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ABSTRACT

ZIFEN ZENG. Three Essays on Corporate Finance and Machine Learning.
(Under the direction of DR. GENE C. LAI)

This dissertation consists of three essays on corporate finance and machine learning. The
first essay investigates the relation between CEO conscientiousness and reserve management in
U.S. property-liability insurers. The psychology literature claims that conscientiousness is one of
the strongest predictors of work-related behavior. | find that CEO conscientiousness is negatively
associated with reserve errors in the upper tail of the conditional distribution (at 75th percentile
and higher), indicating insurers with more conscientious CEOs reserve less than insurers with less
conscientious CEOs at a higher level of reserve errors to lower the cost of excess reserve rather
than conservatism when reserve errors are extremely conservative. The evidence also shows that
the negative relation is mitigated when insurers face high financial risk. Furthermore, more
conscientious CEOs reserve less than less conscientious CEOs after SOX (compared with before
SOX) when insurers face higher financial risk, possibly because they are more responsible for
financial statements. The evidence is consistent with one feature of conscientiousness: following
the rules and norms. Finally, more conscientious CEOs are better rewarded than less conscientious
CEOs.

The second essay studies the relation between corporate opacity and net premium written
as a proxy of policyholders’ purchase behavior in U.S. property-liability insurers. | find that
policyholders are willing to buy policies from less opaque insurers. The evidence also shows that
policyholders are more sensitive to information about insurers’ financial risk when they are less
opaque. Additionally, policyholders are aware of insufficient protection by the guaranty fund. It

further suggests that opacity significantly influences the purchase behavior of commercial lines,
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due to the involvement of brokers and agents who possess in-depth knowledge of insurers’
financial situations and product policies. Thus, insurers’ opacity plays a crucial role in shaping
policyholders’ purchase behavior.

The third essay applies machine learning methods to detect physicians. Physician fraud
takes an important portion of healthcare fraud which needs continuous assessment and revision of
the control methods. Using a large dataset from a life insurer in Taiwan, | construct 32 features
and use multiple methods, including the neural network and RUSBoost methods to detect
fraudulent physicians. Based on the neural network model, | further analyze the importance of
features in detecting fraudulent physicians. Addressing the imbalanced data issue, the AUROC
score of the neural network model is 0.781 for physicians with multiple claims. | find the cost
savings range from 16.3% to 36.9% assuming the fraud rate of fraudulent physicians’ total claim
amounts ranging from 30% to 70%. | also find the important features to identify fraudulent
physicians are associated with physicians clustering in the eastern area of Taiwan, the percentage
of insureds whose age are less than 18, the percentage of surgeries due to illness as opposed to
accidents, and whether the physician can perform difficult surgeries. Finally, the evidence implies
fraudulent physicians use the “steal a little, all the time” strategy to avoid being caught. Besides
cost savings, this study can benefit the life insurer by speeding up the claim review process,

narrowing down the investigation range, and excluding suspicious physicians as external reviewers.



ACKNOWLEDGEMENTS

I cannot express how much | am grateful for the support and kindness of my committee
chair, Dr. Gene C. Lai. Thank you for introducing me to the idea of research. You told me research
is like a marathon; | need to persist with it and keep working. Research is a journey of ups and
downs; sometimes it works, but often it doesn’t. What I need to do is my best and let it be. Your
guidance and attitude towards research have been the greatest inspirations on my research journey.
You are not only the best mentor in research but also in my life. You show me the true role model
of an inspirational scholar and how to be a patient, kind, encouraging, and persistent person.

I would like to thank Dr. Ethan Chiang, Dr. Yonggiang Chu, Dr. Dolly King, and Dr. David
Mauer for your continuous support in my job search. Your guidance equipped me well. All of you
witnessed my entire challenging job search journey, from interviews to the job talk.

| am also grateful to my committee members, Dr. Ethan Chiang, Dr. Dolly King, and Dr.
Rob Roy McGregor. Thank you so much for your insightful comments and invaluable time spent
on my dissertation.

| also want to extend my thanks to all the faculty members at the Belk College of Business,
who have been an integral part of my Ph.D. journey and have witnessed my growth. To my Ph.D.
cohort, Zixin Jiang: I will never forget the days in our office at Friday 388, where you witnessed

my tears and joys.



vi
DEDICATION

To Mom, Hui Lin, and Dad, Qingmiao Zeng: for introducing me to the idea of a sweet
home and showing me how deeply | am beloved. To Grandmother, Jinmei Zhou, and Grandfather,
Shanqun Zeng: for your unconditional love and for always being by my side. All of you have
shown me what love is, making me a braver and more caring person. You have proven that love

will always flourish and never fade.



TABLE OF CONTENTS

LIST OF TABLES
LIST OF FIGURES
INTRODUCTION
CHAPTER 1: CEO CONSCIENTIOUSNESS AND RESERVE MANAGEMENT: EVIDENCE

FROM U.S. PROPERTY-LIABILITY INSURERS

1.1. Introduction

1.2. Conscientiousness, Reserve Errors, and Hypothesis

1.2.1.
1.2.2.
1.2.3.

Big Five Traits and Conscientiousness
Reserve Estimates and Errors
Hypothesis Development

1.3. Data and Methodology

1.3.1.
1.3.2.

Data
Methodology

1.4. Summary Statistics and Empirical Results

1.4.1.
1.4.2.
1.4.3.
1.4.4.
1.4.5.

Summary Statistics

CEOQO Conscientiousness and Reserve Error Baseline Result
Channel of Conscientiousness and Reserve Errors
Identification Strategy

Conscientiousness and Compensation

1.5. Conclusion

REFERENCES

APPENDIX A: THE METHOD OF MAIRESSE ET AL. (2007)
APPENDIX B: VARIABLE DEFINITIOS

APPENDIX C: ADDITIONAL RESULTS

CHAPTER 2: CORPORATE OPACITY AND NET PREMIUM WRITTEN FLOWS:

EVIDENCE FROM U.S. PROPERTY-LIABILITY INSURERS

2.1. Introduction

2.2. Hypothesis Development

2.2.1.
2.2.2. The Interaction Effect between Opacity and Financial Risk on Net Premium

2.2.3.

Opacity and Net Premium Written

Written
Opacity and Insurance Guaranty Fund

vii

Xii

1

7

7

7
12
12
13
17
17
22
25
25
26
30
32
34
36
37
64
66
68

76
76
79
79

80
81



2.24.

Opacity and Purchase Behavior: Commercial Lines and Personal Lines

2.3. Data and Methodology
2.4. Summary Statistics and Empirical Results

24.1.
24.2.
2.4.3.
24.4.
2.4.5.

2.4.6.
24.7.

Summary Statistics

Opacity and Net Premium Written Baseline Result

Opacity and Financial Risk

Opacity and Net Premium Written Protected by Guaranty Fund

Opacity and Net Premium Written Protected by Guaranty Fund with Financial
Risk

Opacity and Net Premium Written Not Protected by Guaranty Fund
Opacity and Purchase Behavior: Commercial Lines and Personal Lines

2.5. Conclusion
REFERENCES
APPENDIX A: VARIABLE DEFINITIONS
CHAPTER 3: PHYSICIAN FRAUD DETECTION USING MACHINE LEARNING

METHODS

3.1. Introduction

3.2. Background and Literature Review

3.2.1.
3.2.2.

Background of Physician Frauds
Literature Review

3.3. Data and Data Preprocessing

3.3.1L
3.3.2.
3.3.3.

Data
Data Transformation
Feature Construction

3.4 Methodology

3.4.1.
3.4.2.
3.4.3.

Address Imbalanced Data Issue
Model Specification
Performance Measure

3.5. Results
3.6. Feature Importance

3.7. Conclusion
REFERENCES
APPENDIX A: DEFINITION OF FEATURES

viii

82
84
87
87
88
89
90

91
91
92
93
95
106

107
107
111
111
113
116
116
117
118
123
124
124
127
129
132
135
137
155



X

APPENDIX B: SUMMARY STATISTICS FOR THE SINGLE-CLAIM SAMPLE 157

APPENDIX C: ALGORITHM OF RUSBOOST 158
APPENDIX D: OTHER CLASSIFICATION METHOD RESULTS WITH OTHER
METHODS DEAL WITH IMBALANCED DATA 159

CONCLUSIONS 160



Table 1.1:

Table 1.2:

Table 1.3:

Table 1.4:

Table 1.5;

Table 1.6:

Table 1.7:

Table 2.1:

Table 2.2:

Table 2.3:

Table 2.4:

Table 2.5:

Table 2.6:

Table 2.7:

Table 2.8:

Table 3.1:

Table 3.2:

Table 3.3:

Table 3.4:

LIST OF TABLES

Summary statistics

CEO conscientiousness and reserve error

CEO conscientiousness and reserve error using Propensity Score Matching

CEO conscientiousness and reserve error with financial risk mechanism

CEO conscientiousness and reserve error using SOX as an exogenous shock with

financial risk mechanism

46

48

54

58

62

63

98

99

100

101

102

CEO conscientiousness and compensation

CEO conscientiousness and compensation using the financial crisis as an exogenous
shock

Summary statistics

Opacity and net premium written

Opacity and net premium written with financial risk mechanism

Opacity and net premium written protected by guaranty fund

Opacity and net premium written protected by guaranty fund with financial risk
mechanism

Opacity and net premium written not protected by guaranty fund

Opacity and net premium written from commercial lines
Opacity and net premium written from personal lines

Main papers related to feature construction at physician level
Basics for the multi-claim and single-claim samples
Summary statistics

Costs of outcomes

103

104

105

146

149

150

151



X1

Table 3.5: AUCROC scores 152
Table 3.6: Precision and Recall scores 153

Table 3.7: Model cost saving in decimal for multi-claims 154



LIST OF FIGURES

Figure 1.1: Trade-off between the cost of insolvency and the cost of holding liquid assets
Figure 1.2: Point estimates for the effect of CEO conscientiousness on reserve error
Figure 3.1: Frequency on physicians’ number of claims

Figure 3.2: Confusion matrix

Figure 3.3: Amount saving by neural network with class weights method

Figure 3.4: Feature importance based on permutation importance

Xii

15

45

142

143

144

145



INTRODUCTION

This dissertation consists of three essays on corporate finance and machine learning. It
explores three lines of research: the impact of CEO personality traits on reserve estimation
(Chapter 1); the influence of insurers’ opacity on policyholders’ purchase behavior (Chapter 2);
and the use of machine learning methods to detect fraudulent physicians (Chapter 3).

