses of insured claims.  This relationship also indirectly 

supports that policyholders’ credit information can be as a predictor of their losses.   

Although this inverse relationship has been consistently obtained in prior investigation, 

some studies, such as National Association of Insurance Commissioners (1997), Monaghan 

(2000), The Bureau of Business Research study (2003), Wu and Guszcza (2003), are criticized 

either for the approach or analysis.  

In the report of National Association of Insurance Commissioners (1997) Appendix, 

Tillinghast-Towers Perrin was retained to analyze the data provided by eight insurance 

companies and examine the potential correlation between Insurance Bureau Scores based on 

consumer credit information and loss ratio relatives17.  The one-factor regression analysis 

indicates a significant correlation between loss ratio relatives and Insurance Bureau Scores.  

However, their results are criticized for the use of one factor and one factor only in the 

regression and as such are considered undesirable and unreliable (Wu and Guszcza, 2003; 

National Association of Insurance Commissioners study, 2008).   

16 National Association of Insurance Commissioners (1997), Monaghan (2000), The Bureau of Business Research 
study (2003), Wu and Guszcza (2003), Miller and Smith (2003), the Texas Department of Insurance study (2004, 
2005), and the Federal Trade Commission study (2007). 
17 The loss ratio relatives are defined as the loss ratio for each Insurance Bureau Scores interval divided by the total 
loss ratio of the insurance company.  For example, “a loss ratio relative of 1.20 for a given.  Interval means that the 
loss ratio for the group of insureds with insurance Bureau Scores in that interval was 20% greater than the loss 
ratio for all the company’s insureds in this study.” (NAIC, 1997, Page 114) 
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Monaghan (2000) implements a ‘bivariate tables’18 test to study if there is any 

correlation between personal past credit history19 and future losses.  Using the data from one 

single insurance company and newly issued policies only, Monaghan finds that personal past 

credit history negatively relates to the loss ratio and the relative loss ratio respectively.  

However, Monaghan’s study is also criticized for the use of methodology and the limitation of 

the data since the analysis is not able to examine the importance of different credit variables 

and other variables simultaneously and one single insurance company may not be 

representative of the entire insurance industry (American Academy of Actuaries, 2002; Wu and 

Guszcza, 2003; NAIC, 2008).   

The Bureau of Business Research study (2003), a study upon request by the Governor of 

Texas and authorized by the Texas state legislature in 2002, investigates whether insured credit 

scores are associated with insurance companies’ future losses by using the data from Texas 

automobile insurance new and renewal policies provided by five leading insurance companies 

in Texas.  This study provides graphical evidence to reveal a negative relationship between the 

relative loss ratio20 and credit score groups.  This study also demonstrates a negative 

relationship between credit score and claim size/claim frequency after controlling for 

underwriting variables such as “age, gender, prior driving record, and vehicle type.”  However, 

this study is criticized in Birnbaum (2003) for the absence of reliable methodology because it 

18 Wu and Guszcza (2003) describe the method used in Monaghan as two-way tables. 
19 Eight characteristics used to be representatives of personal credit history are as follows: amounts past due, 
derogatory public records, collection records, status of trade lines, age of oldest trade line, non-promotional 
inquiry count, leverage ratio on revolving-type accounts, and revolving account limits. (Monaghan, 2000) 
20 Bureau of Business Research (2003, Page 8) defines the relative loss ratio as “the loss ratio for the policy divided 
by the average loss ratio for the insurer issuing the policy.” 
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does not provide evidence from the regression analyses despite the statement that logistic and 

multiple regressions are implemented in the study.  

Wu and Guszcza (2003) state that their results with respect to the relationship between 

credit scores and insurance losses are similar to those in National Association of Insurance 

Commissioners (1997) and in Monaghan (2000).  However, Wu and Guszcza (2003) only address 

the methodology and model applied without discussing their quantitative results. 

Other studies investigate the relationship between the price of insurance (i.e., pure 

premiums) and insurance scores which are based partially on credit information of insureds.  

For example, Miller and Smith (2003) apply a countrywide (i.e., fifty states) database to 

evaluate if credit–based insurance scores are related to insurance companies’ loss propensity21.  

Their findings indicate a negative relationship which they argue is in a large part a reflection of 

the “correlation between insurance scores and claim frequency, rather than a correlation 

between insurance scores and average claim severities22.”     

The Texas Department of Insurance study (2004), responding to a request by the Texas 

Legislature, evaluates the relationship between credit-based insurance scores and losses using 

data provided by six large insurance companies in Texas.  The evidence from a univariate 

analysis reports that a negative relationship exists between credit-based insurance scores and 

pure premiums23 and between credit-based insurance scores and the loss ratio respectively.  

The Texas Department of Insurance (2005) study, a follow-up to the Texas Department of 

21 Loss propensity is also referred to the relative pure premiums. (Miller and Smith, 2003, Page 2) 
22 Miller and Smith (2003) page 1. 
23 The Texas Department of Insurance study (2004, Page 18) defines the pure premium as “the dollar amount of 
basic limit ($20,000/$40,000/$15,000) losses per vehicle per year.”  
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Insurance (2004) study applies multivariate regression analyses to examine the prediction value 

of credit score in the prediction of claim experience.  Consistent with Miller and Smith (2003), 

results from the Texas Department of Insurance (2005) study indicate that credit score is 

negatively correlated with the claim frequency rather than dollar amount of claims.  

The Federal Trade Commission study (2007), required by Section 215 of the Fair and 

Accurate Credit Transactions Act of 2003, investigates whether credit-based insurance scores 

affect automobile insurance policies, especially the impact on insurers’ loss.  Consistent with 

prior studies, the finding from the univariate analysis indicates that total amount of claims paid 

negatively associates with credit-based insurance scores.  Results from the multivariate analysis 

are the same as those in univariate analysis.  The findings also show that customers with the 

lowest scores are likely to claim more frequently and to file claims for higher amounts than 

customers with the highest scores.  

Taken together, prior findings on the relationship between customers’ credit 

information and insurers’ losses suggest that use of credit information in insurance 

underwriting will help insurers in predicting their losses (Powell, 2009).  Yet, no prior study in 

the literature has directly and empirically examined the relation between underwriting use of 

credit information and insurers’ underwriting performance.  

  In this study, I extend prior literature by addressing two research questions not 

answered in prior studies: first, which firm characteristics affect an insurer’s choice to use credit 

information in the underwriting process; second, more importantly, if the underwriting use of 

credit information has an impact on insurers’ underwriting performance proxied by variation in 

loss ratios.  It is my hope that this study will help fill this gap in the insurance literature.
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2.4  Data and Hypotheses 

2.4.1  Data  

The data utilized in this study is obtained from two sources: the database of National 

Association of Insurance Commissioners (the “NAIC” database) and the Texas Department of 

Insurance (the “TDI” database).  I first obtain the list of individual24 property-liability insurers 

licensed to conduct business in Texas from the “NAIC” database in 2008.  To be included in the 

above list of “NAIC” database, an insurance company is first required to have a positive value in 

total direct premiums written in personal auto insurance in Texas25.    

I then match the list of Texas licensed insurers with the list obtained from TDI which is a 

list of all insurance companies using credit information in underwriting of personal automobile 

insurance in 2008.  

With the list of companies that do and do not use credit information set up from the 

base year 2008, I collect companies’ financial information and firm characteristics from financial 

statements filed with NAIC over the period of 2007-2011.  I follow a commonly used sample 

screening procedure to compile the final sample for this study.  First, I require an insurance 

company to be either stock or mutual companies as mutual and stock companies are the two 

most common organizational forms.  Second, I require all sample firms to have non-negative 

value of loss incurred in personal auto insurance in Texas in any of 5 years.  Third, I require all 

sample firms to have non-negative value in total direct premiums written or total direct 

24 Insurance companies can be classified as combined group level, whose NAIC code is less than 10000, and 
individual level, whose NAIC code is equal to or larger than 10000. 
25 Personal automobile insurance consists of three line-of-business: private passenger auto no-fault (personal 
injury protection), other private passenger auto liability, and private passenger auto physical damage. 
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premiums earned in personal auto insurance in Texas.  Last, I require all sample firms to have 

positive capital and non-negative reinsurance.  The final sample used in the analysis includes 

116 insurance companies.  Among 116 companies, 85 companies are credit users and 31 

companies are credit non-users.  

To prevent results from being affected by extreme values, I follow Shiu (2011) and He 

and Sommer (2011) to winsorize the dataset by censoring the data below the 1 percent to the 1 

percent and the data above 99 percent to the 99 percent.   

2.4.2  Hypotheses Development 

Similar to the “lemon car” phenomenon in the automobile resale market, the insurance 

market has a potential problem of information asymmetry.  The information opacity that 

insurance companies cannot distinguish each insurance consumer’s risk of losses might induce 

insurance companies put all customers in the pool with the same rate charged.  In turn, the 

problem of cross-subsidy between insureds with heterogeneous risk level occurs.  Browne and 

Kamiya (2012) and Eisenhauer (2004) also state that in the end, the problem of information 

opacity might cause an insurance company to pay substantially than expected earlier and 

perhaps face the risk of insolvency.  

If an insurance company can charge each insured’s premiums in accordance with his/her 

expected risk of losses, the likelihood of an insurance company encountering unstable variation 

in losses will be reduced.  Studies, such as Lee, Sorich, Miller and Scgneider (2005) and Powell 

(2009) state that the policyholder’s credit information can serve as a good predictor of each 

insured’s losses and can be used as a method to reduce the problems of information opacity 

and adverse selection.   
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Evidence on the relationship between policyholders’ credit information and risk of 

losses has been presented in prior studies.  If consumers’ credit information can increase the 

accuracy of loss prediction, an insurer can use such information in underwriting to distinguish 

and predict insureds’ losses.  Then, an insurance company can moderate the variation in its loss 

ratios relative to other insurance companies that are not users of credit information because 

this insurance company can rely on such information to select customers that have lower risk.  

In summary, as stated in Lamm-Tennant, Starks, and Stokes (1992, page 426) “The accuracy of 

estimates of future loss costs plays a fundamental role in determining the underwriting profits 

of property-liability insurers.”  Therefore, the underwriting use of credit information might 

enable an insurer to have the lower variation in loss ratios.   

I therefore develop the first hypothesis to test if the underwriting use of credit 

information helps an insurance company select customers with better risk and reduce the 

variation in loss ratios.   

Hypothesis 2A-1: Insurers using policyholders’ credit information in underwriting have 

lower variation in underwriting performance than those that do not use such information.   

Moreover, the second hypothesis is to test if an insurance company having larger 

variation in underwriting performance in the past is more likely to use credit information and if 

such use of credit information in turn reduces the company’s future variation in loss ratios. 

Hypothesis 2A-2: Insurers with larger variation in underwriting performance are more 

likely to use policyholders’ credit information and such underwriting use of credit information, in 

turn, helps these insurers reduce their variation in underwriting performance.
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2.5  Methodology and Variables  

2.5.1  Methodology 

According to the first hypothesis developed, an insurance company’s variation in loss 

ratios is modeled as a function of the company’s choice to use credit information along with 

variables affecting an insurer’s variation in loss ratios.  However, it is possible that an insurance 

company’s choice to use credit information is endogenously determined.  To deal with this 

potential issue of endogeneity, I employ a two-step procedure26 in this study.  In the first step, I 

regress the Credituse Indicatori,2008 on a set of variables affecting a company’s decision to use 

such information in underwriting and other independent variables, which are considered in the 

second step.  In the second step, I regress insurers’ variation in loss ratios on the predicted 

value of Credituse Indicatori,2008, which is obtained from the first step, and other variables 

affecting the variation in loss ratio.   

Equation (2.1), used to examine the relationship between companies characteristics and 

companies decisions to use credit information, is estimated by the logistic regression model.  

Equation (2.2), used to discuss the role of underwriting use of credit information on the 

variation in underwriting performance measured by loss ratios, is estimated by the ordinary 

least square (OLS) regression.   

(2.1) Credituse Indicatori,2008=α0+α1Firm Sizei,2007+α2Capacityi,2007+α3Liquidityi,2007 

+α4Business Concentration in Personal Auto Insurancei,2007+α5Reinsurancei,2007 

+α6Premiums Growthi,2007+ρ1i,2008 

26 Liebenberg and Sommer (2008) use the similar way to examine the impact of insurers’ diversification (zero-one 
indicator) on insurers’ performance but they call this way “two-stage least squares” approach.      
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(2.2) Variation in Underwriting Performance2008-2011i 

=β0+β1Predicted Value of Credituse Indicatori,2008 

+β2Average Firm Size 2008-2011i+β3Average Reinsurance 2008-2011i 

+β4Average Premiums Growth 2008-2011i+ρ2i 

where αi and βjare parameters; ρ1i,t, and ρ2i are random error terms. 

To test the second hypothesis, I construct simultaneous equations to examine the 

relationship between variation in insurers’ underwriting performance and their underwriting 

use of credit information.  Since one of dependent variables is a zero-one indicator, I use the 

qualitative and limited dependent variable model (QLIM) to estimate the equations.  Equation 

(2.3) is used to examine if the use of such information reduces insurers’ future variation in 

underwriting performance; Equation (2.4) is used to examine if insurers’ past variation in 

underwriting performance affects insurers to use credit information in the year 2008.     

(2.3) Variation in Underwriting Performance 2009-2011i=γ0+γ1Credituse Indicatori,2008 

+γ2Average Firm Size 2009-2011i+γ3Average Reinsurance 2009-2011i 

+γ4Average Premiums Growth 2009-2011i+u1i 

(2.4)  Credituse Indicatori,2008=ω0+ω1Variation in Underwriting Performance 2005-2007i 

+ω2Average Firm Size 2005-2007i+ ω3Average Capacity 2005-2007i 

+ω4Average Liquidity 2005-2007i 

+ω5Average Business Concentration in Personal Auto2005-2007i+u2i 

where γk and ωlare parameters; u1i, and u2i are random error terms. 
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2.5.2  Variables  

2.5.2.1 Variable Used in the Choice of Underwriting Use of Credit Information 

Credituse indicator.  The dependent variable, credituse indicator, is used to denote an 

insurance company’s choice to use credit information in underwriting.  Credituse indicator is a 

dummy variable taking the value of one if an insurance company uses consumers’ credit 

information in underwriting in 2008 and zero otherwise.   

Several control variables are included to account for the potential influence these 

variables have on an insurance company’s decision to use credit information: firm size, 

capacity, liquidity, and business concentration in personal auto insurance in Texas.  

Firm size.  Firm size is used as a proxy to capture the potential effect of alternative 

resource available to insurers to evaluate customers’ risk of losses.  In general, a large insurance 

company has more resources to obtain information regarding insurance applicants’ risk of 

losses other than using the credit information.  Also, based on the economics of scale, a large 

company can obtain information less costly than a small insurance company (Zhang, Cox, and 

Van Ness, 2009; Cotei, Farhat, and Miranda, 2011).  Compared to a large insurer, a small insurer 

has less ability to resolve the opaqueness of applicants’ risk of losses and might be more likely 

to use customers’ credit information in the underwriting process.  Thus, I expect a negative 

relationship between company size and the probability of an insurer’s choice to use credit 

information.  The firm size is measured by the natural logarithm of an insurer’s total net 

admitted assets as of the beginning of year t.  

Capacity.  Capacity, a ratio of net premiums written to insurer’s surplus, measures if an 

insurer has enough capital surplus (net worth) to absorb insureds’ risk of losses from new 
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policies written.  The higher capacity of an insurer represents the greater ability of an insurer to 

pay claims and indicates a lower probability of insolvency.  Zhang, Cox, and Van Ness (2009) 

state that the lower capacity from unexpected losses increases not only the probability of an 

insurer failure but also the opacity of information.  If the use of credit information enables an 

insurer to more accurately predict its losses, an insurer with lower capacity might be more likely 

to use such information to increase its accuracy in predicting its losses.  Therefore, one will 

expect that a company with low capacity is more likely to use customers’ credit information.  

Liquidity.  Liquidity measures a company’s ability to convert assets to cash.  Lambert Jr. 

and Hofflander (1966) state that insurers are required to have higher liquidity for huge 

unexpected losses since they are less able to predict their losses.  Compared to an insurer with 

higher liquidity, an insurer with lower liquidity has hard time converting assets to cash and is 

more likely to face the insolvency risk when actual claims paid exceeds what they expected.  

Therefore, I expect that an insurer with lower liquidity is more likely to use credit information in 

underwriting to reduce the possibility of unexpected claims and losses.  Following prior studies 

such as Colquitt, Sommer, and Godwin (1999) and Doherty and Phillips (2002), I measure an 

insurer’s liquidity with the ratio of cash and short-term investments over total invested assets.  

Business concentration in personal auto insurance in Texas.  If the underwriting use of 

credit information is such a powerful predictor of losses in personal automobile line, an 

insurance company that is more focused on the personal auto insurance market might be more 

likely to benefit from such information and increase its accuracy in predicting its losses.  Thus, a 

positive relationship between the degree of concretion in personal automobile line and the 

probability of an insurer’s choice to use credit information is expected.  Following Query, Hoyt, 
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and He (2007), I measure this concentration as the ratio of direct premiums written in Texas 

personal auto lines to total direct premiums written in all lines at Texas.    

Reinsurance.  Reinsurance provides an insurance company an approach to diversify the 

risk of losses from policyholders.  If an insurance company with a higher use of reinsurance is 

able to diversify the risk of losses, the likelihood of using credit information might be lower.  

Following prior studies such as Mayers and Smith (1990), Garven and Lamm-Tennant (2003), 

Choi (2010), He and Sommer (2011), and Lee and Lee (2012), I measure the use of reinsurance 

as the ratio of reinsurance ceded to the sum of direct premiums written and reinsurance 

assumed.    

Premiums growth in personal auto insurance in Texas.  Premiums growth rate is used to 

measure an insurance company’s business growth.  However, the higher growth rate might be 

accompanied by greater variation in losses.  If insurers can identify customers’ risk of losses, the 

effect of unexpected losses on their business growth might be reduced.  I, therefore, expect 

that the higher growth rate in the personal auto business, the more likely an insurer will use 

credit information as a predictor of losses to manage their variation in loss ratios in a stable 

level.  The premiums growth in personal auto insurance in Texas, measured as the ratio of 

difference between direct premiums written in Texas personal auto line in year t and t-1 over 

direct premiums written in Texas personal auto line in year t-1, is included as another control 

variable in the regression.  

2.5.2.2 Variable Used in the Impact of Underwriting Use of Credit Information on the Variation 
in Loss Ratios 

Variation in underwriting performance in personal auto insurance in Texas.  The 

dependent variable, variation in underwriting performance, measured by loss ratios, is 
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measured as percentage of one premium dollar returned to the insured when an insured files 

the claims.  I follow prior studies such as Lamm-Tennant, Starks, and Stokes (1992), Lamm-

Tennant and Starks (1993), Adams and Buckle (2003)  and Born and Boyer (2011) to calculate 

the loss ratio27 in personal auto insurance in Texas as the ratio of losses incurred in personal 

auto insurance in Texas over premiums earned in personal auto insurance in Texas.  I measure 

the variation by using range, standard deviation, and coefficient of variation.    

ProbUseCredit.  The key independent variable of interest is ProbUseCredit, a dummy 

variable.  Given the potential endogeneity of this variable, I use the predicted value of credituse 

indicator in 2008 obtained from the estimation of Equation (2.1) rather than the raw value in 

this part of the analysis.  There is evidence from prior studies that customers’ credit 

information is associated with risk of losses.  If that is the case, an insurance company using 

such information in the underwriting is expected to predict its loss more accurately and thus is 

associated with smaller variation in its underwriting performance.  As such, insurers using credit 

information in their underwriting are expected to have lower variation in loss ratios than other 

insurance companies without such underwriting use of credit information.   

Firm size.  The variable of firm size has been considered in the literature of insurers’ 

performance but its impact is unclear.  For example, Liebenberg and Sommer (2008) find the 

evidence that firm size is a significant determinant positively related to insurance companies’ 

performance.  Elango, Ma, and Pope (2008) also find that larger insurers have stronger financial 

performance, while Lai and Limpaphayom (2003) found an inverse relationship between 

27 The loss ratio used in the calculation includes only loss ratio from private passenger auto liability and auto 
physical damage rather than the aggregate loss ratio. 
 

25 

                                                           



 

performance and firm size.  Additionally, Cummins and Harrington (1987) find a negative 

relationship between firm size and firm loss ratio.  To control for the impact of firm size on an 

insurer’s variation in underwriting performance. I include firm size as an independent variable.  

Firm size is measured by the average value over the time period 2008 to 2011.  

Reinsurance.  The influence of reinsurance on an insurer’s underwriting performance is 

uncertain.  On the one hand, the use of reinsurance provides an insurer a method to diversify 

risk of losses and in turn reduces an insurer’s underwriting risk and/or improve an insurer’s 

underwriting performance.  On the other hand, the overreliance of reinsurance might be 

harmful to an insurance company’s performance if its reinsurance company encounters 

financial difficulty.  To investigate the effect of reinsurance on the variation in underwriting 

performance, I follow prior studies (Mayers and Smith, 1990; Garven and Lamm-Tennant, 2003; 

Choi, 2010; He and Sommer, 2011; Lee and Lee, 2012) to measure the use of reinsurance as the 

ratio of reinsurance ceded to the sum of direct premiums written and reinsurance assumed.  

The average use of reinsurance is calculated from the year 2008 to the year 2011.  

Premium growth.  Premiums growth is measured as the ratio of difference in direct 

premiums written in Texas personal auto line in year t and t-1 over the direct premiums written 

in Texas personal auto line in year t-1.  Barth and Eckles (2009) find that in the short run 

premium growth has a negative impact on changes in loss ratios.  As such, I include this variable 

as an additional control variable to account for its potential impact on the variation in loss 

ratios.  The average premiums growth is calculated over the period of 2008 to 2011.  

Table 2.1 shows the definitions of each variables and their descriptive statistics. 
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2.6  Empirical Results 

2.6.1  Univariate Analysis 

Table 2.2 reports the descriptive statistics for variables based on two different groups of 

sample firms: insurance companies that do not use credit information (hereafter “credit non-

user”) and insurance companies that use credit information (hereafter “credit user”).  Credit 

users, on average, have larger firm size than credit non-users although the difference is not 

statistically significant.  The use of reinsurance for credit users is twice as great as the use for 

credit non-users over the period of 2007-2011.  The results of the Wilcoxon test also indicate a 

significant difference in the use of reinsurance between two groups.  Additionally, credit users 

have greater liquidity and a lower value of mean capacity.  The Wilcoxon tests also indicate 

significant median difference for the variables liquidity and capacity between the two groups, 

respectively.  For the variable premiums growth, the pattern of difference between two groups 

is not consistent for two groups but this growth decreases from 2008 to 2011 for both groups 

except for credit non-user in the year 2010.  Moreover, credit users have higher loss ratios than 

credit non-users but the variation seems to be more stable in the group of credit users from the 

year 2007 to the year 2009. 

Table 2.3 presents the results of Pearson correlation coefficient matrix.  The results of 

correlation indicate that the credituse indicator is positively correlated with the use of 

reinsurance at 1% significant level.  In addition, credituse indicator is positively correlated with 

the variable of liquidity at 10% significant level but credituse indicator is negatively correlated 

with the variable of capacity at 1% significant level.  Moreover, the credituse indicator is 

positively correlated with loss ratio in the year 2007 at 5% significant level.      
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2.6.2  Multivariate Analysis 

Table 2.4 shows the estimated results for Equation (2.1).  The logistic regression 

suggests that firm size, business concentration, and reinsurance in the year 2007 are significant 

variables in the insurance companies’ decision to use customers’ credit information in the year 

2008.  Different from my earlier expectation, it is larger companies that are more likely to use 

credit information.  Apparently, the statement that larger companies have ample resource to 

evaluate individual customers is not able to explain the companies’ decision not to use such 

credit information.  Alternatively, the reason might relate to the motivation of “profitability”.  

NAIC (2008) states that the reason behind the use of credit information in underwriting might 

not to prevent losses but to seek greater profitability.  An insurance company might use such 

information as a strategy to pursue greater profits for a given loss ratio.  In line with my earlier 

expectation, business concentration in personal auto in Texas is positively related to the 

underwriting use of credit information.  An insurance company with greater part of business in 

the personal auto insurance, it is most likely for such a firm to use credit information to 

distinguish customers’ risk of losses and manage its loss ratios.  Furthermore, the influence of 

reinsurance on the choice of using credit information is positive in this study.  It suggests that 

such credit information serves as a supplement for insurance companies with the large use of 

reinsurance to pick up customers with best risk and prevent unexpected significant losses.  

Table 2.5 presents the results for Equation (2.2), examining the impact of predicted 

value of credituse indicator on the variation in loss ratios.  Panel A uses the range over the time 

period 2008-2011 to measure the variation; Panel B takes the standard deviation over the 

period 2008-2011 to measure the variation; Panel C employs the coefficient of variation to 
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measure the variation.  In all three different measures of variation, the coefficients of variable 

ProbUseCredit are negative and significant. This finding suggests that the underwriting use of 

credit information is likely to help insurance companies reduce the variation in loss ratios.  

Companies expected to use credit information in the year 2008 have the lower variation in loss 

ratios than companies that are not expected to use such information.  The significant and 

positive coefficients on the variable Reinsurance2008_2011 suggest that the use of reinsurance 

cannot completely diversify companies’ variation in risk of losses.  In the Panel C, the estimated 

coefficient on the variable Firm2008_2011 is positive and significant, suggesting that larger 

companies have minor variation than small companies.  Also, the variable Premiums 

Growth2008_2011 has a negative and significant coefficient, reporting that premiums growth 

has a negative impact on the variation in loss ratios.  

Table 2.6 reports the results of simultaneous relations for Equations (2.3) and (2.4), 

examining the relationship between the variation in loss ratios and the underwriting use of 

credit information28.  The significantly negative coefficient on the variable 2008_Credituse 

Indicator in the equation with the dependent variable LR2009_2011 supports that insurers 

utilizing the underwriting use of credit information in 2008 have lower variation in loss ratios 

than insurers that do not use such information over the period of 2009-2011.  Also, the 

coefficient of variable LR2005_2007 in the equation with the dependent variable 

2008_Credituse Indicator is negative and significant. This suggests that insurers with small 

variation in underwriting performance from 2005 to 2007 are more likely to use credit 

28 Results from the use of range and standard deviation as the proxy of variation in underwriting performance are 
not used for the convergency issue.  
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information in underwriting in 2008.  The result of significant likelihood ratio also indicates the 

endogenous relation between variable 2008_Credituse Indicator and variable LR2009_2011.  In 

line with the results in Table 2.5, the variable Premiums Growth2009_2011 has a significantly 

negative coefficient.  I also find that the variable Business Concentration has significant effect 

on the insurers’ decision to use credit information in 2008, consistent with the finding in Table 

2.4.   

2.7  Conclusion  

In this study, I investigate if the insurance companies’ choice to use credit information in 

underwriting are associated with firm-level characteristics, and more importantly investigate if 

such underwriting use of credit information affects insurers’ variation in loss ratios.  The 

empirical results first indicate that large insurance companies, insurers that have more focused 

on the business of personal auto insurance, and those with greater use of reinsurance, are 

more likely to use credit information in underwriting.  The results also suggest that the use of 

such information in underwriting reduces insurance companies’ variation in loss ratios, 

consistent with the hypothesis that use of credit information enables insurers to better predict 

their losses.   

Furthermore, I use a simultaneous equations to examine if insurers’ variation in 

underwriting performance affects the insurers’ choice to use credit information and if such use 

of information influences insurers’ variation in underwriting performance.  I find that insurers 

with small variation in underwriting performance in past years are more likely to use credit 

information and the use of credit information helps these insurers to reduce the variation in 

loss ratios.  The empirical results overall support the statement that the underwriting use of 
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credit information helps insurance companies more accurately predict their losses which is 

reflected in the reduction in the variation in loss ratios.
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Table 2.1: Variable Definitions and Univariate Statistics  
This table reports the definitions and summary statistics of variables considered in the study.  Sample consists of 116 property and 
casualty insurance companies that are licensed to operate personal auto insurance in Texas.  Data are collected from the Texas 
Department of Insurance in 2008 and from the National Association of Insurance Commissioners from 2007 to 2011. 

