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Abstract: Credit rating bias would affect the capital funding of oil and gas companies, and thus
influence the development of the whole economy. Credit rating bias has been mostly analyzed based
on different quantitative data sources, and inconsistent results have been obtained. This study first
analyzes credit rating bias from the perspective of qualitative textual risk disclosures. By comparing
the external credit rating with the internal risk perception expressed in the textual risk disclosures of
Form 10-K filings, we can study the consistency of risk assessment of the company by the company’s
management and the third-party rating agency. To be specific, four internal textual risk measures
and one external risk measure are constructed to quantify the internal risk perception and external
risk assessment on oil and gas companies. Then, Spearman’s rho is applied to measure the direction
and magnitude of credit rating bias. In the experiment, based on the 357 samples of 174 U.S. oil and
gas companies, ranging from 2009 to 2018, we find that the credit ratings mostly overestimate the
internal risks perceived by the company managers, and the bias is becoming larger with the credit
ratings downgraded from AAA to D.

Keywords: credit rating bias; textual risk factor disclosure (RFD); spearman’s rank correlation
coefficient; oil and gas companies

1. Introduction

Oil and gas are the most basic support for the economic development of a country [1-4].
Credit ratings that act as a signal of companies’ overall quality from a neutral body are an
essential part of the oil and gas sectors [5]. However, credit ratings are mostly inaccurate in
reflecting companies’ overall risk, and this gap is defined as credit rating bias in this study.
This bias would affect investors’ judgment of companies” overall quality and then improve
companies’ cost of capital [6]. Therefore, analyzing the bias in the credit ratings of oil and
gas companies is important for the development of the whole economy:.

Researchers have already realized credit rating bias in companies. More criticism on
low-quality or erroneous ratings has been raised, especially during the financial crisis [7]. A
noted credit rating bias event that occurred in the energy sector is that three credit ratings,
which were compiled by Standard and Poor’s (S&P’s), Moody’s, and Fitch Ratings, failed
to predict the collapse of the US energy corporation Enron. Each of the three leading Credit
Rating Agencies (CRAs) provided Enron with an investment-grade rating until just four
days prior to its collapse [8].

A company’s credit rating is increasingly important to its development, and companies
with higher credit ratings are more likely to achieve higher returns on investment [9]. Kim
and An [10] found that companies may have incentives for opportunistic disclosure to gain
favorable credit ratings during the initial credit rating evaluation. The extant studies have
mostly analyzed credit rating bias based on quantitative data. Hilscher and Wilson [7] and
Blochlinger and Leippold [11] found that the S&P credit ratings cannot accurately assess
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companies’ default risk compared with the measure constructed by accounting data and
stock market prices. Strobl and Xia [12] analyzed S&P credit rating bias with the ratings
compiled by another CRA and discovered that the conflict of interest caused by the issuer-
pays rating model leads to inflated credit ratings. In contrast, Hilscher and Wilson [7]
and Abad and Robles [13] found that credit ratings are strongly related to companies’
non-diversifiable risk measured by the stock price. Bonsall et al. [14] found that rating
agencies will improve their rating quality when the credit risk information from credit
default swaps threatens to expose inaccuracies in their ratings. Moon et al. [15] analyzed
unsecured bonds rating samples and found that higher disclosure quality results in less
credit rating bias among CRAs. Hasen et al. [16] found that acquirers with bigger bias
ratings experience significantly lower announcement returns on the merger and acquisition
(M&A) market. Generally, whether there is bias in credit ratings is inconsistent, and the
results are related to the data source utilized.