The first chapter investigates the relationship between the CEOs’ conscientiousness trait
and reserve management within U.S. property-liability insurance insurers. Insurance companies,
having collected premiums at beginning of a policy, must set up reserves for future claim payments.
Some claims, such as auto liability claims, can span several years before settlement. Essentially,
the loss reserve is an estimate of these unpaid claims. Moreover, it represents the largest liability
on the balance sheet, underscoring the importance of reserve estimation for insurers. How are these
reserves determined? Initially, actuaries provide a range of estimates, but the estimation is finalized
by CEO’s discretion. One feature of the loss reserve is that after the initial disclosure of reserve
estimation, insurers are required to report the revised reserve estimation in subsequent years. This
difference between initial and revised estimates is the definition of reserve errors.

There is a tradeoff in reserve estimation. On the one hand, if insurers reserve too little, they
will face a higher insolvency risk due to potential insufficient funds to cover future claims. On the
other hand, over-reserving can be costly because insurers have fewer free cash flows available for
investment in positive NPV projects.

On average, property-liability insurance companies tend to reserve more to avoid
insolvency, as it adversely affects not only stockholders but also policyholders. Thus, reserving

more is important, but reserving too much is not optimal.



Previous literature has extensively examined reserve management from various
perspectives due to its importance as a corporate policy. | want to explore this topic from a new
angle, focusing on the conscientiousness trait, one of the “Big Five” personality traits. The big five
traits are a system description of personality. Conscientious CEOs are more responsible. They also
tend to follow rules. | believe responsibility and following rules are associated with reserve
estimates. The other four traits are agreeableness, which means people are trusting and want to
avoid conflicts. Extraversion means people are talkative and outgoing. Emotional stability means
people can deal with stress. Openness to experience means people are thoughtful and creative. By
their definitions, these four traits don’t directly relate to reserve estimation. Therefore, my
theoretical focus will be specifically on the conscientiousness trait.

I measure conscientiousness based on the CEOs’ spoken language. And it’s from the
conference calls Q&A portion, identified by CEO names. Because the Q&A portion is less scripted.
The conscientiousness trait is calculated by using machine learning algorithms based on the
literature by Mairesse et al., 2007. The advantage of this method is that it does not rely on
keywords. Instead, it is based on the sentence structure.

| apply quantile regression to examine the association between reserve errors and
conscientiousness because the incentives of reserve estimation may differ across different levels
of reserve errors. Interestingly, I find that when insurers reserve too much (reserve errors at the
75th quantiles and higher (80th, 85th, 90th, and 95th)), conscientious CEOs will lower the reserve
estimation to to be more responsible for stockholders’ wealth instead of conserveness at higher
levels of reserve errors so that insurers do not over-reserve too much. For economic significance,
| find one standard deviation increase in conscientiousness will decrease the reserve by 1.317% of

total assets, which is about 2 million dollars on average. Moreover, | find that this negative



relationship will be mitigated when insurers face high financial risks. This is when the
responsibility feature comes into play because conscientious CEOs are responsible to stakeholders.
Furthermore, since conscientious people are more likely to follow rules, | find that after SOX, they
tend to pursue more accurate estimations to meet the requirements. Finally, | find that insurers pay
higher compensation to more conscientious CEOs.

The contribution of chapter 1 is that | examine reserve errors from a new angle: the
conscientiousness of CEOs, based on text analysis technology. | find that CEOs’ conscientiousness
trait influences the important corporate policy -- reserve estimation.

The second chapter studies whether the opacity of insurers shapes a typical policyholder's
purchase behavior. The information quality (opacity) is valuable for current and prospective
policyholders (debtholders) because policyholders would not be paid in full if insurers become
insolvent. Yet, prospective policyholders may not have the incentives and expertise to understand
the quality of information about insurers’ financial health due to the complexity of the liability
structure of insurers. Thus, whether the opacity of insurers has an impact on insurance purchase
behavior is an empirical question. The lack of transparency may lower policyholders’ utility
regarding the information risk of whether an insurer’s information is reliable. Transparency can
enhance policyholders’ belief that their future claims would be paid in full when losses are incurred.

Policyholders are concerned about insurers’ insolvency, especially when the information
is accurate. Thus, | examine the interaction effect between financial risk and opacity on insurance
purchase behaviors. | argue that insurers’ opacity will mitigate the negative effect between
financial risk and insurance purchase behavior.

Policyholders suffer losses when insurers become insolvent even though there is a state-

level guaranty association. Because the guaranty fund provides limited coverage and not all lines



of business are protected. Thus, policyholders have more incentive to identify safer and more
reliable insurers to avoid future losses due to the financial failure of insurers with the presence of
the guaranty fund. In other words, policyholders are sensitive to opacity even though their policies
are protected by the guaranty fund.

For lines of business not protected by the guaranty fund, these are riskier for policyholders.
This is because these lines of business have, in general, high risk and are covered by limited
insurers. Since policyholders are aware of the risk of not being protected by the guaranty fund,
they would be more sensitive to the opacity when insurers face high financial risk. Therefore,
policyholders of policies that are not protected by the guaranty fund will be more sensitive to
financial risk when opacity changes.

Commercial lines insurance products protect against business-specific operational and
liability risks, playing an important role in the risk management strategies of business entities. The
complexity of business entities’ risk situations arises from the diverse risks and requirements of
different business types, necessitating the involvement of brokers and agents. Brokers and agents,
who can assess all possible unique insurance situations and possess useful and in-depth knowledge
about insurers’ financial situations and their products, provide the most accurate and relevant
advice to meet clients’ unique needs. Consequently, brokers and agents not only ensure that
policies fit clients’ needs but also verify whether insurers can fulfill their obligations to pay claims
to policyholders. Thus, brokers and agents are more likely to recommend products from less
opaque insurers, as they can access more information.

| find that policyholders are willing to buy policies from less opaque insurers. The evidence
also shows that policyholders are more sensitive to information about insurers’ financial risk when

they are less opaque. Additionally, policyholders are aware of insufficient protection by the



guaranty fund. It further suggests that opacity significantly influences the purchase behavior of
commercial lines, due to the involvement of brokers and agents who possess in-depth knowledge
of insurers’ financial situations and product policies.

The third chapter studies how to detect fraudulent physicians using supervised machine
learning algorithms and analyzes the importance of features. Healthcare costs have become a major
expenditure in the U.S. since 1980 (Li et al., 2008). They can grow more in the future because of
an aging population and advancing health technology. Besides the direct financial losses, frauds
also severely hinder the health care system from providing quality services because frauds reduce
the funds available to the health care system. Therefore, effective fraud detection is vital in
reducing cost and improving the quality of healthcare services. Physicians play the most critical
role among service providers because physicians determine the type of treatments (surgery vs.
non-surgery) and length of hospital stays. Thus, focusing on physician fraud detection can generate
a higher saving potential.

Constructing features and detecting fraudulent physicians from legitimate ones have
important implications for insurers: saving costs, speeding up the claim review process, narrowing
down the fraud investigation range, and excluding suspicious physicians as external reviewers.
Because the goal is to detect fraudulent physicians, the data is reconstructed from the claim level
to the physician level. There are 32 features divided into six groups: claim basics, physician
characteristics, fraud strategies, early signals, insured characteristics, and agent characteristics.

Imbalance data refers to a dataset within which the number of minority class observations
is far less than the majority class. Imbalanced data issue is common in the rare events detection
problems such as fraud detection. To address the imbalanced data issue, | choose two data

sampling methods: the random under sampling method for RUSBoot model and the class weights



method for the neural network model. Random under sampling is used to rebalance the data by
randomly removing observations from the majority class. The class weights method assigns
weights to classes inversely proportional to their frequencies. A higher class weight means that the
model emphasizes this class and penalizes mistakes in it more heavily.

Both error-based and cost-based methods are used to measure the model’s performance.
AUROC is the error-based method which is used as the indicator for the discriminating power of
the classifier. It is the area under the receiver operating characteristic curve which plots the true
positive rate against the false positive rate at different decision-making thresholds. AUROC equals
1, indicating the classifier performs perfectly, while 0.5 indicates randomly. The more AUROC is
closer to 1, the better the classifier is. The cost-based method is to estimate the cost savings
achieved by using machine learning to predict fraudulent claims.

Based on the neural network model, | further analyze the importance of features in
detecting fraudulent physicians. Addressing the imbalanced data issue, the AUROC score of the
neural network model is 0.781 for physicians with multiple claims. | find the cost savings range
from 16.3% to 36.9% assuming the fraud rate of fraudulent physicians’ total claim amounts
ranging from 30% to 70%. | also find the important features to identify fraudulent physicians are
associated with physicians clustering in the eastern area of Taiwan, the percentage of insureds
whose age are less than 18, the percentage of surgeries due to illness as opposed to accidents, and
whether the physician can perform difficult surgeries. Finally, the evidence implies fraudulent
physicians use the “steal a little, all the time” strategy to avoid being caught. Besides cost savings,
our study can benefit the life insurer through speeding up the claim review process, narrowing

down the investigation range, and excluding suspicious physicians as external reviewers.



