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Abstract

The purpose of this study is to examine critically the literature of textual analysis of
disclosures’ sentiment in finance and accounting. Specifically, this research work
investigates, compares, and contrasts the various methodologies that have been
implemented to date to measure textual sentiment of financial and accounting
information. Furthermore, we present the attributes of textual information of disclosures
by investigating thoroughly established research in the field. We summarize the significant
and influential empirical findings regarding textual analysis of sentiment in finance and
accounting. Moreover, emerging opportunities that hold promise for future research are
appearing from the incorporation of artificial intelligence techniques and the extensive use
of computer linguistic methods to extract the sentiment in finance and accounting
research. The adoption of these methodologies for analyzing textual information in finance
and accounting literature could enable researchers to evaluate more efficiently the quality
of financial reporting.
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1 Introduction
Prior literature indicates that information plays a crucial role in the documentation of a

firm's operations (Loughran & McDonald, 2016). Initially, Frazier et al. (1984), point out the
fact that narrative information of accounting disclosures is ignored most of the times.
Furthermore, they suggest combining narratives along with ratios of firm performance and
results of operations by using a “computer analysis system.” Iker (1974) is the first researcher
that introduces the notion of the computer analysis system for textual analysis of the
sentiment of narratives.

Loughran and McDonald (2016) indicates the contribution of the increased computer
power during the last decades to the evolution of textual analysis methods. Specifically, they
state that textual analysis has gained prominence as a developing field within finance and
accounting. The focus on this methodology has been increased especially after the scandals
in the USA and Europe as the attention to the quality of financial reports has been augmented
according to DeZoort et al. (2002) (Al-Shaer et al., 2017). Therefore, the accuracy and
transparency of financial reporting has major importance in the post-Enron era (Al-Saer et al.,
2017). The establishment of regulations such as the Sarbanes-Oxley Act of 2002 and the XBRL
mandate of 2009 indicated the significance of the reliability and quality of financial reporting.

Therefore, after the development of textual analysis methods, academics expanded their
research by using not only the ratios from financial disclosures, but also textual analysis
variables in the same research model to capture the sentiment of the reports: Loughran and
McDonald (2014a), Loughran and McDonald (2014b), Lawrence (2013), Kravet and Muslu
(2013), Li and Zhao (2015).

Textual analysis has also been extensively used in accounting disclosures, as well: Loughran
and McDonald (2011); (2016), Al-Shaer et al. (2017), and Eachempati et al. (2021).

Finally, textual analysis has been used to analyze corporate disclosures. The pioneering
paper that introduced “content analysis” of corporate disclosures was Ingram and Frazier’s:
“Environmental Performance and Corporate Disclosure”, in 1980. Moreover, prior literature
has investigated sustainability (Laine, 2010), environmental (Nazari et al., 2017), and
corporate social responsibility disclosures (Muslu et al., 2019). Finally, recent research has
examined the use of artificial intelligence in analyzing corporate disclosures (Cao et al., 2023).

In this paper, we review the rapidly growing body of research that implements textual
analysis to capture the sentiment of disclosures in the fields of accounting and finance. We
present thoroughly the predominant methodologies including dictionary-based approaches,
machine learning techniques as well as the programming languages that are implemented to

define the sentiment of textual information. Furthermore, we outline the key characteristics
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of textual information in finance and accounting based on the findings of established literature
in these areas. Next, we describe and discuss the main empirical results of significant research
works regarding textual analysis of sentiment in finance and accounting to date. We also refer
to the methodology that is adopted in each study. Finally, we attempt to highlight several
areas for further research.

The remainder of our paper is structured as follows. Section 2 describes and discusses the
methodologies implemented to extract textual sentiment of disclosures in finance and
accounting. Section 3 introduces the attributes of financial and accounting narratives
according to distinguished literature in the field. Section 4 presents and reviews high-impact
research regarding textual analysis that captures the sentiment of disclosures in finance
literature, while empirical research in textual analysis of accounting information is described
in detail in Section 5. Section 6 outlines potential areas for future study. Finally, Section 7

summarizes the present work and draws together the most significant conclusions.

2 Methodologies for measuring textual sentiment
Textual information of financial and accounting disclosures requires a unique processing,

as it must be transformed first to quantitative data and then it can be analyzed. In specific, to
analyze financial ratios along with textual variables, it is necessary to quantify first the
information content of reports. Therefore, analyzing text can be divided in three steps:
collecting text, cleaning text to have an appropriate format, and finally analyzing text by using

various methods (Guo et al., 2016).