In addition to quantitative data, textual data that reflects more detailed information
about the process of a risk event or managers’ risk perception is used to quantify companies’
risk conditions. Specifically, textual Form 10-K filings are utilized to analyze credit rating
bias. The Form 10-K is an annual report that covers, in detail, all the financial and business
aspects of a company, required by and filed with the Securities and Exchange Commission
(SEC). Bozanic and Kraft [17] showed that credit ratings are worse for companies that
include many credit risk keywords in their Form 10-Ks. Friberg and Seiler [18] constructed
the textual risk measure by calculating the proportion of uncertainty words in Form 10-
Ks and found that it is negatively associated with S&P credit ratings. Bennett et al. [19]
measured the legal risk by counting the number of litigious words in Form 10-Ks and found
that the legal risk has negative effects on S&P credit ratings. Shu et al. [20] deconstructed
the customer-perceived risk from comment data in social media and provided a new
tool for the multi-dimensional capture of risk. However, other than the risk information,
more information included in Form 10-Ks, such as the business, history, and staff comment
section of companies, would disturb the risk measurement. Thus, these risk measures based
on the whole Form 10-K cannot accurately reflect the true risk condition of companies.

The textual risk factor disclosure (RFD) of Form 10-Ks, which solely discusses a
company’s risk factors, is disclosed by company managers to describe companies’ risk
conditions. Since 2005, the SEC extended the requirement for RFDs to all U.S.-listed
companies by requiring the inclusion of a new section, Item 1A, in their annual Form
10-K filings, to discuss “the most significant factors that make the company speculative or
risky” [21,22]. Specifically, the RFD consists of two parts, whereby the headings discuss
companies’ risk factors and the detailed description of headings explain why they face
these risk factors. Generally, these voluntarily disclosed RFDs reflect managers’ internal
risk perception of their companies, while credit ratings reflect the external risk assessment
of these companies. Chin et al. [23] already found that the credit risk discussed in the
RFD is correlated with credit ratings. Therefore, RFDs are a great source to analyze credit
rating bias.

Therefore, this study aims to analyze the credit rating bias of oil and gas companies
based on qualitative textual risk disclosures. By comparing the textual RFDs of Form 10-Ks
and CRAs’ credit ratings, we can analyze the consistency of risk assessment of the company
by the company’s management and the third-party rating agency. As far as we know, this is
the first paper to analyze the credit rating bias from the perspective of companies’ internal
risk perception contained in textual RFDs of Form 10-Ks. To achieve this, four internal
risk measures, i.e., the number of headings, the total length, and the number of specificity-
and uncertainty-related words, are constructed based on the textual RFD of Form 10-Ks to
quantify companies’ risk perception. In addition, one external risk measure is constructed
by transforming the credit ratings compiled by S&Ps into scores to quantify the CRA’s risk
assessment. Then, Spearman’s rho is applied to measure the credit rating bias, and the
normalized risk measures’ values are used to obtain the bias direction and magnitude. In
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the experiment, 357 samples of 174 U.S. oil and gas companies with both Form 10-Ks and
S&P credit ratings between 2009 and 2018 are collected for empirical analysis.

The remainder of this study is organized as follows. The next section presents the
detailed procedure of analyzing the credit rating bias based on the textural RFD. Section 3
describes the process of data collection. Section 4 discusses the main empirical results.
Section 5 concludes this study.

2. Research Design

This section designs an experimental procedure to analyze the credit rating bias in oil
and gas companies based on the textual RFD of Form 10-Ks. First, four internal textual risk
measures, i.e., the number of headings, the total length, and the number of specificity- and
uncertainty-related words, are constructed to quantify the magnitude of internal managers’
risk perception, and one external risk measure is obtained by transforming the credit ratings
into a score to quantify the magnitude of the CRA’s risk assessment. Second, Spearman’s
rank correlation coefficient is applied to measure the credit bias, and these risk measure
values are normalized to obtain the bias direction and magnitude. In the following, we will
describe the methods in detail.