CHAPTER 1: CEO CONSCIENTIOUSNESS AND RESERVE MANAGEMENT:
EVIDENCE FROM U.S. PROPERTY-LIABILITY INSURERS

1.1. Introduction

This paper examines the relation between CEO consciousness and reserve management for
property-liability insurers. A growing literature suggests that managers’ attitudes and beliefs, such
as confidence, optimism, risk aversion, and ability, significantly impact corporate policies and
performance (e.g., Abdel-Khalik, 2007; Peterson et al., 2009; Galasso and Simcoe, 2011). The
literature also shows that managers’ traits such as MBA degrees, birth cohort, and execution-
related abilities (Fast, Aggressive, Persistence, Proactive, Work Ethic, High Standards), and Big
Five traits (agreeableness, conscientiousness, extraversion, emotional stability, and openness to
experience) have a significant impact on decision-making or job (firm) performance (Bertrand and
Schoar, 2003; Almlund et al., 2011; Kaplan et al., 2012; Green et al., 2019).>? For example, Gow
et al. (2016) examine the association between Big Five traits and corporate policies (e.g., financing
and investment decisions and book-to-market ratio). They find CEO conscientiousness is
positively associated with book-to-market and somewhat associated with net leverage. Their
evidence also shows that CEO openness influences R&D intensity, investment, book-to-market,
and leverage.®

The literature, however, has not examined the association between the manager’s
personality traits and the corporate policies of insurers, with one exception. Berry-Stolzle et al.

(2018) find that CEO overconfidence is negatively associated with loss reserves. 4 To fill this gap,

! Big Five traits are the most widely used as personality proxies in the psychology literature.

2 Green et al. (2019) find a positive relation between executive extraversion and firm outcomes, indicating that the
more extraverted CEOs have better career development and firm outcomes.

3 Their other results (Table X in their paper) show that agreeableness and extraversion are not associated with firm
policies and book-to-market ratio in the models with all control variables and fixed effects.

4 1t should be noted that overconfidence is not one of the big five traits according to the literature.



we examine the relation between CEOs’ conscientiousness, one of the Big Five traits, and loss
reserve management. Unlike Gow et al. (2016), we mainly focus on conscientiousness (one of the
Big Five traits) because we choose (a) specific trait(s) that is (are) associated with reserve
estimates.® Among the Big Five traits, we choose conscientiousness because its characteristics,
such as being painstaking, cautious, and responsible, play an essential role in work-related
behaviors (Specht et al., 2011). In addition, Roberts et al. (2009) define conscientiousness as
“individual differences in the propensity to follow socially prescribed norms for impulse control,
to be goal-directed, planful, able to delay gratification, and to follow norms and rules.” This
characteristic is important when we examine the impact of the Sarbanes-Oxley Act. Roberts et al.
(2009) also indicate that conscientiousness is associated with better economic and workplace
outcomes related to firm performance. Finally, unlike managers’ attitudes and beliefs,
conscientiousness is stable in a person’s life span (Specht et al., 2011).6

Among corporate policies for insurers, we examine the loss reserve estimates for the
following reasons. The loss reserve is the largest liability on the balance sheet for property-liability
insurers. Therefore, the reserve estimate is an important corporate policy. Insurance company
actuaries recommend an acceptable range for loss reserves, and managers make the final decision
on the loss-reserve estimate (e.g., Hsu et al., 2019). This discretion is work-related behavior that
requires responsibility. We argue that the loss reserve estimate is likely influenced by personality
traits such as managerial conscientiousness. We also suggest that a conscientious CEO not only
has discretion about the reserve estimate, but her conscientious management style also influences
the actuaries that estimate the reserve estimates. As a result, the reserve estimate of an insurer with

a conscientious CEO is expected to be responsible.

5 Recall that Gow et al. (2016) investigate the relation between all Big Five traits and various corporate policies.
& Conscientiousness is also associated with great career success (Judge et al., 1999; Kern and Friedman, 2008).



Additionally, the loss reserve estimation is disclosed and revised every year for the ten
years after the initial report. We can examine ex-post whether the original reserve estimate is
overstated or understated. Specifically, the difference between the original report and the revised
estimation is called reserve error, which reflects the manager’s discretion during the initial report
period.

High financial risk is a major concern for all types of firms, especially for firms in the
financial industry, such as the insurance industry. Since the conscientiousness trait also exhibits
characteristics of being more responsible and cautious, it is interesting to explore how
conscientious CEOs choose their reserve management policy when an insurer faces high financial
risk. We suggest that when an insurer faces higher financial risk, the insurer with a more
conscientious CEO is likely to reserve more.

Finally, following the literature (e.g., Ho et al., 2013; Dah et al., 2014; Banerjee et al.,
2015), we use the Sarbanes-Oxley Act (SOX) of 2002, an exogenous shock, as an identification
strategy for our study. Specifically, we investigate the impact of the passage of SOX on the
relationship between CEO conscientiousness and reserve management when insurers have high
financial risk. SOX requires the CEO to issue a statement certifying that her/his company’s
financial statements and disclosures are fairly present in all material respects. Since the psychology
literature suggests that conscientiousness indicates a propensity to follow social rules and norms
(Roberts et al., 2009), we argue that financial statements certified by more conscientious CEOs are
likely to be more responsible after SOX.

We use publicly traded insurers as our sample because the conscientiousness measure can
be calculated only for publicly traded insurers. The final sample size is 244 insurer-years (29

insurers) from 2002 to 2015. We employ the quantile regression method for our analysis due to
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the positively skewed distribution of reserve errors (Grace and Leverty, 2010). In addition, our
analysis shows that the reserve estimate decision varies with different levels of reserve estimates.’
Our results show that the negative relation between CEO conscientiousness and reserve error is
significant in the upper tail of the conditional distribution (75", 80", 85", 90", and 95™) of reserve
errors, implying conscientious CEOs tend to reserve less at the upper tail of reserve errors. A
possible reason is that conscientious CEOs are more responsible for the stockholders’ wealth. To
maximize stockholders’ wealth, at a high level of reserve estimates, insurers with more
conscientious CEOs are likely to reserve less because reserving too much is costly.® Reserves are
typically composed in liquid assets (such as cash), which have a lower rate of return. To mitigate
the endogeneity issue due to the possibility of non-random hiring of conscientious CEOs in firms,
we use the propensity score matching (PSM) method to match low conscientious CEOs with high
conscientious CEOs and ensure that firms in the treatment (with high conscientious CEQOs) and
matched (with low conscientious CEOs) groups are similar in observable insurers characteristics.
Our baseline results remain robust using the PSM approach. In our additional analysis, we also
find that CEOs’ conscientiousness prevails over CFOs’ conscientiousness in reducing reserve
errors.

We also find that the negative relation between conscientiousness and reserve errors in the
upper tail is mitigated when insurers face high financial risk, measured by Expected shortfall (ES)
and Value at risk (VaR). This evidence shows that conscientious CEOs reserve more when insurers
face higher financial risk, which is consistent with consciousness’s characteristics, i.e., being
responsible and cautious. Furthermore, the evidence suggests the conscientious CEO lowers the

reserve error in the upper tail to lower the cost of holding liquid assets after SOX when the financial

7 Please see Section 2.3 for details.
8 Our summary statistics show higher positive reserve errors at the upper tail.
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risk is high. The overall results are consistent with the conscientiousness trait features such as
being responsible and rules abiding. Finally, we find that insurers pay higher compensation to
more conscientious CEOs.

Our study contributes to the growing literature that explores the relation between CEOs’
traits and corporate policies. Specifically, our study is the first to use multivariate analysis to
examine the relation between CEO Big five traits (specifically, conscientiousness) and corporate
policy (reserve management). Berry-Stolzle et al. (2018) find that CEO overconfidence is
negatively associated with loss reserves. But overconfidence is not one of the big five traits. In
addition, we use machine learning algorithms to calculate the conscientiousness score based on
CEOs’ spoken language instead of questionnaires. More importantly, the algorithms that we use
do not solely rely on keyword counts to determine whether a CEO is conscientious. Rather, we
compute a conscientious score based on the linguistic spoken style rooted in personality (e.g.,
using filler words, such as like and well) and not related to conversation content. Thus, the CEO
cannot use specific keywords related to conscientiousness to fake that s/he is conscientious. We
also provide evidence on the interaction effect between conscientiousness and our variables of
interest, including financial risk and SOX. Finally, our evidence has an implication for choosing
future CEOs. If the board of directors cares about the CEO over reserve too much, then the board
should choose a conscientious CEO.

This paper is organized as follows. Section 2 reviews the related literature linking
managerial personality to reserve management, discusses conscientiousness and reserve error
measures, and proposes hypotheses. Section 3 describes how we measure conscientiousness and
reserve errors, the empirical methodology framework, and data sources. Section 4 presents the

summary statistics of the sample and empirical results. Section 5 concludes.
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1.2. Conscientiousness, Reserve Errors, and Hypothesis
1.2.1. Big Five Traits and Conscientiousness

The Big Five traits (agreeableness, conscientiousness, extraversion, emotional stability,
and openness to experience) framework represents a system description of personalities, which are
continuously stable across the life span and can predict the significance of behavioral differences
(Barrick and Mount, 1991; Roberts et al. 2009; Specht et al., 2011).

We focus on conscientiousness (one of the Big Five traits), which is considered as the most
relevant predictor of job performance in the psychology literature (Barrick and Mount, 1991,
Mount et al., 1998; Furnham et al., 1999; Barrick et al. 2001; Specht et al., 2011; Bleidorn et al.,
2018). Conscientious people tend to have an orientation to detail and are responsible, and are good
at analysis, carefulness, and precision (e.g., Costa and McCrae, 1992; John and Srivastava, 1999).
We suggest conscientiousness is related to reserve estimations because CEQOs are required to be
responsible in finalizing the reserve estimation.