2.1 Dictionaries
Dictionaries use word lists to classify words of financial and accounting disclosures in the

appropriate category and extract the meaning of the text based on its tone. According to
Loughran and McDonald (2016) there are four word lists that can be used to investigate the
sentiment of the text: Harvard’s Gl, Henry, Diction, and Loughran and McDonald dictionary
(2011). The main drawback of Harvard’s Gl is that it is not designed exclusively for business
context, which means that the words are often misclassified. The same phenomenon is
observed in the case of Diction. Hence, Loughran and McDonald (2016) reach the conclusion
that when textual analysis is implemented in financial or accounting texts, the method chosen
must be the most appropriate and suitable for the context of the text to interpret correctly
the sentiment of the disclosures.

Loughran and McDonald examine the effectiveness of dictionaries in textual analysis of the

sentiment of financial and accounting disclosures and they find that words with unfavorable



meaning that are suitable for other scientific fields do not fit in with finance and accounting
context. They create their own negative word list specially adjusted to business content. They
also create five alternative word lists to capture the tone of the text (“positive, uncertainty,
litigious, strong modal, and weak modal word lists”) (Loughran & McDonald, 2011).
Furthermore, Matthies and Coners (2015) examine a combination of dictionaries and
statistical techniques. Their research indicates that the combination of these techniques
provides more accurate results and makes textual information more comprehensible. These
approaches are complementary to each other. Statistical approach explores the sentiment
and the associations of financial text, while dictionaries provide quantitative data about the

volume and the trends of disclosures (Matthies & Coners, 2015).

2.2 Machine learning methods
Guo et al. (2016) suggest machine learning methods such as Neural Network, Support

Vector Machine, Naive Bayes, and semantic analysis. Support Vector Machine is another
machine learning method that does not introduce noise in the learning process and that way
overfitting problems are avoided. Guo et al. (2016) use a sample of news articles with positive
and negative information about companies and they find that Support Vector Machine
outperforms Naive Bayes in terms of out-of-sample forecast accuracy.

In addition, Li (2010) uses Naive Bayes to quantify narratives from financial reports along
with earnings and liquidity. To evaluate the results of Naive Bayes, he also uses the dictionary
methodology.

Furthermore, Neural Network is a highly accurate method that can process vast amount
of data. Thomson Reuters News Analytics uses Neural Network in text analytics. Moreover,
data from Thomson Reuters News Analytics are extensively used by scholars to investigate the
impact of media news on company’s performance and predictability of returns. When Guo et
al. (2016) implement Neural Network on their sample they find that both in-sample and out-
of-sample predictions provide accurate results.

In addition, a method for semantic analysis is Latent Dirichlet Allocation (LDA) that is very
useful for examining the topic distribution and the conceptual content in a business
document. Guo et al. (2016) suggest this method for textual analysis of analyst and financial
reports. Dyer et al. (2017) use Latent Dirichlet Allocation (LDA) to study certain topics in 10-K
filings.

2.3 Document similarity and linear regression models
In case that there is an attempt to identify how similar are the texts, cosine similarity can

be implemented.



The definition of cosine similarity is provided by the following equation:
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d;, d>are the documents that are divided into the vectors x and y that include word counts.

Cosine similarity (di, dz) =

(1)

The values of cosine similarity are from 0 to 1. However, it is a measure that is not extensively
used in the fields of finance and accounting (Loughran & McDonald, 2016).

In addition, a widely used method is the implementation of linear regression in time series
data to examine the association between textual sentiment of market and performance of
firms in stock markets.

This relationship is described by the following equation:

Y= Qo+ Z]]=1 O Yej+ 2‘}.]=02')f=1a£ -th_j + Zf=02£=1a§j S{"_J-+ &t (2)
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y is the dependent variable that is usually a variable that reflects the corporate
performance on the firm-level or the market-level.

This equation indicates that the dependent variable is formed according to “a ap constant

term,toj=1...J lagged dependent terms, Z]]=1 o1y, toj=0...J contemporaneous or lagged

xS

terms of f = 1 ... F control variables in the X vector, to Zj]=02]f=1a2J t—jr

onj=0..)

contemporaneous or lagged terms of a =1 ... A terms in the S vector, to Zf=02§=1a§j Sf‘_j,
and to g which is the residual unexplained component.”

However, previous literature indicates that we can examine this regression using as
dependent variable the expressed sentiment and as independent variables measures of
corporate performance at firm-level and market-level.