Variable Definition N Min. Max. Mean 
Standard 
Deviation 

2008_Credituse Indicator = 1 if an insurer uses credit information in underwriting in year 2008, = 0 otherwise 116 0 1 0.7328 0.4444 

2007_FirmSize Natural logarithm of total admitted assets in 2007 116 6.4907 10.6783 8.2768 1.0099 

2008_FirmSize  Natural logarithm of total admitted assets in 2008 116 6.5486 11.0205 8.2899 1.0194 

2009_FirmSize Natural logarithm of total admitted assets in 2009 116 6.5370 10.6015 8.3195 0.9833 

2010_FirmSize Natural logarithm of total admitted assets in 2010 116 6.7277 10.6110 8.3293 0.9833 

2011_FirmSize Natural logarithm of total admitted assets in 2011 116 6.8178 10.6105 8.3374 0.9800 

2007_Capacity Net premiums written in 2007 / Policyholder surplus in 2007 116 0 3.1444 0.8566 0.8506 

2007_Liquidity Cash and short term investments in 2007 / Total invested assets in 2007 116 -0.0178 1 0.1763 0.2673 

2007_BussinessConcentration Direct premiums written in personal auto insurance policy in Texas in 2007 / Total direct 
premiums written in all insurance policies in Texas in 2007  

116 0.0016 1 0.6581 0.3873 

2007_Reinsurance Reinsurance Ceded in 2007 / (Direct premiums written in 2007 + Reinsurance Assumed in 
2007) 

116 0 1 0.6278 0.3875 

2008_Reinsurance Reinsurance Ceded in 2008 / (Direct premiums written in 2008 + Reinsurance Assumed in 
2008) 

116 0 1 0.6218 0.3887 

2009_Reinsurance Reinsurance Ceded in 2009 / (Direct premiums written in 2009 + Reinsurance Assumed in 
2009) 

116 0 1.0477 0.6341 0.3948 

2010_Reinsurance  Reinsurance Ceded in 2010 / (Direct premiums written in 2010 + Reinsurance Assumed in 
2010) 

116 0 1 0.6510 0.3884 

2011_Reinsurance   Reinsurance Ceded in 2011 / (Direct premiums written in 2011 + Reinsurance Assumed in 
2011) 

116 0 1 0.6562 0.3897 

2007_PremiumsGrowth (Direct premiums written in personal auto insurance policy in Texas in 2007 - Direct 
premiums written in personal auto insurance policy in Texas in 2006) / Direct premiums 
written in personal auto insurance policy in Texas in 2006 

116 -0.6407 64.2772 1.6089 8.5289 
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Table 2.1: Variable Definitions and Univariate Statistics (continued) 
This table reports the definitions and summary statistics of variables considered in the study.  Sample consists of 116 property and 
casualty insurance companies that are licensed to operate personal auto insurance in Texas.  Data are collected from the Texas 
Department of Insurance in 2008 and from the National Association of Insurance Commissioners from 2007 to 2011. 

Variable Definition N Min. Max. Mean 
Standard 
Deviation 

2008_PremiumsGrowth (Direct premiums written in personal auto insurance policy in Texas in 2008 - Direct 
premiums written in personal auto insurance policy in Texas in 2007) / Direct premiums 
written in personal auto insurance policy in Texas in 2007 

116 -0.3883 15.1617 0.4690 2.3493 

2009_PremiumsGrowth (Direct premiums written in personal auto insurance policy in Texas in 2009 - Direct 
premiums written in personal auto insurance policy in Texas in 2008) / Direct premiums 
written in personal auto insurance policy in Texas in 2008 

116 -0.5689 1.7340 -0.0238 0.3543 

2010_PremiumsGrowth (Direct premiums written in personal auto insurance policy in Texas in 2010 - Direct 
premiums written in personal auto insurance policy in Texas in 2009) / Direct premiums 
written in personal auto insurance policy in Texas in 2009 

116 -0.6370 0.9739 -0.0474 0.2492 

2011_PremiumsGrowth (Direct premiums written in personal auto insurance policy in Texas in 2011 - Direct 
premiums written in personal auto insurance policy in Texas in 2010) / Direct premiums 
written in personal auto insurance policy in Texas in 2010 

116 -0.8125 0.5230 -0.0871 0.2521 

2007_LossRatio  Loss incurred in personal auto insurance policy in Texas in 2007 / Direct premiums earned in 
personal auto insurance policy in Texas in 2007 

116 0.0919 0.9727 0.5859 0.1813 

2008_LossRatio  Loss incurred in personal auto insurance policy in Texas in 2008 / Direct premiums earned in 
personal auto insurance policy in Texas in 2008 

116 0.1161 1.5930 0.6295 0.2036 

2009_LossRatio Loss incurred in personal auto insurance policy in Texas in 2009 / Direct premiums earned in 
personal auto insurance policy in Texas in 2009 

116 0.1720 1.2200 0.5940 0.1816 

2010_LossRatio Loss incurred in personal auto insurance policy in Texas in 2010 / Direct premiums earned in 
personal auto insurance policy in Texas in 2010 

116 0.1830 0.8910 0.5383 0.1566 

2011_LossRatio Loss incurred in personal auto insurance policy in Texas in 2011 / Direct premiums earned in 
personal auto insurance policy in Texas in 2011 

116 0.1510 1.2400 0.5789 0.2050 
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Table 2.2: Univariate Statistics of Variables between Credit Users and Credit Non-Users  
This table reports the summary statistics of variables considered in the study for two different groups of insurance companies: 
credit users and credit non-users.  If an insurance company uses policyholders' credit information in underwriting in 2008, it is 
called credit user.  If an insurance company does not use policyholders' credit information in underwriting in 2008, it is called 
credit non-user.  Data are collected from the Texas Department of Insurance in 2008 and from the National Association of 
Insurance Commissioners from 2007 to 2011.  All variables have been winsorized at the 1% and 99% levels.  This table also reports 
a Wilcoxon test as a nonparametric method to assess the statistical significance of the median for each variable.  All variables are 
defined in Table 2.1.  ***, **, and * denote statistical significance at 1%, 5%, and 10%, respectively 
  Credit Non-Users (N=31)   Credit Users (N=85)   

Variable Min. Max. Mean Median 
Standard 

Deviation   Min. Max. Mean Median 
Standard 
Deviation 

Wilcoxon 
Test  

2007_FirmSize 6.4907 10.6783 8.2651 8.1410 1.0861  6.7478 10.6643 8.2810 7.9983 0.9874  

2008_FirmSize  6.5486 10.6643 8.2897 8.2307 1.0767  6.7721 11.0205 8.2900 8.0059 1.0044  

2009_FirmSize 6.5370 10.6015 8.2887 8.2278 1.0719  6.8183 10.6015 8.3307 8.0604 0.9554  

2010_FirmSize 6.7277 10.6110 8.3085 8.3165 1.0639  6.8304 10.6110 8.3369 8.1115 0.9588  

2011_FirmSize 6.8178 10.6105 8.3212 8.3455 1.0478  6.8414 10.6105 8.3434 8.1674 0.9605  

2007_Capacity 0 3.0969 1.2626 1.3893 0.8889  0 3.1444 0.7085 0.5431 0.7908 *** 

2007_Liquidity 0.0006 1.0000 0.0965 0.0284 0.1874  -0.0178 1.0000 0.2055 0.0581 0.2865 * 

2007_BussinessConcentration 0.0122 1.0000002 0.6062 0.7170 0.3984  0.0016 1.0000002 0.6771 0.8679 0.3838  

2007_Reinsurance 0 1.0000 0.4182 0.4649 0.3842  0.0009 1.0000 0.7042 0.9008 0.3616 *** 

2008_Reinsurance 0 1.0000 0.4267 0.4634 0.3763  0.0023 1.0000 0.6929 0.9009 0.3702 *** 

2009_Reinsurance 0 1.0000 0.4327 0.4153 0.3845  0.0060 1.0477 0.7075 0.9082 0.3743 *** 

2010_Reinsurance  0 1.0000005 0.4784 0.4402 0.4032  0.0078 1.0000 0.7139 0.9116 0.3653 ** 

2011_Reinsurance   0 1.0000 0.4899 0.4610 0.4152  0.0087 1.0000 0.7168 0.9120 0.3638 *** 

2007_PremiumsGrowth -0.6406 64.2772 2.772 0.0967 11.6824  -0.6406 64.2772 1.185 -0.0478 7.0826  

2008_PremiumsGrowth -0.3883 1.9093 0.0689 -0.0510 0.5340  -0.3883 15.1617 0.6149 -0.0326 2.7154  

2009_PremiumsGrowth -0.4842 0.8228 -0.0548 -0.1346 0.2720  -0.5689 1.7340 -0.0126 -0.0777 0.3807  

2010_PremiumsGrowth -0.6370 0.9739 0.0073 -0.0786 0.3191  -0.6370 0.9739 -0.0673 -0.1026 0.2172  

2011_PremiumsGrowth -0.7204 0.3333 -0.0716 -0.0830 0.2130   -0.8125 0.5230 -0.0928 -0.0806 0.2659   
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Table 2.2: Univariate Statistics of Variables between Credit Users and Credit Non-users (continued) 
This table reports the summary statistics of variables considered in the study for two different groups of insurance companies: 
credit users and credit non-users.  If an insurance company uses policyholders' credit information in underwriting in 2008, it is 
called credit user.  If an insurance company does not use policyholders' credit information in underwriting in 2008, it is called 
credit non-user.  Data are collected from the Texas Department of Insurance in 2008 and from the National Association of 
Insurance Commissioners from 2007 to 2011.  All variables have been winsorized at the 1% and 99% levels.  This table also reports 
a Wilcoxon test as a nonparametric method to assess the statistical significance of the median for each variable.  All variables are 
defined in Table 2.1.  ***, **, and * denote statistical significance at 1%, 5%, and 10%, respectively. 
  Credit Non-Users (N=31)   Credit Users (N=85)   

Variable Min. Max. Mean Median 
Standard 

Deviation   Min. Max. Mean Median 
Standard 
Deviation 

Wilcoxon 
Test  

2007_LossRatio  0.1119 0.9044 0.5178 0.5028 0.2072  0.0919 0.9727 0.6107 0.6063 0.1653 ** 

2008_LossRatio  0.2984 1.5930 0.6224 0.6023 0.2387  0.1161 1.5926 0.6321 0.6267 0.1907  

2009_LossRatio 0.1720 1.2193 0.5550 0.5589 0.2049  0.2387 1.2200 0.6083 0.5953 0.1714  

2010_LossRatio 0.2652 0.8613 0.5499 0.5822 0.1508  0.1830 0.8910 0.5341 0.5425 0.1593  

2011_LossRatio 0.1510 1.2113 0.5355 0.5380 0.2297   0.1510 1.2400 0.5948 0.5988 0.1943 ** 
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Table 2.3: Pearson Correlation Analysis 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 2.1 
     Pearson Correlation Coefficients, N = 116     
         Prob > |r| under H0: Rho=0             
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) 
2008_Credituse Indicator (1) 1 0.0070 0.0001 0.0190 0.0128 0.0100 -0.2895 0.1812 0.0813 0.3280 0.3045 0.3095 

  0.9404 0.9989 0.8395 0.8915 0.9148 0.0016 0.0516 0.3855 0.0003 0.0009 0.0007 
2007_Firm Size (2)  1 0.9969 0.9906 0.9894 0.9852 0.3295 -0.3462 -0.4510 -0.5362 -0.5031 -0.5105 

   <.0001 <.0001 <.0001 <.0001 0.0003 0.0001 <.0001 <.0001 <.0001 <.0001 
2008_Firm Size (3)   1 0.9922 0.9911 0.9880 0.3320 -0.3403 -0.4515 -0.5434 -0.5159 -0.5228 

    <.0001 <.0001 <.0001 0.0003 0.0002 <.0001 <.0001 <.0001 <.0001 
2009_Firm Size (4)    1 0.9972 0.9944 0.3115 -0.3414 -0.4637 -0.5178 -0.4999 -0.5075 

     <.0001 <.0001 0.0007 0.0002 <.0001 <.0001 <.0001 <.0001 
2010_Firm Size (5)     1 0.9983 0.3132 -0.3346 -0.4628 -0.5206 -0.5037 -0.5141 

      <.0001 0.0006 0.0002 <.0001 <.0001 <.0001 <.0001 
2011_Firm Size (6)      1 0.3110 -0.3303 -0.4596 -0.5237 -0.5081 -0.5198 

       0.0007 0.0003 <.0001 <.0001 <.0001 <.0001 
2007_Capacity (7)       1 -0.1996 -0.0286 -0.6537 -0.5643 -0.5533 

        0.0317 0.7608 <.0001 <.0001 <.0001 
2007_Liquidity (8)        1 0.2656 0.3522 0.3483 0.3297 

         0.0040 0.0001 0.0001 0.0003 
2007_Business Concentration (9)         1 0.1243 0.1079 0.1007 

          0.1837 0.2491 0.2819 
2007_Reinsurance (10)          1 0.9287 0.9108 

           <.0001 <.0001 
2008_Reinsurance (11)           1 0.9841 

            <.0001 
2009_Reinsurance (12)            1 
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Table 2.3: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 2.1. 
     Pearson Correlation Coefficients, N = 116     
         Prob > |r| under H0: Rho=0             

  (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) 
2008_Credituse Indicator (1) 0.2694 0.2588 -0.0827 0.1033 0.0530 -0.1330 -0.0375 0.2277 0.0213 0.1305 -0.0448 0.1286 

 0.0034 0.005 0.3774 0.2698 0.5722 0.1546 0.6893 0.0140 0.8204 0.1628 0.6329 0.1690 
2007_Firm Size (2) -0.5504 -0.5404 -0.0578 0.0181 -0.0014 -0.0232 -0.0250 -0.2412 -0.1284 -0.2556 -0.1830 -0.0992 

 <.0001 <.0001 0.5378 0.8472 0.9883 0.8049 0.7903 0.0091 0.1697 0.0056 0.0492 0.2895 
2008_Firm Size (3) -0.5623 -0.5525 -0.0556 0.0189 0.0069 -0.0135 -0.0140 -0.2341 -0.1319 -0.2478 -0.1704 -0.0790 

 <.0001 <.0001 0.5534 0.8405 0.9416 0.8860 0.8813 0.0114 0.1580 0.0073 0.0675 0.3994 
2009_Firm Size (4) -0.5499 -0.5401 -0.0588 0.0487 0.0398 0.0016 0.0107 -0.2398 -0.1468 -0.2430 -0.1663 -0.0676 

 <.0001 <.0001 0.531 0.6035 0.6718 0.9861 0.9091 0.0095 0.1158 0.0086 0.0745 0.4711 
2010_Firm Size (5) -0.5559 -0.5464 -0.0560 0.0341 0.0383 0.0056 0.0077 -0.2293 -0.1409 -0.2471 -0.1638 -0.0754 

 <.0001 <.0001 0.5503 0.7163 0.6835 0.9527 0.9345 0.0133 0.1313 0.0075 0.0790 0.4209 
2011_Firm Size (6) -0.5619 -0.5523 -0.0527 0.0301 0.0396 0.0094 0.0159 -0.2178 -0.1411 -0.2367 -0.1499 -0.0659 

 <.0001 <.0001 0.5746 0.7482 0.6731 0.9204 0.8653 0.0189 0.1308 0.0105 0.1083 0.4822 
2007_Capacity (7) -0.5435 -0.5379 0.1952 -0.0653 -0.0413 0.0359 -0.0411 0.1201 -0.0331 -0.0289 -0.0594 0.1043 

 <.0001 <.0001 0.0357 0.4863 0.6597 0.7024 0.6611 0.1990 0.7245 0.7581 0.5263 0.2654 
2007_Liquidity (8) 0.3280 0.3208 -0.0603 0.0030 0.0879 0.0516 0.0883 0.0815 0.1287 0.0692 0.0972 0.1035 

 0.0003 0.0004 0.5205 0.9749 0.3483 0.5821 0.3460 0.3844 0.1686 0.4604 0.2993 0.2688 
2007_Business Concentration (9) 0.0902 0.0763 -0.0295 -0.2813 -0.1286 -0.0439 0.0045 0.4308 0.1039 0.1854 0.0920 0.0626 

 0.3359 0.4154 0.7534 0.0022 0.1690 0.6395 0.9619 <.0001 0.2669 0.0464 0.3259 0.5042 
2007_Reinsurance (10) 0.864 0.8605 -0.1479 0.0069 0.0275 -0.0848 -0.1469 -0.0183 -0.0040 -0.0696 -0.0398 -0.0627 

 <.0001 <.0001 0.1131 0.9412 0.7693 0.3657 0.1155 0.8458 0.9658 0.4577 0.6714 0.5038 
2008_Reinsurance (11) 0.9407 0.9361 -0.0935 0.0191 -0.0198 -0.1459 -0.1991 -0.0012 0.0005 -0.0719 -0.0734 -0.0711 

 <.0001 <.0001 0.318 0.8385 0.8331 0.1182 0.0321 0.9898 0.9956 0.4434 0.4337 0.4479 
2009_Reinsurance (12) 0.9612 0.9557 -0.0765 0.0793 -0.0311 -0.1587 -0.2142 -0.0215 0.0104 -0.0503 -0.0620 -0.0810 
  <.0001 <.0001 0.4146 0.3974 0.7400 0.0888 0.0210 0.8187 0.9117 0.5922 0.5087 0.3874 
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Table 2.3: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 2.1. 
     Pearson Correlation Coefficients, N = 116     
         Prob > |r| under H0: Rho=0             

  (13) (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) 
2010_Reinsurance (13) 1 0.9962 -0.1002 0.1032 -0.0457 -0.1584 -0.1748 -0.0158 0.0492 0.0130 -0.0639 -0.0801 

  <.0001 0.2843 0.2705 0.6262 0.0894 0.0606 0.8662 0.5999 0.8895 0.4957 0.3928 
2011_Reinsurance (14)  1 -0.1124 0.1034 -0.0387 -0.1632 -0.1788 -0.0259 0.0461 0.0111 -0.0574 -0.0651 

   0.2298 0.2694 0.6804 0.0801 0.0548 0.7827 0.6231 0.9059 0.5408 0.4872 
2007_Premiums Growth (15)   1 0.0355 -0.0421 0.1621 0.0874 0.0648 -0.0499 -0.0191 -0.0158 -0.0599 

    0.7055 0.6539 0.0822 0.3510 0.4894 0.5946 0.8387 0.8661 0.5227 
2008_Premiums Growth (16)    1 0.6570 0.2912 0.3897 -0.1303 0.0561 0.2315 0.2048 0.1446 

     <.0001 0.0015 <.0001 0.1632 0.5501 0.0124 0.0274 0.1214 
2009_Premiums Growth (17)     1 0.6028 0.4552 -0.0398 0.0670 0.2496 0.2766 0.2682 

      <.0001 <.0001 0.6711 0.4750 0.0069 0.0027 0.0036 
2010_Premiums Growth (18)      1 0.6284 -0.1153 0.1753 -0.0011 0.0814 0.1197 

       <.0001 0.2176 0.0598 0.9907 0.3851 0.2005 
2011_Premiums Growth (19)       1 -0.0892 0.1864 0.1692 0.2003 0.1472 

        0.3413 0.0451 0.0695 0.0311 0.1148 
2007_Loss Ratio (20)        1 0.2968 0.5407 0.4349 0.3824 

         0.0012 <.0001 <.0001 <.0001 
2008_Loss Ratio (21)         1 0.3199 0.2187 0.0032 

          0.0005 0.0183 0.9731 
2009_Loss Ratio (22)          1 0.6034 0.4957 

           <.0001 <.0001 
2010_Loss Ratio (23)           1 0.4920 

            <.0001 
2011_Loss Ratio (24)            1 
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Table 2.4: Determinants of 2008_Credituse Indicator: Logistic Regression 
This table reports results of Equation (2.1): the determinants of an insurance 
company's decision to use credit information in underwriting in 2008.  The 
dependent variable takes the value of "one" if an insurance company uses 
policyholders' credit information in underwriting and the value of "zero" 
otherwise.  All independent variables considered are measured in the year 
2007 and are defined in Table 2.1.  The final sample includes 116 property-
liability insurance companies that are licensed to operate personal auto 
insurance in Texas.  85 companies use credit information in underwriting in 
2008 and 31 companies do not use such information.  ***, **, and * denote 
statistical significance at 1%, 5%, and 10%, respectively. 
Variable Estimate   Standard Error   
Intercept -7.9389  3.2678 ** 
2007_Firm Size 0.8643  0.3326 *** 
2007_Capacity -0.4422  0.3477  
2007_Liquidity 1.3466  1.273  
2007_Reinsurance 2.1056  0.8683 ** 
2007_Business Concentration 1.1556  0.6812 * 
2007_Premiums Growth 0.0111  0.0232  
     

Number of observations 116    
Number of credit user 85    

Number of credit non-user 31    
R-Square 0.177    

Adjust R-Square 0.2791    
Classification Rate 75.86%       
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Table 2.5: The Relationship between Underwriting Use of Credit Information and Variation in 
Loss Ratios: Ordinary Least Squares regressions 
This table shows results of Equation (2.2) that examines the relationship between 
underwriting use of credit information and the variation in underwriting performance 
measured by loss ratios over the period 2008-2011.  The variation is measured in three 
different ways: range, standard deviation, and coefficient of variation.  ProbUseCredit is the 
predicted value of 2008_Credituse Indicator obtained from Equation (2.1).  Firm2008_2011is 
the average value of firm size over the time period 2008-2011.  Reinsurance2008_2011 is the 
average value of reinsurance over the time period 2008-2011.  Premiums Growth2008_2011 
is the average value of premiums growth rate in private auto insurance in Texas over the time 
period 2008-2011.  ***, **, and * denote significance at 1%, 5%, and 10% level, respectively. 

Panel A: Dependent variable: 4-year variation in loss ratios is measure by the range over the period 2008-2011 
Variable Estimate   Standard Error         

Intercept 0.0834  0.2395      
ProbUseCredit -0.5095  0.1566 ***     
Firm2008_2011 0.0463  0.0290      
Reinsurance2008_2011 0.2570  0.0936 ***     
Premiums Growth2008_2011 -0.0323  0.0299      
     Number of observations 116        
     R-Square 0.0934        
     Adjust R-Square 0.0607        
     F-value 2.86 **       

Panel B: Dependent variable: 4-year variation in loss ratio is measure by the standard deviation over the period 2008-2011 
Variable Estimate   Standard Error         

Intercept 0.0384  0.1097      
ProbUseCredit -0.2307  0.0717 ***     
Firm2008_2011 0.0208  0.0133      
Reinsurance2008_2011 0.1155  0.0428 ***     
Premiums Growth2008_2011 -0.0140  0.0137      
     Number of observations 116        
     R-Square 0.0908        
     Adjust R-Square 0.0581        
     F-value 2.77 **       
Panel C: Dependent variable: 4-year variation in loss ratio is measure by the coefficient of variation over the period 2008-
2011 
Variable Estimate   Standard Error         

Intercept -0.1282  0.1678      
ProbUseCredit -0.3785  0.1097 ***     
Firm2008_2011 0.0562  0.0203 ***     
Reinsurance2008_2011 0.2243  0.0656 ***     
Premiums Growth2008_2011 -0.0368  0.0209 *     
     Number of observations 116        
     R-Square 0.1215        
     Adjust R-Square 0.0898        
     F-value 3.84 ***            
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Table 2.6: Simultaneous Relationships between Variation in Underwriting Performance and 
Underwriting Use of Credit Information: Qualitative and Limited Dependent Variable Model 
This table shows results of Equations (2.3) and (2.4): if prior variation in underwriting 
performance affects an insurer’s choice to use credit information and such use of credit 
information has the effect on future variation in underwriting performance.  LR2009_2011 is 
the variation in loss ratios over 2009-2011, measured by the coefficient of variation.  
2008_Credituse Indicator takes the value of "one" if an insurance company uses 
policyholders' credit information in underwriting and the value of "zero" otherwise.  
Firm2009_2011 is the average value of firm size over 2009-2011.  Reinsurance2009_2011 is 
the average value of reinsurance over 2009-2011.   Premiums Growth2009_2011 is the 
average value of premiums growth rate in private auto insurance in Texas over 2009-2011.  
LR2005_2007 is the variation in loss ratios over 2005-2007, measured by the coefficient of 
variation.  Firm2005_2007 is the average value of firm size over 2005-2007.  
Capacity2005_2007 is the average value of capacity over 2005-2007.  Liquidity2005_2007 is 
the average value of capacity over 2005-2007.  Business Concentration2005_2007 is the 
average value of business concentration in private auto insurance in Texas over 2005-2007.  
Likelihood ratio test is used to test if 2008_Credituse Indicator is endogenous with 
LR2009_2011.  ***, **, and * denote significance at 1%, 5%, and 10% level, respectively.   
Panel A 

Variable Estimate   
Standard 

Error   

LR2009_2011.Intercept 0.3029  0.1990   

LR2009_2011.2008_Credituse Indicator -0.2996  0.0571 *** 

LR2009_2011.Firm2009_2011 0.0064  0.0209  

LR2009_2011.Reinsurance2009_2011 0.0456  0.0506  

LR2009_2011.Premiums Growth2009_2011 -0.3267  0.0734 *** 

Sigma.LR2009_2011 0.1803  0.0188 *** 

2008_Credituse Indicator.Intercept -1.2462  1.4646  

2008_Credituse Indicator.LR2005_2007 -1.1915  0.4406 *** 

2008_Credituse Indicator.Firm2005_2007 0.1946  0.1602  

2008_Credituse Indicator.Capacity2005_2007 -0.0090  0.0403  

2008_Credituse Indicator.Liquidity2005_2007 0.4652  0.6672  

2008_Credituse Indicator.Business Concentration2005_2007 0.6735  0.4009 * 

Rho 0.8277  0.0955 *** 

Number of Observations 97     
Log Likelihood 0.2097       

Panel B 

Likelihood Ratio Test P-value     

Rho=0 0.0118       
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CHAPTER 3 

PREDICTION OF RATINGS IN PROPERTY-LIABILITY INDUSTRY WHEN THE  

ORGANIZATIOAL FORM IS ENDOGENOUS 

3.1  Abstract 

I use a sample of property-liability insurers from 2005 to 2009 to investigate the role of 

organizational forms on insurers’ financial strength ratings.  I also consider the possible 

endogenous nature of organizational form into such investigation.  After comparing the 

benchmark model and other regression models, I find that the relationship between the stock 

dummy variable and insurers’ ratings is unclear but overall results indicate that the stock 

dummy variable is a dominant variable which correctly classifies insurers’ ratings.  Most 

importantly, the role of organizational forms on insurers’ financial strength ratings is not 

affected after the issue of endogeneity is considered. Moreover, consistent with prior studies, 

this study finds that profitability variables, leverage variable, reinsurance ratio, and firm size are 

common significant variable in the analysis of insurers’ ratings over the five-years testing 

period.   

3.2  Introduction 

An organizational form indicator is often included as an explanatory variable in 

regression models presented in the extant literature on predicting insurers’ financial strength 

ratings29.  However, the evidence with respect to the association of two major organizational 

forms, i.e., mutual and stock, with an insurer’s financial strength rating is inconclusive.  For 

example, studies such as Pottier (1997), Pottier and Sommer (1997), Bouzouita and Young 

29 The relevant rating literature is attached in the Appendix Table 3.A1.   
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(1998), and Adams, Burton and Hardwick (2003) conclude that mutual insurers are more likely 

to receive higher ratings than stock insurers.  However, Eckles and Pottier (2011) find that it is 

stock insurers that are more likely to have higher ratings.  Moreover, from an annual regression 

model, Doherty and Philips (2002), and Pottier and Sommer (2003) discover that the 

relationship between insurers’ ratings and the organizational form indicator is positive in some 

years but negative in other years.  These authors discuss this inconsistent relationship between 

the organizational form indicator and insurers’ financial strength ratings from two aspects: one 

relevant to mutual insurers’ “limited access to capital” (Eckles and Sommer, 2011) and one 

relevant to mutual insurers’ “lack of owner-policyholders conflict” (Pottier and Sommer, 2003).    

The purpose of this study is to extend the extant studies by examining what is the 

influence of an insurer’s organizational form30 on an insurer’s financial strength rating when the 

endogenous nature of organizational form is considered in the regression models.  

The empirical results show that the stock dummy variable is significant in the analysis of 

insurers’ financial strength ratings with or without controlling for endogeneity.  In addition, 

results from a comparison of alternative models show that controlling for the endogenous 

nature of organizational form does not affect the role of stock dummy variable in the prediction 

of insurers’ financial strength ratings.  Furthermore, the empirical findings are in line with prior 

studies that profitability measures, leverage measure, reinsurance measure, and insurers’ size 

are significant variables in the analysis of insurers’ financial strength ratings over the period of 

2005-2009. 

30 Mutual and stock are two major organizational forms in the insurance industry so I focus on mutual insurers and 
stock insurers only in this study. 
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This study makes two contributions to the extant literature with regard to insurers’ 

financial strength ratings.  First, this study considers the issue of endogeneity in analyzing the 

relationship between organizational forms and insurers’ ratings.  Second, I develop a simple 

method to measure the magnitude of endogeneity, which has not been applied in the extant 

studies.  The creation of two misclassification dummies and the use of the benchmark 

comparisons enable this study to provide additional information concerning the importance of 

the stock dummy variable and the models’ prediction accuracy.  This study may help customers 

understand the relationship between organizational forms and insurers’ ratings when they shop 

for insurance products between stock and mutual insurance companies.    

The remainder of this study is structured as follows.  In section 3.2, I describe the data 

collection process and present the hypothesis.  In section 3.3, I discuss methodologies 

employed in this study and provide a description of the variables.  In section 3.4, I discuss the 

empirical testing results.  The conclusion is summarized in section 3.5. 

3.3  Data and Hypotheses 

3.3.1  Data  

The data used to examine the influence of insurers’ organizational forms on property-

liability insurers’ financial strength ratings are primarily drawn from two sources.  First, I collect 

insurers’ financial information and firm characteristics from the National Association of 

Insurance Commissioners (the “NAIC” database) for the period of 2005 to 2009.  Second, I 

collect financial strength ratings of property-liability insurance companies from the A.M. Best 

Key Rating Guide over the period of 2006 through 2010.  
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To be included in the final sample in this study, each insurance company is required to 

meet the following conditions which are commonly used screening procedures in the insurance 

literature.  First, an insurance company is required to be an individual operating entity 31.  

Second, only mutual insurers and stock insurers are considered.  Third, only active operating 

companies are included (Cummins, Dionne, Gagne, and Nouira, 2009; Eckles and Pottier, 2011).  

In other words, a sample firm is required to have admitted assets, statutory capital and surplus, 

losses incurred equal to or larger than zero, and to have current net premiums written, prior 

net premiums written and direct premiums written that are larger than zero.  Fourth, an 

insurance company is required to have a financial strength rating at least of B- or above from 

the A.M. Best Company.  Furthermore, an insurance company is required to have sufficient and 

complete financial information.  That is, a company with missing values of financial information 

is removed from the sample. The sample selection and description is displayed in Table 3.1 

Panel A.  Table 3.1 Panel B presents the categorization of sample firms into four rating groups32.    