1.2.2. Reserve Estimates and Errors

Insurers underwrite the risk in return for the premiums received at the beginning of the
policy period, but they do not pay out the losses at the beginning of the policy period. In other
words, insurers do not earn the whole premiums when received. Instead, insurers, on average, pay
out losses throughout the policy period. There are time gaps between the premiums received and
the claims arising, between the claims arising and the loss’s payments, and between the loss’s
payments and the balance sheet date. Insurers set up a reserve to pay for future losses.

Under statutory accounting principles (SAP), insurers estimate the liabilities for the unpaid
claim occurring before the balance sheet date. This estimated liability is called loss reserve, which

represents the largest liability on a property-liability insurer’s balance sheet. Estimating the reserve
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is challenging because predicting future losses and claims is difficult. While past claims’
information can be helpful, past claims cannot precisely predict future claims because the estimate
is fraught with uncertainty. After actuaries provide a range of loss reserve estimates, managers
make final decisions about the reserve estimates. In other words, the loss reserve is subject to the
manager’s discretion.

One unique feature of loss reserve is that after the initial estimation, insurers need to revise
their loss reserve estimations when new information about the claim arrives. The difference
between the original loss reserve and the revised loss reserve is called reserve error which provides
an ideal measure of whether the original loss reserve is over-stated or under-stated and reflects the
information of the manager’s discretion.

1.2.3. Hypothesis Development

Among the Big Five personality traits, the conscientiousness trait of a CEO likely offers
features that can influence reserve estimates because more conscientious CEOs are likely to be
more responsible, cautious, and painstaking than less conscientious CEOs.

1.2.3.1. Reserve Estimate Decisions: A Risk-Taking versus Conservatism Hypothesis

In this section, we discuss two channels that affect CEO reserve estimate decisions: the
risk-taking and the conservatism hypothesis.

Risk-Taking Hypothesis

Black and Scholes (1973) suggest that a firm’s equity can be considered as a European call
option. Galai and Masulis (1976) show that the value of the stock is an increasing function of the
variance of stock returns (the other factors are the firm’s value, the riskless interest rate, and the
time to liquidation). Higher firm risk can maximize shareholders’ wealth due to their limited

liability. As the goal of a CEO is to maximize shareholders’ wealth, CEOs may increase firm risk
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by reserving less to increase the value of equity call options. Based on this discussion, the risk-
taking perspective suggests that CEOs tend to reserve less to maximize stockholders’ wealth.

Conservatism Hypothesis

In general, CEOs of insurers are conservative in reserve estimates, as evidenced by the
empirical results of all of the papers examining reserve estimates (Berry-Stolzle et al., 2018; Hsu
et al., 2019). The literature shows that the mean of reserve errors is positive. Conservative
estimates can lower insolvency risk because more reserve provides more buffer to pay future
claims. Therefore, more reserves can protect stakeholders from insolvency. In addition, from the
agency cost perspective, lowering insolvency risk can protect CEOs’ jobs. If an insurer becomes
insolvent, the reputation of the insurer’s CEO will be affected. For this reason, CEOs have an
incentive to reserve more from the agency cost perspective. Another reason for conservative
estimates is that insurers are under state regulations. Regulators’ main concern of insurers’
operation is the insolvency risk. To address regulators’ concerns, insurers typically have
conservative reserves, which are generally higher than the minimum required by regulation. In
summary, CEOs tend to reserve more than expected future payments. We refer to this type of
reserving behavior as the conservatism hypothesis.

Conflicts between the Risk-Taking Hypothesis and the Conservatism Hypothesis

There is a conflict regarding reserve management between the conservatism hypothesis
and the risk-taking hypothesis. While the risk-taking hypothesis predicts reserving less, the
conservatism hypothesis predicts reserving more.

1.2.3.2 Optimal Reserve Estimate Decision

We next discuss the optimal reserve estimate decision. Since reserves are set up for future

payments, insurers need to invest these anticipated future payments in liquid assets (e.g., cash),
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resulting in lower rates of return and/or fewer positive net present value projects. Consequently,
the cost associated with additional reserves increases as the reserves increase. On the other hand,
the marginal benefits of additional reserves are associated with lower expected insolvency costs
(both direct and indirect costs). With additional reserves, the buffer of paying future losses is
higher, resulting in a lower insolvency probability and, in turn, lower expected insolvency costs.

When CEQOs make decisions on the reserve estimates, they consider both the marginal costs
associated with holding liquid assets and the marginal benefits of reducing insolvency costs due
to holding additional reserves. Therefore, there is an optimal size of reserve estimates as shown in
Figure 1.1.

Figure 1.1 shows a trade-off between the cost of holding liquid assets and the cost of

insolvency.

Total costs

Cost —»

Liquid asset costs

. Insolvency costs
Optimal Level y

Reserve Level —
Figure 1.1: Trade-off between the cost of insolvency and the cost of holding liquid assets

On the one hand, when the reserve estimate is lower than the optimal level, the cost of
holding liquid assets is less than the expected cost of insolvency. On the other hand, when the
reserve estimate is higher than the optimal level, the cost of holding liquid assets is higher than the

cost of expected cost of insolvency. At the point of optimal reserve estimate, the cost of holding
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liquid assets is equal to the cost of insolvency or the total cost of holding liquid assets and
insolvency is minimal.

1.2.3.3 CEO Conscientiousness and Reserve Estimates

Based on Figure 1.1, we discuss the relationship between conscientiousness and reserve
estimates by two scenarios: when reserve estimates are less than the optimal level and when reserve
estimates are higher than the optimal level.

Reserve Estimates Are Less Than the Optimal Level

When insurers have a low level of reserve estimates that are less than the optimal level,
less conscientious CEOs are likely to have conservative reserves due to concerns about insolvency
risk, job security, and regulation, in line with the conservatism hypothesis. More conscientious
CEOs are also likely to have more conservative reserves for similar reasons. On the other hand,
more conscientious CEO might have the incentive to reserve less as suggested by the risk-taking
hypothesis. Based on the above analysis, we infer that, at a low level of reserve estimates, the
reserve estimates of insurers with more conscientious CEOs do not differ from those of insurers
with less conscientious CEOs.

Reserve Estimates Are Higher Than the Optimal Level

We next discuss the relationship between conscientiousness and reserve estimates when
reserve estimates are higher than the optimal level (the costs of holding liquid assets are higher
than the costs of insolvency). More conscientious CEOs are more responsible for stockholders’
wealth than less conscientious CEOs because one important feature of conscientiousness is
responsibility. To maximize stockholders’ wealth, at a high level of reserve estimates, insurers
with more conscientious CEOs are likely to take higher risks by reducing reserve estimates than

insurers with less conscientious CEOs. As mentioned above, taking higher risks increases the
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sharcholders’ wealth due to the limited liability. It should also be noted that with the high level of
reserve estimates, the probability of insolvency is very low, thereby reducing the expected
insolvency cost.

Based on the above argument, we suggest that at higher levels of reserve estimates, insurers
with more conscientious CEOs would reserve less than insurers with less conscientious CEOs. To
develop a testable hypothesis, we use reserve errors as a proxy for reserve estimates because it is
difficult to estimate the optimal level of reserve. Reserve errors are defined as the difference
between the aggregate loss reserve at time t and the reestimated aggregate loss reserve at time t+5,
then scaled by total admitted assets. Reserve estimation can be verified ex-post because, after the
initial estimation, insurers need to revise their loss reserve estimations when new claim
information arrives. Thus, reserve error provides an ideal measure of whether the original loss
reserve is overestimated or underestimated, reflecting the manager's discretion. Our hypothesis
about the relationship between conscientiousness and reserve errors is stated below.

Hypothesis: At high levels of reserve errors, conscientiousness is negatively related to reserve
errors.

1.3. Data and Methodology
1.3.1. Data

Our initial sample consists of all publicly traded property-liability insurers of which the
CEOs’ spoken language is available from the question and answer (Q&A) portion of conference
call transcripts from 2001 to 2018. We obtain conference call transcripts from LexisNexis. The
reserve error and other financial data are from the National Association of Insurance
Commissioners (NAIC). CEO characteristics are from Execucomp. Firm risk variables such as

Value at risk, Expected shortfall, and Distance to default are calculated from CRSP. Based on the
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data availability, our final sample contains 244 insurer-year observations (29 unique insurers) from
2002 to 2015.°

1.3.1.1. Big Five Traits and Conscientiousness Measure

The section provides the measurement of conscientiousness of CEOs. The Big Five traits
(e.g., conscientiousness) can be measured by the language used because people differ in their
talking styles (Allport and Odbert, 1936; Pennebaker and King, 1999; Mehl et al., 2006; Mairesse
et al., 2007; Gow et al., 2016). Pennebaker and King (1999) also find that the Big Five traits are
highly correlated with linguistic features. Specifically, linguistic features such as using sentimental
words, verb tense, causal words, words per sentence, and speech rate reflect personality traits
(Pennebaker and King, 1999; Pennebaker et al., 2001; Mehl et al., 2001; Mehl et al., 2006;
Mairesse et al., 2007; Gow et al., 2016).

Mairesse et al. (2007) develop four well-performed algorithms for scoring Big Five traits
using continuous scales. In each algorithm, they use 88 Linguistic Inquiry and Word Count (LIWC)
features (Pennebaker et al., 2001) and 14 Machine Readable Cataloguing (MRC) features
(Coltheart, 1981) to train the model to get the traits scores.® Furthermore, they confirm that
conscientiousness can be well measured from spoken language.!* Specifically, conscientiousness

is negatively related to discrepancies words (e.g., should, would, and could), exclusive words (e.g.,

9 We ended our sample period in 2015 because we need to have 5-year window to calculate reserve errors. For the
initial sample, there are 42 unique insurers with conscientiousness and reserve errors data. There are 33 unique insurers
after combining a set of control variables. Less firms are missing control variables; there are 29 unique insurers in the
final sample to run the regression.