Furthermore, in their research Kearney and Liu (2014) refer to vector autoregression (VAR)
model that can estimate the interdependencies between sentiment, control variables, and

variables of performance on the firm-level and the market-level.

2.4 Methods to measure readability
In the fields of finance and accounting, readability of corporate reports measures the

ability of reader to understand the information content of reports. In specific, Loughran and
McDonald (2014a) define readability as the capacity of analysts and investors to interpret
value-relevant information from financial documents.

The size of the report (natural logarithm of the size of the annual report in megabytes) and
number of words in the report (natural logarithm of the number of words of the report) are

used to measure readability of financial reports according to Loughran and McDonald (2016).
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Moreover, prior research has used several indices to evaluate if financial and accounting
disclosures are comprehensible. A widely used index is the Fog Index which consists of two
parameters: “complex words” (words that have more than two syllables) in the text and the
length of the sentence on average. The Flesch-Kincaid Index estimates the average number of
syllables per word and is also used extensively by researchers (Loughran & McDonald, 2016).

Bonsall et al. (2017) suggest a new measure of financial reporting readability, Bog Index

thatis developed according to plain English attributes that are suggested by SEC. The equation

of the Bog Index is the following:

Bog Index = Sentence Bog + Word Bog — Pep (3)

Style problems+Heavy words+Abbreviations+Specialist*250
Word Bog = (Stylep 4 P ), (4)
Number of words

Average Sentence length)?
Sentence Bog =§ g gth) (5)

Long Sentence Limit

(Names+Interest words+Conversational)*25

Finally, Pep =
Y, Fep Number of Words

+ Sentence Variety (6)

Some of these attributes are hidden verbs, the use of passive voice, and the length of the
sentence. Researchers also use complementary plain English attributes such as number of
words and jargon. Bonsall et al. (2017) find that plain English attributes are more accurate
measures of readability attributes of financial reports as stated by SEC. Finally, El-Haj et al.

(2020) suggest that the most widely used computational linguistics method among

researchers is the word count.

Figure 1: Distribution of papers by computational linguistics method
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Source: El-Haj et al. (2020).
2.5 Programming languages for textual analysis of sentiment
Loughran and McDonald (2016) present various programming languages that are
necessary for analyzing financial and accounting disclosures. The choice of programming
language is partially subjective and it depends on the preferences of the researcher. However,
there are some programming languages that are extensively used and among them is Python.
Statistical programs such as STATA, R, and SPSS can also process financial and accounting
narratives. Loughran and McDonald (2016) discourage researchers from creating their own
code, as it is possible to produce inaccurate results that are really hard to replicate. On the
other hand, they state that researchers must be cautious with programs that are too general,
and they do not apply successfully in business context. It is more preferable to use a software

that is widely used by researchers of the field.

3 Attributes of textual information in finance and accounting
In this section, we present the trends of characteristics of textual information of financial

and accounting disclosures over the years according to established literature in the field.
Dyer et al. (2017) find that the increase in length of the disclosures is due to requirements
of SEC and FASB by using Latent Dirichlet Allocation (LDA) to study certain topics in 10-K filings.
There are three predominant topics that cause this increase: risk factor, internal controls, and
fair value disclosures. Taking into account that the rest of the topics have remained stable
over the examined period, the increase of length is probably caused by these three specific
topics that are required to be presented thoroughly in 10-K filings. These topics also have a
serious impact on trends of textual features. They examine the period 1996-2013 and they
conclude that length, boilerplate language, and redundancy have increased while readability

and hard information have been reduced.

Figure 2: Trends in textual attributes over time
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Panel C. 10-K Boilerplate Words Panel D. 10-K Sticky Words
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Figure 2 presents the evolution of textual attributes such as length of disclosure,
boilerplate, hard information, and readability. The figure clearly illustrates an increase in
complexity (Fog index), length, redundancy, boilerplate, and sticky words while there is a
decrease in hard information that is contained in 10-Ks and specificity. The next figure
presents the median disclosure of various topics as they are formed over the years. It is
obvious that compliance with SEC and accounting standards is the topic that is more revealed
in annual reports followed by industry-specific disclosure and performance, revenues, and

customers.



Figure 3: Median Disclosure Loading by Topic Category
Panel B. Median Disclosure Loading By Topic Category
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In figure 4 Dyer et al. (2017) indicate how the three predominant topics (risk factors,
internal control, and fair value/impairment disclosures) affect a variety of textual
characteristics over time. They find that textual complexity, redundancy, and boilerplate are
highly affected by disclosures of internal controls and specificity, sticky words, and hard

information from disclosures of risk factors.