3.3.2  Hypotheses 

This section presents a hypothesis regarding the relationship between organizational 

forms and insurers’ financial strength ratings.  I.e., does the potentially endogenous nature of 

organizational form affect the relationship between organizational forms and insurers’ financial 

strength ratings?  Agency theory predicts that mutual insurers are more likely to receive higher 

financial strength ratings due to their relative safety (Pottier and Sommer, 2003; Adams, 

31 Insurance companies can be classified as combined group level, whose NAIC code is less than 10000, and 
individual level, whose NAIC code is equal to or larger than 10000. (Same as the footnote 14 on the page 11.) 
32 The four rating groups is based on four scales of rating description from the A.M. Best: superior, excellent, good, 
and fair. 
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Burton, and Hardwick, 2003).  Compared to stock insurers, mutual insurers can avoid the risk of 

owners’ moral hazard due to the merger of functions of owners and policyholders33.  However, 

Eckles and Pottier (2011) argue that mutual insurers tend to have lower ratings due to the 

inefficiency of cost controlling and “limited access to capital.”  In order to investigate the 

influence of organizational forms on insurers’ ratings, I set up the following hypothesis with 

considering the endogenous nature of organizational form.  

H3A: Controlling for the endogenous nature of organization forms does not result in any 

conflict with the prior literature.   

3.4  Methodology and Variables  

3.4.1  Methodology 

To illustrate the relationship between the organizational form indicator and insurers’ 

financial strength ratings and also consider the issue of endogeneity, I model an insurance 

company’s rating as a function of this company’s organizational form using a benchmark model 

and then compare this model to a model which controls for the endogenous nature of 

organizational form.   

In order to control for the endogenous nature of organizational form, I apply a binary 

logistic regression to examine the association of an insurance company’s organizational form 

with other rating predictors.  Equation (3.1) is estimated by the binary logistic regression 

model, in which the dependent variable, stock dummy, takes the value of 1 if an insurer’s 

organizational form is stock and 0 otherwise.   

33 Owners’ moral hazard occurs when owners tend to active their interest at the expense of policyholders or take 
the wealth of policyholders.  
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Unlike the traditional methods for measuring endogeneity, I develop a new approach to 

measure the presence of endogeneity.  I create two misclassification dummies, DMISS_Stock 

and DMISS_Mutual, from the predicted values of Equation (3.1), i.e., in the first stage, an 

organizational form dummy is the dependent variable in a logistic regression with all other 

variables traditionally used to predict Best’s ratings as the explanatory variables.  A 

misclassification stock dummy, DMISS_Stock, is set equal to 1 if the regression model 

misclassifies a mutual company as a stock company and is zero otherwise; a second 

misclassification mutual dummy, DMISS_Mutual, is set equal to 1 if the regression model 

misclassifies a stock company as a mutual company and is zero otherwise.   

Equation (3.2), as the benchmark model, is estimated by a multinomial logistic 

regression model, in which the dependent variable, standing for an insurance company’s 

financial strength rating, takes the value of 0 if an insurance company has a rating B or B-, or 

takes the value of 1 if an insurance company has a rating B++ or B+, or takes the value of 2 if an 

insurance company has a rating A or A-, or takes the value of 3 if an insurance company has a 

rating A++ or A+.   

Taking potential endogeneity into consideration, I model an insurance company’s rating 

as a function of stock indicator variable, DMISS_Stock variable, and DMISS_Mutual variable as 

specified in Equation (3.3).   

Moreover, I estimate equations (3.4) (3.5) (3.6) (3.7), including additional explanatory 

variables34, to further compare the predictability of models with or without controlling for the 

34 In Equation (3.4), I pick up some common rating determinants from 2005 to 2009 by applying a stepwise 
regression with the backward procedure; in Equation (3.3), except for the variables shown in Equation (3.4), I add 
some variables interacted with the stock dummy which are selected from the use of backward procedure as well.  
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endogenous nature of organizational form. These equations are also estimated by a 

multinomial logistic regression model and the dependent variables are defined in the same way 

as Equation (3.2).  These equations are displayed at the end of section 3.3.2 Variables. 

3.4.2  Variables 

In the analysis of relationship between insurers’ organizational forms and insurers’ 

ratings, the dependent variables takes the value of 0 if an insurance company has a rating B or 

B-, or takes the value of 1 if an insurance company has a rating B++ or B+, or takes the value of 

2 if an insurance company has a rating A or A-, or takes the value 3 if an insurance company has 

a rating A++ or A+. 

A variety of rating explanatory variables have been examined and discussed in the 

extant studies with regard to A.M. Best financial strength rating process.  In general, these 

variables are associated with insurers’ insolvency risk (Doherty and Phillips, 2002; Pottier and 

Sommer, 2003; Adams, Burton, and Hardwick, 2003).  The summary of variables considered in 

the extant studies is presented in Appendix Table 3.A1.  Instead of testing all variables used in 

prior studies, I select independent variables from each category: liquidity risk, investment risk, 

profitability, debt/leverage (capitalization) risk, reinsurance, business mix, and firm 

characteristics.   

Liquidity risk.  Liquidity has been used as one of explanatory variables in the insurers’ 

financial strength rating process but its documented effect is uncertain.  On the one hand, 

higher liquidity reveals a signal that an insurer can fulfill short-time insufficiency and 

policyholders’ claims.  On the other hand, higher liquidity implies that an insurer does not have 

ample investing opportunities in the near future and return on invested assets might be 
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reduced.  A positive relationship has been documented in studies, such as Pottier (1997), 

Bouzouita and Young (1998), Adams, Burton and Hardwick (2003), and Gaver and Pottier 

(2005)35.  However, a negative relationship has also been evidenced in Pottier and Sommer 

(1999), Doherty and Phillips (2002), Gaver and Pottier, (2005).  In this study, I consider the 

measure of liquidity by quick liquidity, the ratio of the sum of cash and short-term investments 

to total liabilities (Bouzouita and Young, 1998); investing liquidity, the ratio of cash and short-

term investments to invested assets (Pottier and Sommer, 1999; Doherty and Phillips, 2002; 

Gaver and Pottier, 2005); cash flow liquidity, the ratio of net operating cash flows to total assets 

(Gaver and Pottier, 2005). 

Investment risk.  Apart from underwriting, investing is the other primary activity 

conducted by an insurance company.  Under the assumption of high risk high return, a riskier 

investment is expected to be rewarded with higher returns but this riskier holding may also 

bring a negative effect on an insurer’s rating process.  In this study, I measure an insurer’s 

investment risk based on two ratios: the ratio of common stocks to invested assets and the 

ratio of junk bonds36 to invested assets, both used in Pottier and Sommer (1999, 2003) and 

Doherty and Phillips (2002). 

Profitability.  Profitability can be a proxy reflecting the efficient use of resources and 

effectiveness of management in operating a company (Bouzouita and Young, 1998; Adams et 

al., 2003).  Therefore, higher profitability reflects an insurer’s superior operation so that the 

35 Gaver and Pottier (2005) employ operating cash flow and investing activities, respectively, to measure the 
liquidity and opposite relationships with ratings are obtained from two measures of liquidity. 
36 Followed the rule of NAIC Securities Valuations Office,  the credit quality of bonds filed in an insurer’s annual 
statement is classified as 6 classes: NAIC 1, NAIC 2, NAIC 3, NAIC 4, NAIC 5, and NAIC 6.  Junk bonds (non-
investment-grade bonds) are defined as bonds with the class below NAIC 2. 
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influence of profitability on an insurer’s rating is expected to be positive.  In this study, I use 

seven different measures of profitability to examine the influence of profitability on insurers’ 

ratings.  The first two variables are the ratio of net income to total assets (Pottier and Sommer, 

1999) and the ratio of net income and unrealized capital gains to total assets (Bouzouita and 

Young, 2007).  The third variable is the combined ratio37 (Doherty and Phillips, 2002), i.e., the 

sum of the loss ratio and the underwriting expense ratio38.  The combined ratio is expected to 

have a negative impact on insurers’ ratings since it is a measure of loss.  The fourth variable is 

the return on equity, measured by the ratio of net income and unrealized capital gains to 

policyholders’ surplus (Bouzouita and Young, 1998; Adams, Burton, and Hardwick, 2003).  This 

ratio is used to examine whether an insurance company efficiently uses surplus to generate 

profits.  The fifth variable is a measure of annual growth in policyholders’ surplus.  An insurer is 

expected to receive a higher rating if it has stable growth in policyholders’ surplus since this 

measure acts as a “cushion against unfavorable fluctuations in the underwriting experience39.”  

The sixth variable is the return on investment, defined as the ratio of net investment income to 

total invested assets (Doherty and Phillips, 2002).  The last variable is the net operating cash 

flow dummy taking the value of 1 if an insurance company has negative net cash flows (Doherty 

and Phillips, 2002).  

Debt/Leverage risk (Capitalization).  An insurance company with higher leverage (or a 

lower capital ratio) is considered to have riskier operations so it is more likely to receive a lower 

37 Doherty and Phillips (2002) use log of combined ratio to measure property/casualty insurers’ profitability.   
38 The loss ratio is measured as the sum of losses incurred, loss adjustment expenses incurred, and policy holder 
dividends incurred divided by premiums earned.  The underwriting expense ratio is the ratio of underwriting 
expenses incurred to net premiums written. 
39 Bouzouita and Young, 1998, page 26. 
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rating.  In this study, I use three different ratios to measure the leverage risk40: statutory capital 

and surplus to total assets, net premiums written to statutory capital and surplus41, and one-

year growth in net premiums written42.   

Reinsurance.  An insurance company can transfer a part of underwriting risk to other 

insurance companies, a process called reinsurance.  However, the effect of this risk transfer on 

insurers’ ratings is uncertain (Pottier and Sommer, 1999; Adams, Burton, and Hardwick, 2003).  

On the one hand, insurers utilizing more reinsurance are expected to have a higher rating 

because their underwriting risk might be partly absorbed by their reinsurers.  However, insurers 

utilizing more reinsurance might be likely to receive a lower rating if their reinsurers run into 

financial distress and are unable to fulfill their reinsurance commitment.  Following Pottier and 

Sommer (1999) and Doherty and Phillips (2002), I measure the reinsurance variable using the 

ratio of reinsurance ceded to the sum of direct premiums written and reinsurance assumed.  

Also following Gaver and Pottier (2005), I use the ratio of reinsurance recoverable to assets to 

measure the reinsurance variable. 

Business mix.  Business mix is used to measure the diversity of an insurer’s operation, 

Studies such as Pottier and Sommer (1999) and Bouzouita and Young (1998, 2007) use 

“uncertainty” to describe the relationship between an insurer’s diversity and its rating.  For 

40 I also use the ratio of total liabilities to total assets but the result from this variable is collinearity with another 
variables, statutory capital and surplus to total assets. Therefore, I remove it from the analyses. 
41 The (financial leverage) is typically measure the relation between debts and assets. Bouzouita and Young (1998, 
2007) include the “insurance leverage”, the ratio of net premiums written to statutory capital and surplus, in the 
analysis and state that it is “the ability of the insurer to write new business without jeopardizing the relative 
financial strength of the company.”     
42 Pottier (1997) classifies change in net premiums written into financial risk/leverage. Bouzouita and Young (1998, 
Page 26; 2007, Page 124) state that “A rapid growth in the volume of premiums written, without an adequate 
increase in surplus, may increase the probability of default.”  Therefore, I category this ratio as leverage risk.     
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example, an insurer conducting business in more than one state and/or more than one line is 

regarded to have greater uncertainty about its operational risk so an insurer is expected to have 

a lower rating.  In addition, an insurer holding more long-tail lines of business is more likely to 

have a lower rating since a greater proportion of long-tail lines insurance is considered to be 

riskier and it implies that an insurer has greater variation in loss distribution and greater 

uncertainty regarding its ability to pay claims.  For this reason, this study measures the impact 

of diversity on an insurer’s rating by including a set of variables: number of states licensed, 

state Herfindahl Index43 using net premiums written, line of business Herfindahl Index using net 

premiums written, and the ratio of net premiums written in long-tailed lines44 of insurance to 

net premiums written.   

Firm characteristics.  I also consider the relationship between an insurer’s non-financial 

information and its rating.  The variables considered include firm’s size, firm’s age, firm’s 

affiliation, and whether a firm conducts business in the state of New York.  Firm size has been 

documented to positively associate with an insurer’s rating (Pottier, 1997; Bouzouita and 

Young, 1998; Pottier and Sommer, 1999; Doherty and Phillips, 2002; Pottier and Sommer, 2003; 

Adams, Burton, and Hardwick, 2003; Gaver and Pottier, 2005; Eckles and Pottier, 2011).  In this 

study, I measure an insurer’s firm size by the natural log of admitted assets.  Moreover, I follow 

43 The formula of Herfinadhl Index is defined as H = ∑ (NPWi
TNPW

)2n
i=1  (same as the footnote 15 but it is shown here for 

readers’ convenience). NPW refers the amount of net premiums written and TNPW refers total net premiums 
written. In the calculation of State Herfindahl index, i stands for a state where an insurer conducts business; 
(Mayers, 1988; Doherty and Phillips, 2002) 
44 I follow the definition of long-tailed lines used in Pottier and Sommer (1999). Long-tail-lines include auto liability, 
other liability, farmowners/homeowners/commercial multiple peril, medical malpractice, workers compensation, 
ocean marine, aircraft, and boiler and machinery. 
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Doherty and Phillips (2002) to use an affiliation dummy and an age dummy45 to improve the fit 

of the model.  Doherty and Phillips (2002) state that unaffiliated insurers are expected to have 

lower ratings than affiliated insurers because “they do not have access to any of the pooling 

arrangements often utilized by insurers which operate in a group structure46.”  Also, an insurer 

with business lasting for several years is expected to have a high rating since survivorship bias 

implies that the business of this insurer is more stable and safe.  I use two dummies to capture 

the effect of affiliation and age.  The affiliation dummy takes the value 1 if an insurer is a single 

company.  The age dummy takes the value 1 if an insurer has conducted business for over 10 

years.  Furthermore, Pottier and Sommer (1997, 1998, 2003) find positive evidence regarding 

the influence of stringent state regulation on an insurer’s rating.  The implication is that 

insurers under the most stringent regulation are regarding as having a lower possibility of not 

paying claims so that they are more likely to receive a higher rating.  Following Pottier and 

Sommer (2003), I use a New York dummy, taking the value of 1 if an insurance company is 

licensed to sell insurance in New York, as a proxy of regulatory stringency since New York is 

recognized as the state subject to the most stringent state regulation.   

Definitions of all independent variables used as rating determinants are summarized in 

Table 3.2. 

All equations are presented as follows. 

(3.1) Stock Dummyi,t=γ0+γ1CSITLi,t+γ2CSIIAi,t+γ3NCFTAi,t+γ4IJBIAi,t+γ5ICSIAi,t+γ6NITAi,t  

+γ7NIUCGTAi,t+γ8CRi,t+γ9NIUCGSPSi,t+γ10GISi,t+γ11IYi,t+γ12NCF Dummyi,t  

45 Pottier (1997) considers age variable in the analysis of rating process but he does not show and state the relation 
of age and ratings. 
46 Doherty and Phillips, 2002, page 62. 
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+γ13SPSTAi,t+γ14NPWSPSi,t+γ15GINPWi,t+γ16RCSDPWRAi,t+γ17RRTAi,t 

+γ18NPWLBHERFi,t+γ19LTNPWi,t+γ20DPWSHERFi,t+γ21SIZEi,t+γ22Age Dummyi,t 

+γ23Aff Dummyi,t+γ24NY Dummyi,t+γ25SLi,t+ρ1i,t 

(3.2) Financial Strength Ratingi,t=α0+α1Stock Dummyi,t+ρ2i 

(3.3) Financial Strength Ratingi,t=ω0+ω1Stock Dummyi,t 

+ω2DMISS_Stocki,t+ω3DMISS_Mutuali,t+ρ3i,t 

(3.4) Financial Strength Ratingi,t=β0+β1Stock Dummyi,t+β2CSIIAi,t+β3NCFTAi,t 

+β4IJBIAi,t+β5ICSIAi,t+β6NITAi,t+β7NIUCGTAi,t+β8NIUCGSPSi,t+β9GISi,t  

+β10IYi,t+β11NCF Dummyi,t+β12SPSTAi,t+β13NPWSPSi,t+β14GINPWi,t  

+β15RCSDPWRAi,t+β16RRTAi,t+β17NPWLBHERFi,t+β18DPWSHERFi,t  

+β19SIZEi,t+β20Aff Dummyi,t+β21NCF Dummyi,t×NCFTAi,t  

 +β22NCF Dummyi,t×NPWLBHERFi,t+β23NCF Dummyi,t×NITAi,t+ρ4i,t 

(3.5) Financial Strength Ratingi,t=δ0+δ1Stock Dummyi,t+δ2DMISS_Stocki,t 

+δ3DMISS_Mutuali,t+δ4CSIIAi,t+δ5NCFTAi,t+δ6IJBIAi,t+δ7ICSIAi,t+δ8NITAi,t 

+δ9NIUCGTAi,t+δ10NIUCGSPSi,t+δ11GISi,t+δ12IYi,t+δ13NCF Dummyi,t+δ14SPSTAi,t 

+δ15NPWSPSi,t+δ16GINPWi,t+δ17RCSDPWRAi,t+δ18RRTAi,t+δ19NPWLBHERFi,t 

+δ20DPWSHERFi,t+δ21SIZEi,t+δ22Aff Dummyi,t+δ23NCF Dummyi,t×NCFTAi,t  

 +δ24NCF Dummyi,t×NPWLBHERFi,t+δ25NCF Dummyi,t×NITAi,t+ρ5i,t 

(3.6) Financial Strength Ratingi,t=c0+c1Stock Dummyi,t+c2CSIIAi,t+c3NCFTAi,t 

57 



 

+c4IJBIAi,t+c5ICSIAi,t+c6NITAi,t+c7NIUCGTAi,t+c8NIUCGSPSi,t+c9GISi,t   

+c10IYi,t+c11NCF Dummyi,t+c12SPSTAi,t+c13NPWSPSi,t+c14GINPWi,t  

+c15RCSDPWRAi,t+c16RRTAi,t+c17NPWLBHERFi,t+c18DPWSHERFi,t  

+c19SIZEi,t+c20Aff Dummyi,t+c21NCF Dummyi,t×NCFTAi,t  

+c22NCF Dummyi,t×NPWLBHERFi,t+c23NCF Dummyi,t×NITAi,t 

+c24Stock Dummyi,t×Aff Dummyi,t+c25Stock Dummyi,t×SIZEi,t 

  +c26Stock Dummyi,t×NPWSPSi,t+c27Stock Dummyi,t×ICSIAi,t 

  +c28Stock Dummyi,t×CSIIAi,t+c29Stock Dummyi,t×RRTAi,t 

  +c30Stock Dummyi,t×SPSTAi,t+ρ6i,t 

(3.7) Financial Strength Ratingi,t=θ0+θ1Stock Dummyi,t+θ2DMISS_Stocki,t 

+θ3DMISS_Mutuali,t+θ4CSIIAi,t+θ5NCFTAi,t+θ6IJBIAi,t+θ7ICSIAi,t+θ8NITAi,t 

+θ9NIUCGTAi,t+θ10NIUCGSPSi,t+θ11GISi,t+θ12IYi,t+θ13NCF Dummyi,t 

+θ14SPSTAi,t+θ15NPWSPSi,t+θ16GINPWi,t+θ17RCSDPWRAi,t+θ18RRTAi,t 

+θ19NPWLBHERFi,t+θ20DPWSHERFi,t+θ21SIZEi,t+θ22Aff Dummyi,t  

+𝜃𝜃23NCF Dummyi,t×NCFTAi,t+θ24NCF Dummyi,t×NPWLBHERFi,t 

 +𝜃𝜃25NCF Dummyi,t×NITAi,t+θ26Stock Dummyi,t×Aff Dummyi,t 

 +θ27Stock Dummyi,t×SIZEi,t+θ28Stock Dummyi,t×NPWSPSi,t 

 +θ29Stock Dummyi,t×ICSIAi,t+θ30Stock Dummyi,t×CSIIAi,t 

 +θ31Stock Dummyi,t×RRTAi,t+θ32Stock Dummyi,t×SPSTAi,t 
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 +θ33DMISS_Stocki,t×NIUCGTAi,t+θ34DMISS_Stocki,t×RRTAi,t 

+θ35DMISS_Stocki,t×NPWSPSi,t+θ36DMISS_Stocki,t×NIUCGSPSi,t 

 +θ37DMISS_Stocki,t×SPSTAi,t+θ38DMISS_Stocki,t×GINPWi,t 

 +θ39DMISS_Mutuali,t×RCSDPWRAi,t+θ40DMISS_Mutuali,t×DPWSHERFi,t 

+θ41DMISS_Mutuali,t×ICSIAi,t+θ42DMISS_Mutuali,t×NCFTAi,t+ρ7i,t 

where αi, βj, 𝑐𝑐k, 𝛾𝛾l, ωm, 𝛿𝛿n, and θp  are parameters; ρ1i,t, ρ2i,t, ρ3i,t, ρ4i,t, ρ5i,t, ρ6i,t, and ρ7i,t are 

random error terms. 

3.5  Empirical Results 

Table 3.3 presents the summary statistics for the variables used in the prediction of 

insurance companies’ financial strength ratings over the period of 2005 to 2009.  The results of 

Pearson correlation coefficient matrix are displayed in Appendix Table 3.A2.   

To examine whether the issue of endogeneity affects the role of organizational forms on 

insurers’ rating process, I first regress the stock dummy variable on all other rating predictors 

considered in this study.  Table 3.4 reports the results: cash flow liquidity (NCFTA), common 

stock investment (ICSIA), reinsurance ratio (RCSDPWRA), number of state license hold (SL), 

business concentration in lines (NPWLBHERF), long-tail lines ratio (LTNPW), and affiliation 

dummy are significant at the one per cent level across all five years.  Among those variables, 

common stock investment, long-tail lines ratio, and affiliation dummy are negatively associated 

with the stock dummy variable.  The max-rescaled R-square and classification rates over the 5 

year-period, on average, is 43% and 84% respectively, implying the existence of the possible 
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endogeneity.  I then create two misclassification dummies, DMISS_Mutual and DMISS_Stock, 

from the prediction of Equation (3.1) and incorporate them in equations (3.3), (3.5), and (3.7).  

The first results to be discussed and compared are presented in Table 3.5 and Table 3.6.  

I first compare the benchmark model Equation (3.2) and Equation (3.3) which includes two 

misclassification dummies in the benchmark model.  Table 3.5 reveals that with the stock 

dummy variable being the only predictor in the model, its coefficients across all five years are 

positive.  Table 3.6 presents the results from the model with the stock dummy variable and two 

misclassification dummy variables.  In this model the stock dummy variable is significant at the 

5% level or better across all five years and its sign is positive.  Both Table 3.5 and Table 3.6 

support the hypothesis that stock insurance companies are more likely to have higher ratings.  

More importantly, the relationship between the stock dummy variable and insurers’ financial 

strength ratings is not affected after considering the endogeneity issue.    

Second, I discuss and compare two equations including additional rating predictors47 in 

the benchmark model: Equation (3.4) and Equation (3.5).  Table 3.7 and Table 3.8 show that 

when additional rating variables are included as other explanatory variables, the sign of stock 

dummy variable is flipped.  That is, a negative relationship exists between the stock dummy 

variable and insurers’ financial strength ratings.  Table 3.7 shows that in the absence of any 

control for endogeneity, (i.e., omitting the misclassification dummies) the stock dummy 

variable is significant at the 5 per cent level for only two of the five years.  In contrast to the 

47 These additional rating determinants are selected by the procedure of backward selection to fit the model 
better.  
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results of Tables 3.7, the results of Table 3.8 report that with controlling for the endogenous 

nature of organizational form the stock dummy variable is significant across all five years.   

Furthermore, I compare equations (3.6) and (3.7) with additional rating variables along 

with interaction variables which interact with the stock dummy variable, DMISS_Stock variable, 

and DMISS_Mutual variable.  Table 3.9 and Table 3.10 shows that the sign of stock dummy 

variable is positive, but many of interaction terms with this variable are negative and are 

significant.  Because the impact of stock dummy variable must be explained by both this 

variable and its interactions, a clear interpretation would not be reliable simply because the 

number of interactions and their collinearity distorts a meaningful interpretation.  A 

complicating issue is that logistic regression models are intrinsically nonlinear and interaction 

effects in logistic regression models cannot be as conveniently interpreted as in linear 

regression models.   

From the models’ comparison, I note that the relationship between the stock dummy 

variable and insurers’ financial strength ratings is positive in the benchmark model and the 

model with additional rating variables along with interaction variables but it turns to be 

negative over five years in the model with additional rating variables considered.  This finding 

illustrates that it may be more likely that either stock insurers or mutual insurers have higher 

ratings when different models are applied.  It seems that neither the statement of agency 

theory nor the statement of inefficiency to capital can be fully supported or rejected.   

Another finding noted is the max-rescaled R-square and classification rates.  After 

controlling for endogeneity in the benchmark model, I find that the max-rescaled R-square 

marginally increases from less than 1% to the average 1.67% and the classification rate is the 
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same as that in the benchmark model (from 56.39% to 63.10% over 2005-2009).  This result 

suggests that the stock dummy variable can be a good predictor of an insurer’s rating category 

and the models’ prediction accuracy is not affected after including the endogenous nature of 

organizational form.  Comparisons between Table 3.7 and Table 3.8 and comparisons between 

Table 3.9 and Table 3.10 also show that both the max-rescaled R-square and classification rates 

increase but less than 1% after controlling for the endogenous nature of organizational form.  

This marginal improvement again demonstrates that the endogenous nature of organizational 

form has no effect on models’ prediction accuracy.   

In addition, I find that the max-rescaled R-square substantially increases after other 

explanatory variables are added in the benchmark model, which demonstrates that the fit of 

the logistic regression model improves with these additional variables.  Even though the 

classification rates increase as well, the marginal improvement in classification rates from these 

additional variables is limited, implying that the stock dummy variable is still a dominant rating 

predictor.  Furthermore, I find that profitability variables such as NIUCGTA, NIUCGSPS, and 

NCFDummy, leverage measure (SPSTA), reinsurance ratio (RCSDPWRA), and firm size are all 

significant variables at 1% level from 2005-2009.   

The overall results from Table 3.4 to Table 3.10 reveal that the benchmark model has a 

surprising ability to replicate insurers’ actual ratings even though it only includes one stock 

dummy variable.  However, the relationship between insurers’ organizational forms and their 

ratings is unclear.  One the one hand, it is mutual insurers that tend to have higher ratings when 

additional explanatory variables are considered in the rating process, either without or with 

controlling for endogeneity.  On the other hand, results from the benchmark model and models 
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including additional variables along with interaction variables reveal that stock insurers are 

more likely to have higher ratings.  More importantly, results from models’ comparison 

demonstrates that the relationship between insurers’ organizational forms and insurers’ 

financial strength ratings is not affected after controlling for the endogenous nature of 

organizational form. 

I note that two measures of profitability, NIUCGTA and NIUCGSPS, are significant 

variables, but their relationships with insurers’ ratings are opposite.  From the variable of 

leverage risk (SPSTA), I find that insurers with lower leverage are more likely to have higher 

ratings, consistent with prior studies, Pottier and Sommer (1999, 2003), Doherty& Phillips 

(2002), Gavier & Pottier (2005), and Eckles & Pottier (2011).  From the reinsurance variable 

(RCSDPWRA), I find that insurers utilizing more reinsurance are more likely to have higher 

ratings, consistent with Pottier and Sommer (1999) and Doherty& Phillips (2002).  The current 

finding is also consistent with prior studies that larger insurers are more likely to have higher 

ratings.         

3.6  Conclusion 

This study examines the influence of insurers’ organizational forms on insurers’ financial 

strength ratings assigned by the A.M. Best over the period of 2005-2009.  I extend prior studies 

by considering and comparing regression models with and without controls for the endogenous 

nature of organizational form.  With the stock dummy variable being the only predictor in the 

model, its coefficients across all five years are positive.  When additional rating determinant 

variables are included in the benchmark model, the sign of stock dummy variable is negative, 

but it is significant at the five per cent for only one year out of five.  
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The model predicts that mutual insurers tend to have higher ratings than stock insurers 

when additional rating variables are added to the benchmark model; however, once again the 

model predicts that stock insurers are more likely to have higher ratings when interaction 

variables are added to the benchmark model.  The number of interactions and their collinearity 

distorts a meaningful interpretation.   

Empirical results demonstrate that controlling for the endogenous nature of 

organizational form does not result in any conflict with the prior literature.  