10 The list of features can be found in Table 6 of Mairesse et al. (2007). Features mean independent variables used in
the training algorithm and the dependent variable is individual personality trait score.

11 They claim that the main feature of conscientiousness is avoidance of using negative emotion words (e.g., fear,
anger, depression, sadness). The other features of conscientiousness are described below. Conscientious people talk
more about job and occupation, which are defined as content related to personal concerns in LIWC. They prefer to
use longer words (e.g., words longer than six letters, number of syllables in the word), words related to communication
(e.g., talk, listen, share), insight words capturing the sense of understanding or learning (e.g., think, know, consider),
words acquired late by children, prompts (e.g., yeah, OK, huh), positive emotion words (e.g., happy, love, nice). They
use fewer swear words and fewer pronouns (e.g., I, them, itself).
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exclusive, but, and without), negations (e.g., no, not, and can’t), causation words (e.g., because,
reason, and why), and positively related to positive emotion words (e.g., happy and nice)
(Pennebaker and King, 1999).%2

In linguistics, different word categories (e.g., filler words, longer words, insight words,
discrepancies words, exclusive words, and causation words) are used in verbal communication.
For example, spoken language uses some common filler words (e.g., er, ah, you know, like, and
well). It should be noted that these word categories are not related to the content of conversations,
rather, word categories are associated with personality traits.™® Importantly, the language style is
hard to conceal because it is naturally revealed in the conversation, and it is difficult to change the
deeply rooted language style.

We download quarterly conference call transcripts for our sample insurers from Lexis
Nexis from 2001-2018. We then automate an algorithm in R language to identify the CEO’s
spoken responses in the conference calls. We only keep CEOs’ responses to the question and
answer (Q&A) section of the calls because managerial responses during Q&A are likely to be less
scripted (Hollander et al., 2010). To measure CEOs’ conscientiousness level, we feed the CEOs’
responses from the Q&A section to the well-trained linguistic algorithms developed by Mairesse
etal. (2007).1* For each CEO and a conference call, the conscientiousness trait scores are generated
using the four linguistic algorithms provided by Personality Recognizer application, and then these

scores are winsorized at 1% and 99" percentiles.'®> We average the scores from the four algorithms

12 Conscientiousness is also negatively related to using swear words, negative emotion words and positively related
to using longer words, insight words (e.g., realize, understand), and filler words (e.g., like, well) (Mehl et al., 2006).
3 For example, filler words are used to calculate personality traits scores but not related to conversation content such
as bright and wonderful.

14 We use a Java command-line application Personality Recognizer that reads text information and estimates Big Five
personality scores which are based on models analyzed in Mairesse et al. (2007). Appendix A describes the method
of Mairesse et al. (2007) in detail.

15 Personality Recognizer application estimates Big Five personality scores based on four different models: Linear
Regression, M5’ Model Tree, M5’ Regression Tree, and Support Vector Machine with Linear Kernel.
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to get the call-level score. At this point, we have call-level CEO conscientiousness scores; for
example, if a CEO is in the firm for the past 20 quarters in our sample period attending conference
calls, then we have 20 conscientiousness scores for this CEO. Some fundamental characteristics
of firms around the call date and the seasonality may impact CEOs’ responses during a conference
call; therefore, we follow Green et al. (2019) to develop our CEO conscientiousness score. 8

We estimate the following OLS regression to extract the variation in CEO
conscientiousness affected by firm fundamentals and obtain the residual call-level
conscientiousness score.

Call Conscientiousness = fiRet,_g3¢_» + PoRet;_1 11 + B3Retiis 163 + BoEarnings Call
+psLoss + Qtr fixed ef fect + «.

In this specification, Ret,_43 ., IS the stock returns in the previous quarter, Ret,_; ;4 is the 2-day
returns around the call date, Ret, .., (43 IS the returns over the following quarter, Earnings Call is an
indicator variable which is set equal to one if the conference call date occurred around the four-day
window [-1,2] of the earnings announcement date (day 0), and Loss is an indicator variable which is
set equal to one if the latest quarter before the conference call reports negative earnings. To generate
a time-invariant conscientiousness measure for the CEO, we take a weighted average of all the
residual call-level scores by the number of words spoken by the CEO in the Q&A section of each
call. Finally, we assign this weighted average CEO-level conscientiousness measure to all the data
points related to the CEO (and for the firm) to treat it as a time-invariant CEO fixed effect.

The following are sentence examples of unconscientious and conscientious people from

our conference calls data sample.

16 Green et al. (2019) estimate executive extraversion score. We do not include Meet-or-Beat and Surprise variables
from IBES in our regression due to data limitations for our insurance firms.
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Unconscientious Conscientious
- The first were underwriting margins were | - | think that as we’ve indicated, the $25 billion
unacceptable in commercial. goal is achievable with all of the actions that we’ve
- We don’t see a solution for that right now. laid out.
- I’m not going to say what we are going to do. - We are watching very carefully the appeal

- That does not say, though, when I look at my core | process.

businesses, we can’t get another point out of our | - We are taking specific steps to improve that.
core businesses. We obviously can’t. - Additionally, as you’d expect, we conducted a
variety of detailed analyses to see if there were any
other unique causes to the pattern, we saw spike
and we found none.

1.3.1.2. Reserve Error Measure

Property-liability insurers are required to disclose the initial reserve estimates and revised
reserve estimates every year for ten years after the initial disclosure in Schedule P of the National
Association of Insurance Commissions’ (NAIC) annual statutory filing. This regulation allows us
to compare the revised reserve estimate and the original reserve estimate to determine whether the
original loss reserve is overstated or understated. The difference between the original estimated
reserve and the revised reserve estimation is reserve error.

We follow the measure of Anderson (1971), which is widely cited by the research regarding
reserve error (e.g., Petroni, 1992; Petroni and Beasley, 1996; Gaver and Paterson, 2004; Hsu et al.,
2019) to calculate reserve errors. Barth and Eckles (2018) point out that the calendar year
development approach is more appropriate to measure reserve error in terms of solvency problems.
The calendar year development measure is an aggregate concept that measures the difference
between the aggregate loss reserve at time t and the reestimated aggregate loss reserve at time ¢ +
n. The sign of the difference represents whether the aggregate loss reserve is overstated or
understated at time t. According to the literature, a five-year window (n = 5) is appropriate to
calculate reserve errors. Following the literature, the reserve error is scaled by total admitted assets

(TAssets). The reserve error is defined as follows:
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RESERROR;; = (Cumulative inccured loss; y — Cumulative inccured lossi,Hs)/TAssetsi,t
A positive sign of reserve error, RESERROR, means that the initial estimation of loss
reserve at time t is greater than the reestimated loss reserve at time t + 5, indicating the insurer
overstated the loss reserve at time t.

1.3.2. Methodology

We find that the distribution of reserve errors is non-normal and positively skewed (Panels
B-D of Table 1.1), indicating that the OLS approach, which assumes the distribution is normal
and estimates the mean effect, is inappropriate. Instead, we use the quantile regression approach
to address the non-normal and skewed distribution concerns. Please note that the incentive of
estimating loss reserve may differ across different levels of reserve errors. At the median or lower
quintile of reserve errors, managers have the incentive to be more conservative and reserve more,
but at a very high quintile of positive reserve errors, managers may want to decrease reserve errors
because reserving too much is costly. The quantile regression approach can measure the change in
incentives across different quantile levels of reserve errors. In addition, the quantile regression is
less sensitive to the distribution of the dependent variable and outliers, thus, helping us better
understand conscientiousness’s impact across different quantile levels of reserve errors.

The quantiles of the conditional distribution of the dependent variable are expressed as
functions of independent variables (Koenker and Hallock, 2001). The quantile regression is based
on minimizing the sum of asymmetric weighted absolute residuals to estimate the conditional
quantile functions, providing a much more complete picture of the heterogeneity response of
independent variables than would be offered by conditional mean models such as OLS (Koenker,

2005).
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Our baseline quantile regression specification for the effect of CEO conscientiousness on

reserve errors is as follows:*’
Q.(RESERROR;;|CONSC;, Controls; ;) 1)
= a; + B,CONSC; + A,CEO Controls;,_; + y.Firm Controls;, + Year FE + e;,
where RESERROR represents the reserve error, CONSC represents CEO conscientiousness, f3;
represents the coefficient of conscientiousness, and A, represents coefficients of control variables,
all at 7" percentile.

We include two types of control variables: CEO characteristics variables and firm
characteristics variables, and year-fixed effects.® For CEO characteristics control variables, we
include CEO vega and CEO delta to control for managers’ risk-taking incentives (Coles et al.,
2006). We also include CEO age and CEO tenure. Coles et al. (2006) suggest that CEO tenure is
negatively related to firm risk and is used as a proxy for the level of risk aversion. Serfling (2014)
argues that older CEOs adopt a less risky firm policy. Therefore, older CEOs are likely to estimate
the reserve more cautiously.