Figure 4: Contribution of the Top 3 Topics to Textual Attributes Over Time
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Panel C. Sticky Words Panel D. Specificity
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Furthermore, concerning the information sources, figure 5 indicates that the majority of
papers in finance and accounting extract data from 10-Ks, annual reports, and 10-Qs. Less
popular sources are earnings announcements, conference calls, and media. Finally, figure 6

suggests that most papers use tone/sentiment when analyzing text.

Figure 1: Distribution of papers by text source

Other

8-K

Footnotes

Management forecasts

IPO prospectus

Proxy statement/CD&A/remueration report
Litigation/lawsuits

Speeches

Accounting standards
Crowdsourcing

Social Media/message boards/blogs
Media

Text source

Analyst reports
Conference calls
Chair/CEO letter

Press releases
Earnings announcement
10-K/annual report/10-Q

10 20 30 40 50 60 70 80
Number of papers

o

m US data m Non-US data

10



Source: El-Haj et al. (2020).

Figure 2: Distribution of papers using keyword counts by text construct
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4 Textual analysis of sentiment in finance
The last decades, researchers in finance apply extensively textual analysis methods to

capture the sentiment of the reports. In specific, Hajek (2018) examines the predictability of
annual reports of U.S. firms on abnormal stock returns by using both textual analysis of
sentiment and bag-of-words techniques. To implement textual analysis he uses two widely
accepted dictionaries: Diction 7.0 and Loughran and McDonald dictionary (Loughran &
McDonald, 2011). Textual characteristics are associated with financial indices and neural
network to make accurate predictions for abnormal stock returns. In this paper, Gunning Fog
Index is also used to examine the readability of annual reports. Latent Semantic Analysis (LSA)
alone and Latent Semantic Analysis combined with cosine similarity are used by the researcher
to reduce the dimensions of the documents. He finds that the combination of textual analysis
of sentiment and machine learning approach provides accurate predictions about market
reaction on annual reports.

Balakrishnan et al. (2010) also examine narrative disclosures in 10-K and 10-K405 filings to
find if they actually have a predictive ability on stock returns. They find that narrative
disclosures and performance indices can provide adequate information for performance
prediction. When a firm creates a portfolio based on predictions it achieves important positive
returns. Text classification method used by Balakrishnan et al. (2010) can detect information
thatis not revealed by document - level characteristics of tone, clarity, and risk sentiment such
as Fog Index, optimistic-pessimistic tone, and risk sentiment examined in prior literature.
Narrative disclosures do not provide additional information to variables that are traditionally

used for predictions such as market-to-book ratio, momentum, and size of the firm. However,
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they have an impact on investors and in specific, in the way they use price momentum to
predict excess returns. The researchers use a text classification method that is based on word
extraction from the text, and they develop an algorithmic approach to predict firms’ returns.
Then, these words are used in predictive models as attributes. A very interesting finding of
this paper is that firms with similar quantitative measures such as book-to-market ratio and
size have differences in their textual disclosures.

Lee et al. (2014) examine textual disclosures of 8-K documents and they find that
information included in 8-K filings has a predictive ability on firm’s stock price changes. Textual
information increases accuracy by more than 10%. The impact is stronger for the short-term
period. Thus, predictions that are based on textual disclosures are more accurate the next day
of the financial event. However, the persistence of the impact lasts five days after the
announcement of the financial event (Lee et al., 2014).

Furthermore, they find that a model that incorporates textual information performs much
better and provides more accurate predictions about stock price changes than a model that
includes only financial information. 8-K documents are released when firms face an important
financial event such as a bankruptcy, so they provide an insight of various events that have a
strong impact on firm’s performance. Lee et al. (2014) suggest the construction of a
forecasting model that will combine financial and textual information from 8-K documents,
and it will provide accurate results for stock prices’ movements around a financial event.

Chen et al. (2018) extract sentiment from NASDAQ news articles and they use machine
learning techniques to examine the predictability of trading-hour sentiment in equity markets
and single-stock option markets. The examined features of single-stocks options are “implied
volatility skew, out-of-the-money prices, and implied volatility.” They find that
contemporaneous sentiment has an impact on single-stock options. In addition, textual
sentiment provides incremental information about future stock returns. They state that
overnight news are more informative than trading-time news. Overnight news include
information that is collected the previous night while trading-time news contain information
of the last trading time. Sentiment disagreement results to a strong positive risk premium
(Chen et al., 2018).