Consistent with the expectations and prior studies, empirical findings reveal that higher 

profitability measured by the return on equity, greater reinsurance, and larger firm size lead an 

insurer to more likely have a higher rating.  Also, a significant and negative relationship 

between the leverage and insurers’ ratings suggests that an insurer with lower leverage is more 

likely to have a higher rating. 
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Table 3.1: Sample Selection Screening Process 
Panel A      
This table describes how a property-liability insurance company is selected and included 
into the annual final sample from 2005 to 2009, respectively.  The table reports the 
number of insurance companies based on different year and different organizational 
forms: mutual and stock.  First, an insurer is required to operate at individual level.  
Second, an insurer is required to have positive value of assets, policyholders' surplus, and 
losses.  Third, an insurer is required to have positive value of current (prior) net premiums 
written and current direct premiums written.  Fourth, an insurer is required to have 
sufficient financial data.  Fifth, an insurer is required to have financial strength rating B- 
or above. 
  Property Liability Insurers-Mutual 

  2005 2006 2007 2008 2009 
Individual Level (NAIC code > 10000) 424 427 428 431 428 
Less: Firms with negative assets, surplus, or losses 7 8 11 12 11 

Less: Firms with current/prior net premiums written, 
current direct premiums written less than or equal to zero 
US Dollar  

37 42 39 41 44 

Less: Firms without sufficient financial data to calculate 
ratios 

0 0 0 0 0 

Less: Firms without receiving a financial strength rating B- 
and above 

99 99 108 113 114 

            Number of Final Sample 281 278 270 265 259 

 Property- Liability Insurers-Stock 

  2005 2006 2007 2008 2009 
Individual Level (NAIC code > 10000) 1992 1994 2014 2013 2015 
Less: Firms with negative assets, surplus, or losses 122 133 135 146 132 

Less: Firms with current/prior net premiums written, 
current direct premiums written less than or equal to zero 
US Dollar  

626 591 557 545 550 

Less: Firms without sufficient financial data to calculate 
ratios 

0 0 2 4 3 

Less: Firms without receiving a financial strength rating B- 
and above 

258 254 285 271 283 

           Number of Final Sample  986 1016 1035 1047 1047 
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Table 3.1: Sample Selection Screening Process (continued) 
Panel B 
This table classifies insurance companies to four groups based on their A.M. Best financial 
strength ratings.  The first group includes insurers with rating A++ or A+.  The second 
group includes insurers with rating A or A-.  The third group includes insurers with rating 
B++ or B+.  The fourth group includes insurers with rating B or B-.  Rating description is 
from the A.M. Best.  The rating category is ranked by the numerical value from zero to 
three, respectively. 

Rating Code 
Rating 

Description 
Numerical 

Value of Rating  
Property-Liability Insurers-Mutual 

2005 2006 2007 2008 2009 
A++  / A+ Superior 3 45 44 46 43 41 
A      /  A- Excellent 2 166 165 165 163 168 
B++  /  B+ Good 1 62 61 54 52 45 
B       /   B- Fair 0 8 8 5 7 5 

Number of Final Sample 281 278 270 265 259 

Rating Code 
Rating 

Description 
Numerical 

Value of Rating  
Property-Liability Insurers-Stock 

2005 2006 2007 2008 2009 
A++  / A+ Superior 3 245 256 272 231 229 
A      /  A- Excellent 2 552 562 571 641 657 
B++  /  B+ Good 1 140 150 145 130 119 
B       /   B- Fair 0 49 48 47 45 42 

Number of Final Sample 986 1016 1035 1047 1047 
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Table 3.2: Variable Definitions  
This table provides the definition and calculation of variables considered in this study. 
Category Variable Definition 
Liquidity Risk CSITL Quick Liquidity=(Cash + Short-term Investments)/Total Liabilities 
 CSIIA Investing Liquidity=(Cash + Short-term Investments)/Total Invested Assets 
 NCFTA Cash Flow Liquidity=(Net Operating Cash Flow)/Total Assets 
Investment risk IJBIA Junk Bonds/Total Invested Assets 
 ICSIA Common Stocks/Total Invested Assets 
Profitability NITA Net Income/Total Assets 
 NIUCGTA (Net Income + Unrealized Capital Gains)/Total Assets 
 CR Combined Ratio=Loss Ratio + Underwriting Expense Ratio)=[(Loss Incurred + Loss Adjustment Expenses 

Incurred, and Policy holder Dividends Incurred)/Premiums Earned] + [(Underwriting Expenses 
Incurred)/Net Premiums Written] 

 NIUCGSPS Return on Equity=(Net Income + Unrealized Capital Gains)/Policyholders' Surplus 
 GIS Annual Growth in Policyholders’ Surplus=(Policyholders' Surplus Current Year-Policyholders' Surplus 

Last Year)/Policyholders' Surplus Last Year 
 IY Return on Investment=(Net Investment Income)/Total Invested Assets 
 NCFDummy =1 if an insurance company has negative net cash flows, =0 otherwise 
Debt/Leverage 
(Capitalization) Risk 

SPSTA Statutory Capital and Surplus/Total Assets 

 NPWSPS Net Premiums Written/Statutory Capital and Surplus 
 GINPW Annual Growth in Net Premiums Written=(Net Premiums Written Current Year-Net Premiums Written 

Last Year)/Net Premiums Written Last Year 
Reinsurance RCSDPWRA Reinsurance Ceded/(Direct Premiums Written + Reinsurance Assumed) 
 RRTA Reinsurance Recoverable/Total Assets 
Business Mix NPWLBHERF Line of Business Herfindahl Index using Net Premiums Written 
 LTNPW Long-tail Lines Ratio using Net Premiums Written  
  DPWSHERF State Herfindahl Index Using Net Premiums Written 
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Table 3.2: Variable Definitions (continued) 
This table provides the definition and calculation of variables considered in this study. 
Category Variable Definition 
Firm 
Characteristics 

StockDummy =1 if an insurance company's organizational form is stock, =0 otherwise 

 DMISS_Stock =1 if the prediction model misclassifies a mutual insurer as a stock insurer, =0 otherwise 
 DMISS_Mutual =1 if the prediction model misclassifies a stock insurer as a mutual insurer, =0 otherwise 
 SIZE Natural Logarithm of Total Admitted Assets 
 AgeDummy =1 if an insurance company has conducted the business over 10 years, =0 otherwise 
 AffDummy =1 if an insurance company is a single (non-affiliated) company, =0 otherwise 

 NYDummy =1 if an insurance company is licensed to sell insurance in the state of New York, =0 otherwise 
  SL Number of States Licensed 
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Table 3.3: Summary Statistics of Variables between Mutual Insurance Companies and Stock 
Insurance Companies   
This table reports the summary statistics of variables considered in the study for insurance 
companies with different organizational forms.  Insurance companies are classified as mutual 
insurers and stock insurers.  Data are collected from the National Association of Insurance 
Commissioners from 2005 to 2009 and from the A.M. Best Key Rating Guide from 2006 to 
2010.  All variables are defined in Table 3.2. 
Panel A   
2005 Mutual Insurance Companies Stock Insurance Companies 

  N=281 N=986 

Variable Min. Max. Mean Median 
Standard 

Deviation Min. Max. Mean Median 
Standard 

Deviation 
Rating 0.0 3.0 1.9 2.0 0.7 0.0 3.0 2.0 2.0 0.8 
CSITL 0.0 23.3 0.3 0.1 1.4 0.0 15.4 0.3 0.1 1.0 
CSIIA 0.0 0.7 0.1 0.1 0.1 0.0 1.0 0.1 0.1 0.2 
NCFTA -0.2 0.3 0.1 0.1 0.1 -0.8 0.7 0.1 0.1 0.1 
IJBIA 0.0 0.1 0.0 0.0 0.0 0.0 6.1 0.0 0.0 0.2 
ICSIA 0.0 0.8 0.2 0.2 0.2 0.0 31.8 0.1 0.0 1.0 
NITA -0.2 0.2 0.0 0.0 0.0 -0.5 0.5 0.0 0.0 0.1 
NIUCGTA -0.2 0.2 0.0 0.0 0.0 -0.5 0.5 0.0 0.0 0.1 
CR 0.0 1550.4 6.5 0.9 92.4 0.0 36.0 1.1 1.0 1.3 
NIUGSPS -0.7 0.4 0.1 0.1 0.1 -1.7 0.7 0.1 0.1 0.1 
GIS -0.4 0.6 0.1 0.1 0.1 -0.5 4.6 0.2 0.1 0.4 
IY 0.0 0.3 0.0 0.0 0.0 0.0 22.0 0.1 0.0 0.7 
SPSTA 0.2 1.0 0.5 0.4 0.2 0.1 1.0 0.4 0.4 0.2 
NPWSPS 0.0 2.3 1.0 1.0 0.5 0.0 4.1 1.1 1.0 0.7 
GINPW -1.0 1.4 0.0 0.0 0.2 -1.0 1497.5 1.7 0.0 47.7 
RCSDPWRA -0.1 1.0 0.3 0.2 0.2 -0.3 1.0 0.4 0.4 0.3 
RRTA -0.1 0.4 0.0 0.0 0.0 0.0 0.7 0.0 0.0 0.1 
NPWLBHERF 0.1 1.0 0.4 0.3 0.3 0.1 19.9 0.5 0.4 0.8 
LTNPW 0.0 1.0 0.8 0.8 0.2 0.0 3.5 0.7 0.7 0.3 
DPWSHERF 0.0 1.0 0.7 0.9 0.3 0.0 6.5 0.5 0.4 0.4 
Size 6.3 11.0 8.0 8.0 0.8 6.2 10.8 8.2 8.1 0.8 
AgeDummy 0.0 1.0 1.0 1.0 0.2 0.0 1.0 0.9 1.0 0.3 
AffDummy 0.0 1.0 0.5 0.0 0.5 0.0 1.0 0.2 0.0 0.4 
NYDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.1 0.0 0.3 
SL 0.0 53.0 10.1 3.0 15.5 0.0 54.0 22.0 12.5 20.7 
NCFDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.2 0.0 0.4 
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Table 3.3: Summary Statistics of Variables between Mutual Insurance Companies and Stock 
Insurance Companies (continued)  
This table reports the summary statistics of variables considered in the study for insurance 
companies with different organizational forms.  Insurance companies are classified as mutual 
insurers and stock insurers.  Data are collected from the National Association of Insurance 
Commissioners from 2005 to 2009 and from the A.M. Best Key Rating Guide from 2006 to 
2010.  All variables are defined in Table 3.2. 
Panel B   
2006 Mutual Insurance Companies Stock Insurance Companies 

  N=278 N=1016 

Variable Min. Max. Mean Median 
Standard 
Deviation Min. Max. Mean Median 

Standard 
Deviation 

Rating 0.0 3.0 1.9 2.0 0.7 0.0 3.0 2.0 2.0 0.8 
CSITL 0.0 9.1 0.2 0.1 0.6 0.0 13.1 0.3 0.1 0.9 
CSIIA 0.0 0.7 0.1 0.1 0.1 0.0 1.0 0.1 0.1 0.2 
NCFTA -0.1 0.3 0.1 0.0 0.1 -0.8 1.4 0.1 0.1 0.1 
IJBIA 0.0 0.1 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 
ICSIA 0.0 0.8 0.2 0.2 0.2 0.0 0.9 0.1 0.0 0.1 
NITA -0.1 0.2 0.0 0.0 0.0 -0.3 0.5 0.0 0.0 0.0 
NIUCGTA -0.1 0.2 0.1 0.1 0.0 -0.2 0.5 0.0 0.0 0.0 
CR 0.5 1719.7 7.1 0.9 103.1 0.0 8303.2 9.2 0.9 260.5 
NIUGSPS -0.2 0.3 0.1 0.1 0.1 -6.8 0.7 0.1 0.1 0.2 
GIS -0.2 0.7 0.1 0.1 0.1 -5.2 4.8 0.2 0.1 0.4 
IY 0.0 0.1 0.0 0.0 0.0 -0.3 0.3 0.0 0.0 0.0 
SPSTA 0.2 1.0 0.5 0.5 0.1 0.0 1.0 0.4 0.4 0.2 
NPWSPS 0.0 2.5 0.9 0.9 0.4 0.0 3.1 1.0 0.9 0.6 
GINPW -0.6 0.9 0.0 0.0 0.1 -1.0 35941400.0 35375.9 0.0 1127584.0 
RCSDPWRA -0.1 1.0 0.3 0.2 0.2 0.0 1.0 0.4 0.4 0.3 
RRTA 0.0 0.1 0.0 0.0 0.0 0.0 0.4 0.0 0.0 0.0 
NPWLBHERF 0.1 1.0 0.4 0.3 0.3 0.1 3.5 0.5 0.4 0.3 
LTNPW 0.0 1.1 0.8 0.8 0.2 0.0 1.1 0.7 0.7 0.3 
DPWSHERF 0.0 1.0 0.7 0.9 0.4 0.0 6.6 0.5 0.4 0.4 
Size 6.4 11.0 8.1 8.1 0.8 6.3 10.8 8.2 8.1 0.8 
AgeDummy 0.0 1.0 1.0 1.0 0.2 0.0 1.0 0.9 1.0 0.3 
AffDummy 0.0 1.0 0.5 0.0 0.5 0.0 1.0 0.2 0.0 0.4 
NYDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.1 0.0 0.2 
SL 1.0 53.0 10.4 3.0 15.7 0.0 55.0 22.0 12.0 20.7 
NCFDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.1 0.0 0.3 
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Table 3.3: Summary Statistics of Variables between Mutual Insurance Companies and Stock 
Insurance Companies (continued)  
This table reports the summary statistics of variables considered in the study for insurance 
companies with different organizational forms.  Insurance companies are classified as mutual 
insurers and stock insurers.  Data are collected from the National Association of Insurance 
Commissioners from 2005 to 2009 and from the A.M. Best Key Rating Guide from 2006 to 
2010.  All variables are defined in Table 3.2. 
Panel C   
2007 Mutual Insurance Companies Stock Insurance Companies 

  N=270 N=1035 

Variable 
Min

. Max. Mean Median 
Standard 

Deviation Min. Max. Mean Median 
Standard 
Deviation 

Rating 0.0 3.0 1.9 2.0 0.7 0.0 3.0 2.0 2.0 0.8 
CSITL 0.0 5.1 0.2 0.1 0.5 0.0 16.8 0.3 0.1 1.1 
CSIIA 0.0 1.0 0.1 0.1 0.1 0.0 1.0 0.1 0.1 0.2 
NCFTA -0.7 0.3 0.0 0.0 0.1 -1.0 0.7 0.1 0.1 0.1 
IJBIA 0.0 0.1 0.0 0.0 0.0 0.0 0.2 0.0 0.0 0.0 
ICSIA 0.0 0.7 0.2 0.2 0.2 0.0 0.9 0.1 0.0 0.1 
NITA -0.1 0.1 0.0 0.0 0.0 -0.4 0.7 0.0 0.0 0.0 
NIUCGTA -0.1 0.1 0.0 0.0 0.0 -0.4 0.7 0.0 0.0 0.1 
CR 0.3 1757.7 7.5 1.0 106.9 0.0 465.1 1.6 0.9 15.7 
NIUGSPS -0.1 0.3 0.1 0.1 0.1 -2.4 0.8 0.1 0.1 0.1 
GIS -0.3 1.7 0.1 0.1 0.1 -0.8 3.6 0.1 0.1 0.2 
IY -0.1 0.2 0.0 0.0 0.0 0.0 0.3 0.0 0.0 0.0 
SPSTA 0.2 1.0 0.5 0.5 0.1 0.0 1.0 0.4 0.4 0.2 
NPWSPS 0.0 2.4 0.8 0.8 0.4 0.0 4.3 0.9 0.8 0.6 
GINPW -1.0 1.1 0.0 0.0 0.1 -1.0 2045860000 1976718 0.0 63592431 
RCSDPWRA -0.1 1.0 0.3 0.2 0.2 -0.4 1.0 0.4 0.4 0.3 
RRTA 0.0 0.2 0.0 0.0 0.0 0.0 0.8 0.0 0.0 0.0 
NPWLBHERF 0.1 1.0 0.4 0.3 0.3 0.1 1369.3 1.8 0.4 42.6 
LTNPW 0.0 1.0 0.8 0.8 0.2 0.0 1.2 0.7 0.7 0.3 
DPWSHERF 0.0 1.0 0.7 0.9 0.4 0.0 169.3 0.6 0.4 5.3 
Size 6.4 11.0 8.1 8.1 0.8 6.3 10.9 8.2 8.2 0.8 
AgeDummy 0.0 1.0 1.0 1.0 0.2 0.0 1.0 0.9 1.0 0.3 
AffDummy 0.0 1.0 0.5 0.0 0.5 0.0 1.0 0.2 0.0 0.4 
NYDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.1 0.0 0.2 
SL 1.0 54.0 10.7 3.0 16.0 0.0 55.0 22.6 13.0 20.8 
NCFDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.2 0.0 0.4 
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Table 3.3: Summary Statistics of Variables between Mutual Insurance Companies and Stock 
Insurance Companies (continued)  
This table reports the summary statistics of variables considered in the study for insurance 
companies with different organizational forms.  Insurance companies are classified as 
mutual insurers and stock insurers.  Data are collected from the National Association of 
Insurance Commissioners from 2005 to 2009 and from the A.M. Best Key Rating Guide from 
2006 to 2010.  All variables are defined in Table 3.2. 
Panel D   
2008 Mutual Insurance Companies Stock Insurance Companies 

  N=265 N=1047 

Variable Min. Max. Mean Median 
Standard 

Deviation Min. Max. Mean Median 
Standard 
Deviation 

Rating 0.0 3.0 1.9 2.0 0.7 0.0 3.0 2.0 2.0 0.7 
CSITL 0.0 9.6 0.3 0.1 0.7 0.0 18.5 0.4 0.1 1.1 
CSIIA 0.0 0.7 0.1 0.1 0.1 0.0 1.0 0.2 0.1 0.2 
NCFTA -0.3 0.2 0.0 0.0 0.1 -0.9 0.6 0.0 0.0 0.1 
IJBIA 0.0 0.1 0.0 0.0 0.0 0.0 0.4 0.0 0.0 0.0 
ICSIA 0.0 0.8 0.2 0.1 0.1 0.0 0.9 0.1 0.0 0.1 
NITA -0.3 0.1 0.0 0.0 0.0 -0.3 0.6 0.0 0.0 0.1 
NIUCGTA -0.3 0.1 0.0 0.0 0.1 -0.3 0.6 0.0 0.0 0.1 
CR 0.3 1259.5 5.8 1.0 77.3 0.0 102.8 1.2 1.0 3.4 
NIUGSPS -0.6 0.2 -0.1 0.0 0.1 -1.4 0.8 0.0 0.0 0.1 
GIS -0.5 0.1 -0.1 -0.1 0.1 -0.7 5.4 0.0 0.0 0.3 
IY -0.2 0.2 0.0 0.0 0.0 -0.2 0.4 0.0 0.0 0.0 
SPSTA 0.2 1.0 0.5 0.5 0.2 0.1 1.0 0.4 0.4 0.2 
NPWSPS 0.0 2.9 0.9 0.8 0.5 0.0 3.6 0.9 0.8 0.7 
GINPW -0.5 2.9 0.0 0.0 0.3 -1.0 1164.8 1.6 0.0 36.8 
RCSDPWRA 0.0 1.0 0.3 0.2 0.2 -0.1 1.0 0.4 0.4 0.3 
RRTA 0.0 0.4 0.0 0.0 0.0 -0.2 0.5 0.0 0.0 0.1 
NPWLBHERF 0.1 1.0 0.4 0.3 0.3 0.1 1243.0 1.6 0.4 38.4 
LTNPW 0.0 1.0 0.8 0.8 0.2 0.0 9.8 0.7 0.7 0.4 
DPWSHERF 0.0 1.0 0.7 0.8 0.4 0.0 3.0 0.5 0.3 0.4 
Size 6.3 11.0 8.1 8.1 0.8 6.4 10.8 8.2 8.2 0.8 
AgeDummy 0.0 1.0 1.0 1.0 0.2 0.0 1.0 0.9 1.0 0.3 
AffDummy 0.0 1.0 0.5 0.0 0.5 0.0 1.0 0.2 0.0 0.4 
NYDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.1 0.0 0.2 
SL 0.0 55.0 10.8 3.0 16.0 0.0 55.0 22.8 14.0 21.0 
NCFDummy 0.0 1.0 0.3 0.0 0.5 0.0 1.0 0.2 0.0 0.4 
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Table 3.3: Summary Statistics of Variables between Mutual Insurance Companies and Stock 
Insurance Companies (continued)  
This table reports the summary statistics of variables considered in the study for insurance 
companies with different organizational forms.  Insurance companies are classified as 
mutual insurers and stock insurers.  Data are collected from the National Association of 
Insurance Commissioners from 2005 to 2009 and from the A.M. Best Key Rating Guide from 
2006 to 2010.  All variables are defined in Table 3.2. 
Panel E   
2009 Mutual Insurance Companies Stock Insurance Companies 

  N=259 N=1047 

Variable Min. Max. Mean Median 
Standard 

Deviation Min. Max. Mean Median 
Standard 
Deviation 

Rating 0.0 3.0 1.9 2.0 0.6 0.0 3.0 2.0 2.0 0.7 
CSITL 0.0 14.6 0.3 0.1 1.2 0.0 71.2 0.4 0.1 2.4 
CSIIA 0.0 0.7 0.1 0.1 0.1 0.0 1.0 0.1 0.1 0.2 
NCFTA -0.9 0.1 0.0 0.0 0.1 -3.3 0.7 0.0 0.0 0.2 
IJBIA 0.0 0.1 0.0 0.0 0.0 0.0 0.8 0.0 0.0 0.0 
ICSIA 0.0 0.8 0.2 0.2 0.2 0.0 0.9 0.1 0.0 0.1 
NITA -0.3 0.1 0.0 0.0 0.0 -0.3 0.4 0.0 0.0 0.0 
NIUCGTA -0.2 0.2 0.0 0.0 0.0 -0.3 0.4 0.0 0.0 0.1 
CR 0.4 533.3 4.8 1.0 43.1 0.0 66637.6 65.1 1.0 2059.0 
NIUGSPS -0.7 0.3 0.1 0.1 0.1 -1.7 0.9 0.1 0.1 0.1 
GIS -0.4 1.8 0.1 0.1 0.1 -0.6 1.8 0.1 0.1 0.2 
IY -0.1 0.2 0.0 0.0 0.0 -0.1 0.4 0.0 0.0 0.0 
SPSTA 0.1 1.0 0.5 0.5 0.1 0.0 1.0 0.5 0.4 0.2 
NPWSPS 0.0 4.0 0.8 0.7 0.5 0.0 4.2 0.8 0.7 0.6 
GINPW -0.7 0.5 0.0 0.0 0.1 -1.0 84.3 0.2 0.0 3.7 
RCSDPWRA -0.1 1.0 0.3 0.2 0.2 -0.1 1.0 0.5 0.5 0.3 
RRTA 0.0 0.2 0.0 0.0 0.0 0.0 0.4 0.0 0.0 0.0 
NPWLBHERF 0.1 1.0 0.4 0.3 0.3 0.1 3572.6 3.9 0.4 110.4 
LTNPW 0.0 1.0 0.8 0.8 0.2 0.0 4.3 0.7 0.7 0.3 
DPWSHERF 0.0 1.0 0.7 0.8 0.4 0.0 33.0 0.5 0.3 1.1 
Size 6.4 11.0 8.1 8.1 0.8 6.4 10.9 8.2 8.2 0.8 
AgeDummy 0.0 1.0 1.0 1.0 0.2 0.0 1.0 0.9 1.0 0.3 
AffDummy 0.0 1.0 0.5 0.0 0.5 0.0 1.0 0.2 0.0 0.4 
NYDummy 0.0 1.0 0.1 0.0 0.3 0.0 1.0 0.1 0.0 0.2 
SL 0.0 55.0 11.4 4.0 16.3 0.0 55.0 23.7 17.0 21.1 
NCFDummy 0.0 1.0 0.2 0.0 0.4 0.0 1.0 0.3 0.0 0.4 
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Table 3.4: Test of the Endogenous Nature of Organizational Form: Logistic Regression   
This table shows the results of Equation (3.1) that tests the endogeneity existing between 
the stock dummy indicator and other predictors of insurers' A.M. Best financial strength 
ratings.  The dependent variable takes the value of "one" if an insurance company's 
organizational form is stock and the value of "zero" if an insurance company's 
organizational form is mutual.  All independent variables are defined in Table 3.2.  ***, **, 
and * denote significance at 1%, 5%, and 10% level, respectively. 
  2005   2006   2007   2008   2009   

Variable Estimate   Estimate   Estimate   Estimate   Estimate   

Intercept 5.625 *** 7.117 *** 5.894 *** 7.602 *** 6.338 *** 

CSITL 0.003  -0.114  -0.044  -0.127  -0.015  

CSIIA 0.650  2.070 *** 1.680 ** 2.266 *** 2.046 *** 

NCFTA 6.834 *** 5.052 *** 9.666 *** 11.185 *** 11.833 *** 

IJBIA 7.804  8.119  4.579  15.261 ** 18.948 *** 

ICSIA -4.228 *** -4.660 *** -3.373 *** -3.931 *** -3.712 *** 

NITA -9.066  -10.328  0.697  -2.052  6.270  

NIUCGTA -0.437  15.240 ** -1.769  0.775  -1.422  

CR -0.004  -0.002 ** -0.002 * -0.008  0.000  

NIUGSPS 1.491  -1.989  0.573  1.389  0.838  

GIS -0.025  -0.260  0.070  1.419  -1.385 ** 

IY 9.907 ** 15.996 ** 25.511 *** -2.491  10.441  

NCFDummy 1.709 * 0.331  2.661 *** -0.353  1.763 *** 

SPSTA -1.187  -2.655 *** -2.081 ** -2.232 ** -2.360 *** 

NPWSPS -0.114  -0.222  -0.131  -0.124  -0.530 ** 

GINPW 0.300  0.000  0.000 * 0.108  0.003  

RCSDPWRA 0.983 ** 1.104 *** 1.005 ** 1.609 *** 1.348 *** 

RRTA 0.834  2.598  4.102  -3.963  -1.699  

SLic 0.030 *** 0.032 *** 0.030 *** 0.029 *** 0.030 *** 

NPWLBHERF 1.189 *** 0.979 *** 0.895 ** 0.977 ** 1.034 *** 

LLITNPW -2.179 *** -2.524 *** -2.355 *** -3.142 *** -1.925 *** 

DPWSHERF -0.083  -0.163  -0.008  -0.365  -0.023  

Size -0.301 * -0.384 ** -0.348 ** -0.309 * -0.368 ** 

NCFTA*NCFDummy -6.335 * -15.924 ** -6.378 ** -15.894 *** -14.735 *** 

NITA*NCFDummy 7.324  13.408 ** 0.597  9.739 * 5.548  

IY*NCFDummy 10.234  -19.634 ** -21.083 * -8.567  -6.999  

NCFDummy*NPWLBHERF 0.247  1.797  -0.915 ** 2.067 ** -1.046 *** 

NCFDummy*DPWSHERF -2.218 ** -0.658   -0.293   0.029   -0.484   
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Table 3.4: Test of the Endogenous Nature of Organizational Form: Logistic Regression 
(continued)  
This table shows the results of Equation (3.1) that tests the endogeneity existing between 
the stock dummy indicator and other predictors of insurers' A.M. Best financial strength 
ratings.  The dependent variable takes the value of "one" if an insurance company's 
organizational form is stock and the value of "zero" if an insurance company's 
organizational form is mutual.  All independent variables are defined in Table 3.2.  ***, 
**, and * denote significance at 1%, 5%, and 10% level, respectively. 
  2005   2006   2007   2008   2009   

Variable Estimate   Estimate   Estimate   Estimate   Estimate   

AgeDummy -0.827 ** -0.938 ** -1.291 *** -1.155 ** -0.890 ** 

Aff -1.504 *** -1.491 *** -1.630 *** -1.584 *** -1.326 *** 

NYSDummy -0.204   -0.079   -0.032   -0.292   -0.257   

observation-stock 986  1016  1035  1047  1047  

observation-mutual 281  278  270  265  259  

Max-rescaled R-square 40.34%  42.97%  43.60%  46.41%  43.72%  

Classification Rate 83.58%   84.16%   84.37%   85.21%   84.53%   
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Table 3.5: Predictors of Insurer’s Financial Strength Ratings-Stock Indicator   
This table shows coefficient estimates of Equation (3.2) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if an 
insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  ***, **, and * denote statistical significance at 1%, 5%, and 10% level, 
respectively.  
  2005   2006   2007   2008   2009   

Variable Estimate   Estimate   Estimate   Estimate   Estimate   

Intercept 3 -1.527 *** -1.515 *** -1.404 *** -1.606 *** -1.594 *** 

Intercept 2 1.064 *** 1.047 *** 1.177 *** 1.262 *** 1.404 *** 

Intercept 1 2.764 *** 2.800 *** 2.925 *** 2.930 *** 3.052 *** 

StockDummy 0.395 *** 0.398 *** 0.341 ** 0.339 ** 0.309 ** 

Insurers with Rating A++ or A+ 290  300  319  275  271  

Insurers with Rating A or A- 718  727  737  805  826  

Insurers with Rating B++ or B+ 202  211  199  183  165  

Insurers with Rating B or B- 57  56  52  52  47  

Max-rescaled R-square 0.82%  0.82%  0.59%  0.54%  0.44%  

Classification Rate 56.67%  56.18%  56.39%  61.22%  63.10%  
  

76 



 

Table 3.6: Predictors of Insurer’s Financial Strength Ratings -Stock Indicator, Misclassification 
Stock Indicator, and Misclassification Mutual Indicator 
This table shows coefficient estimates of Equation (3.3) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if an 
insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  DMISS_Stock is a dummy variable, taking the value of "one" if the prediction 
model misclassified a mutual insurance company as a stock insurance company and "zero" 
otherwise.  DMISS_Mutual is a dummy variable, taking the value of "one" if the prediction 
model misclassified a stock insurance company as a mutual insurance company and "zero" 
otherwise.  ***, **, and * denote statistical significance at 1%, 5%, and 10% level, 
respectively.  
  2005   2006   2007   2008   2009   

