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Abstract

We investigate whether the bank examination process provides useful insight into bank fu-
ture outcomes. We do this by conducting textual analysis on about 5,500 small to medium-sized
commercial bank examination reports from 2004 to 2016. These confidential examination re-
ports provide textual context to the components of supervisory ratings: capital adequacy, asset
quality, management, earnings, and liquidity. Each component is given a categorical rating,
and each bank is assigned an overall composite rating, which are used to determine the safety
and soundness of banks. We find that, controlling for a variety of factors, including the ratings
themselves, the sentiment supervisors express in describing most of the components predict rel-
evant future bank outcomes. The sentiment conveyed in the asset quality, management, and
earnings sections provides significant information in predicting future outcomes for problem
loans, supervisory actions, and profitability, respectively, for all banks. Sentiment conveyed in
the capital adequacy section appears to be predictive of future capital ratios for weak banks.
These relationships suggest that bank supervisors play a meaningful role in the surveillance of
the banking system.
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1 Introduction

This paper investigates the effectiveness of supervision in maintaining the safety and soundness
of the banking system in the United States. Supervisors play a vital role in the surveillance of banks
by actively engaging in bank examinations and off-site monitoring. Many studies on the effectiveness
of bank supervision have relied on the categorical CAMELS ratings of banks’ safety and soundness.
We take a close look at additional information—the examination reports based on on-site exams
of small and medium-sized banks—to gauge the usefulness of more detailed information in this
surveillance process. In particular, we study how sentiment in these reports conveys important

information on future bank outcomes.

Banks are important intermediaries in the U.S. financial system. While offering a plethora of
financial services, their main function is to receive and manage deposits in order to originate loans
and invest in securities. Partly due to the maturity mismatch between assets (which are more
long-term) and liabilities (which are more short-term), banks are susceptible to runs. Bank runs,
in turn, could render the entire financial system unstable. Deposit insurance helps to prevent some
of these unwarranted runs, but creates limited liability for its stakeholders which may motivate
excess risk-taking. Risk taking also has financial stability implications, if occurring on a large
scale. Therefore, banks are also subject to various forms of capital requirements that ensure banks’

ability to absorb nontrivial shocks to their earnings and balance sheets.

In this context, bank supervision, along with regulation, plays a key role in maintaining the
banking system’s safety and soundness by establishing a good understanding of banks’ capital
adequacy, asset quality, management effectiveness, earnings prospects, liquidity positions, and sen-
sitivity to market risk. Supervisors convey their assessments on these measures through CAMELS
ratings. These ratings summarize both public data and private supervisory information gathered
during on-site bank exams and have been found to contain information useful to the supervi-
sory monitoring of commercial banks (Berger and Davies (1998) and Berger, Davies and Flannery
(2000)).

However, past studies have relied on these categorical ratings (of integers from 1 to 5) in showing
the effectiveness of supervision and not from the actual content of the bank exams. These reports
contain the insights and understanding gained from the bank examination process. To achieve
a more thorough and complete understanding of the usefulness of the examination process, it is
important to look at whether the reports also convey extra value-added information beyond what

is conveyed in the discrete ratings.

In this paper, we look at about 5,500 bank examination reports from 2004 to 2016 and calculate

sentiment scores based on the text in these documents. We look at language associated with five



of the components of the CAMELS; capital adequacy, asset quality, management, earnings, and
liquidity, and calculate the sentiment associated with each section in the reports.! We use this
information to see if it has any additional predictive power for determining various bank outcomes
related to each component. We also test the informational content of sentiment given a particular
setting. For example, we compare results by weak CAMELS score or strong score, by splitting
the sample into the financial crisis period (up to 2011) or post-crisis, and by testing at different

horizons.

We find that the sentiment conveyed in different components of the CAMELS ratings have
varying impacts in different circumstances. In particular, we find that controlling for a variety of
factors, the sentiment supervisors express in describing many of the components predict relevant
future bank outcomes. More specifically, the sentiment conveyed in the asset quality, management,
and earnings sections provides significant information in predicting future outcomes for problem
loans, supervisory actions, and profitability, respectively. This predictive relationship in turn is
driven by banks with better ratings when it comes to management, and banks with worse ratings
when it comes to asset quality and earnings. Moreover, we find that the sentiment conveyed in
the capital adequacy section of the exams are predictive of future capital ratios for weak banks.
These relationships suggest that bank supervisors play a meaningful role in the surveillance of the

banking system, focusing on different aspects of safety and soundness in different circumstances.

The rest of the paper is as follows. Section 2 provides a literature review, and section 3 provides
a more detailed description of the bank examination process. Section 4 briefly describes the data,
and section 5 investigates which sentiment score to use for our analysis. Then we provide our main

econometric specification and results, followed by a conclusion.

2 Literature

Our paper mainly contributes to two strands of literature. The first strand is related to the
information created though the bank examination process, mainly through the determination of
supervisory ratings and related enforcement actions. Measuring the effectiveness of these activities
have generally relied on ratings and enforcement actions. Our paper also contributes to the more
recent and growing literature on extracting sentiment information from financial text and finding

out how such sentiment matters for predicting macroeconomic or financial outcomes.

Supervisory safety and soundness bank ratings and related supervisory actions have been shown

!Sensitivity to market risk was added to the framework in 1995. The text associated with this score is not widely
available in the sample of banks we have, so we skip the analysis on this particular category. Smaller banks tend to
have a limited trading book, so market risk would be of less relevance to these banks.



to have useful private information. For example, most recently Gaul and Jones (2021) find that
CAMELS ratings (and the Management component rating) have significant predictive power for
future bank performance and risk measures relevant to bank regulators and supervisors. DeYoung
et al. (2001) show that on-site commercial bank examinations produce value-relevant information
about the future safety and soundness of banks reflected in bond prices of parent holding companies.
Berger, Davies and Flannery (2000) note that supervisory assessments immediately following a
bank examination generally contribute substantially to forecasting future problem loans and bank
earnings, often exceeding the contribution of market assessments. In addition, Berger and Davies
(1998) show that CAMELS rating downgrades have a significant relationship with abnormal returns.
Similarly, Jordan, Peek and Rosengren (2000) show that the announcement of formal supervisory
actions have stock market reactions; only banks in the same region as the announcing bank, with
similar exposures, are found to be affected. Finally, at a more aggregate level, going beyond just
looking at publicly listed large commercial banks or bank holding companies, Peek, Rosengren
and Tootell (1999) show that the percentage of commercial bank assets associated with the worst
CAMELS ratings helps provide more accurate forecasts of macroeconomic variables such as the
unemployment rate and inflation than can be predicted by Federal Reserve Board staff. Indeed,
supervisory ratings are also used to determine FDIC deposit insurance premiums and examination
frequency, given their high informational content. Our paper tries to add to this literature by
providing more granular evidence of private information creation during the bank examination
process. This involves extracting additional information from the bank examination reports through

sentiment scoring.

Most research on bank supervision has focused on bank ratings and supervisory actions. A
recent exception is Hirtle, Kovner and Plosser (2020) which uses data on supervisory hours. The
authors find that banks which receive more supervisory attention hold less risky loan portfolios
and are less sensitive to industry downturns. Yet, these same banks do not have lower growth or
profitability. These results suggest that supervisors help mitigate risk in the financial system while

not undermining competitiveness.

Up to now, sentiment analysis in the economics and finance literature has generally been used
on mainly three different types of publicly available text: economic news, central bank communi-
cations, and corporate financial filings or earnings calls. Recent papers have analyzed new ways to
combine commonly used lexicons with machine learning techniques to construct sentiment scores
that accurately extract signal from economic news text to predict future changes in macroeconomic
and financial cycle indicators. (See Nyman, Kapadia and Tuckett (2021), Shapiro, Sudhof and
Wilson (2020), and Kalamara et al. (2020).) In addition, other research combines these same tech-
niques and utilizes them to determine how central bank communications (in the form of internal

and external reports, FOMC meetings, and/or internal communications) accurately predict finan-



cial crises and future policy decisions or drive changes in certain macroeconomic indicators, such
as inflation. (See Correa et al. (2021), Shapiro and Wilson (2019), and Hubert and Labondance
(2017).) Most relevant to our work are the papers that look at earnings call transcripts and cor-
porate financial filings. For example, several papers such as Jiang et al. (2019) and Price et al.
(2012) show that the tone of the earnings calls lead to significant changes in stock market prices.
More relevant to the banking industry, a few papers build off of Loughran and McDonald (2011)
by using their finance lexicon to look at how sentiment expressed by corporate managers in official
filings can predict future financial distress at banks. (See Gandhi, Loughran and McDonald (2019),
Nopp and Hanbury (2015), and Gupta et al. (2022).)

Our analysis seeks to expand the literature on sentiment analysis by looking at the relationship
between the sentiment expressed in bank supervision examination reports used in supervisory
assessments and a bank’s CAMELS ratings, as well as a host of other quantitative factors that
are traditionally indicative of a bank’s financial soundness. While Goldsmith-Pinkham, Hirtle and
Lucca (2016) use computational linguistic methods to categorize Matters Requiring Attention—
one text product of bank supervision reports—into a number of topics, our study differs in that
we calculate a sentiment score covering all of the text, and we do so for the full-scope report that

accompanies the CAMELS scoring.