Feldman et al. (2010) examine the information content of MD&A section in 10-Q and 10-K
filings. They classify words into positive and negative categories to examine manager’s tone
change in comparison with tone in prior reports. They find that tone change affects both
short-window excess stock returns, as well as excess stock returns for longer periods. Their

findings also indicate association of manager’s tone change and instant reaction of market.
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Furthermore, they associate optimism and pessimism of MD&A section with predictability of
future stock returns. MD&A section provides information beyond accruals and earnings
surprises. Moreover, MD&A narratives are more informative for firms that do not have strong
information environment, because of their small size and the low number of analysts following
them. Finally, tone change has not an important impact on firms with positive earnings
surprises and negative accruals.

Moreover, Buehlmaier and Whited (2018) imply textual analysis in annual financial reports
of firms to examine the impact of financial constraints on stock returns. The methodology of
textual analysis detects financial constraints when there is a clear reference in financial
reports. They indicate that Naive Bayes method is the most appropriate for analyzing the text
of annual reports. The content of MD&A section is examined to detect financial constraints.
They use access to external financial markets, debt markets, and equity markets to estimate
financial constraints and afterwards they examine theirimpact on stock market. They find that
financial constraints are positively associated with stock returns. They indicate that investors
demand higher returns for firms that are financially constrained. The results tend to be
stronger for debt constraints. Liquid stocks of larger firms tend to return higher earnings to
investors, as they have higher risk premium, when their trading strategies are based on
financial constraints.

Accounting information contained in financial news is strongly associated with market
reaction that is reflected in stock prices (Boudoukh et al., 2013). In this research work, news
are examined by tone and by type. Researchers use both a dictionary approach to extract the
sentiment of the documents and an analysis of phrase-level trends to extract the tone of the
documents. They also use machine learning techniques to automatically classify articles into
topics. Stock price volatility is examined on days with no-news, with unidentified news, and
identified news. According to the results, days with identified news have an important impact
on stock prices’ volatility. In these days, there is also high possibility of extreme returns.
Finally, tone of daily news is positively correlated with daily stock returns (Boudoukh et al.,
2013).

Furthermore, Kravet and Muslu (2013) examine the impact of changes in textual risk
disclosures of companies in their 10-K documents on stock market reactions and analyst
behavior. There is a positive relationship between annual increases in risk disclosures and
increases in trading volume and stock return volatility around corporate filings. Analysts issue
more dispersed earnings forecasts and forecast revisions after 10-Ks when risk disclosures are

increased. They find that the perceptions of investors about company’s risk are associated
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positively with textual risk disclosures. Risk perceptions are estimated by trading volume,
stock return volatility, and analysts’ forecasts. Risk disclosures that provide a huge amount of
negative information have not very strong results because it is deemed that managers reveal
a lot of negative information to escape the litigation risk. Additionally, disclosures in a firm-
level that are different from other firms in the same industry have not so strong results as
well. In other words, idiosyncratic firm-specific disclosures are not so useful for report users.

In textual risk disclosures reports’ users have information about the range of future
operations rather than the level (Kravet & Muslu, 2013). In their paper, they count the number
of risk sentences in the document to measure risk disclosures. They examine the impact of
changes inrisk disclosures on analyst behavior and investors decisions two months before and

after the filings.

Figure 7: Change in number of corporate risk sentences by year
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Risk disclosures also affect changes in volatility of negative daily returns and volume of
filings. The results are economically significant relative to the total information presented in
firm’s documents. Thus, risk disclosures contain incremental information (Kravet & Muslu,
2013).

Figure 7 presents the mean and median change in sentences that contain risk information
annually. Information is extracted by 10-K filings of firms from years 1994 to 2007.

Additionally, there is a positive association between risk factor information and pre-
disclosure measures that estimate risk. Taking into account the various types of risk
(systematic, idiosyncratic, financial etc.) this association is different depending on the type of
risk. Stock prices reflect information that is revealed in the risk factor section. The disclosure
of unexpected risk has a positive relation with stock market reaction, measured by beta and

stock return volatility (Cambell et al., 2014). The unexpected risk factor has also a negative
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impact on information asymmetry that is measured by bid-ask-spread. This indicates that
information about risk factors of the firms reduces information asymmetry between
managers and shareholders. It has also a negative impact on abnormal returns around the
release of 10-Ks. In addition, they indicate that risk factor disclosures are very informative,
and investors use this information when evaluating firm’s value.