2.1. Construct Risk Measures

To analyze credit rating bias based on the textual RFD, we first constructed internal
textural risk measures to capture the company’s risk perceived by the internal company
managers. RFD consists of headings and descriptions that only discuss the risk information
about the company. Thus, four internal textual risk measures were constructed based on
textual risk disclosures according to previous studies. Specifically, the first measure is the
number of headings (denoted as Headings) constructed by counting the number of headings
in the RFD. Each heading in RFD discusses one risk factor faced by the companies [24], and
more headings indicate that managers perceive more risks in the company. Thus, the total
number of headings of RFD constructed in this study could be used to reflect the whole
risk condition of the company.

The second measure is the total length (denoted as Length) obtained by counting the
total words in the RFD. Extant studies suggest that longer risk disclosures are riskier [25,26].
On the one hand, managers tend to explain why they disclose these risk factors using
more words when they perceive more risks. On the other hand, managers might seek to
obfuscate some information using longer sentences to mask the poor performance when
the company possesses more risks. Thus, a longer RFD length implies that the company
faces more risks.

The third measure is specificity (denoted as Specificity) measured by the total number
of specific words. Specificity was first constructed by Hope et al. [27] to measure the
specificity of RFDs. Their underlying idea is that disclosures using more specific language,
i.e., terms that describe organizations, locations, dates, and monetary amounts, are more
likely to reveal the extent of risks faced by companies. Wang et al. [28] also suggested that
companies with more-specific RFDs face a greater level of risk. Thus, higher specificity
indicates that managers perceive higher risks. Following Hope et al., this measure was
calculated by utilizing the Stanford Named Entity Recognition (NER) package.

The last measure is the tone of uncertainty (denoted as Uncertainty) calculated by
the total number of uncertain words in the RFD. This uncertainty words list is the main
part of the LM dictionary [29], which was created by systematically analyzing the words
used in Form 10-Ks and 10-Qs (another financial statement) to precisely measure the
sentiment of financial texts. Specifically, 297 words are related to uncertainty, such as
“risky”, “uncertainty”, “approximate”, “might”. These words are associated with company
returns, trading volume, and return volatility. Thus, RFDs with a greater number of words
associated with risk and uncertainty suggest that the company possesses a high level of
risk profiles [18,28].



Energies 2022, 15, 2390

40f12

Then, the credit ratings were transformed into a score to quantify the external risk
assessment by CRA. The credit rating levels are numerical transformations of the alphanu-
merical rating codes issued by S&Ps, i.e., AAA=1, AA+=2,AA=3,AA—=4,A+=5A=6,
A—=7,BBB+=8,BBB=9,BBB— =10,BB+ =11, BB=12,BB— =13,B+=14,B=15,B— =16,
CCC+=17,CCC=18,CCC—=19,CC=20,C =21, and D = 22, where a higher rating score
corresponds to higher risk [7,18]. In fact, S&P’s website (www.standardandpoors.com,
available at 9 March 2022.) suggests that the highest rating AAA is described as having
“extremely strong capacity to meet financial commitments”, while the lowest rating D
means “payment default on a financial commitment or breach of an imputed promise”.
In addition, the investment grade (BBB— to AAA) and speculative grade (D to BB+) are
classified to present a lower or much higher risk of default [30]. This classification is mainly
for conservative or aggressive investors to make investment decisions.

2.2. Measure the Credit Rating Bias

The correlation coefficient method is a numerical measure to describe the correlational
relationship between two variables, and the value range from —1 to +1 represents the
extent that one variable varies with the other variable. Three popular correlation coefficient
methods are mostly used by previous studies, i.e., Pearson, Kendall, and Spearman rank
correlation coefficient methods. Among them, Spearman’s rank correlation coefficient
(also called Spearman’s rho), which calculates the Pearson correlation coefficient value
of two variables’ ranks, can measure the consistency of two variables” ranks. It has been
widely used in studies involving ranking comparisons and the measurement of consistency
between two variables [31]. Thus, in this paper, we calculate Spearman’s rho between
the constructed internal risk measure and external risk measure to describe the credit
rating bias.