3 Bank Examination Process

Every commercial bank undergoes a comprehensive bank exam about once a year. This process
is led by one bank regulator, and sometimes in partnership with another regulator. In the case
of State-Member Banks (SMB), examinations are performed alternating leadership between the
Federal Reserve Bank responsible for the SMB and the state-level financial regulator. The goal of
these “full scope” exams is to assess the safety and soundness of a commercial bank by reviewing
any problems that were identified last round, scoring the bank on six categories of safety and
soundness, and generating an overall composite score. This scoring system is called CAMELS and

is an acronym of the subscores:

Capital Adequacy: Representing the ability of the bank to absorb losses

Asset Quality: Representing the known and likelihood of losses the bank might face

e Management: Representing the quality of the management team, compliance function, audit

function, and business strategy

Earnings: Representing the ability of the bank to provide returns on their activities



e Liquidity: Representing the ability of the bank to absorb short term funding difficulties

e Sensitivity to Market Risk: Representing the bank’s exposure to markets such as interest rate

changes and marketable securities

Each subscore and the overall composite is rated from 1 (strongest) to 5 (weakest). And
depending on the composite rating, the period between comprehensive exams will change. Banks
with ratings of 3, 4, or 5 are considered “weak” banks or banks with weak ratings and banks with
ratings of 1 or 2 are considered “strong” banks or banks with strong ratings. Weak banks are
examined every 6 months, and strong banks may have their examinations up to once every 18

months.2

To finish the exam, the examination team writes a Report of Examination, which is vetted
through the leadership of the regulator, and the team presents their findings to the executive team
of the bank. Because of this vetting and presentation, the language of the examination is important.
The examiner must be able to justify their rating both with financial ratios and other information,

as explored in Bassett, Lee and Spiller (2015), and in the text of the examination.

The CAMELS ratings themselves are private supervisory information and weaker ratings mean
that banks are subject to, not only more frequent examinations, but also restrictions on certain
activities such as mergers and acquisitions, dividend payouts, and new activities. However, these
ratings have discrete integer values that range from 1 to 5. Because the text in examination reports
are used to justify these ratings, they should be highly correlated to begin with. Any additional
informational content in these examination reports that help predict future bank outcomes would
signify that supervisors produce more granular insights into the safety and soundness of banks than
can be gauged by the CAMELS ratings themselves.

To provide an overview of the sample data, figure 1 shows the number of exams for each quarter
in the sample for which we have examination reports. We restrict banks to those with less than
$10 billion in assets for our analysis. Since the late 2000s, we have bank examination data from
about 100 to 150 bank examination per quarter, which makes up from 75 to 80 percent of all
possible exams. Earlier in our sample, this number is about 50 to 100 per quarter due to data
limitations, which composes far less (about 20 to 50 percent of possible exams). Figure 2 shows

the distributions for the component and composite scores. Most banks are rated strong at a given

2Prior to The Federal Deposit Insurance Corporation Improvement Act of 1991 (FDICIA) effective in December
1992, the three federal regulators and many state banking departments examined banks on frequencies that varied
by banks condition or past ratings. FDICIA established a uniform criteria based on size and risk profile, which has,
since then, changed over time. The threshold for the risk profile last changed as part of The Riegle Community
Development and Regulatory Improvement Act of 1994, and the threshold for size last changed in 2007 as part of
the Interim Rules to Implement the Examination Amendments of 2006, which require annual examinations of banks
with assets greater than $500 million. See Rezende (2014) for more details.



point in time, but over the financial crisis many banks received weak ratings for their component

scores and their composite scores, particularly for earnings and asset quality.

4 Extracting Sentiment from Bank Exams

4.1 Sentiment Score Design

This section evaluates three lexicons and three methods to characterize the sentiment of the text
within the bank exam reports. A lexicon refers to a pre-defined list of words assigned to positive or
negative values, classifying each word with positive or negative sentiment, respectively. The three

methods use different techniques to weight those positive and negative values.

Proper selection of the lexicon is important. As Loughran and McDonald (2011) highlight in
their construction of a new finance-based lexicon, words often have different meanings in different
domains. For example, as insinuated in the title of their seminal piece on the issue, while “liability”
is generally considered a negative word in English vernacular, in finance or economics, the word
is neutral. As a result, we explore three different lexicons to construct scores for the sentiment
expressed by bank examiners and compare our results across lexicons. The Loughran and McDonald
(LM) lexicon was created specifically for finance and economics-related text. The Financial Stability
(FS) lexicon (Correa, Garud, Londono and Mislang, 2021) was created to analyze the sentiment of
central bank financial stability reports. Finally, Hu and Liu’s (Hu and Liu, 2004, QDAP) opinion
lexicon was constructed with broader sentiment analysis in mind and are not tailored to specific

text in finance/economics.?

We apply these dictionaries using three methods. The first sentiment score approach is often-
times called referred to as the bag-of-words approach, as it neglects the role that grammar, syntax,
and other context-specific traits play in the overall sentiment of text and merely bases the analysis

on individual words. The score is based on the following index calculation:

#PositiveW ords — #NegativeW ords

sentiment index; ; = ,
ut #NegativeW ords + # PositiveW ords

where i represents either the report as a whole or the subsections of the report that correspond to
the different components of the CAMELS rating.

However, merely utilizing a raw word count is likely insufficient; a particular word’s frequency

is directly related to the length of the document, not its importance. Moreover, a word that occurs

30ther lexicons include the Harvard-IV-4 psychosocial dictionary that is also broad-based, and Elaine Henry’s
(Henry, 2008, HE) lexicon was created to develop sentiment measures for earnings press releases.



infrequently likely carries more weight to the average reader than a word that is commonplace in
the document, and the raw word count does not account for this. To address this, we apply a
sentiment score method that adjusts the sentiment scores for term frequency and inverse document
frequency, a weighting mechanism commonly referred to as tf-idf. Terms that are used frequently

are down-weighted using these formulas

number of term

term frequency: t =
4 yi tfed total words

. . N
inverse term frequency: idf; p = log(m>,

tfidftap = tfiax*idfsp,

where N is the number of documents in the corpus and |d € D : t € d| is the number of documents
where the term ¢ appears (i.e., tf(t,d) # 0).

Finally, in order to overcome the bag-of-words method’s failure to incorporate context into
its calculations, we consider a third method that also takes valence shifters into account. Va-
lence shifters are words that either change the polarity of the word (i.e., negators like “not” and
“never”) or amplify the word (i.e., words like “slightly” or “extremely”). We use an R pack-
age called -sentimentR-, which is designed to consider four words before and two words after a
dictionary-weighted word to search for valence shifters and to weight words differently based on

their association with various amplifiers.

4.2 Evaluating Sentiment Scores

Because there are numerous ways to capture sentiment, the first step is to select a few methods
that seem best suited to capture the information content of a bank exam. We focus on testing three

of the dictionaries including two that are most tied to financial information: FS, LM, and QDAP.

To assess the performance of the sentiment scores, we compare how well sentiment measures
explain CAMELS scores. In particular, we regress CAMELS scores on sentiment. We do this
for the composite score and sentiment scores built using all of the text, and also for scores of
CAMELS components and sentiment scores based on only that section of the exam text. The

exact specification is
CAMELS score; = o« + Sentiment scoreg ,,; + €s,

where s is the section of the exam, m is the sentiment score method, and [ is the sentiment score

lexicon, with constant term «, coefficient 3, and an error term e.



Table 1 summarizes the results by reporting the R-squared and adjusted R-squared for each
specification. The three methods are listed in the first column: polar, weighted polar (tf-idf), and
valence. The second column is the bank exam section of text used, and the three lexicons are listed
across the top: FS, LM, and QDAP. The best performer based on R-squared or adjusted R-squared

is listed in the last two columns.

Note that, except for the liquidity portion of the exams, the variation in CAMELS ratings can
be relatively well explained by any of the sentiment measures calculated by the different methods
used. The R-squareds for using the sentiment measures from the LM dictionary, in particular,
explain about 10 to 35 percent of the variation in the CAMELS ratings. Indeed, the LM lexicon is
the best performer overall. In addition, comparing the level of the R-squared or R-squared score,
the regular polar generally performs better than the weighted polar (tf-idf). The valence method
generally performs better than the regular polar. We retain the two best methodologies to use for
the main analysis in next section: LM regular polar and LM valence, in part because this implies
that these measures are best reflective of sentiment embedded in these examination reports, but
also because we want to be conservative in trying to find extra informational content (beyond the

CAMELS ratings themselves) of sentiment in explaining future bank outcomes in sections 7 and 8.

Indeed, a simple chatterplot example in figure 3 illustrates that the LM dictionary has nice
differentiating properties when it comes to the language used in bank exam reports. Positive words
(blue) in the LM dictionary are used more often in the Earnings section of bank exam reports
associated with stronger ratings (score of 1 or 2), while negative words (red) in the LM dictionary
are more frequently used in bank exam reports with weaker ratings (score of 3, 4, or 5). For other
sections or for the entire bank examination document, such differentiation is evident as well (see

Appendix).

To provide a better idea of how the LM polar and LM valence-based sentiment scores are asso-
ciated with CAMELS ratings, figure 4 shows that in general these two methods have differentiating
properties when it comes to stronger vs. weaker banks as can be seen by the distinct humps in the
kernel densities of sentiment scores that vary with how strong or weak the composite CAMELS
scores are. We show that a more granular distinction of stronger vs. weaker banks also relate to
helping predict bank outcomes in the next section. Note that the polar sentiment score ranges from
negative one to positive one, but usually reside in negative territory, meaning that there are more
negative words than positive words used in the bank examination reports. The weighting in the

valence method makes the range of that score a bit narrower.



5 Data

Our examination data primarily consist of state member banks (SMBs) because SMBs are
directly regulated by the Federal Reserve. To make the sample more internally comparable, we
drop the largest banks, specifically commercial banks that are a part of a bank holding company
that is required to be stress tested frequently. Practically speaking, we eliminated any banks with
more than $10 billion in assets. These larger banks are subject to a much more rigorous set of

regulations and more oversight.