Furthermore, 10-K reports of firms have to include a “risk factor” section since 2005. This
section must describe to investors and shareholders factors that increase the risk that
company faces. Cambell et al. (2014) examine the usefulness of this 10-K section. They find
that firms that are more risky include a greater number of risk factors in this section.
Additionally, the portion of details that are provided about risks depend on the type of risk
that the firm is facing. A very important finding of their research is that information
asymmetry, value of firm, systematic risk, and idiosyncratic risk are affected by the
information included in the “risk factor” section. The results of this research work hold even
after controlling for various parameters that have an impact on the above-mentioned
variables such as size, growth, market risk, and changes in analysts’ opinions about future cash
flows of the firm. Latent Dirichlet Allocation is used in the software that is developed especially
for this study to find words that are constantly present in risk factor sections of firms.
Moreover, they use three different categories of risk to classify keywords: tax risk, financial
risk, and litigation risk.

Kothari et al. (2009), use content analysis to examine the impact of disclosures by
managers, analysts, and press on three risk measures: volatility of stock returns, cost of
capital, and analyst forecast dispersion.

They find that positive information provided by managers, analysts, and business press
reduces these risk factors. Negative information has the opposite effect. Finally, they analyze
the effect by source, and they find that the most credible disclosures are those of press as
they have the greatest impact on risk variables in comparison with management and analysts’
disclosures.

Risk of stock price crash tend to be higher for firms that their 10-K reports are more
complex and harder to comprehend (Kim et al., 2019). Annual reports that are less readable
are possible to include negative information that management tries to hide from investors.
This hidden negative information leads to stock price crash that is accompanied with extreme
losses. 10-Ks complexity has a greater impact on stock price risk when information about
earnings is consistently negative or temporarily positive, when managers have greater equity

option incentives, and when the risk of lawsuits is lower. Risk of stock price crash is positively
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associated with manipulation of accruals, in case that the reports are less readable. Kim et al.
(2019) use the modified Fog Index to estimate the complexity of language in annual reports.

Particularly, they transform the equation of Fog Index, by re-defining complex words:

Fog = (words per sentence + percentage of complex words) x 0.4 (7)

Traditionally, complex words are deemed to be these words that have more than three
syllables. However, Kim et al. (2019) omit multisyllabic words that are understandable in
business context.

Moreover, larger 10-K filings including greater amount of uncertain and weak modal words
lead to a greater possibility of stock price crash in the future (Ertugrul et al.,, 2017).
Researchers find a positive association between managerial information hoarding and
readability and tone ambiguity of public corporate documents. Managers that issue less
readable financial reports are perceived to hide negative information. Furthermore,
unfavorable disclosures are gathered gradually and after a tipping point, they are revealed.
Thus, firms with less readable reports have higher stock price crash risk. Shareholders of firms
with more complex and fuzzy annual reports are burdened with higher cost of financing from
external sources, apart from less transparent disclosures. Firms with ambiguous tone in their
financial reports are considered that contain high-information risk and that is priced by
creditors (Ertugrul et al., 2017). Researchers use as a readability measure the size of 10-K
filings.

Li and Zhao (2015) also examine the complexity of annual reports by using as a complexity
measure financial reports’ size. Their survey sheds light to the association between complexity
of 10-Ks and uncertainty that is reflected in volatility. They find that volatility dynamics is
hump shaped. The first two to four weeks after the issue of financial reports volatility
increases by a small percentage. The following six weeks is reduced significantly. Corporates
with larger annual reports tend to incur this phenomenon in a greater extent. This indicates
that information complexity results to higher uncertainty in the short-term but in the long-
term investors comprehend the content of complex financial reports and uncertainty
vanishes. By using bid-ask spread and Amihud’s illiquidity measure, the researchers estimate
information asymmetry and state that firms with more complex financial disclosures
experience larger decreases in information asymmetry in the long horizon (Li & Zhao, 2015).

Bushee et al. (2018) examine the two components of linguistic complexity: obfuscation
and information that both have diverse effects on information asymmetry. They examine

earnings conference calls of companies by quarter and the information asymmetry that

16



follows the call.

There is a negative relationship between information factor of linguistic complexity and
information asymmetry and a positive relationship between obfuscation factor and
information asymmetry. Thus, they suggest that linguistic complexity must be divided in two
components (information and obfuscation) to better examine its impact on information
asymmetry.