Variable Estimate   Estimate   Estimate   Estimate   Estimate   

Intercept 3 -1.808 *** -1.6379 *** -1.5808 *** -1.9595 *** -1.6897 *** 

Intercept 2 0.803 *** 0.9409 *** 1.0173 *** 0.9398 *** 1.3332 *** 

Intercept 1 2.508 *** 2.6973 *** 2.7681 *** 2.6174 *** 2.9905 *** 

StockDummy 0.709 *** 0.5566 *** 0.5550 *** 0.7272 *** 0.4486 ** 

DMISS_Stock 0.516 ** 0.2150  0.3199  0.6656 *** 0.1509  

DMISS_Mutual -0.620 ** -0.7498 *** -0.6932 *** -0.7325 *** -0.9505 *** 

Insurers with Rating A++ or A+ 290   300   319   275   271  

Insurers with Rating A or A- 718  727  737  805  826  

Insurers with Rating B++ or B+ 202  211  199  183  165  

Insurers with Rating B or B- 57  56  52  52  47  

Max-rescaled R-square 1.83%  1.61%  1.43%  1.93%  1.58%  

Classification Rate 56.67%   56.18%   56.39%   61.22%   63.10%   
 

 

  

77 



 

Table 3.7: Predictors of Insurer’s Financial Strength Ratings-Stock Indicator and Other 
Common Predictors  
This table shows coefficient estimates of Equation (3.4) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if an 
insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  All other independent variables are selected from the backward procedure 
and are defined in Table 3.2.  ***, **, and * denote statistical significance at 1%, 5%, and 10% 
level, respectively.  
  2005   2006   2007   2008   2009   

Variable 
Estimat

e   
Estimat

e   
Estimat

e   
Estimat

e   
Estimat

e   
Intercept 3 -15.712 *** -15.044 *** -15.475 *** -13.948 *** -13.569 *** 
Intercept 2 -12.096 *** -11.433 *** -11.875 *** -10.076 *** -9.389 *** 
Intercept 1 -9.916 *** -9.122 *** -9.589 *** -7.906 *** -7.174 *** 
StockDummy -0.111  -0.079  -0.201  -0.330 ** -0.312 * 
CSIIA -0.293 ** -0.113  -0.185  -0.265  0.020  
IJBIA -8.085 *** -12.245 *** -7.227 * 3.531  4.443 ** 
NCFTA -0.406  0.297  0.447  -0.328  -2.221 * 
ICSIA -0.957 ** -1.003 ** -1.284 *** -1.738 *** -0.997 ** 
NITA 14.333 *** 8.979 * 9.703 ** 6.272 ** 7.593 * 
NIUCGTA -18.940 *** -12.177 ** -12.236 *** -13.409 *** -13.464 *** 
NIUGSPS 4.054 *** 4.827 *** 4.468 *** 5.750 *** 7.774 *** 
GIS -0.388 ** -0.164  -0.666 *** -0.273  -0.653 * 
IY -3.300  -9.767 *** -2.542  -4.164 * -11.284 *** 
NCFDummy -1.055 *** -0.948 *** -0.674 *** 0.061  -1.400 *** 
SPSTA 3.373 *** 3.344 *** 3.281 *** 2.583 *** 2.977 *** 
NPWSPS -0.315 ** -0.522 *** -0.295 ** -0.210 * -0.264 * 
GINPW 0.000  0.000  0.000  0.000  -0.002  
RCSDPWRA 1.636 *** 1.262 *** 1.454 *** 1.000 *** 1.049 *** 
RRTA -0.095  3.368 ** 2.740 * 4.359 *** 7.915 *** 
NPWLBHERF -0.234 *** -0.749 *** -0.592 ** -0.001  -0.962 *** 
DPWSHERF -0.312 * -0.233  0.002  -0.158  0.087  
Size 1.618 *** 1.578 *** 1.565 *** 1.419 *** 1.373 *** 
AffDummy -0.668 *** -0.657 *** -0.814 *** -0.899 *** -0.860 *** 
NCFTA*NCFDummy -5.279 *** -1.615  2.170  3.427 * 2.006  
NCFDummy*NPWLBHERF -0.351  0.419  0.590 ** -1.176 *** 0.961 *** 
NITA*NCFDummy 4.557   0.046   -5.081 * -0.453   0.456   
Insurers with Rating A++ or A+ 290  300  318  274  270  
Insurers with Rating A or A- 718  727  737  804  825  
Insurers with Rating B++ or B+ 202  211  199  183  165  
Insurers with Rating B or B- 57  56  52  52  47  
Max-rescaled R-square 40.60%  42.03%  40.63%  37.27%  40.49%  
Classification Rate 62.43%   62.67%   62.56%   64.97%   66.41%   
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Table 3.8: Predictors of Insurer’s Financial Strength Ratings -Stock Indicator, Misclassification 
Stock Indicator, Misclassification Mutual Indicator, and Other Common Predictors 
This table shows coefficient estimates of Equation (3.5) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if an 
insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  DMISS_Stock is a dummy variable, taking the value of "one" if the prediction 
model misclassified a mutual insurance company as a stock insurance company and "zero" 
otherwise.  DMISS_Mutual is a dummy variable, taking the value of "one" if the prediction 
model misclassified a stock insurance company as a mutual insurance company and "zero" 
otherwise.  All other independent variables are selected from the backward procedure and 
are defined in Table 3.2.  ***, **, and * denote statistical significance at 1%, 5%, and 10% 
level, respectively.  
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
Intercept 3 -15.2513 *** -14.3391 *** -15.1881 *** -13.5612 *** -13.2837 *** 
Intercept 2 -11.6245 *** -10.7092 *** -11.5794 *** -9.6852 *** -9.0976 *** 
Intercept 1 -9.4308 *** -8.3591 *** -9.2706 *** -7.5056 *** -6.8718 *** 
StockDummy -0.5910 ** -0.6972 *** -0.6657 *** -0.6702 *** -0.6003 ** 
DMISS_Stock -0.7106 *** -0.9535 *** -0.6826 ** -0.4474  -0.5140 * 
DMISS_Mutual 0.2334  0.2525  0.2771  0.3566  -0.1146  
CSIIA -0.2713 * -0.0174  -0.0927  -0.1881  0.0562  
IJBIA -7.6511 ** -11.8088 *** -6.8027 * 3.7503  4.5015 *** 
NCFTA -0.1723  0.3367  0.5855  -0.2124  -2.1976 * 
ICSIA -1.2750 *** -1.3393 ** -1.5461 *** -1.9075 *** -1.0615 ** 
NITA 13.2782 *** 9.0379 * 10.0645 ** 5.7319 ** 7.6896 * 
NIUCGTA -18.9614 *** -11.7242 ** -12.4168 *** -12.7120 *** -13.5210 *** 
NIUGSPS 4.3379 *** 4.6255 *** 4.4985 *** 5.7451 *** 7.7726 *** 
GIS -0.4005 ** -0.1555  -0.6381 ** -0.2667  -0.6272 * 
IY -2.4286  -10.3074 *** -2.0109  -4.0711 * -11.2041 *** 
NCFDummy -1.0546 *** -0.9528 *** -0.6073 *** 0.0243  -1.3837 *** 
SPSTA 3.3755 *** 3.2279 *** 3.2589 *** 2.5533 *** 2.9171 *** 
NPWSPS -0.3148 ** -0.5063 *** -0.2847 ** -0.2078  -0.2742 ** 
GINPW 0.0004  0.0000  0.0000  -0.0003  -0.0020  
RCSDPWRA 1.6052 *** 1.2622 *** 1.4805 *** 1.0038 *** 1.0450 *** 
RRTA -0.0700  3.2521 ** 2.6788 * 4.3052 *** 7.8145 *** 
NPWLBHERF -0.2222 *** -0.6876 *** -0.5499 ** -0.0011  -0.9398 *** 
DPWSHERF -0.3686 ** -0.3182 ** 0.0016  -0.2148  0.0831  
Size 1.6229 *** 1.5797 *** 1.5789 *** 1.4166 *** 1.3779 *** 
AffDummy -0.8212 *** -0.8697 *** -0.9853 *** -1.0206 *** -0.9128 *** 
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Table 3.8: Predictors of Insurer’s Financial Strength Ratings -Stock Indicator, Misclassification 
Stock Indicator, Misclassification Mutual Indicator, and Other Common Predictors 
(continued) 
This table shows coefficient estimates of Equation (3.5) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if an 
insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  DMISS_Stock is a dummy variable, taking the value of "one" if the prediction 
model misclassified a mutual insurance company as a stock insurance company and "zero" 
otherwise.  DMISS_Mutual is a dummy variable, taking the value of "one" if the prediction 
model misclassified a stock insurance company as a mutual insurance company and "zero" 
otherwise.  All other independent variables are selected from the backward procedure and 
are defined in Table 3.2.  ***, **, and * denote statistical significance at 1%, 5%, and 10% 
level, respectively.  
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
NCFTA*NCFDummy -5.6603 *** -1.9128  2.0996  3.2555 * 1.9715  
NCFDummy*NPWLBHERF -0.3528  0.3867  0.5482 ** -1.0949 ** 0.9395 *** 
NITA*NCFDummy 5.1499 * 0.7948   -5.3930 * -0.1170   0.5407   
Insurers with Rating A++ or A+ 290  300  318  274  270  
Insurers with Rating A or A- 718  727  737  804  825  
Insurers with Rating B++ or B+ 202  211  199  183  165  
Insurers with Rating B or B- 57  56  52  52  47  
Max-rescaled R-square 41.02%  42.73%  41.02%  37.48%  40.71%  
Classification Rate 63.14%   62.83%   63.32%   65.04%   66.64%   
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Table 3.9: Predictors of Insurer’s Financial Strength Ratings-Stock Indicator, Other Common 
Predictors, and Other Common Interaction Predictors    
This table shows coefficient estimates of Equation (3.6) by using ordered logistic 
regressions in which the dependent variable takes the value "0" if an insurer has financial 
strength rating B or B-, the value "1" if an insurer has financial strength rating B++ or B+, 
the value of "2" if an insurer has financial strength rating A or A-, the value of "3" if an 
insurer has financial strength rating A++ or A+.  StockDummy is a dummy variable, taking 
the value of "one" if an insurer's organizational form is stock and the value of "zero" if an 
insurers organizational form is mutual.  All other independent variables are selected from 
the backward procedure and are defined in Table 3.2.  ***, **, and * denote statistical 
significance at 1%, 5%, and 10% level, respectively.  
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
Intercept 3 -19.878 *** -19.348 *** -20.200 *** -21.358 *** -20.189 *** 
Intercept 2             -16.181 *** -15.648 *** -16.541 *** -17.432 *** -15.961 *** 
Intercept 1             -13.939 *** -13.265 *** -14.208 *** -15.233 *** -13.711 *** 
StockDummy 4.877 * 5.324 ** 4.853 * 8.402 *** 6.920 ** 
CSIIA 1.779  1.814  0.553  1.507  1.812  
IJBIA -8.270 *** -12.688 *** -7.368 ** 4.402  4.885 ** 
NCFTA -0.586  0.112  0.248  -0.602  -2.186 * 
ICSIA 0.028  0.222  0.221  0.622  0.223  
NITA 16.372 *** 9.253 * 10.871 *** 5.967 ** 7.678 * 
NIUCGTA -20.278 *** -11.092 ** -12.638 *** -10.881 *** -13.358 *** 
NIUGSPS 4.049 *** 4.242 *** 4.256 *** 5.024 *** 7.669 *** 
GIS -0.373 ** -0.136  -0.603 ** -0.281  -0.702 * 
IY -4.785  -10.884 *** -3.905  -4.991 ** -11.112 *** 
NCFDummy -1.058 *** -0.973 *** -0.662 *** -0.026  -1.330 *** 
SPSTA 5.274 *** 5.602 *** 5.742 *** 5.773 *** 7.045 *** 
NPWSPS -0.989 *** -1.216 *** -0.718 * -0.006  -0.040  
GINPW 0.001  0.000  0.000  0.000  -0.001  
RCSDPWRA 1.569 *** 1.144 *** 1.390 *** 0.922 *** 1.019 *** 
RRTA -1.066  4.626  8.252  6.469  14.916 ** 
NPWLBHERF -0.237 *** -0.732 *** -0.536 ** -0.001  -0.851 *** 
DPWSHERF -0.411 ** -0.367 ** 0.001  -0.244  0.072  
Size 2.041 *** 1.979 *** 1.942 *** 2.017 *** 1.830 *** 
AffDummy -0.087  -0.016  -0.003  -0.136  -0.440  
NCFTA*NCFDummy -5.069 *** -1.726  2.254  3.343 * 1.900  
NCFDummy*NPWLBHERF -0.340  0.279  0.534 ** -1.041 ** 0.850 *** 
NITA*NCFDummy 4.275  1.119  -4.821  -0.819  0.454  
StockDummy*AffDummy -0.842 ** -0.956 *** -1.094 *** -0.953 ** -0.501  
StockDummy*Size -0.476 * -0.469 * -0.374  -0.689 *** -0.482 * 
StockDummy*NPWSPS 0.749 * 0.766 * 0.451   -0.274   -0.265   
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Table 3.9: Predictors of Insurer’s Financial Strength Ratings-Stock Indicator, Other Common 
Predictors, and Other Common Interaction Predictors (continued)    
This table shows coefficient estimates of Equation (3.6) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if 
an insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  All other independent variables are selected from the backward procedure 
and are defined in Table 3.2.  ***, **, and * denote statistical significance at 1%, 5%, and 
10% level, respectively.  
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
StockDummy*ICSIA -1.577  -1.839 * -2.004 * -2.881 ** -1.664  
StockDummy*CSIIA -2.169  -2.028  -0.831  -2.018  -1.973  
StockDummy*RRTA 0.864  -1.730  -5.854  -2.462  -7.825  
StockDummy*SPSTA -2.530 * -3.008 ** -2.964 ** -3.905 ** -4.812 *** 
Insurers with Rating A++ or A+ 290  300  318  274  270  
Insurers with Rating A or A- 718  727  737  804  825  
Insurers with Rating B++ or B+ 202  211  199  183  165  
Insurers with Rating B or B- 57  56  52  52  47  
Max-rescaled R-square 42.81%  44.32%  42.29%  38.85%  41.89%  
Classification Rate 63.69%   63.37%   63.71%   66.41%   67.25%   
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Table 3.10: Predictors of Insurer’s Financial Strength Ratings-Stock Indicator, Misclassification 
Stock Indicator, Misclassification Mutual Indicator, Other Common Predictors, and Other 
Common Interaction Predictors      
This table shows coefficient estimates of Equation (3.7) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if an 
insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  DMISS_Stock is a dummy variable, taking the value of "one" if the prediction 
model misclassified a mutual insurance company as a stock insurance company and "zero" 
otherwise.  DMISS_Mutual is a dummy variable, taking the value of "one" if the prediction 
model misclassified a stock insurance company as a mutual insurance company and "zero" 
otherwise.  All other independent variables are selected from the backward procedure and 
are defined in Table 3.2.  ***, **, and * denote statistical significance at 1%, 5%, and 10% 
level, respectively.       
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
Intercept 3 -18.994 *** -18.968 *** -18.808 *** -20.961 *** -21.873 *** 
Intercept 2 -15.226 *** -15.223 *** -15.123 *** -16.985 *** -17.604 *** 
Intercept 1 -12.908 *** -12.811 *** -12.756 *** -14.744 *** -15.301 *** 
StockDummy 3.840  4.680  3.165  7.684 ** 8.618 *** 
DMISS_Stock -2.857  0.311  0.866  -0.320  2.511  
DMISS_Mutual 0.844  0.560  0.420  0.635  0.804  
CSIIA 1.970  1.884  0.844  1.725  1.276  
IJBIA -9.500 *** -12.575 *** -7.200 * 4.228  4.961 ** 
NCFTA -1.040  0.254  0.139  -1.006  -1.945  
ICSIA -0.079  -0.516  -0.151  0.532  0.722  
NITA 16.024 *** 7.016  11.851 *** 5.051 * 8.734 ** 
NIUCGTA -18.183 *** -8.001  -12.688 *** -8.341 *** -16.717 *** 
NIUGSPS 3.195 ** 4.132 *** 4.328 *** 4.875 *** 9.090 *** 
GIS -0.316 * -0.127  -0.627 ** -0.242  -0.609  
IY -3.983  -10.103 *** -3.535  -4.721 * -10.520 *** 
NCFDummy -1.147 *** -0.956 ** -0.596 ** 0.073  -1.300 *** 
SPSTA 4.478 ** 6.143 *** 5.256 ** 5.430 ** 8.082 *** 
NPWSPS -1.846 *** -1.682 *** -1.455 ** -0.220  0.025  
GINPW 0.001  0.000  0.000  0.000  0.000  
RCSDPWRA 1.661 *** 1.220 *** 1.533 *** 1.001 *** 0.975 *** 
RRTA -25.947 ** -2.286  -10.364  -14.159  -9.031  
NPWLBHERF -0.247 *** -0.799 *** -0.563 ** -0.001  -0.887 *** 
DPWSHERF -0.472 *** -0.428 *** 0.001  -0.293  0.079  
Size 2.102 *** 1.989 *** 1.892 *** 2.034 *** 1.972 *** 
AffDummy -0.008   -0.162   -0.082   -0.060   -0.398   
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Table 3.10: Predictors of Insurer’s Financial Strength Ratings-Stock Indicator, Misclassification 
Stock Indicator, Misclassification Mutual Indicator, Other Common Predictors, and Other 
Common Interaction Predictors (continued)      
This table shows coefficient estimates of Equation (3.7) by using ordered logistic regressions 
in which the dependent variable takes the value "0" if an insurer has financial strength rating 
B or B-, the value "1" if an insurer has financial strength rating B++ or B+, the value of "2" if an 
insurer has financial strength rating A or A-, the value of "3" if an insurer has financial 
strength rating A++ or A+.  StockDummy is a dummy variable, taking the value of "one" if an 
insurer's organizational form is stock and the value of "zero" if an insurers organizational 
form is mutual.  DMISS_Stock is a dummy variable, taking the value of "one" if the prediction 
model misclassified a mutual insurance company as a stock insurance company and "zero" 
otherwise.  DMISS_Mutual is a dummy variable, taking the value of "one" if the prediction 
model misclassified a stock insurance company as a mutual insurance company and "zero" 
otherwise.  All other independent variables are selected from the backward procedure and 
are defined in Table 3.2.  ***, **, and * denote statistical significance at 1%, 5%, and 10% 
level, respectively.       
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
NCFTA*NCFDummy -5.506 *** -2.116  2.470  3.674 ** 1.654  
NCFDummy*NPWLBHERF -0.377  0.294  0.562 ** -1.143 ** 0.886 *** 
NITA*NCFDummy 5.467 * 1.439  -5.946 * -1.053  -0.603  
StockDummy*AffDummy -1.038 ** -0.873 ** -1.115 ** -1.113 ** -0.521  
StockDummy*Size -0.510 ** -0.456 * -0.304  -0.671 ** -0.637 ** 
StockDummy*NPWSPS 1.612 ** 1.249 * 1.210 * -0.037  -0.354  
StockDummy*ICSIA -1.779  -1.731  -1.946 * -3.582 *** -2.278 * 
StockDummy*CSIIA -2.359 * -2.017  -1.020  -2.188  -1.406  
StockDummy*RRTA 25.431 ** 5.185  12.643  17.914  16.415  
StockDummy*SPSTA -1.890  -3.556 * -2.495  -3.552  -5.758 ** 
DMISS_Stock*NIUCGTA -36.112 *** -5.552  8.178  -11.560  28.092 ** 
DMISS_Stock*RRTA 29.134 ** 11.207  16.451  23.525  29.895 * 
DMISS_Stock*NPWSPS 1.582 ** 0.435  0.520  -0.053  -0.837  
DMISS_Stock*NIUGSPS 12.024 *** 0.851  -7.670  -0.310  -20.239 *** 
DMISS_Stock*SPSTA 2.773  -2.201  -2.285  -0.034  -3.330  
DMISS_Stock*GINPW -0.673  2.431 * 3.044 ** 0.879  0.701  
DMISS_Mutua*RCSDPWRA -1.305  -3.090 ** -1.304  -1.732  -0.283  
DMISS_Mutua*DPWSHERF -0.557  0.706  -0.001  -0.625  -1.327  
DMISS_Mutual*ICSIA 0.150  1.901  0.671  3.509 ** 0.734  
DMISS_Mutual*NCFTA 5.229 ** -8.324  5.147  5.820  5.106  
Insurers with Rating A++ or A+ 290   300   318   274   270   
Insurers with Rating A or A- 718  727  737  804  825  
Insurers with Rating B++ or B+ 202  211  199  183  165  
Insurers with Rating B or B- 57  56  52  52  47  
Max-rescaled R-square 0.448  0.454  0.432  0.403  0.433  
Classification Rate 0.641   0.638   0.639   0.661   0.673   
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3.7  Appendix 
 

Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings  
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier 
& 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-1970 1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-2002 1996-
2000 

  Liquidity Risk                     
1 Cash and short term investments to 

total liabilities     ***           ***   

2 Cash and investment assets to total 
liabilities v                   

3 Quick liquidity   v                 
4 Current liquidity   ***         **       
5 Total liabilities to liquid (marketable ) 

assets for the cedent                     

6 Cash to total liabilities           ***         
7 Cash and short-term investments to 

invested assets       *** ***     v     
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers 
Journal of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and 
Accounting; AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier 
& 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AASFJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

8 Net operating cash flows to total 
assets (cash return on assets ratio)               *     

 Asset Risk / Investment Risk                     
9 Non-investment-grade bonds to 

capital and surplus    ***                 

10 Delinquent and foreclosed 
mortgages to capital and surplus    v                 

11 Affiliated investments to capital and 
surplus   *                 

12 Mortgages and real estate to capital 
and surplus    ***                 

13 Common stock to capital and surplus    ***                 
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers 
Journal of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and 
Accounting; AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AASFJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ 
Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

14 Real estate investments to invested 
assets           ***         

15 Investment in speculative grade 
(junk) bonds to invested assets       ** *** ***         

16 Investment in Common stock to 
invested assets       *** *** ***   v     

  Operational Risk / Profitability                     
17 Total assets to net premiums earned  v                   
18 Net income to toal assets  v     ***             
19 Net income and unrealized capital 

gains to admitted assets                 ***   

20 Combined loss and expense ratio; 
Combined ratio  v       ***           
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers 
Journal of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and 
Accounting; AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ 
Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

21 Underwriting expenses and loss to 
net premiums earned                ***     

22 Net operating gain (after taxes) to 
total assets   **                 

23 Net operating gain (before taxes) to 
total revenue   v                 

24 Net (Annual) income and unrealized 
capital gains to statutory 
policyholders' surplus (Return on 
equity; Return on surplus )    

  *** ***       **       

25 Net operating gain (after taxes) to 
net premiums written   v                 

26 Benefits paid to net premiums 
written   v                 
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Liability 
insurers 

  

Year of Sample Used  1960-1970 1990-
1991 

1989-1992 1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-2002 1996-
2000 

27 Commissions and expense to net 
premiums written   v                 

28 (%) Change in statutory capital and 
surplus (during the prior year); 
Growth in policyholders' surplus 

  v ***     ***     v   

29 Net investment yield; Net income 
from investments to total invested 
assets (Return on investments); 
investment income to total assets  

v v     v **   v     

30 Net operating cash flow dummy (=1 
if negative; =0, otherwise)         ***           

31 Pretax operating income to average 
assets               v     
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ 
Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-1992 1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

32 Stockholder dividends to net income 
(dividend pay-out ratio)               ***     

33 Earnings volatility         ***           
34 Standard deviation of cedent's equity                      

35 1 year (2 year) adverse development 
indicator(=1, if the firm reports 
adverse development in reserves over 
a 1-or 2-year time horizon) 

        ***           

  Financial Risk / Leverage                     
36 Net worth to net premiums earned v                   
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-1992 1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

37 Statutory capital and surplus (Equity 
capital) to total (admitted) assets; 
(Capital-to-assets ratio) 

      *** *** ***   ***   *** 

38 Debt to equity               v     
39 Capital and surplus to liabilities    v                 
40 Surplus relief    v                 
41 NPW to capital and surplus (Kenney 

ratio)   *** ***   ***       **   

42 1 year growth in NPW; (%) Change 
in NPW   *** v *** *       v   

43 DPW to surplus for the cedent                     
44 Total liabilities to total assets      ***           v   
45 Accumulated reserves to total 

assets             v       
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ 
Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property 
/ Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-1997 1997 1991-
2002 

1996-
2000 

46 Loss reserves to total assets               v     
  Use of Reinsurance                     
47 Unauthorized reinsurance dummy (=1 

if the insurer maintains an 
unauthorized reinsurance reserve on 
the liability portion of the balance 
sheet is in one of 1988 through 1999) 

        ***           

48 Reinsurance ceded to the sum of 
direct premiums written and 
reinsurance assumed; % of the 
insurer's gross premiums writings 
ceded to reinsurance; Annual 
reinsurance ceded to annual 
premiums written  

      *** ***   v       
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ 
Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-2002 1996-
2000 

49 Reinsurance recoverable to assets               v     
50 Reinsurance sustainability index                     
51 Reinsurance Herfindahl index                      
52 Reinsurance premiums recoverable to 

surplus                 v   

  Efficiency                     
53 Pure technical efficiency                   *** 
54 Scale efficiency                   v 
55 Allocative efficiency                   *** 
  Business Mix                         
56 Number of states licensed       v                
57 Line-of-business Herfindahl index        *** *** *            
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ 
Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-2002 1996-
2000 

58 Net premiums written in long-tail 
lines of insurance to total net 
premiums written 

     *** v          v     

59 % of net premiums written in 
earthquake insurance         **            

60 % of direct premiums written 
exposed to hurricane losses         ***          

61 State Herfindahl index         ***          
62 Annuity net premiums written to 

total net premiums written           v        

63 Health net premiums written to total 
net premiums written           ***        
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property / 
Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

  Other Firm Characteristics or Market 
Variable                     

64 Organization type (stock vs mutual) v *** ***   ** ** **     *** 
65 Organization dummy (reciprical)         v           
66 Organization dummy (lloyds)         ***           
67 Size (log of total admitted assets; log 

of real assets)   *** *** *** *** *** v ***   *** 

68 Log of total admitted assets squared                     
69 Age (years in business)   v                 
70 Age dummy ( =1 if years > 10)         **           
71 Affiliation dummy         *** ***     v   
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property / 
Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

72 Year dummy ( =1 if year is the year of 
1988-1999 or 1987-1999 or 1996-
2000) 

        v*** ***         

73 Agent distribution dummy         ***           
74 New York State dummy           ***         
75 Time trend     ***               
76 Rating regime dummy ( =1 indicating 

after the rating change in 1991)     **               
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Table 3.A1: Summary of Variables Used in Prior Studies as Potential Predictors of Insurers' Financial Strength Ratings (continued) 
This table displays variables used as predictors of insurers' financial strength ratings in prior studies.  V denotes independent 
variables used in the articles; ***, **, and * denote statistical significance at 1%, 5%, and 10% level, respectively.  JAR refers 
Journal of Accounting Research; JRI refers Journal of Risk and Insurance; JII refers Journal of Insurance Issues; JFSRR refers Journal 
of Financial Services Research; JIR refers Journal of Insurance Regulation; JBFA refers Journal of Business Finance and Accounting; 
AAFSJ refers Academy of Accounting and Financial Studies Journal.       