Specifically, in this study, we denote the credit rating score and internal risk as A;
and B; (i = 1,2,...,n) with size n. These two variables are converted into their ranks rA;
and rB; (i = 1,2,...,n), respectively. The Spearman’s rho is calculated from the Pearson
correlation coefficient (7) as follows:

cov(ra,rp)

P =Trprpg = W @
where 7 is the Pearson correlation coefficient of two ranked variables, cov(r4,7p) is the
covariance of these two rank variables, and o;, and ¢;, are the standard deviations of the
ranked variables [32].

Spearman’s rho ranges between —1 and +1. A value of +1 indicates a perfect positive
correlation, i.e., if the ranking on one variable is increased (decreased), the ranking for the
other variable is also increased (decreased). In contrast, a value of —1 indicates a perfect
negative correlation. The value of 0 means that there is no relationship between these
two variables. In addition, Spearman’s rho is statistically significant at a pre-determined
0.05 significance level suggesting that the linear relationship between two ranked variables
is significant [31].

In this study, a value of +1 means that the internal risk perception and external risk
assessment are consistent, and there is no bias in credit ratings in general. However, if there
is a bias in the credit rating of individual companies, its direction and magnitude should
be then analyzed. Due to the scale of internal and external risk measures being rather
different, the normalization method should thus be utilized to compare these two variables
on the same scale. The Min-Max normalization technique, which shifts the minimum and
maximum value into 0 and 1, respectively, is best suited for the case where the bounds
of variables are known. Specifically, for the original data scores A;, the normalized score
(denoted as A;) is obtained as follows:

~ Ai — mlTl(A)

Ai= max(A) — min(A) @
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where min(A) and max(A) represent the minimum and maximum value of the original
data, respectively. After this normalization, the minimum and maximum values were
shifted to 0 and 1, respectively. A value of 0 indicates that the original data value is the
minimum, which indicates the lowest risk. A value of 1 represents that the original data
value is the maximum one, which indicates the highest risk. The normalization diminishes
the effect of two variables’ scales. Thus, the normalized data could be directly used to
analyze the direction and magnitude of the credit rating bias.
Finally, the credit rating bias (denoted as Bias) is calculated by subtracting two nor-
malized variables as follows:
Bias = A; — B; (3)

where A; and B; represent the normalized external and internal risk measures.

The Bias provides both the direction and the magnitude. The sign reflects the direction
of the bias, Bias > 0 means the external risk A; is higher than the internal risk B;, indicating
that the credit ratings overestimate the internal risks, and vice versa, while Bias = 0
means that the company’s credit rating has no bias. The Bias absolute value represents the
magnitude of the bias, whereby the higher the absolute value, the larger the bias. Based on
the bias measure, the total bias direction and magnitude can also be obtained by averaging
the individual Bias value.

3. Sample Selection

The data collection process consisted of three steps. First, the research companies
and time range were determined. Based on Wei et al. [2], a total of 617 U.S. oil and gas
companies were selected. Due to the fact that only the most recent 10 years of S&P credit
rating data can be downloaded from the Thomson Reuters DataStream, the time range
selected was 2009 to 2018.

Then, the credit ratings and RFD data sources were collected separately. For credit
ratings, the long-term issuer credit ratings compiled by S&Ps, which is one of the three
largest CRAs, were utilized to measure the company’s risks. The S&P credit rating datasets
of the oil and gas companies were downloaded from the Thomson Reuters DataStream. For
the RFD information, we first obtained the Form 10-K from the EDGAR Database on the
SEC’s website according to the SIC code (including 1221, 1311, 1381, 1382, 1389, 2890, 2911,
3533, 4610, 4911, 4922, 4923, 4924, 4931, 4932) provided by Wei et al. [22], and then extracted
the RFD section from the Form 10-K. Two examples of headings and their description
in the RFD of Oasis Petroleum Inc, Delaware, USA. disclosed on February 21, 2014, are
shown in Table 1, and four internal textual risk measures could be constructed based on
the properties of discussing the risk conditions in RFD.