In addition to the text of the bank exams, we also have information on financial performance and
supervisory activity. More specifically, we have counts of how many times regulators cited matters
requiring attention (MRA) or matters requiring immediate attention (MRIA) in a bank exam. The
remaining bank performance data come from Consolidated Reports of Condition and Income, also
referred to as the Call Reports, which are quarterly financial statements that commercial banks are
required to report (FFTEC 031 and 041).

Within the bank exam report, the data of the financial statements used is indicated. We use
that date for merging the exam and Call Report data. We test financial ratios that map to the
CAMELS categories. For example, we look the Tier 1 ratio and the common equity Tier 1 (CET1)
ratio for capital adequacy outcomes; loan loss provisions to loans, net charge-offs to assets, and
delinquent loans to loans for asset quality outcomes; return on assets (ROA) and pre-provision net
revenue (PPNR) to assets for earnings outcomes, and securities or cash and securities to assets
for liquidity outcomes. For ratios with flow variables in the numerator, we use the flow data over
the past four quarters. The denominator is averaged over the past four quarters in order to get
a weighted ratio. We use MRAs and MRIAs for composite and management outcomes. The final
sample used for testing has about 5,500 observations between 2004:Q1 and 2016:QQ2, which accounts
for about 60 percent of all possible examinations. After 2008, we have data that accounts for about

75 to 80 percent of all possible examinations.

Table 2 summarizes the data. The top panel reports the sentiment scores that are discussed in
the previous section. Recall that the sentiment score construction creates a value ranging between
—1 and 1. In order to simplify interpretation of regression results, we normalize the scores to range
between 0 and 1. This has no bearing on our results from our main econometric specification, but

is important for interpretation when we interact the sentiment scores with other variables.

The bottom panel reports the control variables, some of which also serve as outcome variables.
To control for outliers, all the various financial ratios are winsorized at 1 and 99 percent. However,
to maintain confidentiality, we show the 5th and 95th percentiles of all the variables in our sample

in table 2. Bank assets range between about $32 million and $3 billion when it comes to the 5th



and 95th percentiles.

6 Econometric Specification

This section will explain the testing design. The goal is to pull out the information embedded in
the textual content of bank exams. In particular, model specification relate the soft information in
exams to future bank outcomes above and beyond the CAMELS ratings the text justifies. Section
4.2 evaluated how well the various sentiment methods captured the CAMELS ratings. Now that
the two sentiment score methods have been established that picks up sentiment in bank exam text
most closely correlated with supervisory ratings, we will test to see what additional information,
beyond the CAMELS score, is contained in the text.

For each CAMELS score category, we identify performance measures related to that category:
capital, asset quality, management, earnings, liquidity, and the composite score. We then test to see
if sentiment from an exam is related to a performance measure one year later after controlling for
other observables, including the ratings themselves. Any statistically significant results that link
sentiment to bank outcomes will be that much more profound, as we use the sentiment methods
that are the most highly correlated with the CAMELS scores.

The first set of regressions uses the full sample between 2004:Q1 and 2016:Q2. Additional tests

will subset the data in various ways. The baseline specifications follow this structure:

outcome;; = poutcome;; 1 + I} sentimentiyqt_l + log(assetsi’t_l)

+35—1 ¥n CAMELS dummy; ., , 1 + ¢ + €z,

for bank 4, in period ¢, for bank exam component ¢, and where ¢; is a time fixed effect. Table
2 lists the outcome variables for each of the exam sections. For data that comes from the Call
Report (all variables except MRA/MRIA), the regression is testing outcomes one year after the
exam. Because MRAs/MRIAs get completely refreshed at a “full scope” exam, these regressions

are run using adjacent exams. Exams are generally 6 to 18 months apart.

The lagged value of the outcome variable (value at the time of the exam with the sentiment
score) is included because many of these performance metrics are persistent, and again, in order
to assess the information content of the exam text, we are trying to strip out simple observable
information. This dynamic specification prevents us from using bank fixed effects that would bias
coefficient estimates, but our results are qualitatively and quantitatively simillar if we included

bank fixed effects (not shown).* The coefficient of interest is 3, the loading on the sentiment score.

4The main difference is that in the bank fixed effects specification, the sentiment in the capital adequacy sections

10



Notice that the sentiment score is subscripted by c, the exam component. The sentiment score
can be based on all of the text in the case of testing with the composite CAMELS score, or the
sentiment score could be based on text from one component such as asset quality that is then tested
with the asset quality CAMELS score. By including the set of relevant CAMELS score dummies,
we are controlling for the general performance of the bank. The specification design is testing

whether the information content of the exam text is associated with future bank outcomes.

7 Main Results

This section provides a description of the results of our baseline regressions by different cate-

gorical ratings, including the composite.

Composite
Table 3 shows the results of the regressions using a sentiment score based on all of the exam text.
One outcome variable is based on the number of matters requiring attention (MRA) and matters
requiring immediate attention (MRIA). The second outcome variable takes a value of one if there are
any MRAs/MRIAs and a value of zero otherwise. More of these “matters” are a sign that the bank is
not operating properly and has supervisory concerns requiring attention. The coefficient on the lag
sentiment score is negative as expected and is highly significant across all specifications. Higher or
more positive sentiment in the exam text is associated with a lower number of MRA /MRIAs at the
next comprehensive exam. To put the magnitude of the coefficient in perspective, a one-standard
deviation change in either the polar or valence LM sentiment (0.13 and 0.06, respectively) leads to
about a decrease of 1 MRA or MRIA or a decrease in the likelihood of an MRA or MRIA by about
10 percentage points. Given that there are about three MRA /MRIAs per exam on average, these
are significant results. In fact, in terms of standard deviations, this is equivalent to a decrease about
20 percent of a standard deviation in the sum of MRA/MRIAs or the likelihood of MRA /MRIAs
being issued. Lagged MRAs or MRIAs and CAMELS composite ratings are also highly relevant to
the future number and likelihood of MRAs or MRIAs. The CAMELS dummy coefficients generally
increase monotonically as the CAMELS ratings become worse. The lowest quality score (a five) is
associated with more MRA /MRIAs, but the coefficient is sometimes slightly below the coefficient

on the four dummy.

Capital Adequacy
Table 4 shows the results of using the text in the capital adequacy section. The coefficient of
interest, the lagged sentiment score, is positive but not statistically significant across all specifica-

tions. These relatively small effects compared to the standard deviation of capital ratios themselves

of the exam has a statistically significant effect in predicting future capital ratios. Without bank fixed effects, this
result only holds for the weak banks in the sample, which we show later.

11



(both over 10 percentage points) are consistent with a bank’s capital adequacy status being well-
informed simply by using regulatory ratios. This is also indicative from the high R-squareds of
about 0.8. Interestingly, only when the CAMELS capital-specific rating is a five, does the rating
have a statistically significant and a significant quantitative effect on future capital ratios. We
investigate whether for the weakest banks, sentiment conveyed in the capital adequacy section of

bank examination reports matters in section 8.

Asset Quality
Table 5 shows the results of testing measures of asset quality. Three ratios are tested: loan loss
provisions, four quarters of net charge-offs (NCOs), and delinquencies. All measures are defined
relative to all loans. Note that in all cases a higher ratio is associated with worse asset quality.
The coefficient of interest on lag sentiment is negative and statistically significant across all speci-
fications, indicating that better sentiment is associated with improved asset quality one year later.
A one-standard deviation improvement in either the polar or valence LM sentiment in the asset
quality section of bank exams (0.16 and 0.08, respectively) leads to about 4 to 5 basis point decrease
in loan loss provision rates, about 1 to 2 basis point decrease in net charge-off rates, and more than
about 13 to 18 basis point decrease in delinquency rates one year afterwards. All of these effects are
equivalent to about 5 to 10 percent of the outcome standard deviation. In addition, unlike in the
capital results, all coefficients on the CAMELS asset quality-specific ratings are highly significant

and increase monotonically as the CAMELS ratings become worse.

Management
The regressions using the management text utilize the same outcome variables as the composite
score and are reported in table 6. The coefficient of interest is negative as expected and is significant
across all specifications. Positive sentiment on the text in the management section is associated
with lower MRAs and MRIAs at the next comprehensive exam. Note that the magnitudes of the
coefficients are much lower than in the composite regressions. This decreased explanatory power
is consistent with MRAs/MRIAs not all necessarily being associated with management specific
issues. For example, particular MRAs and MRIAs may relate to asset quality issues. The results,
however, are still highly statistically and economically significant. As more issues are identified, it
is more likely that management is an issue. Indeed, the CAMELS management-specific ratings are
also highly significant and load monotonically in magnitude, as in the case of the composite ratings

regressions (table 3).

Earnings
Table 7 shows the results of regressing measures of profitability on sentiment scores. The left hand
side variables are return on assets (ROA) and pre-provision net revenue (PPNR) divided by assets.
Higher values for both of these ratios are associated with higher earnings and profitability. The

coefficient of interest on lag sentiment is positive and statistically significant across all specifications,

12



indicating that higher sentiment is associated with improved profitability one year later. A one-
standard deviation improvement in either the polar or valence LM sentiment existing in the Earnings
section of bank exams (0.24 and 0.10, respectively) leads to about 6 to 8 basis point increase in
ROA and PPNR rates. These results are both statistically and economically significant results.
In fact, these effects are relatively substantial compared to the standard deviations of ROA and

PPNR rates, which are 39 and 53 basis points, respectively.