    

Harmelink 
1973 JAR 
& 1974 JRI 

Pottier 
1997 JII 

Bouzouita 
& Young 
1998 JII 

Pottier & 
Sommer 
1999 JRI 

Doherty 
& Phillips 
2002 
JFSR 

Pottier & 
Sommer 
2003 JIR 

Adams, 
Burton, & 
Hardwick 
2003 JBFA  

Gaver & 
Pottier 
2005 JRI 

Bouzouita 
& Young 
2007 
AAFSJ 

Eckles & 
Pottier 
2011 JII 

  

  

U.S. 
Property / 
Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property 
/ 
Casualty 
insurers 

U.S. 
Property 
/ Liability 
insurers 

U.S. Life 
/ Health 
insurers 

U.K- 
based 
insurers 

U.S. 
Property / 
Liability 
holding 
companies 

U.S. 
Property / 
Liability 
insurers 

U.S. 
Property / 
Liability 
insurers 

  

Year of Sample Used  1960-
1970 

1990-
1991 

1989-
1992 

1995 1988-
1999 

1987, 
1990, 
1993, 
1996, 
1999 

1993-
1997 

1997 1991-
2002 

1996-
2000 

77 Interaction variables of rating regime 
dummy and variables (1, 24, 28, 41, 
42, 44, 58, 67) 

    v ***               

Note: 1. In Bouzouita and Young (1998), only the interaction variable of rating regime dummy (76) and return on staturtory policyholders' surplus (24) are significant. 
           2. In Doherty and Phillips (2002), I only show the regression result of entire panel from the period of 1988 through 1999. In addition, "Year dummy" is insignificant in  
               1988. 
           3. In Pottier and Sommer (2003), I only show the pooled regression result with the sample of firms included changing each year. 
           4. In Gaver and Pottier (2005), I only show results in the regression of group ratios for the sample of 80 publicly traded insurance holding companies.  
               Gaver and Pottier classfy "reinsurance recoverables to assets" in the asset risk but I calssify it in the category of use of reinsurance. 
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Table 3.A2: Pearson Correlation Analysis 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel A: Year 2005             
      Pearson Correlation Coefficients, N = 1,267      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
StockDummy (1) 1             
CSITL (2) 0.0205 1            

 0.4602             
CSIIA (3) 0.0971 0.3110 1           

 0.0004 <.0001            
NCFTA (4) 0.0213 -0.0181 0.0007 1          

 0.4410 0.5131 0.9789           
IJBIA (5) 0.0703 -0.0247 -0.0339 0.0121 1         

 0.0111 0.3731 0.2212 0.6631          
ICSIA (6) -0.2957 -0.0356 -0.1203 -0.0251 0.1032 1        

 <.0001 0.1982 <.0001 0.3641 0.0002         
NITA (7) 0.1284 -0.0273 -0.0756 0.1924 0.0715 -0.0802 1       

 <.0001 0.3248 0.0063 <.0001 0.0098 0.0037        
NIUCGTA (8) 0.0227 -0.0290 -0.0808 0.1799 0.1096 0.1238 0.8822 1      

 0.4126 0.2952 0.0035 <.0001 <.0001 <.0001 <.0001       
CR (9) 0.0130 -0.0024 -0.0062 -0.0245 -0.0077 -0.0199 -0.0202 -0.0262 1     

 0.6380 0.9301 0.8229 0.3767 0.7799 0.4721 0.4648 0.3448      
NIUGSPS (10) 0.0557 -0.0458 -0.1254 0.1216 0.1047 0.0497 0.7928 0.8613 -0.1295 1    

 0.0440 0.0980 <.0001 <.0001 0.0002 0.0724 <.0001 <.0001 <.0001     
GIS (11) -0.0292 -0.0173 -0.0332 0.0174 0.0288 0.0714 0.1323 0.2057 -0.0117 0.2537 1   

 0.2911 0.5318 0.2302 0.5291 0.2986 0.0098 <.0001 <.0001 0.6721 <.0001    
IY (12) 0.1091 -0.0856 -0.2540 -0.2524 0.0819 -0.0991 0.3717 0.1463 0.0053 0.1726 -0.0833 1  

 <.0001 0.0020 <.0001 <.0001 0.003 0.0003 <.0001 <.0001 0.8492 <.0001 0.0026   
SPSTA (13) -0.0998 0.2681 0.1552 -0.1412 -0.0223 0.1935 0.0911 0.1644 -0.0712 -0.0010 0.0215 -0.0704 1 
  0.0003 <.0001 <.0001 <.0001 0.4213 <.0001 0.001 <.0001 0.0101 0.9699 0.4379 0.0109   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel A: Year 2005             
      Pearson Correlation Coefficients, N = 1,267      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
NPWSPS (14) 0.0059 -0.1133 -0.0390 0.1785 -0.0278 -0.1415 -0.0695 -0.1110 -0.0385 -0.0782 -0.0459 -0.0242 -0.5518 

 0.8309 <.0001 0.1593 <.0001 0.3157 <.0001 0.012 <.0001 0.1642 0.0047 0.0977 0.3819 <.0001 
GINPW (15) 0.0302 -0.0085 0.0443 0.0618 -0.0234 0.0087 -0.0869 -0.1079 -0.0071 -0.0953 0.0037 -0.0254 0.0170 

 0.2755 0.7589 0.1093 0.0255 0.3981 0.7547 0.0017 <.0001 0.7982 0.0006 0.8934 0.3592 0.5396 
RCSDPWRA (16) 0.2351 -0.0351 0.0351 -0.1544 -0.0047 -0.1258 -0.0337 -0.1313 -0.0377 -0.0715 -0.0107 0.0803 -0.0143 

 <.0001 0.2051 0.2054 <.0001 0.8657 <.0001 0.2233 <.0001 0.1729 0.0097 0.6982 0.0037 0.6064 
RRTA (17) 0.1100 -0.0366 0.0760 -0.1783 -0.0088 -0.1145 -0.0765 -0.1381 0.1406 -0.1174 -0.0677 0.1027 -0.2124 

 <.0001 0.1865 0.0060 <.0001 0.7497 <.0001 0.0057 <.0001 <.0001 <.0001 0.0144 0.0002 <.0001 
NPWLBHERF (18) 0.0141 0.0002 0.0118 -0.0322 -0.0083 0.0057 0.0603 0.0676 0.0004 0.0415 0.0287 0.0338 0.0219 

 0.6113 0.9944 0.6705 0.2448 0.7647 0.8381 0.0294 0.0145 0.9880 0.1341 0.3000 0.2216 0.4288 
LLITNPW (19) -0.1333 -0.1486 -0.1112 -0.0294 -0.0015 -0.0392 -0.0875 -0.0951 0.0285 -0.0513 0.0354 0.0609 -0.2175 

 <.0001 <.0001 <.0001 0.2889 0.9557 0.1568 0.0015 0.0006 0.3027 0.0640 0.2007 0.0278 <.0001 
DPWSHERF (20) -0.0689 0.0218 0.0143 0.0040 -0.0423 -0.0284 -0.0229 -0.0158 0.0137 -0.0297 -0.0275 -0.0383 0.0534 

 0.0127 0.4309 0.6061 0.8846 0.1267 0.3047 0.4082 0.5677 0.6206 0.2839 0.3213 0.1662 0.0538 
Size (21) 0.0324 -0.1720 -0.3206 0.0761 0.1369 0.2086 0.1179 0.1311 0.0319 0.2028 0.1179 0.1453 -0.4116 

 0.2420 <.0001 <.0001 0.0059 <.0001 <.0001 <.0001 <.0001 0.2498 <.0001 <.0001 <.0001 <.0001 
AgeDummy (22) -0.1034 -0.0307 -0.1595 -0.0518 0.0597 0.1499 0.0497 0.0856 0.0086 0.0872 -0.0033 0.0558 -0.0628 

 0.0002 0.2680 <.0001 0.0613 0.0309 <.0001 0.0724 0.002 0.7569 0.0016 0.9063 0.0438 0.0232 
AffDummy (23) -0.2976 0.0955 0.1417 0.0027 -0.0672 0.0235 -0.0471 0.0185 -0.0146 -0.0383 -0.0087 -0.1103 0.1577 

 <.0001 0.0005 <.0001 0.9225 0.0152 0.3962 0.0887 0.5042 0.5982 0.1672 0.7541 <.0001 <.0001 
NYDummy (24) -0.0575 0.0750 -0.0163 0.0189 -0.0165 -0.0626 -0.0115 -0.0333 -0.0074 -0.0258 0.0045 -0.0216 -0.0291 

 0.0378 0.0067 0.5562 0.4958 0.5506 0.0238 0.6781 0.2296 0.7900 0.3519 0.8710 0.4353 0.2928 
SL(25) 0.2365 -0.0578 -0.0927 0.0214 0.0741 0.0304 0.0978 0.0606 0.0364 0.0931 0.0320 0.0890 -0.1513 

 <.0001 0.0368 0.0008 0.4392 0.0074 0.2720 0.0004 0.0286 0.1882 0.0008 0.2473 0.0013 <.0001 
NCFDummy (26) 0.0319 0.0439 0.0625 -0.4318 -0.0207 0.0158 -0.2569 -0.2734 0.0476 -0.2310 -0.0871 0.0831 -0.0043 

 0.2500 0.1127 0.0240 <.0001 0.4549 0.5693 <.0001 <.0001 0.0853 <.0001 0.0016 0.0027 0.8754 
Rating (27) 0.0687 -0.0515 -0.1493 0.0339 -0.0020 0.0115 0.1316 0.1224 0.0365 0.1493 -0.0099 0.0069 -0.0372 
  0.0145 0.0668 <.0001 0.2275 0.9433 0.6827 <.0001 <.0001 0.1944 <.0001 0.7237 0.8066 0.1858 
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel A: Year 2005              
      Pearson Correlation Coefficients, N = 1,267       
      Prob > |r| under H0: Rho=0       

  (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) 
NPWSPS (14) 1              

               
GINPW (15) 0.0162 1             

 0.5577              
RCSDPWRA (16) -0.2624 0.0100 1            

 <.0001 0.7170             
RRTA (17) 0.0034 -0.0159 0.3852 1           

 0.9024 0.5670 <.0001            
NPWLBHERF (18) -0.0387 -0.0101 0.0533 -0.0124 1          

 0.1621 0.7166 0.0543 0.6548           
LLITNPW (19) -0.0181 -0.0084 -0.0053 -0.0091 -0.0663 1         

 0.5132 0.7627 0.8492 0.7428 0.0166          
DPWSHERF (20) -0.0031 -0.0021 -0.1147 -0.0295 -0.0064 0.0499 1        

 0.9118 0.9410 <.0001 0.2866 0.8187 0.0716         
Size (21) 0.0841 -0.0163 -0.0464 0.0092 0.0102 0.0699 -0.1761 1       

 0.0023 0.5555 0.0936 0.7404 0.7124 0.0115 <.0001        
AgeDummy (22) 0.0260 -0.0388 -0.0710 -0.0310 0.0081 -0.0342 -0.0566 0.2191 1      

 0.3484 0.1615 0.0102 0.2633 0.7696 0.2171 0.0407 <.0001       
AffDummy (23) 0.0013 -0.0244 -0.3301 -0.1371 -0.0139 0.0177 0.0877 -0.3190 0.0434 1     

 0.9627 0.3783 <.0001 <.0001 0.6153 0.5223 0.0015 <.0001 0.1167      
NYDummy (24) -0.0176 -0.0130 0.0211 0.0022 -0.0075 0.0860 0.0173 -0.0400 0.0239 0.1013 1    

 0.5263 0.6377 0.4457 0.9372 0.7860 0.0019 0.5334 0.1483 0.3872 0.0002     
SL(25) -0.0138 0.0069 0.1586 0.0322 0.0418 -0.1271 -0.2879 0.4701 0.1858 -0.2467 -0.0286 1   

 0.6181 0.8035 <.0001 0.2445 0.1314 <.0001 <.0001 <.0001 <.0001 <.0001 0.3025    
NCFDummy (26) -0.0362 -0.0445 0.1320 0.1410 0.0483 -0.0402 0.0159 -0.1306 -0.0102 0.0190 -0.0464 -0.0533 1  

 0.1911 0.1080 <.0001 <.0001 0.0811 0.1468 0.5661 <.0001 0.7141 0.4931 0.0939 0.0542   
Rating (27) -0.1234 0.0010 0.2093 0.0263 -0.1041 -0.0093 -0.2768 0.4468 0.0706 -0.3378 -0.0126 0.2809 -0.1423 1 
  <.0001 0.9724 <.0001 0.3489 0.0002 0.7404 <.0001 <.0001 0.012 <.0001 0.6551 <.0001 <.0001   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel B: Year 2006             
      Pearson Correlation Coefficients, N = 1,294      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
StockDummy (1) 1             
CSITL (2) 0.0441 1            

 0.1129             
CSIIA (3) 0.1195 0.5262 1           

 <.0001 <.0001            
NCFTA (4) 0.0719 0.0088 0.0637 1          

 0.0097 0.7515 0.0220           
IJBIA (5) 0.0546 -0.0383 -0.0294 -0.0283 1         

 0.0494 0.1685 0.2906 0.3094          
ICSIA (6) -0.2897 -0.0413 -0.1389 -0.0774 0.0547 1        

 <.0001 0.1373 <.0001 0.0053 0.0492         
NITA (7) 0.0297 0.0678 -0.0181 0.2508 0.0577 -0.0346 1       

 0.2862 0.0148 0.5159 <.0001 0.0381 0.2130        
NIUCGTA (8) -0.0214 0.0647 -0.0447 0.2432 0.0698 0.1885 0.8968 1      

 0.4425 0.0199 0.1082 <.0001 0.012 <.0001 <.0001       
CR (9) 0.0037 -0.0089 -0.0121 -0.0250 -0.0082 0.0143 -0.1481 -0.1603 1     

 0.8950 0.7493 0.6646 0.3691 0.7672 0.6068 <.0001 <.0001      
NIUGSPS (10) 0.0090 -0.0311 -0.0580 0.1330 0.0498 0.0288 0.5074 0.5416 -0.8635 1    

 0.7475 0.2643 0.0369 <.0001 0.0736 0.3012 <.0001 <.0001 <.0001     
GIS (11) 0.0244 -0.0312 -0.0476 0.1567 0.0118 -0.0235 0.1440 0.1587 -0.0146 0.0908 1   

 0.3801 0.2619 0.0871 <.0001 0.6722 0.3977 <.0001 <.0001 0.5989 0.0011    
IY (12) 0.0554 -0.0144 -0.0335 -0.0387 0.1125 -0.0140 0.3616 0.1089 -0.0072 0.0686 -0.0885 1  

 0.0462 0.6043 0.2285 0.1646 <.0001 0.6153 <.0001 <.0001 0.7955 0.0136 0.0014   
SPSTA (13) -0.1431 0.4139 0.1236 -0.1078 -0.0222 0.2476 0.1327 0.2011 -0.0670 -0.0158 0.0263 0.0014 1 
  <.0001 <.0001 <.0001 0.0001 0.4253 <.0001 <.0001 <.0001 0.0159 0.5703 0.3437 0.9606   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel B: Year 2006             
      Pearson Correlation Coefficients, N = 1,294      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
NPWSPS (14) 0.0659 -0.1963 -0.0892 0.2009 0.0077 -0.1945 0.0421 -0.0186 -0.0548 0.1201 0.0057 -0.0396 -0.5700 

 0.0177 <.0001 0.0013 <.0001 0.7815 <.0001 0.1298 0.5030 0.0489 <.0001 0.8389 0.1541 <.0001 
GINPW (15) 0.0146 -0.0055 -0.0084 -0.0193 0.0029 -0.0080 -0.0117 -0.0090 -0.0008 -0.0050 -0.0053 0.0157 0.0063 

 0.6011 0.8432 0.7623 0.4870 0.9183 0.7745 0.6751 0.7464 0.9769 0.8586 0.8484 0.5719 0.8220 
RCSDPWRA (16) 0.2169 -0.0250 0.0891 -0.0760 -0.0852 -0.1190 -0.1666 -0.1688 0.0068 -0.0533 -0.0086 -0.0124 -0.0885 

 <.0001 0.3687 0.0013 0.0062 0.0022 <.0001 <.0001 <.0001 0.8063 0.0553 0.7584 0.6561 0.0014 
RRTA (17) 0.1213 -0.0600 0.0739 -0.0999 -0.0204 -0.0901 -0.1748 -0.1966 0.1516 -0.1947 -0.0049 -0.0225 -0.1814 

 <.0001 0.0309 0.0079 0.0003 0.4642 0.0012 <.0001 <.0001 <.0001 <.0001 0.8617 0.4179 <.0001 
NPWLBHERF (18) 0.0420 0.2193 0.2729 0.0459 -0.0752 -0.0974 0.0103 -0.0190 0.1870 -0.1912 0.0013 -0.0356 0.1619 

 0.1311 <.0001 <.0001 0.0992 0.0068 0.0005 0.7126 0.4945 <.0001 <.0001 0.9617 0.2012 <.0001 
LLITNPW (19) -0.1488 -0.2608 -0.1282 0.0243 -0.0308 -0.0389 -0.1291 -0.1441 0.0163 -0.0466 -0.0070 0.0074 -0.2786 

 <.0001 <.0001 <.0001 0.3824 0.2685 0.1618 <.0001 <.0001 0.5571 0.0937 0.8020 0.7903 <.0001 
DPWSHERF (20) -0.1911 0.0518 0.0701 -0.0434 -0.0952 -0.0783 -0.0441 -0.0628 0.0387 -0.0914 -0.0104 -0.0844 0.1713 

 <.0001 0.0626 0.0117 0.1190 0.0006 0.0048 0.1127 0.0238 0.1644 0.0010 0.7087 0.0024 <.0001 
Size (21) 0.0628 -0.2671 -0.2999 0.0858 0.1091 0.1776 0.0874 0.1364 0.0207 0.1224 0.0378 0.1297 -0.4247 

 0.0238 <.0001 <.0001 0.0020 <.0001 <.0001 0.0016 <.0001 0.4559 <.0001 0.1747 <.0001 <.0001 
AgeDummy (22) -0.1166 -0.0684 -0.1472 -0.0632 0.0508 0.1805 0.0247 0.0549 0.0111 0.0245 -0.1200 0.0750 -0.0204 

 <.0001 0.0139 <.0001 0.0229 0.0676 <.0001 0.3753 0.0483 0.6896 0.3788 <.0001 0.0069 0.4627 
AffDummy (23) -0.2902 0.1637 0.1557 -0.0422 -0.0338 -0.0152 0.0249 0.0244 -0.0191 -0.0211 -0.0165 -0.0918 0.1836 

 <.0001 <.0001 <.0001 0.1292 0.2246 0.5858 0.3716 0.3814 0.4933 0.4488 0.5535 0.0009 <.0001 
NYDummy (24) -0.0399 -0.0088 -0.0093 -0.0429 -0.0497 -0.0670 -0.0526 -0.0677 -0.0085 -0.0215 -0.0094 -0.0271 -0.0526 

 0.1515 0.7513 0.7392 0.1226 0.0741 0.0160 0.0584 0.0149 0.7602 0.4389 0.7344 0.3308 0.0588 
SL(25) 0.2353 -0.0659 -0.0874 0.0106 0.1283 0.0624 0.0480 0.0616 0.0375 0.0298 0.0244 0.0973 -0.1739 

 <.0001 0.0178 0.0017 0.7030 <.0001 0.0249 0.0847 0.0266 0.1782 0.2850 0.3813 0.0005 <.0001 
NCFDummy (26) 0.0200 0.0120 0.0641 -0.5324 0.0214 0.0512 -0.2367 -0.2366 0.0659 -0.1801 -0.0887 0.0537 0.0843 

 0.4732 0.6663 0.0211 <.0001 0.4424 0.0657 <.0001 <.0001 0.0178 <.0001 0.0014 0.0534 0.0024 
Rating (27) 0.0701 -0.0664 -0.1525 0.0730 -0.0497 0.0470 0.1564 0.1792 -0.0641 0.1732 0.0463 0.0448 -0.0522 
  0.0117 0.0168 <.0001 0.0086 0.0742 0.0912 <.0001 <.0001 0.021 <.0001 0.096 0.1073 0.0607 
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel B: Year 2006              
      Pearson Correlation Coefficients, N = 1,294       
      Prob > |r| under H0: Rho=0       

  (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) 
NPWSPS (14) 1              
               
GINPW (15) -0.0456 1             
 0.1010              
RCSDPWRA (16) -0.2157 0.0576 1            
 <.0001 0.0382             
RRTA (17) -0.0407 0.0316 0.3987 1           
 0.1433 0.2556 <.0001            
NPWLBHERF (18) -0.1244 0.0516 -0.1531 0.0133 1          
 <.0001 0.0635 <.0001 0.6335           
LLITNPW (19) 0.0244 0.0317 0.0342 -0.0677 -0.0832 1         
 0.3814 0.2546 0.2187 0.0148 0.0027          
DPWSHERF (20) -0.0157 -0.0229 -0.1861 -0.0171 0.1702 0.1182 1        
 0.5722 0.4113 <.0001 0.5384 <.0001 <.0001         
Size (21) 0.1252 0.0520 -0.0130 -0.0035 -0.2808 0.1154 -0.4375 1       
 <.0001 0.0614 0.6392 0.8995 <.0001 <.0001 <.0001        
AgeDummy (22) 0.0151 0.0092 -0.0934 -0.0558 -0.1838 -0.0403 -0.1582 0.1728 1      
 0.5865 0.7405 0.0008 0.0449 <.0001 0.1476 <.0001 <.0001       
AffDummy (23) -0.0221 -0.0159 -0.3166 -0.1307 0.2324 -0.0243 0.2340 -0.3972 0.0214 1     
 0.4275 0.5675 <.0001 <.0001 <.0001 0.3825 <.0001 <.0001 0.4429      
NYDummy (24) -0.0568 -0.0075 0.0662 0.0251 -0.0442 0.0889 0.0581 -0.0288 -0.0041 0.0756 1    
 0.0409 0.7884 0.0172 0.3676 0.112 0.0014 0.0367 0.3008 0.8836 0.0065     
SL(25) 0.0042 0.0485 0.1497 0.0411 -0.1209 -0.1218 -0.6222 0.5016 0.1898 -0.2471 0.0064 1   
 0.8812 0.0811 <.0001 0.1393 <.0001 <.0001 <.0001 <.0001 <.0001 <.0001 0.8190    
NCFDummy (26) -0.1057 0.0692 0.1042 0.1782 0.0680 -0.0774 0.0443 -0.1773 0.0135 0.0654 -0.0098 -0.0263 1  
 0.0001 0.0128 0.0002 <.0001 0.0144 0.0053 0.1113 <.0001 0.6275 0.0186 0.7240 0.3445   
Rating (27) -0.1296 0.0007 0.2130 0.0550 -0.2366 0.0056 -0.2749 0.4649 0.0746 -0.3506 0.0104 0.2896 -0.1921 1 
  <.0001 0.9812 <.0001 0.0479 <.0001 0.8409 <.0001 <.0001 0.0072 <.0001 0.7078 <.0001 <.0001   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel C: Year 2007             
      Pearson Correlation Coefficients, N = 1,305      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
StockDummy (1) 1             
CSITL (2) 0.0434 1            

 0.1175             
CSIIA (3) 0.1003 0.5027 1           

 0.0003 <.0001            
NCFTA (4) 0.0682 0.0264 0.0618 1          

 0.0138 0.3399 0.0256           
IJBIA (5) 0.0545 -0.0458 -0.0485 -0.0603 1         

 0.0492 0.0986 0.0801 0.0294          
ICSIA (6) -0.2898 -0.0516 -0.1586 -0.1132 0.0509 1        

 <.0001 0.0626 <.0001 <.0001 0.0663         
NITA (7) 0.0473 0.0776 0.0269 0.3603 0.0621 -0.0235 1       

 0.0880 0.0050 0.3312 <.0001 0.0248 0.3962        
NIUCGTA (8) 0.0309 0.0806 0.0172 0.3758 -0.0017 -0.0037 0.9077 1      

 0.2645 0.0036 0.5351 <.0001 0.9501 0.8944 <.0001       
CR (9) -0.0469 -0.0072 -0.0123 -0.0601 0.0295 0.0589 -0.0432 -0.0448 1     

 0.0903 0.7942 0.6578 0.0299 0.2868 0.0335 0.1187 0.1057      
NIUGSPS (10) 0.0555 -0.0250 -0.0410 0.3436 0.0308 -0.0493 0.7512 0.8162 -0.0926 1    

 0.0450 0.3661 0.1392 <.0001 0.2668 0.0753 <.0001 <.0001 0.0008     
GIS (11) 0.0260 0.0620 0.1324 0.2191 -0.0855 -0.0928 0.1369 0.1874 -0.0042 0.2103 1   

 0.3484 0.0251 <.0001 <.0001 0.0020 0.0008 <.0001 <.0001 0.8806 <.0001    
IY (12) 0.0815 -0.0451 -0.0803 -0.1033 0.1559 0.0470 0.2918 0.0991 0.0019 0.0704 -0.1706 1  

 0.0032 0.1037 0.0037 0.0002 <.0001 0.0895 <.0001 0.0003 0.9468 0.0110 <.0001   
SPSTA (13) -0.1385 0.3790 0.1369 -0.0527 -0.0655 0.2183 0.1501 0.1399 -0.0010 -0.0736 0.0644 -0.0272 1 
  <.0001 <.0001 <.0001 0.0570 0.0180 <.0001 <.0001 <.0001 0.9724 0.0078 0.0200 0.3258   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel C: Year 2007             
      Pearson Correlation Coefficients, N = 1,305      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
NPWSPS (14) 0.0768 -0.1517 -0.0642 0.1572 0.0498 -0.1661 -0.0448 -0.0555 -0.0579 0.0055 -0.0758 -0.0042 -0.5481 

 0.0055 <.0001 0.0204 <.0001 0.0722 <.0001 0.1056 0.0450 0.0366 0.8417 0.0061 0.8793 <.0001 
GINPW (15) 0.0141 0.0005 0.0014 0.0882 -0.0115 -0.0214 0.0454 0.0443 -0.0013 0.0189 0.0163 -0.0207 0.0303 

 0.6097 0.9862 0.9587 0.0014 0.6772 0.4408 0.1015 0.1099 0.9614 0.4952 0.5562 0.4550 0.2738 
RCSDPWRA (16) 0.2124 -0.0550 0.0367 -0.1071 -0.0729 -0.1319 -0.1147 -0.1060 0.0501 -0.0426 0.0047 -0.0057 -0.0677 

 <.0001 0.0472 0.1854 0.0001 0.0084 <.0001 <.0001 0.0001 0.0703 0.1244 0.8646 0.8385 0.0144 
RRTA (17) 0.1118 -0.0406 0.0430 -0.0825 -0.0453 -0.0865 -0.1310 -0.1203 0.0276 -0.0690 0.0069 0.0323 -0.1960 

 <.0001 0.1424 0.1205 0.0028 0.1020 0.0018 <.0001 <.0001 0.3189 0.0127 0.8048 0.2432 <.0001 
NPWLBHERF (18) 0.0148 0.0029 -0.0014 -0.1214 0.2050 0.0091 0.0643 -0.0821 0.0277 -0.0494 -0.0895 0.1616 0.0453 

 0.5937 0.9162 0.9590 <.0001 <.0001 0.7438 0.0202 0.0030 0.3182 0.0747 0.0012 <.0001 0.1023 
LLITNPW (19) -0.1648 -0.2334 -0.1005 -0.0162 -0.0427 -0.0096 -0.1000 -0.0724 -0.0619 -0.0215 -0.0089 -0.0430 -0.2676 

 <.0001 <.0001 0.0003 0.5580 0.1228 0.7298 0.0003 0.0089 0.0253 0.4374 0.7477 0.1203 <.0001 
DPWSHERF (20) -0.0032 -0.0008 -0.0032 0.0036 0.0377 -0.0270 0.0408 0.0363 0.0020 0.0239 0.0018 0.0035 0.0135 

 0.9096 0.9762 0.9084 0.8957 0.1735 0.3306 0.1403 0.1895 0.9430 0.3881 0.9498 0.8988 0.6266 
Size (21) 0.0499 -0.2300 -0.2882 0.0548 0.1604 0.2109 0.0935 0.1450 -0.0285 0.2432 -0.0056 0.1456 -0.3925 

 0.0715 <.0001 <.0001 0.0478 <.0001 <.0001 0.0007 <.0001 0.3032 <.0001 0.8396 <.0001 <.0001 
AgeDummy (22) -0.1229 -0.0409 -0.0993 -0.0360 0.0732 0.1700 0.0230 0.0260 0.0130 0.0582 -0.0256 0.0265 -0.0337 

 <.0001 0.1396 0.0003 0.1938 0.0081 <.0001 0.4062 0.3478 0.6398 0.0356 0.3551 0.3394 0.2235 
AffDummy (23) -0.2935 0.1554 0.1632 0.0231 -0.0634 -0.0024 0.0154 -0.0302 -0.0210 -0.0972 0.0638 -0.0354 0.1542 

 <.0001 <.0001 <.0001 0.4046 0.0221 0.9303 0.5790 0.2752 0.4476 0.0004 0.0211 0.2017 <.0001 
NYDummy (24) -0.0473 0.0130 -0.0264 -0.0204 -0.0477 -0.0618 0.0021 -0.0001 -0.0102 0.0147 0.0027 -0.0172 -0.0373 

 0.0875 0.6386 0.3416 0.4617 0.0852 0.0256 0.9396 0.9982 0.7134 0.5956 0.9230 0.5339 0.1785 
SL(25) 0.2351 -0.0561 -0.0901 0.0368 0.1419 0.0510 0.0749 0.0992 -0.0181 0.1315 -0.0085 0.1021 -0.1505 

 <.0001 0.0429 0.0011 0.1843 <.0001 0.0658 0.0068 0.0003 0.5126 <.0001 0.7587 0.0002 <.0001 
NCFDummy (26) 0.0382 0.0199 0.04894 -0.5668 0.0362 0.0457 -0.2481 -0.2771 0.0856 -0.2844 -0.0864 0.1158 0.0458 

 0.1683 0.4726 0.0772 <.0001 0.1919 0.0989 <.0001 <.0001 0.0020 <.0001 0.0018 <.0001 0.0983 
Rating (27) 0.0549 -0.0549 -0.1545 0.1562 0.1033 0.0503 0.1617 0.1392 0.0020 0.1941 -0.0176 0.0380 -0.0344 
  0.0467 0.0469 <.0001 <.0001 0.0002 0.0689 <.0001 <.0001 0.9422 <.0001 0.5239 0.1690 0.2125 
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel C: Year 2007              
      Pearson Correlation Coefficients, N = 1,305       
      Prob > |r| under H0: Rho=0       