Finally, the credit ratings and RFD data sources are matched according to the closest
disclosure time. It is noteworthy that the disclosure times of S&P credit ratings and Form
10-Ks are different. For S&P credit ratings, they are infrequently updated after the client
company solicited the rating, while the Form 10-Ks are disclosed within 90 days after the
end of the company’s fiscal year required by the SEC, mostly in February or March. In
order to analyze the credit bias avoiding the effect of the disclosure time, we matched the
S&P credit ratings and RFDs of the Form 10-K with the closest disclosure time. The oil and
gas companies that disclose Form 10-Ks but are not rated by S&Ps were removed. Through
these three steps, a total of 357 samples of 157 U.S. oil and gas companies was obtained.
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Table 1. The examples of Headings and their description in RFD of Form 10-K.

No.

Examples

Heading 1

We have incurred losses in prior years and may do so again in the future.

Description

For the years ended December 31, 2013, 2012 and 2011, we had net income of $228.0 million,
$153.4 million and $79.4 million, respectively. However, prior to 2011, we incurred net losses. Our
development of and participation in an increasingly larger number of drilling locations has required
and will continue to require substantial capital expenditures, including planned capital expenditures
for 2014 of approximately $1425 million.

The uncertainty and risks described in this Annual Report on Form 10-K may impede our ability to
economically find, develop, exploit and acquire oil and natural gas reserves. As a result, we may not
be able to achieve or sustain profitability or positive cash flows provided by operating activities in
the future.

Heading 2

The loss of senior management or technical personnel could adversely affect our operations.

Description

To a large extent, we depend on the services of our senior management and technical personnel. The

loss of the services of our senior management or technical personnel, including Thomas B. Nusz, our

Chairman and Chief Executive Officer, and Taylor L. Reid, our President and Chief Operating Officer,

could have a material adverse effect on our operations. We do not maintain, nor do we plan to obtain,
any insurance against the loss of any of these individuals.

4. Empirical Results
4.1. Descriptive Statistics of Risk Measures

In order to analyze credit rating bias based on the constructed internal textual risk
measures, we first give detailed information of four internal textual risk measures for
different S&P credit rating grades. Figure 1 and Table 2 present the mean value of four
internal textual risk measures, i.e., the headings, length, specificity, and uncertainty, located
at AAA to D levels. Figure 2 presents the boxplot of the distribution of four internal textual
risk measures by credit ratings, which includes the maximum, 75th percentile, median,
25th percentile, minimum, and mean values.

Table 2. Four internal textual risk measures” mean values located at each credit rating.

External Risk Measure Four Internal Textual Risk Measures
Credit Ratings Score Headings Length Specificity Uncertainty

AAA 1 - - - -
AA+ 2 17 2229 21 67
AA 3 9 2723 46 100

AA— 4 - - - -
A+ 5 21 3810 73 148
A 6 24 4939 71 172
A— 7 26 6576 110 224
BBB+ 8 24 5705 106 177
BBB 9 28 7459 131 239
BBB— 10 33 8847 147 266
BB+ 11 39 11,768 195 346
BB 12 43 11,632 197 349
BB— 13 46 14,018 268 399
B+ 14 44 12,575 218 361
B 15 40 11,276 188 328
B— 16 41 12,064 205 349
CCC+ 17 39 11,946 202 335
CCC 18 44 13,210 223 364
CCC- 19 44 12,684 195 402
CC 20 39 10,564 157 326
D 22 45 14,222 244 397

Notes: “~" represents no value.
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As shown in Figure 1, four internal risk measures are almost similar to the credit
ratings downgraded from AA+ to D. To be specific, two stages are divided in general, and
the mean value of four internal textual risk measures increased with the credit rating ranges
from AA+ to BB— and were then located at a high level.