Liquidity
Table 8 shows the results of regressing liquidity measures on sentiment scores. The first measure is
securities as a share of assets. The second measure is cash and securities as a share of assets. The
coefficient of interest changes signs and is not statistically different from zero. While these outcome
measures are clearly related to liquidity, a measure of a bank’s liquidity needs is not included. This
latter characteristic is harder to determine from a bank’s financial statements. Supervisors look
at both liquidity levels and needs when assessing this CAMELS score. Since the financial crisis,
internal liquidity stress tests are also reviewed. These data is not available in the Call Reports,
however.® In addition, the word counts for this section are generally low, making it hard for the
sentiment score to capture additional information. Also, note that the econometric models are
able to explain the variation in the dependent variables. When it comes to projecting securities to
assets or cash and securities to assets, year fixed effects, the CAMELS dummies, and the lag in these
variables account for the vast majority of the variation. R-squareds for all specifications are greater
than 0.86. Also, as seen in section 4 (table 1), we know that our method of calculating sentiment
is not as highly correlated with the liquidity CAMELS component. Therefore, measurement error

may be driving the insignificant results.

8 Results Using Subsamples and Interactions

In this section, we provide more results based on subsamples of the bank exam data and based
on interactions of sentiment with other variables. In particular, we are interested in whether there
are certain circumstances in which sentiment in the bank examination process is more helpful in
providing insights to bank future outcomes. Additional regressions comparing banks by size are

reported in the appendix section 10.2.

SWe also tested liquidity measures that include types of funding (large time deposits/total liabilities, large time
deposits/total assets, (cash + securities - large time)/total assets). These results are also not statistically significant
and are not reported for conciseness.

13



8.1 Strong Score Versus Weak Score

The next set of regressions relate bank outcomes to sentiment but separately test whether banks
that had a strong or weak rating in the prior exam for that section of the exam matters in predicting
bank outcomes. Recall from figure 2 that most banks have a strong score (1 or 2). When a bank
has a lower quality score (3, 4, or 5), especially for the composite score, the bank is subject to more
restrictions. As a result, banks have strong incentives to improve bank outcomes (and their scores)
while examiners are likely focused on making sure they help prevent any further deterioration in
the safety and soundness of banks. For MRAs and MRIAs, sufficient leeway may be important,
especially for strong banks, such that banks are not surprised by any information revealed during
the examination process. For most other metrics, the bank examination process may focus on the
weak banks; signalling supervisory views may be especially important in returning banks to better

safety and soundness conditions.

The sentiment score regression is run separately depending on the CAMELS score. The speci-

fications are as follows

outcome;; = p, outcome;_1 + [ sentiment. ;1 + vs log(assets;—1)
+34_, ¢, CAMELS dummy; ., ;1 + ¢t + €1, if £ — 1 component rating € [1,2] and
outcome;; = p,, outcome;_j + Bw sentimentqt_l + Yw log(assetst_l)

+32_, 4, CAMELS dummy; ., ;1 + ¢t + €i4,if t — 1 component rating € [3,4, 5],

where the subscript s is for a strong bank and w is for a weak bank. The coefficient of interest is

still 5, and the test results are summarized in table 9.

We generally find that our results from the benchmark regressions appear to be driven by strong
banks when it comes to the sentiment for overall and management sections in predicting MRAs
and MRIAs (coefficients are more statistically significant, have smaller standard errors, and have
larger magnitudes). In contrast, the predictive power embedded in other sections are driven by the
weak bank samples. In particular, the sentiment in the capital adequacy sections seem to provide

some predictability for future capital ratios for weak banks.

Going through each component, for the composite score that uses all of the exam text, the
estimated f is negative and significant across all specifications. As sentiment increases, MRAs are
likely to decrease regardless of the composite score. The coefficient magnitudes are very similar to
the results in table 3 regardless of whether the sample is for weak or strong banks. When looking
at capital adequacy, the coefficients on the sentiment scores are statistically significant for the weak

banks using the polar sentiment. This is consistent with bank examiners describing improvements
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at weak banks that help them build back capital by the next exam. This is also consistent with
our findings in table 4 that showed that there was quite a drop off in capital ratios when the
capital adequacy rating was the lowest ratings in terms of capital ratios. However, the weak bank
sample is relatively small. There are about 700 observations in the specification for columns 1
and 3 for capital. When it comes to asset quality, the 5 coefficients are still negative as in the
baseline analysis and generally statistically significant. The results are much stronger for banks
with weak asset quality scores both in terms of statistical significance and the magnitude of the
coefficient. This result implies that supervisors tend to focus on conveying more value-added and
relevant information about future bank outcomes through their write-ups, especially in times of
weak asset quality at banks. The [ coefficients are negative and statistically significant for the
management regressions. In particular, the magnitudes of the coefficients are stronger for strong
banks. This is consistent with supervisors perhaps feeling the need to express more information
about management quality for strong banks when it comes to MRA/MRIAs as these are more
prevalent (and less surprising) at weak banks. As with the regressions for the asset quality sections,
the earnings results are much stronger for weak banks in magnitude. Both sets of regressions have
statistical significance. The earnings results can also imply that supervisors tend to convey more
information about earnings prospects in times of weak earnings at banks, similar to the sentiment
embodied in the asset quality sections. Finally, the sentiment associated with the liquidity sections
of the exams continue to be insignificant, indicating that the non-result applies to subsamples as

well.

8.2 GFC Versus Post-GFC

The next set of regressions relate bank outcomes and sentiment but separately for exams during
the financial crisis and after the financial crisis to see if supervisors conveyed information relevant

to future outcomes differently in a particular period.

The sentiment score regression is run separately using the following specifications

outcome; = pgpc outcome;_1 + Bgrc sentiment. ;1 + ygrc log(assets;—1)
+32_, 4, CAMELS dummy; ., 11 + &t + €, if £ < 2011 and
outcome; = pPpost OUtcOme; 1 + Bpost sentimente 1 + Ypost log(assetst_l)

+3—1 ¥ CAMELS dummy; ., 1 + ¢¢ + €, if £ > 2012,

where the GF'C period is defined between 2006 and 2011, and the post period is defined between
2012 and 2016:Q2. The coefficient of interest is still 3. The results are summarized in table 10.
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Similar to the regression results in table 9, the GFC period (up to 2011) is where most of
the extra information embedded in the capital adequacy, asset quality, and earning sections were
helpful in predicting future bank outcomes related to capital ratios, asset quality measures, and

profitability.

More specifically, the 8 coefficients for the composite score regressions continue to be negative
and statistically significant in all of the specifications; consistent with the weak-strong sample split,
it appears that the coefficients are higher in magnitude for the post-GFC period when there were
relatively more strong banks in the sample. The signs on the coefficients for capital adequacy are
mixed. During the financial crisis, positive sentiment is associated with an increase in capital by
the next exam. The opposite is true after the financial crisis. This is consistent with trends in the
banking industry. The system needed more capital during the crisis. After the crisis, banks built
up capital, and the stronger banks started decreasing capital as they navigated the new regulatory
regime; a positive sentiment in this environment may have motivated banks to be more relaxed
in this dimension. The ( coefficients remain negative in the asset quality tests. The statistical
significance and magnitudes are higher during the financial crisis, possibly due to greater variation
during the GFC when there were relatively more banks in the sample with poor asset quality. Like
the composite score, the management sentiment scores continue to be negative and statistically
significant in all of the specifications, and they do not differ that much whether in the GFC or
post-GFC period. The S coeflficients on the earnings tests remain positive and significant across
specifications. The magnitudes are smaller after the crisis. As with the asset quality results, this
may be due to greater variation in earnings during the GFC when there were more weak banks
in the sample. As with all the other regression results thus far, the liquidity sentiment measures

generally are not statistically significant.

8.3 Interaction Between Sentiment and CAMELS Dummy

As another way to check to see if most of the extra informational content that predicts various
bank outcomes come mostly from weak or strong banks for certain segments of the examination
reports, this next set of regressions uses the full sample between 2004:Q1 and 2016:Q2 and tests the
additional marginal impact of sentiment on the output variable by including an interactive term
with the lagged dummy indicating if the bank had a weak score. The specifications follow this

structure:

outcome;; = poutcome;;_1 + (3 sentiment; ., 1 + 0 sentiment; ;1 * weak dummyi,c,t,I

+7 log(assets; 1) + 1 weak dummy; ., 1 + ¢¢ + €4
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The coefficient § on the interacted term provides the marginal effect between the sentiment score

and the weak bank dummy variable.

Tables 11 and 12 each report the results for three of the types of outcome variables, focusing
on the B and ¢ coefficients and comparing results to the baseline (columns 1 and 3). The results
are consistent with the benchmark regressions and the subsample regressions. For composite and
management regressions, we see that, in general, better sentiment is associated with fewer MR As
and MRIAs. However, for weak banks, the interaction terms mostly cancel out, the direct effects
of better sentiment on (more) MRAs and MRIAs in weak banks offsets the effects on all banks.
In contrast, for the asset quality and earnings regressions, the sentiment coefficient effect that
sentiment has on future bank outcomes along asset quality and profitability measures, respectively,
are accentuated for weak banks. Moreover, it is only for weak banks that better sentiment embedded

in examination reports has a positive effect on future capital ratios.

Based on the subsample and interaction-based regression results, the evidence suggests that
most of the predictive power of sentiment in bank examination reports are driven by strong banks
when it comes to MRAs and MRIAs, and by weak banks when it comes to other bank outcomes
such as capital adequacy, asset quality, and earnings. The liquidity regression results are generally
insignificant statistically speaking and this may be due to the fact that the LM dictionary is not

capturing sentiment well in this portion of the exam or the proxy for liquidity may not be the best.

8.4 Longer Term Effects

Finally, we explore whether information in bank exam text is associated with bank outcomes
over a longer time period, namely two years or two exam cycles. The first set of regressions follow
a similar specification as the baseline, but shifts the lagged right hand side variables back one more

year:

outcome;; = poutcome;; o+ I} sentimentiyqt_g + log(assetsi’t_g)

+3—1 ¥ CAMELS dummy; ., 5+ ¢t + €z

3 remains the coefficient of interest.® For the MRA/MRIA variables, the outcome is measured as
the average over the next two exam cycles. In other words, the regression specification is testing

whether, on average, the number of MRA /MRIAs are lower for the two years after an exam.