We control for various firm characteristics that are likely to affect the reserve error. We
use the natural log of net premium written (LNNPW), which can control the effect of risk pooling,
as a proxy for firm size. A higher net premium growth rate (NPWGROWTH) may lead to higher
income fluctuation, so insurers will reserve more to prepare for future loss claim uncertainties.
Grace and Leverty (2012) point out that insurers manage reserve estimation for tax purposes
because increasing the reserve estimation will reduce the current liability. Increasing the reserve

estimation can postpone the tax payment until claims are ultimately resolved. Overestimating the

7 The objective function of quantile regression is expressed as follows:
N N
QB =min > alyi=xfl+ ) (A=l xfl
2xifr 1:y<xiBr

Be Ly
18 We do not include firm fixed effects as they would subsume variation in time-invariant conscientiousness measure.
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loss reserve reduces the taxable income. Grace (1990) uses the tax shield to measure the incentive
to overestimate loss reserve. The tax shield (TAXSHIELD) is calculated as net income plus
estimated reserve divided by total assets. We use the natural logarithm of Tobin’s Q (LNQ) to
control for insurers’ growth opportunities. Insurers with higher Tobin’s Q, representing higher
growth opportunities, would be more conservative in estimating reserves because they need to
keep business operations steady and be prudent in supporting business expansion (Cummins et al.,
2006).

According to Grace (1990), insurers are incentivized to smooth income for regulation
concerns. Regulators are concerned about the high fluctuation of surplus from one year to the next.
In addition, income stability is an indicator of firm risk. Thus, insurers may smooth income by
estimating reserves. We use the previous 3 years’ average ROA (SMOOTH) to measure income
smoothing (Grace 1990).

Harrington and Danzon (1994) find that weak insurers mask the financial situation by
underserving through reinsurance. Therefore, we control for reinsurance ceded to affiliated
reinsurers (REAFFILIATE) and reinsurance ceded to nonaffiliated  reinsurers
(RENONAFFILIATE). We also control the loss ratio growth (LRGROWTH). A high loss ratio
growth implies underwriting uncertainty, which impacts the reserve estimation.

The literature demonstrates that there is more uncertainty for long-tailed lines of business,
which need more reserve discretion, resulting in overestimating loss reserves (Petroni and Beasley,
1996; Phillips et al., 1998; Beaver et al., 2003). Therefore, we control the percentage of the net

loss incurred in long-tailed lines of business over the net loss incurred in whole business lines
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(LONGTAIL). ¥ We also control product diversification (PRODHHI) and geographical
diversification (GEOHHI), which are calculated using Herfindahl Index.

Petroni (1992) and Gaver and Paterson (2004) suggest that weak insurers tend to under
reserve to mask financial conditions to appear more solvent. We use an indicator variable, WEAK,
to represent insurers’ financial condition. Insurance regulators use IRIS ratios to analyze insurers’
financial conditions and target those needing regulation attention. WEAK takes a value of 1 if the
insurer has more than 3 out of the range IRIS ratios and 0 otherwise. In addition, we use the natural
log of naive distance-to-default (LNDD), which is calculated following Bharath and Shumway
(2008), to measure the default risk of the insurer. The default risk decreases as the distance-to-
default increases. Appendix B provides the definitions of all the variables used in this study.

1.4. Summary Statistics and Empirical Results
1.4.1. Summary Statistics

Table 1.1 presents the summary statistics of the variables for the entire sample. The loss
reserve error is scaled by the total admitted assets (RESERROR). The mean (median) reserve error
is 0.009 (0.020), indicating that, on average, property-liability insurers overstate their loss reserves,
which is consistent with the findings of the literature. The mean (median) of CEO
conscientiousness score (CONSC) is -0.052 (-0.060). The average insurer has a 7.2% net premium
growth rate (NPWGROWTH), a 4.2% three-year average ROA (SMOOTH), 0.8% loss ratio growth
rate (LRGROWTH), and 71.3% loss incurred from the long-tail business lines (LONGTAIL). The
minimum of reinsurance ceded to nonaffiliated reinsurers (RENONAFFILIATE) is greater than
zero, indicating that all insurers in this sample transfer a portion of the insurance business to

nonaffiliated reinsurers to diversify underwriting risk. The median of reinsurance ceded to affiliate

19 Long-tailed lines of business are defined by Phillips et al. (1998).
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reinsurers (REAFFILIATE) is zero, indicating that at least half of the insurers do not transfer
underwriting risk to affiliated reinsurers. The average insurer has a product line Herfindahl Index
(PRODHHI) of 0.361 and a geographical Herfindahl Index (GEOHHI) of 0.128, indicating that
the insurer, on average, has approximately 3 business lines and operates in 8 states. The 75%
quantile of WEAK is 0, representing that very few insurers have more than 3 unusual IRIS ratios.

1.4.2. CEO Conscientiousness and Reserve Error Baseline Result

Table 1.2 presents the results of the relation between CEO conscientiousness and reserve
errors. In column (1), the coefficient on CONSC is insignificant. The OLS result shows no
significant relation between CEO conscientiousness and reserve errors. One possible reason is that
the OLS method focuses on the condition mean effect, which cannot capture the heterogeneous
relation at different levels of reserve errors. A positive coefficient of conscientiousness indicates
insurers reserve more, and a negative coefficient means reserve less.

Table 1.2 shows the coefficient of conscientiousness (CONSC) is significantly negative for
the 75" quantile and higher (80", 85" 90" and 95"), indicating that insurers with more
conscientious CEOs reserve less than those with less conscientious CEOs.?° One possible reason
is that conscientious CEOs lower reserve errors to be more responsible for stockholders’ wealth
instead of conserveness at higher levels of reserve errors so that insurers do not over-reserve too
much.?! Because one important feature of conscientiousness is being responsible. In other words,
at higher levels of reserve estimates, more conscientious CEOs decrease reserve errors to lower
the cost of excess reserve. While over reserving can lower the probability of financial distress,

there are disadvantages to over reserving. Holding excess reserves has opportunity costs.

20 panel A of Figure 1.2 demonstrates point estimates of the coefficients on CONSC from Table 1.2.
21 panel D of Table 1.1 shows that the median of reserve errors is positive.
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Specifically, with excess loss reserve, insurers have less free cash flows to invest in positive NPV
projects (financial or real assets). In other words, while conservatism in reserve estimates is
important, reserving too much is not optimal. For economic significance, we find one standard
deviation increase in conscientiousness will decrease the reserve by 1.317% of total assets (based
on the result of 75" quantile), which is about 2 million dollars on average. It should also be noted
that even with the decrease in reserve estimation, insurers still over-reserve, indicating that risk-
taking behavior does not compromise financial stability.

We next discuss the results of control variables. The natural log of net premium written
(LNNPW) is negatively and significantly related to reserve errors at all quantile levels, implying
larger insurers are less conservative in terms of reserve estimates. The coefficients of the natural
log of Tobin’s Q (LNQ) are positive and significant for most of the quantiles, indicating that CEOs
of insurers with relatively stronger growth opportunities are more cautious and adopt a more
conservative reserve policy to ensure solvency during business expansion. The reinsurance ceded
to nonaffiliated reinsurers (RENONAFFILIATE) is negatively related to reserve errors, and the
effect is significant in the upper tail of the conditional distribution (75", 80", 85™ 90" and 95,
implying that higher over reserved insurers transfer less underwritten risk to nonaffiliated
reinsurers to save reinsurance costs. The percentage of the net loss incurred in long-tailed lines of
business (LONGTAIL) are positively related to reserve error and significant at higher quantile level
(75, 80", 85™M 90™ and 95), suggesting that insurers with high losses incurred from long-tail
business lines have more conservative reserve estimations. One potential explanation for this result
is that insurers with high losses incurred from long-tail business lines reserve more since the
insurer needs to be able to pay future losses to hedge high uncertain losses. The estimated

coefficients of the geographical Herfindahl Index (GEOHHI) are negatively related to reserve
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errors and significant at all quantile levels, suggesting that insurers operating in more states reserve
more.??

The literature examines the relation between extraversion (one of the Big Five personality
traits) and various corporate policies (e.g., Green et al., 2019; Lartey et al., 2020; Adebambo et al.,
2022). The characteristics of extraversion include being talkative, energetic, and outgoing.
Extraverts like to be a leader and often are the first to offer their opinion and suggestions. It is
reasonable to suggest that the characteristics of extroverts are not relevant to reserve estimates. We
thus use extraversion to perform a placebo test, replacing the CEO conscientiousness measure with
CEO extraversion measure and rerunning our baseline specification. The results are in Table C.1
in Appendix C. The procedure we follow to generate CEOs’ extraversion score (EXTRA) is similar
to the procedure to form our conscientiousness score in Section 2.2. The mean (median) of EXTRA
is -0.036 (0.120). The results show that the coefficients on CEO extraversion are generally
insignificant, indicating extraversion personality traits are not associated with reserve errors. The
evidence is consistent with our expectations.

1.4.2.1 Propensity Score Matching

While we cannot completely rule out the possibility that our results in the previous section
suffer from endogeneity issues. Roberts and Whited (2013) pointed out that the matching
technique can alleviate asymptotic biases ascending from endogeneity or self-selection. Therefore,
to mitigate self-selection-based endogeneity in our data, we use the widely known propensity score
matching (PSM) technique (Rosenbaum and Rubin, 1983; Dehejia and Wahba, 2002; Shipman et

al., 2017).

22 The negative sign of geographical Herfindahl Index is not consistent with the literature. We find that geographical
Herfindahl Index is highly correlated with LNQ. We run the same regression dropping LNQ and find geographical
Herfindahl is positively associated with reserve errors. This evidence is consistent with the literature.
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To implement PSM, we form tercile groups of CEO conscientiousness score (CONSC)
each year and define high conscientiousness, HIGHCONSC, as a dummy variable equal to one if
a CEO’s conscientiousness score falls under the top tercile group, otherwise set to zero. We report
the results related to our PSM procedure in Table 1.3. In Panel A, we run logistic regression using
HIGHCONSC as a dependent variable and on all the control variables from equation (1). We then
estimate propensity scores as the predicted probabilities using the coefficients from this regression.
CEOs in the high conscientiousness group (i.e., HIGHCONSC = 1) represent our treatment group.
For each observation in our treatment group, we matched a sample from the low conscientiousness
group (i.e., HIGHCONSC = 0) using the estimated propensity scores based on the nearest-neighbor
matching approach with replacement and a caliper of 5%. Panel B reports the covariate balancing
after the matching procedure. In addition, Panel B reports means and medians of all the covariates
for the treated group (i.e., high conscientious CEOs) and the matched group (i.e., PSM matched
group from low conscientious CEOs). We also report mean and median differences between these
two groups for each covariate. As seen in Table 1.3, none of the means are different between these
two groups, and the medians are also almost similar. This analysis ensures that the treated and the
matched groups are statistically similar across all covariates except the dependent variable of
interest, reserve error.