According to Table 2, the mean headings of each credit rating range from 9 to 46,
which decreased from 17 to 9 when the credit ratings were downgraded from AA+ to AA
and increased to the highest level of 46 at BB—, then fluctuated at a high level. For the
mean length of each credit rating, it increased from the lowest level of 2229 at AA+ to the
highest level of 14,018 at BB— with two small decreases at A— and BB+, and then increased
to 14,222 at D. The mean specificity and uncertainty ranged from 21 to 268 and 67 to 402,
with the highest points of 268 and 399 at BB—, respectively.

These results indicate that general internal managers’ risk perception and external
CRASs’ risk assessment on oil and gas companies are consistent when they all perceive
lower risks, while the managers do not perceive more risks when their credit ratings are
downgraded to lower risk levels.

Although the internal risk perception and external risk assessment are consistent
under the general mean level, the values of internal risk measures are rather different
within each credit rating grade. The box distributions of headings, length, specificity, and
uncertainty show that four internal textual risk measures all have a change interval at each
credit rating grade. Take Figure 1d, for example; the uncertainty value of credit rating A
ranges from approximately 60 and 300, and the uncertainty value of 150 might be located
at both level A and level BBB+. This result indicates that there might be credit rating bias
in oil and gas companies, and a deeper analysis of the credit rating bias is needed.

4.2. The Bias in the Credit Rating

This section utilizes Spearman’s rho to measure the credit rating bias in oil and gas
companies. Specifically, the biased results of three major classes are provided. The first
class is the total research sample; this result is given to display the general condition of
credit rating bias. The second class includes four subclasses, A, B, C, and D, ranging from
A—to AAA, B— to BBB+, CC to CCC+, and D, respectively. This class is used to analyze
bias changes when the credit rating is downgraded. The analysis of subclass D is isolated
in this section for only one credit rating level, because Spearman’s rho cannot be calculated.
The third class includes the investment (BBB— to AAA) and speculative (D to BB+) grades;
these credit rating bias results are given as an investment suggestion for investors.

Table 3 presents Spearman’s rho of the above three classes of credit ratings and four
internal textual risk measures, whereby the lower the value, the larger the bias. Generally,
the correlation coefficients of the four internal risk measures and credit rating scores have
consistent results, other than the value of headings and subclass A at 0.19, which expressed
a rising tendency wen the rating grade was upgraded from C to A. The results indicated
that for companies with good credit rating grades, the higher the consistency of internal
and external risk perception.

Table 3. Spearman’s rho of credit ratings and four internal textual risk measures in seven classes.

Credit Rating Classes
All A B C Investment Speculative
Headings 0.34 *** 0.19 0.27 *** 0.11 0.30 *** —0.01
Length 0.40 *** 0.50 ** 0.31 *** 0.02 0.37 *** 0.04
Specificity 0.35 *** 0.32 0.28 *** —0.12 0.29 *** 0.02
Uncertainty 0.36 *** 0.42 ** 0.28 *** 0.11 0.33 *** 0.01

Notes: “***” “**” indicate that two variables are linearly correlated at the 0.01, 0.05 significance level.

From the perspective of the entire oil and gas sector, the correlation values of all
companies’ credit ratings and four internal textual risk measures are 0.34, 0.40, 0.35, and
0.36 at the 0.01 significance level, which indicates that the credit ratings and internal risk
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measures have positive correlations. Meanwhile, compared with stronger correlations with
a value of 1, the correlation of credit ratings and internal risk measures is weaker, indicating
that there is bias in credit ratings. From the perspective of subclasses according to the credit
ratings, the correlation coefficient value decreased with the increase in risk level subclasses.
In addition to the correlation coefficient value of headings and subclass A, the correlation
value of four internal risk measures and subclasses A, B, and C all show a decreasing trend
from 0.27 to 0.11, from 0.50 to 0.02, from 0.32 to —0.12, and from 0.42 to 0.11, respectively,
and the results of the internal risk measure of subclass C are not significant. These results
indicate that more bias existed in the higher-risk-level credit rating classes. From the
perspective of investment and speculative grades, the correlation coefficient values all
increased from 0.30 to —0.01, from 0.37 to 0.04, from 0.29 to 0.02, and from 0.33 to 0.11,
which indicates that bias is lower in the investment grade than the speculative grade.