The results are reported in table 13. The first two columns repeat the baseline results shown
before, reporting only the beta coefficients on specifications testing one year after an exam. The

next two columns report results testing for outcomes two years after the exam. All the results

5Given that the liquidity sentiment measures never loaded in the prior tests, we drop them from this analysis.
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suggest that even for a longer horizon, our results are generally statistically significant, though the
coefficients are understandably smaller in magnitude. This suggests that the sentiment conveyed in

the bank examination reports has both shorter-term and longer-term insights into bank outcomes.

9 Conclusion

In this paper, we analyze whether the bank examination process provides useful insight into bank
future outcomes by using textual analysis on commercial bank examination reports. In particular,
we find that controlling for a variety of factors, the sentiment supervisors express in describing many
of the components predict future bank outcomes. More specifically, the sentiment conveyed in the
asset quality, management, and earnings sections provides significant information in predicting
future outcomes for problem loans, supervisory actions, and profitability, respectively. We show
that this relationship is driven by banks with better ratings when it comes to management, and
banks with worse ratings when it comes to asset quality and earnings. In addition, the sentiment
embodied in the capital adequacy section of the reports provide insights into future capital ratios
only for weak banks. In fact bank examiners may have extra incentives to be precise with their
language in these subcomponents as capital adequacy, asset quality, and earnings are critical to a
bank as a going-concern. Overall, our results on the relationship between positive sentiment and
future positive bank outcomes is most striking when it comes to MRA /MRIAs and bank earnings.
All of this suggests that bank supervisors play a meaningful role in the surveillance of the banking
system by creating and sharing information that is embedded in bank examination reports through

the bank examination process.

There are several caveats to our analysis, however. First, we may be capturing the effects of
other types of information in the bank examination process rather than the sentiment in the exams
itself. However, even if this were true, this still implies that meaningful information is created,
documented, and shared in the examination process. In turn, this is important for understanding
the role that supervision plays in maintaining the safety and soundness of the banking system.
Second, we only show that the examination process appears to help in monitoring future bank
outcomes and the banking system as a whole. However, we have nothing to say about the efficiency
of the process. For example, does the added-value of bank supervision outweigh the costs of
maintaining a large number of personnel and resources in this process? Third, our analysis is
largely for small to medium sized banks. The degree in which supervisory examination information

is useful for bank outcomes for large bank holding companies may be different.
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Figure 1: Exams in the Sample
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Figure 2: Distribution of CAMELS Component and Composite Scores
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Figure 3: Frequencies and Average Ratings associated with Words in the LM Dictionary in Earnings
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Figure 4: LM Polar and Valence Sentiment Score Distributions by Composite CAMELS Score
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Table 1: Sentiment Score Performance: Composite and Section CAMELS Score

This table reports the model performance (R-squared) from the specification

CAMELS scores = Sentiment scoreg n,; + €s,

where s is the section of the exam, m is the sentiment score method, and [ is the sentiment score lexicon. The methods are
listed in the first column: polar, polar (weighted, tf-idf), and valence. The second column is the bank exam section of text
used, and the three lexicons are list across the top: FS, LM, and QDAP. The best performer based on R-squared or adjusted

R-squared are listed in the last two columns.

Exam FS LM QDAP Highest
section R-squared Adj. R-sqd. | R-squared Adj. R-sqd. | R-squared Adj. R-sqd. | R-squared Adj. R-sqd.
Polar, regular Total 0.16 0.16 0.25 0.25 0.10 0.10 LM LM
Capital 0.06 0.06 0.21 0.21 0.15 0.15 LM LM
Asset quality 0.03 0.03 0.10 0.10 0.08 0.08 LM LM
Management 0.13 0.13 0.14 0.14 0.12 0.12 LM LM
Earnings 0.20 0.20 0.30 0.30 0.32 0.32 QDAP QDAP
Liquidity 0.02 0.02 0.09 0.09 0.10 0.10 QDAP QDAP
Polar, tf-idf Total 0.15 0.14 0.10 0.10 0.14 0.14 FS FS
Capital 0.13 0.13 0.13 0.13 0.11 0.11 LM LM
Asset quality 0.05 0.05 0.07 0.06 0.05 0.05 LM LM
Management 0.15 0.15 0.10 0.10 0.13 0.13 FS FS
Earnings 0.23 0.23 0.24 0.24 0.25 0.25 QDAP QDAP
Liquidity 0.02 0.02 0.05 0.05 0.05 0.05 QDAP QDAP
Valence Total 0.20 0.20 0.33 0.33 0.04 0.04 LM LM
Capital 0.12 0.12 0.29 0.28 0.20 0.20 LM LM
Asset quality 0.08 0.08 0.18 0.18 0.12 0.12 LM LM
Management 0.14 0.14 0.18 0.18 0.16 0.16 LM LM
Earnings 0.24 0.24 0.35 0.35 0.37 0.37 QDAP QDAP
Liquidity 0.03 0.03 0.14 0.14 0.13 0.13 LM LM
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Table 2: Summary Statistics
This table reports summary statistics of variables used in the baseline regression tests. Control variables that are ratios have been
winsorized at 1 and 99 percent. However, we show the 5th and 95th percentiles of all the variables to maintain confidentiality

of the data.

Variable Obs Mean Std. Dev. 5th Percent. 95th Percent.
Sentiment Scores
Polar
Composite 5,419  0.480 0.132 0.250 0.692
Capital 5,500  0.637 0.273 0.182 1
Asset quality 5,500  0.315 0.157 0.091 0.583
Management 5,419  0.605 0.242 0.200 1
Earnings 5,500  0.579 0.239 0.182 1
Liquidity 5,500  0.610 0.246 0.222 1
Valence

Composite 5,419  0.495 0.062 0.379 0.586
Capital 5,500  0.536 0.085 0.381 0.657
Asset quality 5,500  0.426 0.075 0.306 0.550
Management 5,419  0.536 0.090 0.372 0.645
Earnings 5,500  0.530 0.098 0.353 0.673
Liquidity 5,500  0.534 0.071 0.410 0.645

Control Variables
MRIA/MRA sum 5419  2.871 5.301 0 14
MRIA/MRA dummy 5419  0.387 0.487 0 1
Tier 1 ratio 5,500 15.851 10.761 9.420 28.139
CET1 ratio 5,495 15.765 10.381 9.371 28.155
Loan loss provisions/loans 5,497  0.302 0.579 0 1.351
4-qtr net charge-offs/assets 5,425  0.110 0.190 -0.010 0.487
Delinquent loans/loans 5,497  2.639 2.651 0.078 7.908
4-qtr ROA 5,500  0.310 0.391 -0.357 0.798
4-qtr PPNR/assets 5,500  0.781 0.529 -0.044 1.523
Securities/assets 5,500 21.062 13.787 2.368 47.864
(Cash+securities) /assets 5,500 28.173 14.606 8.446 55.856
CAMELS dummy 2 5,500  0.162 0.369 0 1
CAMELS dummy 3 5,500  0.055 0.229 0 1
CAMELS dummy 4 5,500  0.022 0.146 0 0
CAMELS dummy 5 5,500  0.007 0.081 0 0
Ln(assets) 5,500 12.369 1.348 10.369 14.874

Source: Call Reports and confidential bank exams.
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Table 3: Composite Score Regressions
This table shows the regression results from testing

outcome;; = poutcome; ;1 + (3 sentiment; ;1 + v log(assets; ¢—1)

+Xh—1 ¥n CAMELS dummy, ,, ; 1 + ¢t + €i.¢,

where outcome is either the summation of all matters requiring [immediate] attention (MRA/MRIA) for a bank or a dummy
variable that takes the value of one if any MRAs or MRIAs exist for a bank and zero otherwise. The CAMELS dummy is based

on the composite score. The sentiment score is based on all exam text.

M) @) 3) (4)
MRA/MRIA Sum MRA/MRIA Dummy
VARIABLES Polar Valence Polar Valence
Lag sentiment -8.404%F%  _15.99%** | _0.756%HK  -1.473***
(0.683) (1.668) (0.0495) (0.112)
Lag MRA/MRIA sum -0.155%#%  -0.162%+*
(0.0258)  (0.0257)
Lag MRA/MRIA dummy -0.410%%*  -0.424%F*
(0.0184) (0.0183)
Lag CAMELS 2 dummy 1.269%**  1.317*** | 0.0985***  0.102%***
(0.122) (0.126) (0.0144) (0.0146)
Lag CAMELS 3 dummy 3.838%**  3.919%** | (.224%FF 0.228%**
(0.346) (0.354) (0.0238) (0.0243)
Lag CAMELS 4 dummy 4.309%%*  4.311*%**F | 0.166%** 0.162%**
(0.697) (0.717) (0.0401) (0.0409)
Lag CAMELS 5 dummy 4.239%*%  4.127FFK | (.182%F* 0.166%**
(1.010) (1.028) (0.0498) (0.0505)
Lag In(total assets) 0.0750 0.0645 | 0.0333***  0.0327***
(0.0696)  (0.0704) | (0.00615) (0.00620)
Constant 6.007**%  10.00%%*% | 0.555%** 0.932%#*
(0.896) (1.181) (0.0827) (0.103)
Observations 9,259 9,259 9,259 5,259
R-squared 0.282 0.275 0.456 0.450
Adj. R-squared 0.274 0.267 0.450 0.444
Fixed effects year year year year

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 4: Capital Score Regressions

This table shows the regression results from testing

outcome; ; p outcome; ;1 + 3 sentiment; 1 + v log(assets; ¢—1)

+Xh—1 ¥n CAMELS dummy, ,, ; 1 + ¢t + €i.¢,

where outcome is either the tier 1 ratio or the common equity tier 1 (CET1) ratio. The CAMELS dummy is based on the

capital score. The sentiment score is based on exam text in the capital section.