  (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) 
NPWSPS (14) 1                          
               
GINPW (15) -0.0160 1             
 0.5643              
RCSDPWRA (16) -0.2257 0.0353 1            
 <.0001 0.2029             
RRTA (17) -0.0123 -0.0117 0.3508 1           
 0.6562 0.6722 <.0001            
NPWLBHERF (18) -0.0441 -0.0007 0.0544 -0.0110 1          
 0.1112 0.9786 0.0497 0.6915           
LLITNPW (19) -0.0003 -0.0689 -0.0116 -0.0618 -0.0706 1         
 0.9926 0.0128 0.6745 0.0256 0.0108          
DPWSHERF (20) -0.0141 -0.0032 -0.0542 -0.0154 0.0002 0.0049 1        
 0.6110 0.9069 0.0501 0.5773 0.9931 0.8612         
Size (21) 0.0873 0.0071 -0.0483 0.0202 -0.0445 0.1188 -0.0592 1       
 0.0016 0.7991 0.0815 0.4666 0.1079 <.0001 0.0325        
AgeDummy (22) 0.0114 0.0094 -0.0664 -0.0294 0.0083 -0.0308 -0.0060 0.1763 1      
 0.6801 0.7353 0.0165 0.2883 0.7655 0.2668 0.8287 <.0001       
AffDummy (23) 0.0072 0.0493 -0.3137 -0.0898 -0.0138 -0.0254 0.0061 -0.3647 0.0186 1     
 0.7951 0.0750 <.0001 0.0012 0.6173 0.3600 0.8251 <.0001 0.5029      
NYDummy (24) -0.0537 -0.0074 0.0550 0.0162 -0.0068 0.0994 -0.0020 -0.0266 0.0186 0.0678 1    
 0.0523 0.7906 0.0471 0.5579 0.8069 0.0003 0.9412 0.3367 0.5014 0.0143     
SL(25) 0.0046 0.0431 0.1377 0.0505 -0.0199 -0.1394 -0.0716 0.4732 0.1973 -0.2292 0.0011 1   
 0.8680 0.1198 <.0001 0.0682 0.4731 <.0001 0.0097 <.0001 <.0001 <.0001 0.9680    
NCFDummy (26) -0.0339 -0.0123 0.0773 0.1252 0.0641 -0.0243 -0.0050 -0.1529 -0.0063 0.0408 -0.0264 -0.0726 1  
 0.2209 0.6572 0.0052 <.0001 0.0206 0.3810 0.8560 <.0001 0.8206 0.1408 0.3410 0.0087   
Rating (27) -0.1534 -0.0001 0.1676 0.0783 -0.0017 0.0125 -0.2333 0.4160 0.0774 -0.3182 -0.0052 0.2404 -0.2143 1 
  <.0001 0.9963 <.0001 0.0045 0.9498 0.6506 <.0001 <.0001 0.0050 <.0001 0.8511 <.0001 <.0001   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel D: Year 2008             
      Pearson Correlation Coefficients, N = 1,312      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
StockDummy (1) 1                         
CSITL (2) 0.0384 1            

 0.1645             
CSIIA (3) 0.1156 0.4134 1           

 <.0001 <.0001            
NCFTA (4) 0.0770 -0.0698 -0.0471 1          

 0.0053 0.0115 0.0881           
IJBIA (5) 0.0444 -0.0244 0.0022 0.0180 1         

 0.1078 0.3781 0.9364 0.5143          
ICSIA (6) -0.2761 -0.0736 -0.1297 -0.0800 0.0915 1        

 <.0001 0.0077 <.0001 0.0038 0.0009         
NITA (7) 0.1330 0.0698 0.0563 0.3032 0.0271 -0.1402 1       

 <.0001 0.0115 0.0414 <.0001 0.3269 <.0001        
NIUCGTA (8) 0.2645 0.0515 0.0765 0.2768 -0.0637 -0.4190 0.8200 1      

 <.0001 0.0623 0.0056 <.0001 0.0210 <.0001 <.0001       
CR (9) -0.0531 0.0108 -0.0174 -0.0230 0.0092 0.0672 -0.0330 -0.0516 1     

 0.0543 0.6966 0.5296 0.4058 0.7389 0.0149 0.2324 0.0618      
NIUGSPS (10) 0.2458 0.0296 0.0567 0.2654 -0.0492 -0.3688 0.7957 0.9260 -0.0437 1    

 <.0001 0.2839 0.0400 <.0001 0.0747 <.0001 <.0001 <.0001 0.1134     
GIS (11) 0.1289 0.0628 0.1230 0.0230 -0.0565 -0.1889 0.0939 0.2084 -0.0166 0.2304 1   

 <.0001 0.0230 <.0001 0.4055 0.0408 <.0001 0.0007 <.0001 0.5483 <.0001    
IY (12) 0.0876 0.0197 -0.0480 -0.0542 0.0164 -0.1727 0.4139 0.3481 -0.0344 0.3484 0.0589 1  

 0.0015 0.4765 0.0822 0.0496 0.5522 <.0001 <.0001 <.0001 0.2127 <.0001 0.0330   
SPSTA (13) -0.1050 0.4335 0.1153 -0.0874 -0.0220 0.1525 0.1270 0.0007 0.0220 0.0125 0.0943 0.0302 1 
  0.0001 <.0001 <.0001 0.0015 0.4263 <.0001 <.0001 0.9793 0.4261 0.6515 0.0006 0.2744   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel D: Year 2008             
      Pearson Correlation Coefficients, N = 1,312      
      Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
NPWSPS (14) 0.0289 -0.2026 -0.0675 0.1012 0.0149 -0.1299 -0.1172 -0.0576 -0.0456 -0.1265 -0.1502 -0.0449 -0.5849 

 0.2961 <.0001 0.0144 0.0002 0.5900 <.0001 <.0001 0.0370 0.0989 <.0001 <.0001 0.1040 <.0001 
GINPW (15) 0.0190 0.0062 0.0191 0.0592 -0.0116 -0.0263 -0.0201 -0.0050 -0.0009 -0.0036 0.1923 -0.0036 0.0227 

 0.4928 0.8221 0.4904 0.0322 0.6749 0.3413 0.4666 0.8574 0.9733 0.8962 <.0001 0.8960 0.4110 
RCSDPWRA (16) 0.2431 0.0118 0.0616 -0.0842 -0.0536 -0.0962 -0.0112 0.1068 0.0617 0.1070 0.1146 0.0841 -0.0087 

 <.0001 0.6685 0.0258 0.0023 0.0523 0.0005 0.6861 0.0001 0.0254 0.0001 <.0001 0.0023 0.7529 
RRTA (17) 0.0948 -0.0339 0.1032 -0.2027 -0.0224 -0.0798 -0.0587 0.0225 -0.0120 0.0150 0.0297 0.0343 -0.1740 

 0.0006 0.2204 0.0002 <.0001 0.4167 0.0038 0.0334 0.4154 0.6637 0.5862 0.2825 0.2141 <.0001 
NPWLBHERF (18) 0.0143 -0.0049 -0.0174 0.1269 -0.0034 -0.0114 0.0281 0.0315 -0.0012 0.0283 0.0117 -0.0087 0.0082 

 0.6041 0.8582 0.5280 <.0001 0.9012 0.6806 0.3085 0.2536 0.9658 0.3052 0.6729 0.7527 0.7658 
LLITNPW (19) -0.1045 -0.1953 -0.0994 0.0926 -0.0066 -0.0209 -0.0662 -0.0364 -0.0585 -0.0320 -0.0226 -0.0641 -0.1898 

 0.0001 <.0001 0.0003 0.0008 0.8104 0.4487 0.0166 0.1882 0.0341 0.2474 0.4128 0.0202 <.0001 
DPWSHERF (20) -0.2071 0.0983 0.0778 -0.1002 -0.1083 -0.0581 0.0302 0.0026 0.0349 0.0229 0.0193 -0.0034 0.2195 

 <.0001 0.0004 0.0048 0.0003 <.0001 0.0355 0.2743 0.9242 0.2072 0.4072 0.4854 0.9010 <.0001 
Size (21) 0.0483 -0.2686 -0.3051 0.1157 0.1791 0.2304 0.0044 -0.0039 -0.0421 0.0028 -0.0982 -0.0030 -0.4390 

 0.0804 <.0001 <.0001 <.0001 <.0001 <.0001 0.8741 0.8868 0.1276 0.9208 0.0004 0.9128 <.0001 
AgeDummy (22) -0.1144 -0.0733 -0.1128 -0.0346 0.0681 0.1408 -0.0246 -0.0762 0.0092 -0.0779 -0.1336 -0.0477 -0.0735 

 <.0001 0.0079 <.0001 0.2109 0.0136 <.0001 0.3737 0.0058 0.7387 0.0047 <.0001 0.0844 0.0077 
AffDummy (23) -0.3131 0.1370 0.1230 -0.0120 -0.0752 -0.0156 0.0055 -0.0816 -0.0167 -0.0914 0.0298 -0.0936 0.1667 

 <.0001 <.0001 <.0001 0.6646 0.0064 0.5715 0.8410 0.0031 0.5463 0.0009 0.2806 0.0007 <.0001 
NYDummy (24) -0.0490 0.0424 0.0190 0.0410 -0.0404 -0.0709 0.0185 0.0368 -0.0080 0.0242 0.0158 -0.0257 -0.0237 

 0.0758 0.1245 0.4929 0.1379 0.1438 0.0102 0.5042 0.1832 0.7730 0.3810 0.5683 0.3520 0.3901 
SL(25) 0.2347 -0.0796 -0.0837 0.1033 0.1394 0.0603 0.0394 0.0695 -0.0240 0.0436 -0.0345 0.0233 -0.1861 

 <.0001 0.0039 0.0024 0.0002 <.0001 0.0289 0.1534 0.0118 0.386 0.1147 0.2112 0.3982 <.0001 
NCFDummy (26) -0.0660 0.1067 0.1081 -0.6318 -0.0289 0.0817 -0.2486 -0.2390 0.0567 -0.2448 -0.0401 0.0551 0.0708 

 0.0168 0.0001 <.0001 <.0001 0.2962 0.0031 <.0001 <.0001 0.0402 <.0001 0.1461 0.0459 0.0104 
Rating (27) 0.0549 -0.0549 -0.1545 0.1562 0.1033 0.0503 0.1617 0.1393 0.0020 0.1941 -0.0176 0.0380 -0.0344 
  0.0467 0.0469 <.0001 <.0001 0.0002 0.0689 <.0001 <.0001 0.9422 <.0001 0.5239 0.169 0.2125 
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel D: Year 2008              
      Pearson Correlation Coefficients, N = 1,312       
      Prob > |r| under H0: Rho=0       

  (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) 
NPWSPS (14) 1                          
               
GINPW (15) -0.0373 1             
 0.1771              
RCSDPWRA (16) -0.2405 0.0451 1            
 <.0001 0.1028             
RRTA (17) 0.0004 -0.0038 0.3674 1           
 0.9888 0.8911 <.0001            
NPWLBHERF (18) -0.0414 -0.0019 0.0529 -0.0021 1          
 0.1342 0.9461 0.0557 0.9404           
LLITNPW (19) -0.0236 -0.0505 0.0198 -0.0428 0.6829 1         
 0.3932 0.0677 0.4734 0.1212 <.0001          
DPWSHERF (20) -0.0632 0.0249 -0.1824 -0.0265 0.0346 0.0949 1        
 0.0221 0.3674 <.0001 0.3384 0.2098 0.0006         
Size (21) 0.1389 0.0081 -0.0452 0.0104 -0.0079 0.0782 -0.4425 1       
 <.0001 0.7686 0.1015 0.7074 0.7745 0.0046 <.0001        
AgeDummy (22) 0.0419 0.0032 -0.0706 -0.0559 -0.0880 -0.0692 -0.1836 0.2013 1      
 0.1293 0.9075 0.0106 0.0428 0.0014 0.0122 <.0001 <.0001       
AffDummy (23) -0.0045 0.0449 -0.3485 -0.1401 -0.0131 -0.0086 0.2703 -0.3451 0.0151 1     
 0.8706 0.1044 <.0001 <.0001 0.6358 0.7545 <.0001 <.0001 0.5860      
NYDummy (24) -0.0460 -0.0072 0.0478 0.0043 -0.0078 0.0811 0.0483 -0.0380 0.0108 0.0754 1    
 0.0956 0.7953 0.0833 0.8762 0.7772 0.0033 0.0803 0.1694 0.6949 0.0063     
SL(25) 0.0522 0.0350 0.1365 0.0164 -0.0245 -0.1094 -0.6879 0.4779 0.1827 -0.2316 -0.0161 1   
 0.0590 0.2049 <.0001 0.5541 0.3749 <.0001 <.0001 <.0001 <.0001 <.0001 0.5598    
NCFDummy (26) -0.0070 -0.0207 0.0476 0.1502 -0.0157 -0.0887 0.0853 -0.1651 -0.0386 0.0724 -0.0595 -0.1088 1  
 0.8011 0.4545 0.0851 <.0001 0.5689 0.0013 0.002 <.0001 0.1625 0.0087 0.0313 <.0001   
Rating (27) -0.1534 -0.0001 0.1676 0.0783 -0.0017 0.0125 -0.2333 0.4160 0.0774 -0.3188 -0.0052 0.2404 -0.2143 1 
  <.0001 0.9963 <.0001 0.0045 0.9498 0.6506 <.0001 <.0001 0.0050 <.0001 0.8511 <.0001 <.0001   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel E: Year 2009             
     Pearson Correlation Coefficients, N = 1,306      
     Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
StockDummy (1) 1                         
CSITL (2) 0.0205 1            

 0.4602             
CSIIA (3) 0.0971 0.3110 1           

 0.0004 <.0001            
NCFTA (4) 0.0213 -0.0181 0.0007 1          

 0.4410 0.5131 0.9789           
IJBIA (5) 0.0703 -0.0247 -0.0339 0.0121 1         

 0.0111 0.3731 0.2212 0.6631          
ICSIA (6) -0.2957 -0.0356 -0.1203 -0.0251 0.1032 1        

 <.0001 0.1982 <.0001 0.3641 0.0002         
NITA (7) 0.1284 -0.0273 -0.0756 0.1924 0.0715 -0.0802 1       

 <.0001 0.3248 0.0063 <.0001 0.0098 0.0037        
NIUCGTA (8) 0.0227 -0.0290 -0.0808 0.1799 0.1096 0.1238 0.8822 1      

 0.4126 0.2952 0.0035 <.0001 <.0001 <.0001 <.0001       
CR (9) 0.0130 -0.0024 -0.0062 -0.0245 -0.0077 -0.0199 -0.0202 -0.0262 1     

 0.6380 0.9301 0.8229 0.3767 0.7799 0.4721 0.4648 0.3448      
NIUGSPS (10) 0.0557 -0.0458 -0.1254 0.1216 0.1047 0.0497 0.7928 0.8613 -0.1295 1    

 0.0440 0.0980 <.0001 <.0001 0.0002 0.0724 <.0001 <.0001 <.0001     
GIS (11) -0.0292 -0.0173 -0.0332 0.0174 0.0288 0.0714 0.1323 0.2057 -0.0117 0.2537 1   

 0.2911 0.5318 0.2302 0.5291 0.2986 0.0098 <.0001 <.0001 0.6721 <.0001    
IY (12) 0.1091 -0.0856 -0.2540 -0.2524 0.0819 -0.0991 0.3717 0.1463 0.0053 0.1726 -0.0833 1  

 <.0001 0.002 <.0001 <.0001 0.0030 0.0003 <.0001 <.0001 0.8492 <.0001 0.0026   
SPSTA (13) -0.0998 0.2681 0.1552 -0.1412 -0.0223 0.1935 0.0911 0.1644 -0.0712 -0.0010 0.0215 -0.0704 1 
  0.0003 <.0001 <.0001 <.0001 0.4213 <.0001 0.0010 <.0001 0.0101 0.9699 0.4379 0.0109   
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel E: Year 2009             
     Pearson Correlation Coefficients, N = 1,306      
     Prob > |r| under H0: Rho=0      
  (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11) (12) (13) 
NPWSPS (14) 0.0059 -0.1133 -0.0390 0.1785 -0.0278 -0.1415 -0.0695 -0.1110 -0.0385 -0.0782 -0.0459 -0.0242 -0.5518 

 0.8309 <.0001 0.1593 <.0001 0.3157 <.0001 0.0120 <.0001 0.1642 0.0047 0.0977 0.3819 <.0001 
GINPW (15) 0.0302 -0.0085 0.0443 0.0618 -0.0234 0.0087 -0.0869 -0.1079 -0.0071 -0.0953 0.0037 -0.0254 0.0170 

 0.2755 0.7589 0.1093 0.0255 0.3981 0.7547 0.0017 <.0001 0.7982 0.0006 0.8934 0.3592 0.5396 
RCSDPWRA (16) 0.2351 -0.0351 0.0351 -0.1544 -0.0047 -0.1258 -0.0337 -0.1313 -0.0377 -0.0715 -0.0107 0.0803 -0.0143 

 <.0001 0.2051 0.2054 <.0001 0.8657 <.0001 0.2233 <.0001 0.1729 0.0097 0.6982 0.0037 0.6064 
RRTA (17) 0.1100 -0.0366 0.0760 -0.1783 -0.0088 -0.1145 -0.0765 -0.1381 0.1406 -0.1174 -0.0677 0.1027 -0.2124 

 <.0001 0.1865 0.0060 <.0001 0.7497 <.0001 0.0057 <.0001 <.0001 <.0001 0.0144 0.0002 <.0001 
NPWLBHERF (18) 0.0141 0.0002 0.0118 -0.0322 -0.0083 0.0057 0.0603 0.0676 0.0004 0.0415 0.0287 0.0338 0.0219 

 0.6113 0.9944 0.6705 0.2448 0.7647 0.8381 0.0294 0.0145 0.9880 0.1341 0.3000 0.2216 0.4288 
LLITNPW (19) -0.1333 -0.1486 -0.1112 -0.0294 -0.0015 -0.0392 -0.0875 -0.0951 0.0285 -0.0513 0.0354 0.0609 -0.2175 

 <.0001 <.0001 <.0001 0.2889 0.9557 0.1568 0.0015 0.0006 0.3027 0.0640 0.2007 0.0278 <.0001 
DPWSHERF (20) -0.0689 0.0218 0.0143 0.0040 -0.0423 -0.0284 -0.0229 -0.0158 0.0137 -0.0297 -0.0275 -0.0383 0.0534 

 0.0127 0.4309 0.6061 0.8846 0.1267 0.3047 0.4082 0.5677 0.6206 0.2839 0.3213 0.1662 0.0538 
Size (21) 0.0324 -0.1720 -0.3206 0.0761 0.1369 0.2086 0.1179 0.1311 0.0319 0.2028 0.1179 0.1453 -0.4116 

 0.2420 <.0001 <.0001 0.0059 <.0001 <.0001 <.0001 <.0001 0.2498 <.0001 <.0001 <.0001 <.0001 
AgeDummy (22) -0.1034 -0.0307 -0.1595 -0.0518 0.0597 0.1499 0.0497 0.0856 0.0086 0.0872 -0.0033 0.0558 -0.0628 

 0.0002 0.2680 <.0001 0.0613 0.0309 <.0001 0.0724 0.0020 0.7569 0.0016 0.9063 0.0438 0.0232 
AffDummy (23) -0.2976 0.0955 0.1417 0.0027 -0.0672 0.0235 -0.0471 0.0185 -0.0146 -0.0383 -0.0087 -0.1103 0.1577 

 <.0001 0.0005 <.0001 0.9225 0.0152 0.3962 0.0887 0.5042 0.5982 0.1672 0.7541 <.0001 <.0001 
NYDummy (24) -0.0575 0.0750 -0.0163 0.0189 -0.0165 -0.0626 -0.0115 -0.0333 -0.0074 -0.0258 0.0045 -0.0216 -0.0291 

 0.0378 0.0067 0.5562 0.4958 0.5506 0.0238 0.6781 0.2296 0.7900 0.3519 0.8710 0.4353 0.2928 
SL(25) 0.2365 -0.0578 -0.0927 0.0214 0.0741 0.0304 0.0978 0.0606 0.0364 0.0931 0.0320 0.0890 -0.1513 

 <.0001 0.0368 0.0008 0.4392 0.0074 0.2720 0.0004 0.0286 0.1882 0.0008 0.2473 0.0013 <.0001 
NCFDummy (26) 0.0319 0.0439 0.0625 -0.4318 -0.0207 0.0158 -0.2569 -0.2734 0.0476 -0.2310 -0.0871 0.0831 -0.0043 

 0.2500 0.1127 0.0240 <.0001 0.4549 0.5693 <.0001 <.0001 0.0853 <.0001 0.0016 0.0027 0.8754 
Rating (27) 0.0456 -0.0493 -0.1352 0.0393 0.1159 0.0485 0.2413 0.2353 -0.0806 0.3014 0.0858 0.0594 -0.0143 
  0.0996 0.0748 <.0001 0.1560 <.0001 0.0795 <.0001 <.0001 0.0036 <.0001 0.0019 0.0320 0.6051 
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Table 3.A2: Pearson Correlation Analysis (continued) 
This table shows the Pearson correlation coefficients between all variables considered in the study.  The variable names are 
represented by numbers due to space limitations.  All variables are defined in Table 3.2. 
Panel E: Year 2009              
     Pearson Correlation Coefficients, N = 1,306       
     Prob > |r| under H0: Rho=0       

  (14) (15) (16) (17) (18) (19) (20) (21) (22) (23) (24) (25) (26) (27) 
NPWSPS (14) 1                          
               
GINPW (15) 0.0162 1             
 0.5577              
RCSDPWRA (16) -0.2624 0.0100 1            
 <.0001 0.7170             
RRTA (17) 0.0034 -0.0159 0.3852 1           
 0.9024 0.5670 <.0001            
NPWLBHERF (18) -0.0387 -0.0101 0.0533 -0.0124 1          
 0.1621 0.7166 0.0543 0.6548           
LLITNPW (19) -0.0181 -0.0084 -0.0053 -0.0091 -0.0663 1         
 0.5132 0.7627 0.8492 0.7428 0.0166          
DPWSHERF (20) -0.0031 -0.0021 -0.1147 -0.0295 -0.0064 0.0499 1        
 0.9118 0.9410 <.0001 0.2866 0.8187 0.0716         
Size (21) 0.0841 -0.0163 -0.0464 0.0092 0.0102 0.0699 -0.1761 1       
 0.0023 0.5555 0.0936 0.7404 0.7124 0.0115 <.0001        
AgeDummy (22) 0.0260 -0.0388 -0.0710 -0.0310 0.0081 -0.0342 -0.0566 0.2191 1      
 0.3484 0.1615 0.0102 0.2633 0.7696 0.2171 0.0407 <.0001       
AffDummy (23) 0.0013 -0.0244 -0.3301 -0.1371 -0.0139 0.0177 0.0877 -0.3190 0.0434 1     
 0.9627 0.3783 <.0001 <.0001 0.6153 0.5223 0.0015 <.0001 0.1167      
NYDummy (24) -0.0176 -0.0130 0.0211 0.0022 -0.0075 0.0860 0.0173 -0.0400 0.0239 0.1013 1    
 0.5263 0.6377 0.4457 0.9372 0.7860 0.0019 0.5334 0.1483 0.3872 0.0002     
SL(25) -0.0138 0.0069 0.1586 0.0322 0.0418 -0.1271 -0.2879 0.4701 0.1858 -0.2467 -0.0286 1   
 0.6181 0.8035 <.0001 0.2445 0.1314 <.0001 <.0001 <.0001 <.0001 <.0001 0.3025    
NCFDummy (26) -0.0362 -0.0445 0.1320 0.1410 0.0483 -0.0402 0.0159 -0.1306 -0.0102 0.0190 -0.0464 -0.0533 1  
 0.1911 0.1080 <.0001 <.0001 0.0811 0.1468 0.5661 <.0001 0.7141 0.4931 0.0939 0.0542   
Rating (27) -0.1733 -0.0164 0.1905 0.0991 -0.0009 -0.0032 -0.0681 0.4032 0.0598 -0.3004 -0.0442 0.2417 -0.2189 1 
  <.0001 0.5547 <.0001 0.0003 0.9742 0.9074 0.0138 <.0001 0.0308 <.0001 0.1104 <.0001 <.0001   
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CHAPTER 4 

A DISCUSSION OF PARSIMONIOUS METHODS PREDICTING INSURANCE COMPANIES RATINGS 

4.1  Abstract  

In contrast to the extant literature on the prediction of insurers’ financial strength 

ratings, this study develops a simple methodology to predict insurers’ ratings by-groups and 

evaluate the influence of extreme observations on the prediction models.  By adopting an 

across-groups approach to compare the models’ predictability, this study finds that the models 

employed are not sensitive to extreme observations.  In addition, the empirical results show 

that the estimated regression using principal components is qualitatively very similar to the 

regression estimated from a complete set of 26 predictors.  This finding suggests that the 

principal components regression is a parsimonious representative of a 26-predictors model to 

predict property-liability insurers’ financial strength rating by-groups. 

4.2  Introduction 

In the insurer rating prediction literature, studies typically classify insurers’ ratings based 

on the rating order defined as by rating agencies.  For example, Pottier (1997), Pottier and 

Sommer (2003), Gaver and Pottier (2005), Eckles and Pottier (2011) group insurers into six 

rating categories; Bouzouita and Young (1998), Doherty and Phillips (2002) classify insurers’ 

ratings to five categories; Pottier and Sommer (1999) Adams, Burton, and Hardwick (2003) 

organize four rating categories.  However, the number of rating categories might have an 

influence on the model’s accuracy48.  These studies usually use in-sample estimation in probit 

48 Pottier (1997, page 120) states that the “accuracy improves with few categories”. 
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or logistic regression models and out-of-sample forecasts49 as a robustness check of these 

models.  However, this method of validation does not take into consideration the influence of 

extreme observations on a model’s prediction. 

To fill this gap, this study develops a method to predict insurers’ ratings by-group and to 

investigate the prediction model’s sensitivity to extreme observations.  Moreover, this study 

compares performance of two models: a regression with a set of financial variables and a 

regression with principal components derived from this set of variables.  The goal is to compare 

the predictive accuracy of these two models.  

This study provides the evidence that the models employed are not sensitive to extreme 

observations.  Also, the findings show that the predictability of the principal components 

regression is quite similar to the predictability of the regression model with a set of 26 

variables, when the principal components are derived from the original set of 26 variables.  

This study makes several contributions to the extant literature on the prediction of 

insurers’ financial strength ratings.  First, this study provides a new approach to examine the 

influence of extreme observations on the model’s predictability.  The extant studies typically 

use one year ahead forecast to validate the model’s accuracy but this method cannot 

distinguish if a model is sensitive to extreme observations.  Through the method of prediction 

across groups, this study not only validates the model’s accuracy but also tests the sensitivity of 

the model to extreme observations.  Second, the comparison between the regression with a set 

of financial variables and the regression with the principal component analysis enables this 

49 Current year observations are used as the estimation sample and one year ahead observations are used as the 
forecast sample. 
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study to examine if the model’s fit can be determined by a parsimonious model.  I expect that 

the information carried from this study, especially the models employed and the approach of 

across group, can be helpful and used in the validation or robustness check in future studies 

regarding rating prediction.    

The remainder of this study is organized as follows.  In section 4.2, I describe the data 

collection and the hypotheses.  In section 4.3, I present methodologies employed and provide 

the description of variables.  In section 4.4, I discuss the empirical testing results.  Section 4.5 

concludes.  

4.3  Data and Hypotheses 

4.3.1  Data  

In this study, I use the same data sources and the same procedure of sample collection 

as those in the study Prediction of Ratings in Property-Liability Industry when Organizational 

Form is Endogenous (listed in section 3.2.1).  First, I collect property-liability insurers’ financial 

information and firm characteristics from the National Association of Insurance Commissioners 

(the “NAIC” database) over the period of 2005 to 2009.  Second, I collect financial strength 

ratings of these insurance companies from the A.M. Best Key Rating Guide over the period of 

2006 through 2010.  

To be included in the analyses, each insurance company is required to meet the 

following conditions.  First, an insurance company is required to be an individual operating 

entity.  Second, an insurance company is required to be either a stock or a mutual company.  

Third, only active operating companies are included.  Following Cummins, Dionne, Gange, and 

Nouira (2009) and Eckles and Pottier (2011), I require an insurer to have admitted assets, 
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statutory capital and surplus, losses incurred equal to or larger than zero, and to have current 

net premiums written, prior net premiums written and direct premiums written larger than 

zero.  Fourth, an insurer is required to have a financial strength rating at least B- or above from 

the A.M. Best Company.  Furthermore, an insurer is required to have sufficient and complete 

financial information.  That is, companies with missing values of financial information are 

removed from the sample.  This sample screen results in annual final sample of insurance 

companies from 2005 to 2009, which is presented in Table 3.1.  Unlike rating groups’ 

classification given in Panel B of Table 3.1, this study divides the sample into inner and outer 

groups as shown below: 

Rating Code Rating Group Rating Classification 

A++ / A+ Outer High 

A     / A- Inner High 

B++ / B+ Inner Low 

B     / B- Outer Low 

 

Within each group, companies are classified as either companies with high ratings or 

companies with low ratings.  For example, in the inner group, companies with the rating A or A- 

are classified as companies with high ratings while companies with the rating B++, or B+ are 

identified as companies with low ratings.  The relevant rating classification and sample size for 

both stock and mutual companies are shown in Table 4.1.   
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4.3.2  Hypotheses  

The first hypothesis of this study is to test if the model employed is sensitive to extreme 

observations.  The intuition is to see if the model’s predictability is consistent across different 

groups of observations: the group of middle observations and the group of extreme 

observations.  If the model cannot accurately forecast the group of extreme observations when 

the middle group is used to estimate the parameters of the model, this would suggest that the 

model is sensitive to extreme observations.  Alternatively, if consistency exists in the forecast of 

model when either the group of middle observations or the group of extreme observations is as 

the estimation sample, this would suggest the model is not sensitive to extreme observations.  

In order to test this hypothesis, I divide the entire sample of each year into the inner group as 

middle observations and the outer group as extreme observations.  To evaluate the forecast of 

outer group, I first use the inner group as the estimation sample in the regression model.  In 

turn, I use the outer group to estimate the regression model and examine the forecast of inner 

group.  If the classification rate by using the inner group to estimate the parameters of the 

model is consistent with the classification rate by using the outer group to estimate the 

parameters of the model, then we conclude the model is robust with respect to extreme 

observations.  Specifically, the first testable hypothesis is developed as follows.  

H4A-1: There is no difference with respect to the models’ accuracy when the inner and 

outer groups are used to estimate and forecast insurers’ rating groups, respectively. 

Furthermore, this study examines if a parsimonious model is representative of rating 

prediction.  In order to conduct this test, this study follows Öğüt, Doğanay, Ceylan, and Aktaş 
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(2012)50 to employ the principal components analysis in a regression model and compares its 

predictability with the regression consisting of a set of financial variables.  The procedure of 

principal component analysis is to transform numerous variables to few components.  If the 

classification rate of the principal components regression is similar to the classification rate of 

the regression using a set of financial variables, it suggests that the regression with principal 

components is the parsimonious representative of rating prediction since it fits the data well by 

fewer variables.  The testing is specified as follows.       