4.3. The Direction and Magnitude of the Credit Rating Bias

The direction and magnitude of credit rating bias are calculated according to Formula
(3) introduced in Section 2.2, and the results are shown in Figure 3. The absolute bias value
represents the magnitude of credit rating bias, whereby the bigger the absolute value, the
larger the bias. A positive value indicates that the credit rating score is larger than the
internal risk measures, indicating that the credit rating overestimates the internal risks; a
negative score indicates that the credit rating score is less than the internal risk measure,
indicating that the credit rating underestimates the internal risk measure. As shown in
Figure 3, these four Figure 3a—d are similar, which shows that the credit rating results are
mostly overestimated compared to the internal risks, and the positive magnitude increases
when the credit ratings are downgraded from AAA to D. Taking Figure 3b as an example,
during the low-risk level credit rating, the bias of uncertainty fluctuates around zero with
an absolute small value, while the positive value increased when the credit rating was
lower than BB—.

Bias changes of Headings Bias changes of Length

Bias value
Bias value

S&P Credit ratings S&P Credit ratings
(a) (b)

Bias changes of Specificity Bias Changes of Uncertainty

0.8

0.6

Bias values
Bias values
=
o

S&P Credit ratings S&P Credit ratings
(c) (d)

Figure 3. The bias of four internal risk measures under different rating grades.

Next, more detailed statistical results of the bias changes of uncertainty are shown
in Table 4, which provides the values of the mean, maximum, minimum, overestimated
proportion, overestimated mean, underestimated proportion, and underestimated mean of
the bias, while the statistics of headings, length, and specificity are shown in Appendix A.
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For all oil and gas companies, the mean bias value of 0.19 indicates that the credit ratings
overestimate companies’ risk in general, and the largest value is up to 0.8. Specifically,
81% of the credit ratings overestimate the risk, with a mean value of 0.26, while 19% of the
credit ratings underestimate the risk, with a mean value of —0.13. These results indicate
that credit ratings mostly overestimate companies’ risk, and the overestimated value is
larger than the absolute underestimated value.

Table 4. Statistical results of the bias of uncertainty.

All A B C D Investment Speculative

Mean 0.19 0.00 0.16 0.38 0.52 0.07 0.23

Min —0.51 —0.35 —0.51 —0.01 —0.21 —0.38 —0.51

Max 0.80 0.21 0.61 0.70 0.80 0.36 0.80

Over. proportion 81% 60% 79% 98% 100% 72% 85%
Over. Mean 0.26 0.10 0.23 0.39 0.52 0.15 0.30
Under. proportion 19% 40% 21% 2% 0.00 28% 15%
Under. Mean -0.13 -0.13 -0.13 —0.01 - -0.13 —-0.12

Notes: “over.” means overestimate, “under.” means underestimate.

For the three divided subclasses, the overestimated proportion and value increase with
the increase in risk level classes. Specifically, 60%, 79%, 98%, and 100% of the credit ratings
overestimate the risk, with mean values of 0.1, 0.23, 0.39, and 0.52, while the underestimated
proportion and value decrease with the increase in risk level classes. In subclass A, the
mean value is nearly equal to 0, and the overestimated and underestimated proportions are
approximately 50%, which indicates that credit rating bias is not obvious in the lowest risk
level of A. Meanwhile, in subclass D, the mean value is up to 0.52, and the overestimated
proportion is up to 100%, indicating all credit ratings overestimate companies’ risk and that
the bias is very significant, with the magnitude of the bias being large at 0.52.