(1) (2) (3) (4)
Tier 1 Ratio CET1 Ratio
VARTABLES Polar Valence Polar Valence
Lag sentiment 0.289 1.029 0.307 1.058
(0.280) (1.025) (0.273) (0.993)
Lag Tier 1 ratio 0.774%*%  0.774%**
(0.0654)  (0.0655)
Lag CET1 ratio 0.767%** 0.767***
(0.0614) (0.0615)
Lag capital 2 dummy -0.395%*  -0.393** | -0.414** -0.413%*
(0.186) (0.183) (0.184) (0.181)
Lag capital 3 dummy -0.103 -0.0934 -0.108 -0.100
(0.226)  (0.218) | (0.215) (0.208)
Lag capital 4 dummy -0.428 -0.392 -0.445 -0.411
(0.340) (0.324) (0.328) (0.316)
Lag capital 5 dummy -2.174%*%% -2, 116%*%* | -2.225%** -2.168%**
(0.411) (0.385) (0.391) (0.371)
Lag In(total assets) -0.131* -0.131*% | -0.141** -0.141°+*
(0.0739)  (0.0737) | (0.0682) (0.0680)
Constant 4.901%**  4.528%** | 5.102%** 4.726***
(1.721)  (1.569) | (1.584) (1.461)
Observations 5,500 5,500 5,495 5,495
R~squared 0.805 0.805 0.799 0.799
Adj. R-squared 0.803 0.803 0.797 0.797
Fixed effects year year year year

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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This table shows the regression results from testing

outcome; ; =

Table 5: Asset Quality Score Regressions

p outcome; ;1 + 3 sentiment; 1 + v log(assets; ¢—1)

+Xh—1 ¥n CAMELS dummy, ,, ; 1 + ¢t + €i.¢,

where outcome is loan loss provisions/loans, net charge-offs/loans, or delinquencies/loans. The CAMELS dummy is based on

the asset quality score. The sentiment score is based on exam text in the asset quality section.

) @) () @ ) (©)
Loan Loss Provisions/Loans | 4-qtr Net Charge-offs/Loans | Delinquencies/Loans
VARIABLES Polar Valence Polar Valence Polar Valence
Lag sentiment -0.24 78 -0.707HF* -0.0895%** -0.260%** -0.808***  -2.357***
(0.0362) (0.0943) (0.0139) (0.0343) (0.153) (0.369)
Lag loan loss provisions/loans  0.336*** 0.330%***
(0.0255) (0.0255)
Lag 4-qtr net charge-offs/loans 0.407%** 0.396***
(0.0259) (0.0262)
Lag delinquent loans/loans 0.716%**  0.709%**
(0.0183)  (0.0184)
Lag assets 2 dummy -0.0450%* -0.0474%* -0.02971%%* -0.0300%** -0.377FFF  -0.384%**
(0.0197) (0.0196) (0.00595) (0.00594) (0.0672)  (0.0676)
Lag assets 3 dummy 0.138%** 0.1307%** 0.05997*** 0.0570%** 0.201 0.179
(0.0354) (0.0356) (0.0120) (0.0121) (0.125) (0.126)
Lag assets 4 dummy 0.326*** 0.306*** 0.173*** 0.167+** 1.160%*F*  1.104%**
(0.0791) (0.0793) (0.0280) (0.0280) (0.256) (0.255)
Lag assets 5 dummy 0.7527%** 0.730%** 0.372%H* 0.365%** 3.154%FF  3.103%**
(0.167) (0.166) (0.0496) (0.0496) (0.605)  (0.603)
Lag In(total assets) 0.0405%** 0.0395%** 0.0143%** 0.0140%** 0.0470**  0.0425%*
(0.00561) (0.00565) (0.00207) (0.00208) (0.0198)  (0.0199)
Constant -0.261%%* -0.0222 -0.08927%** -0.000815 0.426* 1.251%%*
(0.0694) (0.0846) (0.0255) (0.0303) (0.255)  (0.305)
Observations 5,497 5,497 5,310 5,310 5,497 5,497
R-squared 0.416 0.419 0.407 0.411 0.612 0.613
Adj. R-squared 0.410 0.413 0.401 0.405 0.608 0.609
Fixed effects year year year year year year

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 6: Management Score Regressions
This table shows the regression results from testing

p outcome; ;1 + 3 sentiment; 1 + v log(assets; ¢—1)

+Xh—1 ¥n CAMELS dummy, ,, ; 1 + ¢t + €i.¢,

outcome; ; =

where outcome is either the summation of all matters requiring [immediate] attention (MRA/MRIA) for a bank or a dummy
variable that takes the value of one if any MRAs or MRIAs exist for a bank and zero otherwise. The CAMELS dummy is based

on the management score. The sentiment score is based on exam text in the management section.

) ) () @)
MRA/MRIA Sum MRA/MRIA Dummy
VARIABLES Polar Valence Polar Valence
Lag sentiment -2.192%F% 5 521k*K | _(.258%FF  _(.623%F*
(0.319) (0.960) (0.0242) (0.0671)
Lag MRA/MRIA Sum -0.163***  -0.165%**
(0.0262)  (0.0262)
Lag MRA/MRIA dummy -0.426%**  -(0.430%**
(0.0186) (0.0185)
Lag management 2 dummy  1.881%**  1.920%%* | (0.154***  (.159%***
(0.119)  (0.118) | (0.0146)  (0.0145)
Lag management 3 dummy  4.812%**  4.837%FF | (.277***  (.282%**
(0.310)  (0.312) | (0.0220)  (0.0222)
Lag management 4 dummy  6.222%%%  6.172%%* | (.291***  (.289***
(0.675) (0.680) (0.0385) (0.0388)
Lag management 5 dummy  8.255%*% 8 115%#%* | (.344***  (.332%**
(1.331) (1.352) (0.0560) (0.0569)
Lag In(total assets) 0.164**  0.166** | 0.0402*** 0.0405%**
(0.0725)  (0.0725) | (0.00621)  (0.00623)
Constant 1.573* 3167 | 0.220%FF  (.393%**
(0.905) (1.000) (0.0781) (0.0865)
Observations 9,259 9,259 9,259 9,259
R-squared 0.283 0.282 0.445 0.442
Adj. R-squared 0.275 0.273 0.439 0.436
Fixed effects year year year year

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 7: Earnings Score Regressions
This table shows the regression results from testing

outcome;; = poutcome; ;1 + (3 sentiment; ;1 + v log(assets; ¢—1)
+Xh—1 ¥n CAMELS dummy, ,, ; 1 + ¢t + €i.¢,

where outcome is either ROA or PPNR/assets. The CAMELS dummy is based on the earnings score. The sentiment score is

based on exam text in the earnings section.

M ) B @)
Weighted 4-qtr ROA | Weighted 4-qtr PPNR/Assets
VARIABLES Polar Valence Polar Valence
Lag sentiment 0.271%+** 0.741%%* 0.326*** 0.861***
(0.0199)  (0.0555) | (0.0263) (0.0711)
Lag weighted 4-qtr ROA 0.595%** 0.581***
(0.0202)  (0.0205)
Lag weighted 4-qtr PPNR/assets 0.695%** 0.690%**
(0.0239) (0.0240)
Lag earnings 2 dummy 0.0148 0.0130 0.0172 0.0153
(0.00935)  (0.00930) | (0.0131) (0.0130)
Lag earnings 3 dummy -0.0168 -0.0188 -0.0480** -0.0496%**
(0.0158) (0.0157) (0.0192) (0.0192)
Lag earnings 4 dummy -0.0992%**  _0.0910*%** | -0.0905*** -0.0792%**
(0.0281) (0.0282) (0.0260) (0.0262)
Lag earnings 5 dummy -0.411%%F  _0.391FFF | -0.289*** -0.262%**
(0.0489)  (0.0493) | (0.0374) (0.0379)
Lag In(total assets) -0.000182  0.000158 | 0.0258*** 0.0264***
(0.00280)  (0.00281) | (0.00406) (0.00404)
Constant -0.0193 -0.255%%* | _0.273%** -0.545%**
(0.0342) (0.0419) (0.0462) (0.0578)
Observations 5,501 5,501 5,501 5,501
R-squared 0.596 0.600 0.664 0.666
Adj. R-squared 0.592 0.596 0.661 0.663
Fixed effects year year year year

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 8: Liquidity Score Regressions

This table shows the regression results from testing

outcome;; = poutcome; ;1 + (3 sentiment; ;1 + v log(assets; ¢—1)

+Xh—1 ¥n CAMELS dummy, ,, ; 1 + ¢t + €i.¢,

where outcome is either securities/assets or (cash+securities)/assets. The CAMELS dummy is based on the liquidity score.