Using this PSM sample, we re-run our baseline specification in equation (1) and report the
results in Panel C. In column (1), the OLS result shows the coefficient on HIGHCONSC is negative
and statistically significant at 1% level. Additionally, using quantile regressions, this coefficient is
significantly negative for the 90™ (at 10% level) and for the 95" quantiles (at 1% level). These
results confirm our baseline results using the PSM method and suggest that conscientious CEOs

reserve less.
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1.4.2.2 CEO versus CFO Conscientiousness and Reserve Error

Recent literature documents that the incentives of CFOs could be more dominant than those
of CEOs for setting a firm’s financial reporting and investment policies (Chava and Purnanandam,
2010; Jiang et al., 2010; Kim et al., 2011). This section assesses the differential impact of CFOs’
versus CEOs’ conscientiousness on the reserve error in insurance firms.

We report the results of CFO conscientiousness on the reserve error analysis in Table C.2
in Appendix C. Panel A shows the summary statistics of CFOs’ conscientiousness measure,
CFOCONSC, and the other CFO variables. The mean (median) of the conscientiousness measure
for CFOs is higher than those of CEOs. In Panel B, we regress reserve error on CFO
conscientiousness, controlling for CFO characteristic variables and firm controls. Examining
CFOs conscientiousness solely, the coefficients on CFOCONSC are negative and statistically
significant in the upper tail of the conditional distribution (75th and onwards). The evidence
suggests that more conscientious CFOs reserve less, similar to the evidence for conscientious
CEOs. However, when we include the CEO conscientiousness measure along with the CFO
conscientiousness in Panel C, we find that the coefficients on CFOs conscientiousness
(CFOCONSC) become insignificant with one exception, but the coefficients on CEOs
conscientiousness (CONSC) remain significant. 2 The overall evidence implies that CEOs’
conscientiousness prevails over CFOs’ conscientiousness in deciding on the reserve estimate.

1.4.3. Channel of Conscientiousness and Reserve Errors

This section identifies the channel through which CEO conscientiousness affects reserve

error. Specifically, we argue that insurers with more conscientious CEOs are likely to reserve more

2 The coefficient of CFOCONSC is negative and statistically significant at the 95™ percentile of reserve errors,
implying CFOs have influence on the reserve error at the very high level of reserve errors.
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than insurers with less conscientious CEOs when insurers have higher insolvency risk. The reason
is that conscientious CEOs are more responsible for the insurers’ financial health than less
conscientious CEOs because being responsible and cautious are also the major characteristics of
conscientiousness. In other words, more reserves can protect stakeholders from insolvency,
especially when financial risk is high. Following the literature (e.g., Milidonis et al., 2019), we use
Expected shortfall (ES) and Value at risk (VaR) at various confidence intervals to proxy the
financial risk. Expected shortfall (ES) is defined as the conditional expected loss using 1 year of
daily stock returns. Value at risk (VaR) is defined as the maximum expected loss that could occur
using 1 year of daily stock returns at a specified confidence level (Milidonis et al., 2019).%* It
should be noted that ES contains more information than VaR, and the value of ES is beyond VaR.
In addition, the 99.5 percent confidence level is consistent with the solvency capital requirement
(Milidonis et al., 2019).

Table 1.4 shows the results of the impact of financial risks. In Panel A, coefficients of the
interaction term between CEO conscientiousness and Expected shortfall with confidence levels of
99.5 (CONSCxES99.5) are positive and significant in the upper tail of the conditional distribution
(75, 801, 85M 90™ and 95, implying that the negative relation between CEO conscientiousness
and reserve errors is inverted to a positive relation when insurers face higher financial risk. For the
upper tail of over-reserved insurers, conscientious CEOs pursue financial stability to avoid

insolvency by reserving more when the financial risk is high. One possible explanation is that

24 Both ES and VaR are based on stock price which reflects the value of the firm. The total value of a firm can be
calculated by summing its equity value and debt value. The market value of a firm’s debt is not directly observable;
however, it can be estimated by equity value under the Merton DD model. Furthermore, what happens in the income
statement is reflected in the stock price.

The equation of VaR is VAR = R + /o z,. The equation of ES is. ES = R — \/_% @(z.). R is the mean of 1 year of

daily firm stock returns. o is the variance of 1 year of daily firm stock returns. z, is the c-quantile of the standard
normal distribution. @ is the density function.
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conscientiousness’s responsibility feature makes the CEO take a more conservative reserve policy
when the financial risk is high. Panel B, Table 1.4 shows that the interaction term between CEO
conscientiousness and VaR with a confidence level of 99.5 (CONSCxVAR99.5) is significantly
positive in the upper tail of the conditional distribution (75", 80", 85", 90", and 95'").% The results
of the interaction term between CEO conscientiousness and Expected shortfall (or Value at risk)
with different confidence levels are qualitatively similar and presented in Appendix C (Table C.3).

1.4.4. Identification Strategy

We use the Sarbanes-Oxley Act (SOX) of 2002, an exogenous shock, as an identification
strategy for our study. SOX requires CEOs to be responsible for the financial statements of their
firms. For example, CEOs are required to certify the financial statement information according to
Section 302 in SOX. Additionally, SOX increases penalties for violations of security acts in
Sections 304, 807, 902, and 903. The passage of SOX may lead to some changes in CEOs’
behaviors because it increases the liabilities of CEOs. For example, CEOs bear a higher risk of
misreporting financial statement information and broader financial reporting responsibilities after
SOX. It is well documented in psychology literature that conscientiousness is indicative of a
propensity to follow social rules and norms (e.g., John et al., 2008; Roberts et al., 2009). We
suggest that the increased legal exposure has a pronounced impact on conscientious CEOs, and
they are more likely to follow the requirements of SOX because they tend to follow the rules. In
other words, conscientious CEOs would be more responsible for the financial statement after SOX.

To examine the impact of SOX, we use POSTSOX as a dummy variable equals O if
observations are during the implementation period of SOX (2002—-2004) and 1 for 2005-2015. We

follow Ho et al. (2013) to use a two-year lag because it takes time to revise the reserve policy.

% panel B of Figure 1.2 shows point estimates of the coefficients on CONSCxES99.5 and CONSCxVAR99.5.
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Table 1.5 presents the results of the impact of SOX on the relation between CEO conscientiousness
and reserve error conditioning on financial risk. In Panel A (Panel B), we use Expected shortfall
(Value at risk) with confidence levels of 99.5, ES99.5 (VAR99.5), as a measure of financial risk.
In Panel A, the coefficient of the three-way interaction term (CONSCxPOSTSOXxES99.5) is
significantly negative, implying that more conscientious CEOs reserve less than less conscientious
CEOs after SOX (compared with before SOX) when insurers face higher financial risk, possibly
because they are more responsible for financial statements.

At higher levels of reserve errors, the cost of insolvency risk is relatively low. Facing
insolvency risk, insurers with more conscientious CEOs reserve less than insurers with less
conscientious CEOs to reduce the cost of holding liquid assets post SOX because more
conscientious CEOs are more responsible for the financial statement and stockholders’ wealth.

At lower levels of reserve errors, the marginal cost of insolvency is higher than the marginal
cost of holding liquid assets, thus, more conscientious CEQs are likely to reserve more than less
conscientious CEOs before SOX because more conscientious CEOs are more responsible. Post
SOX, regardless of conscientiousness, CEOs need to reserve more to abide by the requirements of
SOX. However, more conscientious CEOs would increase reserves relatively less than less
conscientious CEOs post SOX because before SOX, more conscientious CEOs reserve relatively
more than less conscientious CEOs. In other words, less conscientious CEOs are influenced more
by SOX than more conscientious CEOs. Thus, after SOX, insurers with less conscientious CEOs
would increase reserve more than more conscientious CEOs to abide by the requirements of SOX,
indicating the coefficients of the interaction term (CONSCxPOSTSOXxES99.5) is significantly

negative in the lower tail of reserve errors.?

% Here, we elaborate this concept with a numerical example. Consider a case where more conscientious CEOs
initially under-reserve by $7,000,000 (reserve errors); after SOX, they revise their reserve estimates but still under-
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For robustness, we also use VaR as a proxy for financial risk. The result of VaR is
qualitatively similar, as shown in Panel B.?” Overall, this evidence is consistent with one feature
of conscientiousness: following the rules and norms.

1.4.5. Conscientiousness and Compensation

In this section, we investigate whether the value of conscientiousness of CEOs is rewarded
through the compensation in the property-liability industry. Jung and Subramanian (2017) argue
that CEOs get compensation for their talent and effort. In addition, higher pay is a reward for a
CEQ’s unobservable talent, successful management, and firm performance (Barrick and Mount,
1991; Mount et al., 1998; Furnham et al., 1999; Barrick et al., 2001; Specht et al., 2011;
Albuquerque et al., 2013; Bleidorn et al., 2018). The literature also shows that compensation and
managerial style are influenced by the managers’ latent traits, such as personality (Graham et al.,
2012; Graham et al., 2013). The more narcissistic CEOs get higher compensation than the rest of
the top management team (O’Reilly et al., 2014). Since pursuing accuracy and being responsible
for reserve estimations are crucial for insurers’ financial health, we suggest that conscientious
CEOs are positively associated with compensation.