H4A-2: There is no difference in performance between the regression consisting of a 

complete set of variables and the regression with principal components derived from this set of 

variables in the prediction of insurers’ rating by-groups. 

4.4  Methodology and Variables  

4.4.1  Methodology  

To implement the empirical test of the first hypothesis, I first model an insurer’s rating 

group indicator, low or high, as a function of 21 financial variables51 along with five dummy 

variables, which is shown in Equation (4.1).  The dependent variable, insurer’s rating group 

indicator, takes the value of 1 if an insurer’s rating is classified as high in either the inner or 

outer rating group, i.e., A++/A+ or A/A-; the dependent variable takes the value of 0 if an 

insurer’s rating is identified as low in the inner or outer rating group, i.e., B++/B+ or B/B-.  Next, 

I conduct the inner group estimation and outer group estimation respectively to evaluate the 

predictability of each group.   

50 Öğüt, Doğanay, Ceylan, and Aktaş (2012) use the principal components analysis on 25 explanatory variables 
which are used to predict Turkish bank financial strength ratings. 
51 Please see section 4.3.2 Variables.  
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(4.1) Insurer's Rating Group Indicatori,t=α0+α1Stock Dummyi,t+α2Aff Dummyi,t 

+α3NYDummyi,t+α4AgeDummyi,t+α5NCF Dummyi,t+α6CSITLi,t+α7IJBIAi,t  

+α8NITAi,t+α9SPSTAi,t+α10RCSDPWRAi,t+α11SLi,t+α12SIZEi,t+α13CSIIAi,t  

+α14ICSIAi,t+α15NIUCGTAi,t+α16NPWSPSi,t+α17RRTAi,t+α18NPWLBHERFi,t  

+α19NCFTAi,t+α20CRi,t+α21GINPWi,t+α22LTNPWi,t+α23NIUCGSPSi,t  

 +α24DPWSHERFi,t+α25GISi,t+α26IYi,t+εi,t    

where αi is parameter and εi,t is random error term. 

Moreover, to compare the performance between the regression with a set of financial 

variables and the regression with principal components, I first apply principal component 

analysis to 21 financial variables which are independent variables in Equation (4.1) and then 

derive five principal components from this set of variables.  Next, I model an insurer’s rating 

group indicator as a function of five principal components along with five dummy variables, 

which is shown in Equation (4.2).  The dependent variable is defined the same way in Equation 

(4.1).  Both Equation (4.1) and (4.2) are estimated by a binary logistic regression model. 

In both equations, I use the inner group and the outer group as the estimation sample, 

respectively, to obtain the estimated parameter coefficients.  Next, I employ the estimated 

regressions to forecast the outer group and the inner group respectively and then assess the 

accuracy of model’s predictability which is measured by the classification rate.   

(4.2) Insurer's Rating  Group Indicatori,t=β0+β1Stock Dummyi,t+β2Aff Dummyi,t 

+β3NYDummyi,t+β4AgeDummyi,t+β5NCF Dummyi,t+β6PC-Profiti,t   

+β7PC-Diversityi,t+β8PC-Reinsurancei,t+β9PC-Stability 1i,t+β10PC-Stability 2i,t  
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 +β11PC-Risk Leverage1i,t+β12PC-Risk Leverage2i,t+𝜀𝜀í,t 

where βj is parameter and 𝜀𝜀í,t is random error term. 

4.4.2  Variables 

The dependent variable is an indicator to specify if an insurer’s rating is classified to 

either the group of high or the group of low financial strength rating.  For example, in the inner 

group, a company with a rating A or A- is identified as a one with high rating and is given a value 

of 1; a company with a rating B++ or B+ is recognized as a one with low rating and is given a 

value of 0.  In the outer group, a company with a rating A++ or A+ is classified as a one with high 

rating and is given a value of 1; a companies with a rating B or B- is classified as a one with low 

rating and is given a value of 0. 

This study employs two sets of variables as independent variables respectively: variables 

associated with an insurer’s financial information and firm characteristics and variables 

constructed by the principal component analysis.  The first set of variables includes 26 

variables, same as variables listed in Table 3.2 except for two misclassification dummies.   

The second set of variables are components extracted from the raw data using principal 

component analysis.  I first exclude 5 dummy variables from the set of financial variables to 

conduct the principal component analysis.  Following the procedure used in Boone, Field, 

Karpoff, and Raheja (2007), I select each component if its eigenvalues exceeds one.  A screen 

plot, presented in Figure 4-1, suggests that five principal components should be used.  Also, 

based on the factor loadings shown in Table 4.2, I keep fifteen variables and then group these 

fifteen variables into five categories as: profit, stability, risk leverage, reinsurance, and diversity.  
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Profit is the factor spanning the information contained in NIUCGTA, NITA, and NIUCGSPS.  

Stability is the factor spanning the information contained in Size, SL, CSITL, and CSIIA.  Risk 

leverage is the factor spanning the information from SPSTA, ICSIA, NCFTA, and NPWSPS.  

Reinsurance is the factor spanning the information from RCSDPWRA and RRTA.  Diversity spans 

the information from LTNPW and NPWLBHERF.  The results from the principal component 

analysis also suggest that both stability and risk-leverage consist of 2 components and that 

profit, diversity, and reinsurance has one component only.  

4.5  Empirical Results 

Table 4.3 presents the estimated coefficients of Equation (4.1) by calendar year from 

2005 to 2009.  The coefficients from Panel A are estimated by the inner group and those from 

Panel B are estimated by the outer group.  Table 4.3 Panel A indicates that when the inner 

group is the estimation sample, size and leverage measure (NPWSPS) are two significant 

variables at the one percent level across all five years.  Table 4.3 Panel B shows that when the 

outer group is the estimation sample size is the only significant variable at the one percent level 

across the entire five-year testing period.  Also, Panel A shows that the prediction has an 

average accuracy [classification rate] of 90.93% when the inner group is used as estimation 

sample to forecast the outer group and Panel B shows the average accuracy [classification rate] 

of 74.01%, when the outer group is used as estimation sample to forecast the inner group.  

Table 4.3 supports the first hypothesis that the model is not sensitive to extreme observations 

since the model’s performance is comparable regardless of whether the inner group or outer 

group is the estimation sample to forecast the other rating group respectively.  
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Table 4.4 illustrates the performance of the regression including principal components 

along with five dummies in the prediction of insurers’ ratings by-groups, as described in 

Equation (4.2).  Same as Panel A and Panel B of Table 4.3, Panel A and Panel B of Table 4.4 

reports the estimated coefficients from the use of inner group and the outer group, 

respectively.  Table 4.4 Panel A indicates that affiliation dummy, NCF dummy, and principal 

components, such as stability1, stability2, and risk leverage1, are commonly significant at the 

one per cent level from 2005 to 2009.  The results in Panel B show that the affiliation dummy 

and principal components such as profit, reinsurance, stability1, and risk leverage1, are 

commonly significant at the one per cent level across all five years.  Similar to the findings in 

Table 4.3, results in Table 4.4 shows that the average accuracy of estimation from Panel A is 

close to the average classification rate from Panel B, suggesting that the first hypothesis is 

supported again.  In addition, the outputs in Table 4.4 Panel A and Panel B report that the R-

Square and classification rates are qualitatively very similar to those in Table 4.3 Panel A and B, 

suggesting that a principal component regression can achieve the same performance as the 

regression with the original set of 26 variables.  This result supports the statement that a model 

using a few principal components is the foundation of the prediction model since these few 

components have very nearly the same predictive ability as the regression with the original 26 

financial variables.       

In contrast to the extant studies52 that use one-year ahead observations to verify the 

model’s accuracy this study uses an across-groups approach (i.e., the inner and the outer 

groups) to form the estimation and forecast (holdout) samples respectively.  The results from 

52 Pottier (1997), Doherty and Phillips (2002), Adams, Burton, and Hardwick (2003), Eckles and Pottier (2011). 
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Tables 4.3 and 4.4 demonstrate that the models used in this study are not sensitive to extreme 

observations since the models’ accuracy is qualitatively very similar regardless of whether the 

inner or outer group is used as the estimation sample.  In addition, from the comparison 

between Table 4.3 and Table 4.4, I note that the classification rates in the regression with 

principal components is very similar to those in the regression with a set of 26 variables.  This 

result suggests that the regression with principal components is a parsimonious representation 

of a model predicting insurers’ ratings.    

4.6  Conclusion 

Logistic regression models have been widely used in the prediction of ratings in finance 

and insurance.  The reliability of inferences drawn from these models is essential.  The purpose 

of the research in this chapter is to assess the robustness of a model to assumptions about the 

fit of a model.  For example, the linearity of the logit can be influenced by observations at 

certain ratings in ordered logistic modeling.  Researchers rarely assess the robustness of the fit 

by examining whether a logistic model is consistent in its predictions within one data set.  

Traditionally, a logistic model is validated by using one year’s data to predict ratings for a 

holdout data set of ratings for the next year.  If a logistic regression model was not robust to 

violations of the linearity of the logit within its estimation data set, then it would poorly fit an 

outer or inner group of observations when these observations are used as a holdout sample.  

This study addresses a gap in the literature that examines the influence of observations within 

certain subsets of data, namely the inner and outer groups of ratings, on the model’s 

classificatory performance.  
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As illustrated in Tables, when the estimation group is the inner group, the classification 

of the outer group is high, in the neighborhood of 90% accuracy.  This result supports that the 

predictors have a similar relationship with the dependent variable on the inner group of 

observations as with the outer group.  To examine if the outer group could have a different 

influence on the structure of a logistic model than the inner group, the outer group is also used 

as an estimation sample with the inner group as the holdout.  The large max-rescaled R-square, 

around 80 to 90 percent, is expected with the holdout group as the estimation sample since this 

group has the most separable set of ratings and it is easier to separate companies with high 

ratings from those with low ratings.  An important aspect of this study is that the classification 

rate of the inner group is consistently high, in the mid 70% range, across all five years. 

In addition, this study examines the dimensionality of the predictors commonly used to 

model the ratings of insurance companies.  The empirical results using all 26 predictors reveals 

that few predictors are consistently and highly significant across all five years.  For example, 

firm size is the only predictor that is significant across all five years at the 1% level when either 

the inner or outer groups are used as estimation samples.  Typically, less than half of the 

predictors are significant in any one year when all 26 predictors are used.   

The principal component variables reveal that the dimensionality of these 26 predictors 

can be effectively reduced to 7 principal component predictors.  This parsimonious model yields 

results similar to the model with the 26 predictors in terms of fit and classificatory 

performance.  This parsimonious model facilitates the interpretation of the influence of the 

predictors.  For example, PC-Stability1 and PC-Risk Leverage1 are consistently significant when 

either the inner or outer groups are used as estimation samples.  This parsimonious model 
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achieves similar accuracy and fit while providing clearer interpretation of the role of the 

significant predictors. 

 

Figure 4.1: Screen Plot of Principal Component Analysis  
This figure displays the relationship between eigenvalues and the number of variables 
considered, where the vertical line representing eigenvalues and horizontal line representing 
the number of variables used. 
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Table 4.1: Sample Classification 
This table classifies the property-liability insurance companies to two different rating 
groups.  The first group, outer group, includes insurers with financial strength rating A++ 
or A+ or B or B-.  The second group, inner group, includes insurers with financial 
strength rating A or A- or B++ or B+.  In each group, insurance companies are also 
distinguished as companies with high rating or with low rating.   

Rating Code 
Rating 
Group 

Rating 
Classification 

Property-Liability Insurers-Mutual 
2005 2006 2007 2008 2009 

A++  / A+ Outer high 45 44 46 43 41 
A      /  A- Inner high 166 165 165 163 168 
B++  /  B+ Inner low 62 61 54 52 45 
B       /   B- Outer low 8 8 5 7 5 

Number of Final Sample 281 278 270 265 259 

Rating Code 
Rating 
Group 

Rating 
Classification 

Property-Liability Insurers-Stock 
2005 2006 2007 2008 2009 

A++  / A+ Outer high 245 256 272 231 229 
A      /  A- Inner high 552 562 571 641 657 
B++  /  B+ Inner low 140 150 145 130 119 
B       /   B- Outer low 49 48 47 45 42 

Number of Final Sample 986 1016 1035 1047 1047 
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Table 4.2: Factor Loadings of Five Principal Components 
This table reports eigenvalues of each variable for five components, respectively.  The 
first component "Profit" consists of three variables:  NIUCGTA, NITA, and NIUGSPS.  The 
second component "Stability" consists of four variables:  Size, SL, CSITL, and CSIIA.  The 
third component "Risk Leverage" consists of four variables: SPSTA, ICSIA, NCFTA, and 
NPWSPS.  The fourth component "Reinsurance" consists of two variables: RCSDPWRA 
and RRTA.  The fifth component "Diversity" consists of two variables: LTNPW and 
NPWLBHERF.  All variables are defined in Table 3.2.   
  Component 1 Component 2 Component 3 Component 4 Component 5 
Variable Profit Stability Risk Leverage Reinsurance Diversity 
NIUCGTA 0.91234 0.04544 0.0268 -0.16245 -0.025 
NITA 0.89805 0.04342 0.02132 -0.17034 -0.06702 
NIUGSPS 0.83284 0.08174 -0.05833 -0.12315 0.00537 
IY 0.43668 0.19206 0.06509 0.15202 -0.04559 
GIS 0.3445 -0.10088 0.0102 0.02304 0.06077 
GINPW 0.03897 -0.00221 -0.00166 0.01038 -0.02932 
Size 0.0846 0.77956 -0.20891 0.05317 0.0337 
SL 0.1087 0.57211 -0.03942 0.26212 -0.13106 
IJBIA 0.02665 0.2963 0.07904 -0.04749 -0.07512 
DPWSHERF 0.0055 -0.16221 -0.0162 -0.1275 0.03338 
CSITL 0.04323 -0.45083 0.29482 -0.04501 -0.15522 
CSIIA 0.04032 -0.60115 0.05026 0.12252 -0.12487 
SPSTA 0.07514 -0.28864 0.81555 -0.21791 -0.09205 
ICSIA -0.16454 0.45583 0.45755 -0.28998 0.01525 
NCFTA 0.3087 -0.06067 -0.35346 -0.32453 0.0282 
NPWSPS -0.09711 0.02377 -0.81802 -0.18652 -0.0395 
RCSDPWRA 0.07313 -0.02514 0.14095 0.78661 -0.00715 
RRTA -0.01446 -0.0599 -0.10473 0.74197 0.0003 
CR -0.06058 0.03297 -0.01755 0.10376 -0.00001 
LTNPW -0.04104 0.01488 -0.08397 -0.00268 0.88993 
NPWLBHERF -0.00955 0.04645 -0.02032 0.00408 -0.86065 
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Table 4.3: Determinants of High and Low Rating Categories using Variables 
Panel A 
This table shows the results of Equation (4.1) using a logistic regression model to estimate 
rating groups: high and low.  In the outer group, companies with rating  A++ or A+  are 
classified as those with high rating;  companies with rating  B or B- are classified as those 
with low rating.  In the inner group, companies with rating A or A- are classified as those 
with high rating; companies with rating B++ or B+ are classified as those with low rating.  
The dependent variable takes the value of "one" if an insurance company has a high rating 
and the value of "zero" if an insurance company has a low rating.  All variables are defined 
in Table 3.2.  The classification rate is obtained by using the inner group as the estimation 
sample and the outer group as the holdout sample. ***, **, and * denote significance at 
1%, 5%, and 10% level, respectively.      
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
Intercept -2.268 *** -2.042 *** -1.858 *** -2.280 *** -4.908  
StockDummy -0.003  0.030  0.071  0.075  0.043  
AffDummy 0.176 * 0.187 * 0.155  0.316 *** 0.363 *** 
NYDummy -0.123  -0.148  -0.036  -0.120  -0.044  
AgeDummy 0.001  0.065  0.076  0.058  -0.024  
NCFDummy 0.216 * 0.220 ** 0.364 *** 0.270 ** 0.465 *** 
CSITL -0.006  -0.011  0.004  0.030  0.049  
IJBIA 0.141  0.101  0.125  0.056  0.193  
NITA -0.567  0.938 ** -0.237  -0.344 * -0.754 ** 
SPSTA -0.475 *** -0.383 ** -0.542 *** -0.443 *** -0.315 * 
RCSDPWRA -0.430 *** -0.258 * -0.266 ** -0.123  -0.171  
SL -0.070  -0.259  -0.198  0.016  0.130  
Size -1.464 *** -1.487 *** -1.745 *** -1.610 *** -1.764 *** 
CSIIA 9.397  0.118  0.012  -0.043  -0.021  
ICSIA 0.412  0.313 ** 0.148  0.188  0.010  
NIUCGTA 0.329  -1.056 ** 0.315  0.574 * -0.144  
NPWSPS 0.447 *** 0.408 *** 0.503 *** 0.389 *** 0.520 *** 
RRTA 0.202 * 0.134  0.107  -0.027  -0.132  
NPWLBHERF -0.004  0.068  10.505  -0.023  0.021  
NCFTA -0.111  -0.166  -0.099  -0.108  0.494 ** 
CR 7.138 ** 0.569  -0.226  -1.479  -79.327  
GINPW -2.878  -0.187  0.097  0.010  -0.037  
LTNPW 0.125  0.051  0.051  0.009  -0.022  
NIUGSPS 0.011  0.310  -0.211  -0.362  0.448  
DPWSHERF 0.145  0.058  -0.011  0.183  0.670  
GIS 0.088  -0.017  -0.012  -0.147  -0.047  
IY -3.058   -0.095   0.004   0.106   0.449 *** 

Max-rescaled R-square 33.89%  34.61%  38.99%  34.96%  40.85%  
Classification Rate 91.93%  89.89%  90.54%  90.80%  91.48%  
Estimation Sample  are companies with financial strength rating A or A- or B++ or B+ 

Holdout sample  are companies with financial strength rating A++ or A+ or B or B- 
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Table 4.3: Determinants of High and Low Rating Categories using Variables (continued) 
Panel B 
This table shows the results of Equation (4.1) using a logistic regression model to estimate 
rating groups: high and low.  In the outer group, companies with rating  A++ or A+  are 
classified as those with high rating;  companies with rating  B or B- are classified as those 
with low rating.  In the inner group, companies with rating A or A- are classified as those with 
high rating; companies with rating B++ or B+ are classified as those with low rating.  The 
dependent variable takes the value of "one" if an insurance company has a high rating and 
the value of "zero" if an insurance company has a low rating.  All variables are defined in 
Table 3.2.  The classification rate is obtained by using the outer group as the estimation 
sample and the inner group as the holdout sample.  ***, **, and * denote significance at 1%, 
5%, and 10% level, respectively.      
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
Intercept -3.376 ** 363.200  -3.416 *** 1.852  -3.005  
StockDummy 0.199  -0.277  1.363 * 0.412  3.953 ** 
AffDummy 1.493 *** 1.403 ** 2.248 *** 0.891 ** 4.956 ** 
NYSDummy 0.156  -0.860 * -0.218  -0.268  -0.066  
AgeDummy -0.018  -0.297  0.010  -0.097  1.226  
NCFDummy 1.021 *** 0.217  0.331  0.447  2.498 ** 
CSITL 0.981  0.477  -5.061 ** -0.170  -41.058 ** 
IJBIA 4.127  1.318 *** -0.490 * 0.026  -3.298  
NITA -1.754  -2.550 * -0.689  -0.680  3.493  
SPSTA -1.979 *** -3.351 *** 0.039  -0.958 * 1.689  
RCSDPWRA -1.406 *** -2.375 *** -1.892 *** -0.707 ** -1.656 * 
SL 0.167  -0.348  0.239  -0.364  -3.095  
Size -3.094 *** -4.055 *** -2.619 *** -1.902 *** -4.288 ** 
CSIIA 23.647  -0.267  2.466 *** 0.088  6.103 ** 
ICSIA 2.567  0.424  0.409  0.535  0.865  
NIUCGTA 2.443  2.476  -0.637  0.750  -2.009  
NPWSPS 0.480  0.205  0.393  0.484  2.344 * 
RRTA -0.125  0.138  -0.501  -0.403  -3.491 ** 
NPWLBHERF 2.988 *** 1.705 *** 17.092  151.600 *** 261.500  
NCFTA 0.308  0.112  -0.791 * -0.364  0.353  
CR -0.093  -1.018  0.020  -0.075  0.414  
GINPW -21.631  13205.700  0.000  -3.397  -2.658  
LTNPW 0.785 * 0.154  0.500  0.562  9.497 ** 
NIUGSPS -1.528 ** -1.125  -0.532  -0.669  -4.950 ** 
DPWSHERF -0.096  -0.215  6.459  0.253  -0.478  
GIS 0.439  -0.367  0.665 * 0.229  0.643  
IY 11.083   1.263 ** 0.677 * 0.201   0.631   
Max-rescaled R-square 81.12%  85.48%  83.89%  88.42%  91.09%  
Classification Rate 73.15%  73.67%  74.97%  76.06%  72.19%  

Estimation Sample are companies with financial strength rating A++ or A+ or B or B- 
Holdout sample are companies with financial strength rating A or A- or B++ or B+ 
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Table 4.4: Determinants of Higher and Lower Rating Categories using Principal Components 
Panel A 
This table shows the results of Equation (4.2) using a logistic regression model to estimate 
rating groups: high and low.  In the outer group, companies with rating  A++ or A+  are 
classified as those with high rating;  companies with rating  B or B- are classified as those with 
low rating.  In the inner group, companies with rating A or A- are classified as those with high 
rating; companies with rating B++ or B+ are classified as those with low rating.  The 
dependent variable takes the value of "one" if an insurance company has a high rating and 
the value of "zero" if an insurance company has a low rating.  All variables are defined in 
Table 3.2.  The classification rate is obtained by using the inner group as the estimation 
sample and the outer group as the holdout sample.  ***, **, and * denote significance at 1%, 
5%, and 10% level, respectively.     ***, ** and * denote significance at 1%, 5%, and 10% 
level, respectively.          
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
Intercept -1.880 *** -1.929 *** -2.067 *** -2.180 *** -2.498 *** 
StockDummy 0.064  0.087  0.150  0.147  0.099  
AffDummy 0.329 *** 0.300 *** 0.309 *** 0.382 *** 0.406 *** 
NYDummy -0.086  -0.166 * -0.044  -0.093  -0.029  
AgeDummy 0.041  0.106  0.108  0.060  0.018  
NCFDummy 0.277 ** 0.282 *** 0.349 *** 0.282 *** 0.458 *** 
PC-Profit -0.226 ** -0.014  -0.111  -0.207 ** -0.373 *** 
PC-Diversity 0.083  0.022  -0.136  -0.291  -0.612  
PC-Reinsurance -0.065  -0.126  -0.113  -0.076  -0.297 * 
PC-Stability 1 -0.818 *** -0.905 *** -0.942 *** -0.809 *** -0.800 *** 
PC-Stability 2 -1.328 *** -1.468 *** -1.690 *** -1.435 *** -1.582 *** 
PC-Risk Leverage 1 -0.441 *** -0.348 *** -0.418 *** -0.381 *** -0.466 *** 
PC-Risk Leverage 2 -0.228  -0.362 *** -0.378 *** -0.237 * 0.138  
Max-rescaled R-square 26.76%   29.66%   31.79%   29.53%   33.10%   
Classification Rate 90.20%  89.61%  90.57%  89.30%  91.82%  

Estimation Sample  are companies with financial strength rating A or A- or B++ or B+ 
Holdout sample  are companies with financial strength rating A++ or A+ or B or B- 
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Table 4.4: Determinants of High and Low Rating Categories using Principal Components 
(continued) 
Panel B 
This table shows the results of Equation (4.2) using a logistic regression model to estimate 
rating groups: high and low.  In the outer group, companies with rating  A++ or A+  are 
classified as those with high rating;  companies with rating  B or B- are classified as those with 
low rating.  In the inner group, companies with rating A or A- are classified as those with high 
rating; companies with rating B++ or B+ are classified as those with low rating.  The 
dependent variable takes the value of "one" if an insurance company has a high rating and 
the value of "zero" if an insurance company has a low rating.  All variables are defined in 
Table 3.2.  The classification rate is obtained by using the outer group as the estimation 
sample and the inner group as the holdout sample.  ***, **, and * denote significance at 1%, 
5%, and 10% level, respectively.         
  2005   2006   2007   2008   2009   
Variable Estimate   Estimate   Estimate   Estimate   Estimate   
Intercept -1.988 *** -2.618 *** -2.845 *** -2.774 *** -3.516 *** 
StockDummy 0.641  0.532  1.116 ** 1.535 *** 1.657 *** 
AffDummy 1.690 *** 1.394 *** 1.955 *** 1.777 *** 1.799 *** 
NYDummy 0.064  -0.583 ** -0.064  -0.372  -0.128  
AgeDummy 0.033  -0.022  -0.096  -0.006  0.503 * 
NCFDummy 1.233 *** 0.470 * 0.476 * 0.395  0.844 * 
PC-Profit -0.604 ** -0.917 *** -1.044 *** -0.982 *** -2.251 *** 
PC-Diversity 1.544 ** 1.610 *** 1.346  3.225 *** 8.560 *** 
PC-Reinsurance -0.844 *** -1.382 *** -1.144 *** -1.254 *** -1.814 *** 
PC-Stability 1 -1.479 *** -1.006 *** -1.158 *** -1.733 *** -1.815 *** 
PC-Stability 2 -1.141  -2.348 *** -0.965  -2.961 *** -3.530 *** 
PC-Risk Leverage 1 -0.755 *** -0.474 *** -0.452 ** -0.608 *** -0.628 ** 
PC-Risk Leverage 2 0.383  -0.201  -0.557 * -1.244 *** -0.920  
Max-rescaled R-square 68.87%   73.84%   72.94%   73.57%   81.00%   
Classification Rate 72.50%  73.99%  77.14%  76.52%  76.99%  

Estimation Sample is the outer group in which companies have the financial strength rating A++ or A+ or B or B- 
Holdout sample is the inner group in which companies have the financial strength rating A or A- or B++ or B+ 
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CHAPTER 5 

CONCLUSION 

5.1  Conclusion of Essay 1: Underwriting Use of Credit Information and Firm Performance-An 
Empirical Study of Texas Property-Liability Insurers  

Using a specific data set consisting of insurers who use policyholders’ credit information 

in 2008, I study whether use of credit information in underwriting affects insurers’ underwriting 

performance.  I find that insurers utilizing consumers’ credit information in underwriting are 

more likely to have lower variation in underwriting performance measured by loss ratios.  This 

negative relationship is in line with the viewpoint that policyholders’ credit information is a 

predictor of risk of loss.  Further, I analyze if firm-level characteristics are associated with the 

decision of insurers to use such information in underwriting.  The empirical results indicate that 

larger insurance companies, companies utilizing more reinsurance, and companies that have 

more business in personal auto insurance tend to use policyholders’ credit information in 

underwriting.   

This essay is the first study providing the evidence with regard to the link between 

underwriting use of credit information and variation in insurers’ underwriting performance.  

Also, this essay is the first study to examine systematic differences existing between insurers 

that choose to use credit information in underwriting and those that do not use such 

information.  Finally, this essay provides regulators some initial evidence which might facilitate 

regulators in enacting and/or modifying the regulatory framework with respect to underwriting 

use of credit information in the future.      
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5.2  Conclusion of Essay 2: Prediction of Ratings in Property-Liability Industry When the 
Organizational Form Is Endogenous  

This essay investigates the role of organizational forms (e.g. stock versus mutual) on 

insurers’ financial strength ratings by considering the potential endogenous nature of 

organizational forms.  The empirical findings show that the stock indicator is a significant 

variable in the analysis of insurers’ ratings but its association with insurers’ ratings is unclear.  

Sometimes it is mutual insurers that tend to have higher ratings while sometimes it is stock 

insurers that are more likely to have higher ratings.  Thus, the finding is not consistently in line 

with the ‘agency theory’ explanation, according to which mutual insurers are relatively safe, or 

the explanation that mutual insurers do not control costs efficiently.  However, regression 

analysis which explicitly accounts for the endogenous nature of organizational form does offer 

any additional insight in comparison with regression analysis that ignores the endogeneity 

issue.   

The development of a new approach to measure the presence of endogeneity makes a 

methodological contribution to the literature of insurance.  Consistent with the expectations 

and prior studies, models used in this study reveal that higher profitability measured by the 

return on equity, greater reinsurance ratio, and larger firm size lead an insurer to more likely 

have a higher rating.  Also, a significant and negative relationship between the leverage risk and 

insurers’ ratings suggests that an insurer with lower leverage is more likely to have a higher 

rating.  
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5.3  Conclusion of Essay 3: A Discussion of Parsimonious Methods Predicting Insurance 
Companies Ratings  

This essay presents regression models that may be used to predict insurers’ ratings by-

groups and evaluates the influence of extreme observations on these models.  I am not aware 

of any prior study that had examined the influence of extreme observations.  Additionally, this 

study evaluates the performance between the regression with a set of financial variables and 

the regression with principal components derived from these financial variables to investigate 

whether principal components are a parsimonious representation of the predictive model.   

By applying the across-groups approach which has not been practicable in prior 

insurance studies on insurers’ ratings, this study provides evidence that the predicting models 

used in this study are not affected by extreme observations.  Also, after comparing the 

predictability between two regression models, I find that the regression with principal 

components is a parsimonious model to predict insurers’ ratings by group since its prediction 

accuracy is qualitatively similar to that in the regression with a set of financial variables.  
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