The sentiment score is based on exam text in the liquidity section.

o) @) ) @
Securities/Assets (Cash+Securities) / Assets
VARIABLES Polar Valence Polar Valence
Lag sentiment 0.399 1.754%* -0.335 -1.864
(0.273)  (0.964) | (0.325) (1.135)
Lag securities/assets 0.941%F%%  0.941%**
(0.00582)  (0.00585)
Lag cash-+total securities/total assets 0.922%** 0.923%**
(0.00720) (0.00721)
Lag liquidity 2 dummy -0.327* -0.320* -0.436** -0.446%*
(0.178)  (0.178) | (0.213) (0.213)
Lag liquidity 3 dummy -0.633* -0.603 -0.767* -0.812%
(0.371) (0.371) (0.451) (0.454)
Lag liquidity 4 dummy 0.0743 0.127 -0.0977 -0.176
(0.449)  (0.447) | (0.881) (0.884)
Lag liquidity 5 dummy 0.927 1.043 0.280 0.126
(1.203)  (1.216) | (1.267) (1.257)
Lag In(total assets) -0.00243  -0.000825 | -0.222%** -0.223%**
(0.0534)  (0.0534) | (0.0646) (0.0645)
Constant 0.953 0.245 5.415%%* 6.214%%*
(0.668)  (0.834) | (0.860) (1.032)
Observations 5,500 5,500 5,500 5,500
R-squared 0.897 0.897 0.870 0.870
Adj. R-squared 0.896 0.896 0.869 0.869
Fixed effects year year year year

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 9: Regressions—Strong/Weak Separately
This table shows the coefficients and standard errors on the lagged sentiment score. Banks are classified as “strong” or “weak”
based on rating in the prior exam for that section of the exam. Most banks have a strong score (1 or 2). Weak is defined as 3,
4, or 5. The full specifications are

outcome; + = psoutcome;_1 + Bs sentiment; 1 + s log(assetst_l)
+3%_, ¢, CAMELS dummy; ,, ;1 + ¢t + €i¢,if t — 1 component rating € [1,2] and
outcome; y =  py outcomey_1 + Bw sentiments_1 + Yu log(assetstfl)

+55—1 ¥n CAMELS dummy, . , 1 + ¢¢ + €;,¢,if t — 1 component rating € [3,4, 5],

where the subscript s is for a strong bank and w is for a weak bank. The CAMELS dummy and the sentiment score are based

on the relevant section.

(1) 2 () (4)
Polar Valence
Weak Strong Weak Strong
Composite
MRA/MRIA Sum -8.031FHFK 9. 704% K | _14.28%FF  20.93%H*
(2.184) (0.726) (4.118) (1.819)
MRA /MRIA Dummy -0.559%HFF Q. 713%** | _1.007FFF  -1.440%F*
(0.141) (0.0536) (0.258) (0.127)
Capital
Tier 1 Ratio 0.823%* 0.197 1.618 0.709
(0.388) (0.282) (1.019) (1.145)
CET1 Ratio 0.851%* 0.205 1.676 0.693

(0.400) (0.278) (1.043) (1.125)

Asset Quality
Loan Loss Provisions/Loans  -0.666***  -0.0411 | -1.450***  -0.121*
(0.148)  (0.0270) | (0.308)  (0.0625)
4-qtr Net Charge-offs/Loans ~ -0.173%**  -0.0295%** | -0.420%%*  -(.0842%**
(0.0646)  (0.0104) | (0.119)  (0.0234)
Delinquent Loans/Loans -1.845%%*%  _0.306%* | -4.480*%**  -0.870%**
(0.663)  (0.127) | (1.252)  (0.302)

Management
MRA/MRIA Sum -1.991%  -2.635%** -3.607 -7.609%**
(1.199) (0.319) (2.596) (0.988)
MRA /MRIA Dummy -0.119%  -0.241%** | -0.273%  -0.643%***
(0.0712) (0.0257) (0.144) (0.0773)
Earnings
Weighted 4-qtr ROA 0.452%F%  (.0839%** | 1.053%**  (.228%**
(0.0483) (0.0135) (0.110) (0.0380)
Weighted 4-qtr PPNR/Assets ~ 0.464*%%  0.127%%F | 1.067***  0.317%**
(0.0541) (0.0199) (0.121) (0.0560)
Liquidity
Securities/Assets 0.212 0.365 0.822 1.746*
(1.160) (0.291) (3.583) (1.046)
(Cash+Securities) /Assets -2.731%* 0.101 -7.503* -0.0273

(1.349)  (0.346) | (4.064)  (1.231)
Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 10: Regressions—GFC and Post-GFC Separately
This table shows the coefficients and standard errors on the lagged sentiment score. GFC is defined as 2006-2011. Post GFC
is defined as 2012-2016:Q2. The sentiment score regression is run separately using the following specifications

outcome; = pgpc outcomer—1 + Barce sentimenty—1 + ygrc log(assetsi—1)
+32_, ¢, CAMELS dummy; , ;1 + &t + €, if t > 2012 and
outcome; = ppost outcome; 1 + Bpost sentiment; 1 + Ypost log(assetst_ﬂ

+X5—1 ¥n CAMELS dummy, ,, ;1 + ¢t + €5, if t < 2011.

The CAMELS dummy and the sentiment score are based on the relevant section.

(1) 2) 3) (4)
Polar Valence
GFC Post GFC GFC Post GFC

Composite
MRA/MRIA Sum S7.822%** L0 099FFF | _14.11%F*¥*  _18.75FF*
(0.928) (0.767) (2.177) (1.885)
MRA/MRIA Dummy -0.664%**  -0.856FFF | -1.257FF*  _1.754%F*
(0.0582) (0.0850) (0.127) (0.194)
Capital
Tier 1 Ratio 0.858** -0.607* 2.568* -1.491*
(0.351) (0.358) (1.308) (0.857)
CET1 Ratio 0.868** -0.579* 2.566** -1.402*

(0.344) (0.345) (1.276)  (0.834)

Asset Quality
Loan Loss Provisions/Loans ~ -0.353***  -0.0547* | -1.060***  -0.0899

(0.0556)  (0.0301) | (0.142)  (0.0719)

4-qtr Net Charge-offs/Loans ~ -0.114***  -0.0422%** | -0.353***  -0.103***

(0.0207)  (0.0143) | (0.0516)  (0.0312)
Delinquent Loans/Loans -1.099%** -0.231 -3.220%%* -0.681

(0213)  (0.193) | (0.509)  (0.454)

Management
MRA/MRIA Sum -2.159%F% 2. 164% K | -4.981FF%  -6.080%**
(0.425)  (0.387) (1.247)  (1.125)
MRA/MRIA Dummy -0.245%F% - _0.266%F* | -0.593*F**  -0.634%**
(0.0279) (0.0384) (0.0758) (0.113)
Earnings
Weighted 4-qtr ROA 0.368%***  0.115%** | 0.967***F  (0.320%**
(0.0291) (0.0209) (0.0775)  (0.0620)
Weighted 4-qtr PPNR/Assets  0.431%%*  0.145%%F | 1.110%**  0.371%**
(0.0384) (0.0221) (0.101) (0.0602)
Liquidity
Securities/Assets 0.636 0.175 2.755% 0.629
(0.426) (0.303) (1.445) (1.120)
(Cash+Securities) /Assets -0.513 0.0181 -2.305 -0.851

(0.477)  (0.398) | (1.624)  (1.414)
Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 11: Regressions—Interaction Between Sentiment and CAMELS Variable

This table shows the coefficients and standard errors on the lagged sentiment score. The specifications follow this structure:

outcome; ¢

= poutcome; ;1 + [ sentiment; . ;1 + J sentiment; . ;1 * weak dummy; . ;4

+v log(assets; t—1) + ¢ weak dummy; . ;1 + ¢t + €i ¢

The CAMELS dummy and the sentiment score are based on the relevant section.

(1) (2) (3) (4)
Polar Valence
Baseline  Interaction | Baseline Interaction
Composite
MRA/MRIA Sum -8.404%** S12.63%F* | 15.99%FF 27 74Xk
(0.683) (0.709) | (1.668)  (1.757)
Weak CAMELS Interaction 2.189 8.875**
(2.072) (4.011)
MRA/MRIA Dummy -0.756%** -0.910%*%* | -1.473*%¥*%  _]1 QRT¥**
(0.0495)  (0.0522) | (0.112)  (0.122)
Weak CAMELS Interaction 0.770%** 1.578%**
(0.152) (0.287)
Capital
Tier 1 Ratio 0.289 0.295 1.029 1.084
(0.280) (0.292) | (1.025)  (1.194)
Weak CAMELS Interaction 1.084** 2.336*
(0.429) (1.349)
CET1 Ratio 0.307 0.307 1.058 1.081
(0.273) (0.287) | (0.993)  (1.170)
Weak CAMELS Interaction 1.104** 2.408%*
(0.432) (1.351)
Asset Quality
Loan Loss Provisions/Loans — -0.247*** -0.0367 | -0.707FFF  -0.111%*
(0.0362)  (0.0285) | (0.0943)  (0.0657)
Weak CAMELS Interaction -0.937*** -1.928***
(0.163) (0.330)
4-qtr Net Charge-offs/Loans -0.0895***  -0.0234** | -0.260*** -0.0668***
(0.0139)  (0.0109) | (0.0343)  (0.0247)
Weak CAMELS Interaction -0.286%** -0.627%**
(0.0668) (0.123)
Delinquent Loans/Loans -0.808%***  _0.254%* | -2.357***  .0.732%*
(0.153) (0.128) | (0.369)  (0.300)
Weak CAMELS Interaction -2.783*** -6.083***
(0.661) (1.266)

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 12: Regressions—Interaction Between Sentiment and CAMELS Variable (Cont.)

This table shows the coefficients and standard errors on the lagged sentiment score. The specifications follow this structure:

outcome; ; = poutcome;; 1 + [ sentiment; . ;1 + & sentiment; . ;1 * weak dummyim,t_l

+v log(assets;,t—1) + ¢ weak dummy; . ;1 + ¢t + €i ¢

The CAMELS dummy and the sentiment score are based on the relevant section.