This method of the examination of two different components of linguistic complexity of
earnings conference calls provides greater details about firms that report losses, and
therefore, not all loss firms disclose complex earnings conference calls with the intention to
obfuscate information.

Finally, Huang, H.A. et al. (2014) find that textual disclosures of analyst reports provide
investors with incremental information beyond information included in earnings forecasts,
target prices, and stock recommendations. Text of analyst reports is a useful tool for investors
asit helps them digest the informationincluded in sources mentioned above. Analysts’ reports
have a stronger impact on investors’ decisions when they include unfavorable disclosures.
Investors’ reaction to negative quantitative measures is stronger when the text of analysts’
reports is more negative.

The same holds for positive quantitative measures and more positive textual disclosures
of analysts. Additionally, analysts’ reports are more important when they provide details for
non-financial topics and when the structure is more accurate and concise (Huang, H.A. et al.,
2014). Analysts’ reports have predictive ability and can shed light to earnings growth for a
period of five years after the release of the report. The researchers use a Naive Bayes

approach to analyze the large corpus of analysts’ reports.

5 Textual analysis of sentiment in accounting
In this section, we present numerous empirical studies which utilize textual and financial

analysis on accounting disclosures. The analysis of information content of accounting
disclosures is an emerging field in the accounting research and therefore, many studies in the
recent years attempt to examine it.

Previous research in the field indicates that the Management Discussion and Analysis
section included in 10-K and 10-Q filings of firms can be very informative when we analyze the
forward-looking statements (FLS) (Li, 2010). In his paper, Li uses a Naive Bayes algorithm to
process qualitative information. By using this statistical approach of content analysis, he

classifies the tone and the content of FLS. Particularly, he classifies sentences in four different
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tone categories: negative, positive, uncertain, and neutral. TONE equals 1, if the sentence is
predicted to be positive, 0 if it is predicted to be neutral, and -1 if it is predicted to be uncertain
or negative. Naive Bayes predicts the average tone of all the FLS in a 10-K or a 10-Q filing for
each company i in a quarter j and that is the MD&A tone of its filing.

He concludes that companies with “better current performance, lower accruals, smaller
size, lower market-to-book ratio, less return volatility, lower MD&A Fog index, and longer
history” have forward-looking statements with positive content. Furthermore, this research
work sheds light to the association between the content of FLS and future earnings and
liquidity of the company. FLS tone can provide additional information about company’s future
performance. Specifically, he finds that the average tone of FLS is positively correlated with
future earnings of the company, even when control variables of future performance are used.
Moreover, the tone of Management Discussion and Analysis section plays a critical role in
accrual anomaly. When the content of Management Discussion and Analysis section is
informative about the future impact of accruals on firms’ earnings, future returns are not
affected by accruals, accruals mispricing is reduced, and market operates more efficiently. In
addition, he uses dictionaries as a complementary method of content analysis, and he
suggests that they cannot successfully predict future earnings of firms. He uses Diction,
General Inquirer, Linguistic Inquiry, and the Word Count and he indicates that these
dictionaries are not suitable for analyzing business documents.

Davis and Tama-Sweet (2012) examine textual content of earnings press releases and they
compare it with the content of Management Discussion & Analysis Section. They study the
differences of managers’ use of language when they describe firm performance in earnings
press releases and Management Discussion & Analysis Section. Reaction of market is stronger
for textual disclosures of earnings press releases in comparison with MD&A in annual reports.
In earnings press releases there are less pessimistic statements than in MD&A section of SEC
filings. They develop a measure of total ratio of pessimistic words in earnings press releases
relative to pessimistic words in MD&A section. This measure has a negative association with
“the intensity of managers’ strategic reporting incentives” (Davis & Tama-Sweet, 2012). There
is also a negative association between pessimistic words in MD&A and future performance of
the company, after controlling for pessimistic words in these disclosures. Thus, pessimistic
tone in MD&A section provides incremental information to earnings press release.

Earnings press releases are prior to MD&A and investors, analysts, and financial press are
strongly interested in them. Because of that, managers tend to disclose more optimistic

information in earnings press releases as they have greater impact on market participants.
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Moreover, earnings press releases contain less pessimistic language in case of high growth
firms and firms that exactly meet or just beat earnings benchmarks in the current quarter. The
same holds for firms that persistently meet or just beat analysts’ earnings forecasts.
Unfavorable disclosures in MD&A section have a predictive ability on firm’s future
performance (Davis & Tama-Sweet, 2012).