We use an OLS regression specification to examine the relationship between CEO
conscientiousness and her compensation. We use CEO total compensation, TDC1 variable in
Execucomp, as the dependent variable in our model. The distribution of the natural log of total

compensation is normal and not skewed, indicating that the OLS approach is appropriate for

reserve by $3,000,000 (reserve errors), thus increasing their reserve estimates by $4,000,000. In contrast, less
conscientious CEOs, initially under-reserves by $10,000,000 (reserve errors), after SOX, under reserve by $5,000,000
(reserve errors), reflecting an increase of $5,000,000 in their reserve estimates. Consequently, more conscientious
CEOs have a smaller increase in the reserve estimation compared to less conscientious CEOs, indicating a negative
relationship in the lower tail of reserve errors.

27 Additionally, the results using Expected shortfall and Value at risk with different confidence levels are qualitatively
similar and presented in Appendix C (Table C.5).
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depicting the relation between CEO conscientiousness and compensation. Due to data availability,
the sample with CEO compensation reduces to 224 insurer-year observations.

We include CEO and firm controls in our model specification. For CEO characteristics-
related variables, we include CEO vega and CEO delta. Guo et al. (2021) argue that “similar
compensation levels do not mean equal compensation if compensation risk differs.” Following the
literature (e.g., Bebchuk and Fried, 2005; Yim, 2013), we also include CEO age, CEO tenure, and
a dummy variable CHAIRMAN to control whether the CEQ is also the board chairman. The firm
controls are defined as follows. The natural log of net premium written (LNNPW) is a proxy for
firm size. The business of larger insurers tends to be more complicated, and larger insurers tend to
pay more. Profitability (ROA) is used to control firm performance. CEOs get higher compensation
for better firm performance. Insurers can diversify underwriting risk through reinsurance to lower
uncertainty. Thus, we control for reinsurance ratios (RERATIO). Shareholders encourage CEOs to
bear risk. If a CEO invests a greater portion in low-risk projects, the CEO gets a lower reward. We
use the tax-exempt ratio (TAXEXEMPT), which is measured by tax-exempt income divided by
total investment income, to capture low-risk investment (D’Arcy and Garven, 1990). Firm risk
affects CEO compensation (Core et al., 1999; Chang et al., 2016). We use five-year rolling data to
calculate the standard deviation of ROA (STDROA), the standard deviation of ROl (STDROI), and
the standard deviation of loss ratio (STDLOSSRATIO) to represent total risk, investment risk, and
underwriting risk, respectively (Ho et al., 2013).

Table 1.6 presents the result of the relation between CEO conscientiousness and her
compensation. The coefficient of CEO conscientiousness (CONSC) is positive and significant at
the 5% level, implying that the conscientiousness trait is compensated by insurers. The evidence

implies being responsible and following rules are rewarded by property-liability insurers.
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Furthermore, we use the 2008 financial crisis as an external shock to examine how a
financial crisis impacts the relation between CEO conscientiousness and compensation. CRISIS is
a dummy variable that equals 1 if fiscal year observations are in 2007-2009 and 0 otherwise. Table
1.7 shows the coefficient of the interaction term between CEO conscientiousness and financial
crisis (CONSCxCRISIS) is positive and significant at the 10% level, implying that more
conscientious CEOs received higher compensation during the financial crisis. This result
somewhat supports that insurers reward more managerial conscientiousness trait during the
financial crisis.

1.5. Conclusion

This paper investigates the relation between CEO conscientiousness and reserve
management in U.S. property-liability insurers. Our baseline results show that CEO
conscientiousness is negatively associated with reserve error in the upper tail of the conditional
distribution (i.e., at 75" percentile and higher), indicating insurers with more conscientious CEOs
reserve less than insurers with less conscientious CEOs at a higher level of reserve errors to lower
the cost of excess reserve rather than conservatism when reserve errors are extremely conservative.

We also find that CEOs become more conservative when their insurers have higher
financial risk. Furthermore, insurers with more conscientious CEOs reserve less than less
conscientious CEOs after SOX (compared with before SOX) when insurers face higher financial
risk, possibly because they are more responsible for financial statements. This evidence is
consistent with one feature of conscientiousness: following the rules and norms. Finally,
conscientious CEOs get higher compensation, suggesting that the conscientiousness trait is
rewarded in the property-liability industry. The overall results of this paper are consistent with the

features of conscientiousness: being responsible and following the rules.
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Panel A: Point estimate for the baseline regression specification

CONSC
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Panel B shows quantile regression results for the conscientiousness interaction with financial risk
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Figure 1.2: Point estimates for the effect of CEO conscientiousness on reserve error

Panel A demonstrates point estimates of the coefficients on CONSC from Table 1.2 for the effect of CEO
conscientiousness on reserve errors. Panel B shows point estimates of the coefficients on CONSCxES99.5 and
CONSCxVAR99.5 from Table 1.3 for the effect of CEO conscientiousness on reserve error with financial risk
mechanism. The solid dark curve represents point estimates of the coefficient for quantile regressions from the 1™
percentile to the 95™ percentile. The shaded area represents 95% pointwise confidence interval of quantile coefficients.
The solid red straight line represents the OLS estimation, with two dashed lines depicting the 95% confidence level.
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Table 1.1: Summary statistics
This table presents summary statistics of variables used in the regression model. The sample period is from 2002 to
2015. Expected shortfall (ES) and Value at risk (VAR) are computed at 99.5, 99, and 95 percent confidence levels.
All the variables are defined in Appendix B.
Panel A: Summary Statistics

Variable N MEAN SD MIN P25 P50 P75 MAX
RESERROR 244 0.009 0.109 -1.388 -0.013 0.020 0.048 0.180
CONSC 244 -0.052 0.216 -0.607 -0.214 -0.060 0.108 0.361
VEGA 244 3.455 1.939 0 2.096 3.901 4.934 6.831
DELTA 244 5.345 1.546 0 4.310 5.318 6.364 9.330
AGE 244 4.028 0.124 3.738 3.951 4.025 4.094 4.443
TENURE 244 1.682 0.833 -0.876 1.225 1.792 2.286 3.807
COMPENSATION 224 8.178 0.897 6.016 7471 8.167 8.921 10.73
CHAIRMAN 224 0.442 0.498 0 0 0 1 1
FIRST4 155 0.516 0.501 0 0 1 1 1
LNNPW 244 14.400 1.428 10.500 13.310 14.240 15.260 17.380
NPWGROWTH 244 0.072 0.192 -0.517 -0.012 0.033 0.105 1.691
TAXSHIELD 244 0.280 0.143 -0.068 0.179 0.243 0.395 0.631
LNQ 244 0.069 0.132 -0.147 -0.015 0.036 0.112 0.640
SMOOTH 244 0.042 0.038 -0.104 0.024 0.041 0.066 0.144
REAFFILIATE 244 0.061 0.157 -0.061 0 0 0.006 0.698
RENONAFFILIATE 244 0.135 0.116 0.001 0.038 0.096 0.234 0.506
RERATIO 224 0.173 0.206 0.00100 0.0390 0.089 0.256 0.915
LRGROWTH 244 0.008 0.277 -2.233 -0.066 -0.002 0.070 2.691
LONGTAIL 244 0.713 0.212 0 0.666 0.742 0.828 1
PRODHHI 244 0.361 0.255 0.123 0.170 0.296 0.449 1
GEOHHI 244 0.128 0.162 0.036 0.049 0.070 0.099 0.889
WEAK 244 0.033 0.178 0 0 0 0 1
LNDD 244 2.629 0.758 -0.554 2.324 2.778 3.139 4.163
ROA 224 0.034 0.047 -0.303 0.016 0.033 0.055 0.179
TAXEXEMPT 224 0.462 0.300 -0.596 0.271 0.455 0.686 1.372
ES99.5 244 0.057 0.040 0.021 0.034 0.043 0.065 0.304
ES99 244 0.053 0.037 0.019 0.031 0.040 0.060 0.281
ES95 244 0.041 0.028 0.015 0.024 0.031 0.046 0.219
VAR99.5 244 0.051 0.034 0.019 0.031 0.040 0.057 0.258
VAR99 244 0.046 0.030 0.018 0.028 0.036 0.052 0.233
VAR95 244 0.033 0.021 0.012 0.020 0.025 0.036 0.163
STDROA 224 0.022 0.017 0.001 0.010 0.019 0.028 0.094
STDROI 224 0.008 0.008 0.001 0.003 0.005 0.010 0.043

STDLOSSRATIO 224 0.084 0.127 0.010 0.030 0.048 0.080 0.858




Panel B: Shapiro-Wilk W Test for Normal Data

47

Variable N W \Y

Prob>z

RESERROR 244 0.453 97.101

10.633

0.000

Panel C: Skewness/Kurtosis Tests for Normality

Variable N Pr (Skewness) Pr (Kurtosis) Joint Prob>chi2
RESERROR 244 0.000 0.000 0.000
Panel D: The Distribution of Reserve Error

Quantile Value

100% Max 0.180

95% 0.098

90% 0.077

85% 0.062

80% 0.055

75% Q3 0.048

Mean 0.009

50% Median 0.020

25% Q1 -0.013

10% -0.052

0% Min -1.388
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Table 1.2: CEO conscientiousness and reserve error
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Table 1.2 CEO conscientiousness and reserve error (continued)
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Table 1.3: CEO conscientiousness and reserve error using Propensity Score Matching

This table presents the results using Propensity Score Matching (PSM) method. Panel A reports the first-stage logit
reg