M ) @) @
Polar Valence
Baseline Interaction | Baseline Interaction
Management
MRA/MRIA Sum -2.192%F% 3 681*F*F | -5.521%FF  _10.91%**
(0.319) (0.331) (0.960)  (1.021)
Weak CAMELS Interaction -0.320 2.608
(1.202) (2.617)
MRA/MRIA Dummy -0.258**F*  _0.317*** | —0.623***  -0.868***
(0.0242) (0.0259) (0.0671) (0.0776)
Weak CAMELS Interaction 0.308*** 0.784***
(0.0780) (0.166)
Earnings
Weighted 4-qtr ROA 0.271%%* 0.115%** 0.741%%* 0.322%**
(0.0199)  (0.0149) | (0.0555)  (0.0412)
Weak CAMELS Interaction 0.437%%* 0.904***
(0.0502) (0.111)
Weighted 4-qtr PPNR/Assets  0.326%**  0.162*** | 0.861***  (0.416***
(0.0263)  (0.0198) | (0.0711)  (0.0551)
Weak CAMELS Interaction 0.367+** 0.746***
(0.0545) (0.122)
Liquidity
Securities/Assets 0.399 0.404 1.754%* 1.958*
(0.273)  (0.289) | (0.964)  (1.039)
Weak CAMELS Interaction -0.386 -2.358
(1.163) (3.553)
(Cash+Securities) / Assets -0.335 0.149 -1.864 0.241
(0.325)  (0.347) | (1.135)  (1.230)
Weak CAMELS Interaction -2.441% -6.799%*
(1.372) (3.986)

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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Table 13: Regressions—One and Two Years After an Exam
Columns 1 and 2 of this table repeat the results from the baseline results reported in tables 3 through 8, reporting the coefficients
and standard errors on the lagged sentiment score. Columns 3 and 4 of this table show the coefficients and standard errors on
the twice lagged sentiment score from the specification

outcome;; = poutcome; ;2 + [ sentiment; .2+ log(assetsi7t_2)

+%p—1 ¥n CAMELS dummy; ,, ; 5+ ¢t + €i,¢.

The CAMELS dummy and the sentiment score are based on the relevant section.

(1) 2) 3) 4)
1 Year Out 2 Years Out
Polar Valence Polar Valence
Composite
Average MRA/MRIA Sum -8.404%F*  _15.99%HF% | 9 Q7R 5 T34HHH
(0.683) (1.668) (0.496) (1.147)
Average MRA/MRIA Dummy  -0.756***  -1.473%%*% | _(.192%**  _(.447***
(0.0495) (0.112) (0.0294)  (0.0669)
Capital
Tier 1 Ratio 0.289 1.029 0.185 0.496
(0.280) (1.025) (0.363) (1.335)
CET1 Ratio 0.307 1.058 0.212 0.576
(0.273) (0.993) (0.351) (1.284)
Asset Quality
Loan Loss Provisions/Loans -0.247FFF L0707 | 20,105 -0.358%**

(0.0362)  (0.0943) |  (0.0398)  (0.0972)
4-qtr Net Charge-offs/Loans -0.0895%**  _0.260%** | -0.0657***  -0.188***
(0.0139)  (0.0343) |  (0.0140)  (0.0347)

Delinquency Rate -0.808***  _2.357*** | _(.784%HKF 2 (085HH*
(0.153) (0.369) (0.181) (0.426)

Management
Average MRA/MRIA Sum -2.192%FF 5 521K | (7107 _1.820%**
(0.319) (0.960) (0.192) (0.560)
Average MRA/MRIA Dummy  -0.258***  -(0.623*** | -0.0790*** -0.230***
(0.0242)  (0.0671) (0.0139)  (0.0396)

Earnings

Weighted 4-qtr ROA 0.271%**  0.741%** 0.225%**  (0.593***
(0.0199)  (0.0555) |  (0.0213)  (0.0584)
Weighted 4-qtr PPNR/Assets 0.326%**%  (0.861*** 0.326%**%  (0.850%**
(0.0263)  (0.0711) |  (0.0298)  (0.0771)

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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10 Appendix

10.1 More Chatterplots

Figure A.5: Frequencies and Average Ratings associated with Words in the LM Dictionary in Bank

Exams
Chatterplot for Composite Words — LM Dictionary

word frequency (size) ~ average rating (color)

. satisfactory
30004 strong
?ﬁ%ﬂed losses
. 1000+ irffoléd
o strength
= desﬁﬂ@quaé?lyoss
irBprevement
LC>,~ stable  iMP At B
% dagfisiagegatipeoblem deficient
g 300+ eﬁecatﬁi,\éersei- fm deterioration
= enbianssil'®
=
<} favorgabiyy Bt er trefideizerneeak critically
g threat aghé%ﬁ’e‘“"’e nonperforpificient oor
100+ B OB hrinasieve !
endg@gw@%g
. d italized
gain ems‘on,n%@l&l@me undercapitalize:
. wegkened
3 eated disallowed erode eroded
ks downgrafRepgress unsatisfactory
0 closed
30+ mprofRl e pyekedariorate inability
1 2 3 4 5

Average Rating

Sentiment Classification a Positve a Negative

Note: Data between 2004:Q1 and 2016:Q2.

Source: Confidential bank exams.
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Figure A.6: Frequencies and Average Ratings associated with Words in the LM Dictionary in
Capital Sections of Bank Exams

Chatterplot for Capital Words — LM Dictionary
word frequency (size) ~ average rating (color)
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Figure A.7: Frequencies and Average Ratings associated with Words in the LM Dictionary in Asset
Quality Sections of Bank Exams

Chatterplot for Asset Quality Words — LM Dictionary
word frequency (size) ~ average rating (color)
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Figure A.8: Frequencies and Average Ratings associated with Words in the LM Dictionary in
Management Sections of Bank Exams

Chatterplot for Management Words — LM Dictionary

word frequency (size) ~ average rating (color)
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Figure A.9: Frequencies and Average Ratings associated with Words in the LM Dictionary in
Liquidity Sections of Bank Exams

Chatterplot for Liquidity Words — LM Dictionary

word frequency (size) ~ average rating (color)
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10.2 Community Versus Tiny Banks

The next set of regressions relate bank outcomes and sentiment but separately for banks that
have less than $250 million in consolidated assets and banks that have between $250 million and
$10 billion in consolidated assets. The sentiment score regression is run separately using the fol-

lowing specifications

outcome; = pPiny oOutcome;_1 + Priny sentiment; ¢ ;1 + Yeiny l0g(assets;_1)
+3_1 ¥n CAMELS dummy; ., ;1 + ¢¢ + €., if assets < 250 million and
outcome; = pPemey OUtcome; 1 + ﬁcmty sentiment; . ;1 + Yemty log(assetst_l)
+34_ ¥, CAMELS dummy; ., ;1 + @t + €, if assets > 250 million and < 10 billion.

The CAMELS dummy and the sentiment score are based on the relevant section.

The coefficient of interest is still 3. The results are summarized in table A.1.

All of the results are similar between the two size groups. This suggests that the examination

process is consistent across banks with $10 billion in consolidated assets or less.
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Table A.1: Regressions—Community and Tiny Separately
This table shows the coefficients and standard errors on the lagged sentiment score. Banks are classified as “community” or
“tiny” based on total assets. Tiny banks have assets less than or equal to 250 million dollars. Community banks have assets
greater than 250 million dollars and less than 10 billion dollars. The specifications follow this structure:

outcomet = pPtiny Outcomer_j + ﬁtmy sentimenti’t_l + Ytiny log(assetstfl)
+%4_ | 4, CAMELS dummy; ,, ;1 + 6; + ¢t + €1, if assets < 250 million and
outcomet = pemty outcome;_1 + Bemty sentiment; ;1 + Yemty log(assetsy_1)

+%4_ | ¢ CAMELS dummy; ,, ;1 + 6; + ¢t + €1, if assets > 250 million and < 10 billion.

The CAMELS dummy and the sentiment score are based on the relevant section.

1) 2) 3) ()
Polar Valence
Community Tiny Community Tiny
Composite
MRA/MRIA Sum -8.739%** -T.570%** -16.52%F%  _14.09%**
(1.071) (0.808) (2.551) (2.038)
MRA/MRIA Dummy -0.681%** -0.710*** -1.335%**  _1.365%**
(0.0723)  (0.0617) (0.157) (0.143)
Capital
Tier 1 Ratio 0.417 0.342 1.346 1.388
(0.309) (0.409) (0.943) (1.671)
CET1 Ratio 0.410 0.375 1.365 1.395
(0.303) (0.401) (0.924) (1.632)
Asset Quality
Loan Loss Provisions/Loans -0.272FF% - 0.232%FF | 0.696%FF  -0.742%**
(0.0551)  (0.0460) (0.137) (0.129)

4-qtr Net Charge-offs/Loans -0.109%F*  _0.0755*** | -0.288***  _(0.244***
(0.0193)  (0.0188) | (0.0428)  (0.0507)

Delinquent Loans/Loans -0.970%F%F  0.617HFFE | 2. 785%KK ] 823%**
(0.204) (0.226) (0.480) (0.562)
Management
MRA/MRIA Sum -1.758%** -2.392%** -3.990%**  _6.362%**
(0.487) (0.413) (1.355) (1.329)
MRA/MRIA Dummy -0.219%F%  -0.260%** | -0.532%FF  _(0.640%**
(0.0348) (0.0305) (0.0925) (0.0902)
Earnings
Weighted 4-qtr ROA 0.238*** 0.290%** 0.636*** 0.819***
(0.0293)  (0.0268) | (0.0818)  (0.0743)
Weighted 4-qtr PPNR /Assets  0.330%** 0.303%** 0.871%**  (.810%**
(0.0404)  (0.0297) (0.111)  (0.0781)
Liquidity
Securities/Assets 0.593* 0.219 2.731%* 0.772
(0.335) (0.438) (1.289) (1.446)
(Cash+Securities) / Assets -0.321 -0.341 -0.927 -2.918*
(0.428) (0.499) (1.540) (1.667)

Robust standard errors are in parentheses. *** p<0.01, ** p<0.05, * p<0.1
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