For the classes of investment and speculative grades, credit rating bias in the specula-
tive grade is larger than the investment grade. Typically, the mean bias values are 0.07 and
0.23, and the overestimated proportions are 72% and 85% with mean values of 0.15 and
0.30, respectively. In contrast, the underestimated proportions are 29% and 15% with mean
values of —0.13 and —0.12.

To summarize, we found that the company’s internal risk perception and the external
credit rating grades are not consistent. Generally, there are differences between them, with
a lower value of Spearman’s rho. Furthermore, the credit ratings mostly overestimate the
internal risks perceived by company managers. For companies with poor credit ratings, the
overestimation of risk becomes particularly prominent. Credit rating bias increases when
the credit ratings are downgraded from AAA to D. The reason may be that, for companies
with poor credit ratings, their operation faces severe risks. However, the managers of these
companies may have the motivation to underestimate the risks and do not disclose the real
risks. Thus, the difference between the internal risk perception and external credit rating
becomes larger for companies with poor credit ratings.

5. Conclusions

This study aims to analyze the bias in credit ratings of oil and gas companies by
comparing the company’s internal risk perception contained in the textural RFD of Form
10-K and the external CRA. To our best knowledge, this is the first paper to analyze credit
rating bias from the perspective of companies’ internal risk perception contained in the
textual RFD of Form 10-K. Specifically, four internal textual risk measures, namely the
headings, length, specificity, and uncertainty, are constructed to measure internal managers’
risk perception. The external risk measure is obtained by transforming the credit ratings
into a score to quantify the external CRA’s risk assessment. In the experiment, based on
357 samples of 174 U.S. oil and gas companies between 2009 and 2018, we found that the
internal risk perceptions and external risk assessments are consistent under the general
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mean level. However, the credit ratings mostly overestimated the risk perceived by internal
managers, and the bias increases when the credit ratings are downgraded from AAA to
D. Energy companies face many different kinds of risks (such as the oil price, interest rate,
leverage, competition, and so on) in the process of operation. In future research, we will
further study the differences in the cognition of which types of risks lead to the deviation
in the final credit rating, which is useful to oil and gas companies to manage the company’s
risk better.
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Appendix A

Table A1l. Statistical results of bias of length, headings, and specificity.

Risk

All A B C D Investment Speculative
Measures
Mean 0.19 0.01 0.16 0.39 0.54 0.08 0.23
Min —0.44 —0.39 —0.44 —0.04 0.14 —0.43 —0.44
Max 0.83 0.21 0.61 0.73 0.83 0.39 0.83
Headings Over. percent 79% 60% 77% 98% 100% 72% 82%
Over. Mean 0.28 0.10 0.25 0.40 0.54 0.16 0.32
Under. percent 21% 40% 23% 2% 0% 28% 18%
Under. mean —-0.15 —0.13 —0.16 —0.04 - —0.15 —0.16
Mean 0.25 0.07 0.22 0.44 0.57 0.13 0.29
Min —0.55 —0.25 —0.55 0.08 0.32 —0.35 —0.55
Max 0.84 0.22 0.63 0.77 0.84 0.39 0.84
Length Over. percent 88% 76% 86% 100% 100% 80% 91%
Over. Mean 0.30 0.11 0.27 0.44 0.57 0.18 0.34
Under. percent 12% 24% 14% 0% 0% 20% 9%
Under. mean —0.11 —0.07 —0.12 - - —0.09 —0.13
Mean 0.29 0.07 0.26 0.51 0.64 0.14 0.35
Min —0.53 —0.29 —0.53 0.14 0.46 —0.30 —0.53
Max 0.85 0.22 0.66 0.85 0.84 0.37 0.85
Specificity Over. percent 91% 80% 90% 100% 100% 84% 94%
Over. Mean 0.33 0.11 0.30 0.51 0.64 0.19 0.38
Under. percent 9% 20% 10% 0% 0% 16% 6%
Under. Mean —0.12 —0.07 —0.13 - - —0.10 —0.15
Notes: “over.” means overestimate, “under.” means underestimate.
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