Allee and DeAngelis (2015) examine the role of tone dispersion to shed light to qualitative
disclosures and their association to voluntary disclosures of managers and the reaction of
information users to these disclosures. Tone dispersion shows the degree to which tone words
are spread evenly in the financial text. Tone dispersion, both positive and negative, is
correlated with current and future performance of the firm. Tone dispersion is also correlated
with decisions of managers about financial reporting and their actions and incentives to create
a favorable image for the firm (Allee & DeAngelis, 2015). They investigate market and analyst
reaction to the textual content of conference calls, and they find that manager’s narratives
have an impact on information that is received by investors and analysts. Information users
react negatively to more dispersed negative tone, while the opposite holds for positive tone.
Authors use the financial word list developed by Loughran and McDonald (2011) to capture
the positive and negative tone dispersion of conference calls.

Huang, X. et al. (2014) also investigate the tone of managers. However, they examine
earnings press releases and not annual reports because of their higher frequency. They test
the hypothesis that firms manage the tone of their disclosures, and they study the impact of
tone management on investors. Abnormal positive tone is higher for firms that exceed past
earnings or analysts’ forecasts’, for profitable firms, and for firms that are going to be merged
or acquired or they are going to issue a new equity. ABTONE hides unfavorable information
about fundamentals of a firm, and it is positively correlated with low future earnings and cash
flows in a one to three-years horizon. Manipulation of tone in earnings press releases
eventually provide unreliable information to investors, as managers tend to hide adverse
information about poor future performance of the firm.

Tetlock et al. (2008) indicate that qualitative information of articles can predict future
performance of corporates on firm-level. They use the fraction of negative words, and they
find that negative corporate information in financial news is a signal of negative future
earnings. Negative information about firms’ fundamentals in news can provide more accurate
estimations about future earnings in comparison with other types of financial information.

Furthermore, Lang and Stice-Lawrence (2015) use a large sample of 15,000 non-U.S.

companies from 42 different countries and they examine the complexity, the length of
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disclosures of these firms, the existence of boilerplate, and the extend that the reports of non-
U.S. firms are comparable with those of U.S. firms. Comparability is estimated by using the
cosine similarity method and complexity is examined by using the Fog Index. Textual features
of annual reports are associated with the number of analysts following the firm, liquidity, and
institutional ownership (Lang & Stice-Lawrence, 2015). Specifically, companies with greater
liquidity, higher institutional ownership, and more analysts that follow them have more
comparable and larger reports. These firms’ reports contain less repeatability. They also
indicate that the obligatory establishment of IFRS enhanced the quality of financial reporting
in sense that boilerplate declined and the length of disclosures and comparability among
reports of U.S. and non-U.S. firms increased. Companies that benefited after IFRS adoption in
terms of reporting quality achieved greater increases in their liquidity, analyst following, and
institutional ownership. Lang and Stice-Lawrence (2015) shed light to the change of topics
discussed in financial reports after mandatory IFRS adoption. They also implement the natural
language processing method of Latent Dirichlet Allocation (LDA), and they find that IFRS
adoption caused the increase of information about “financial instruments and derivatives”,
“executive compensation”, and “employee stock options.” Quality of disclosures increases
when firms’ auditing is stronger, for example when a firm is audited by a Big 5 audit firm.

In addition, empirical evidence states that Financial Reporting Complexity (FRC) has a
positive association with accounting expertise of board of directors and auditors in firms
(Chychyla et al., 2019). The unfavorable results of reporting that are produced by FRC are
reduced with the contribution of accounting experts. The researchers consider as unfavorable
results that are mitigated because of accounting expertise: the “internal control weakness”
and “SEC comment letters.” They measure Financial Reporting Complexity by examining
accounting standards. In specific, they develop a measure of complexity that is based on the
length of accounting standards that are associated with each item of 10-K filings. This
approach estimates the effort that is put on the preparation of annual reports based on the
length of accounting standards, rather than the effort of the readers to understand them.

Moreover, firms with financial constraints adopt tax planning strategies that are rather
aggressive (Law & Mills, 2015). Firms with more negative words, are financially constrained
and they have higher unrecognized tax benefit balances, thus they follow more aggressive tax
strategies. A measure for financial constraint is the amount of negative words in financial
reports. In their research, Law and Mills (2015), indicate that financially constrained firms
imply more aggressive tax strategies, and this can be detected by a) current and future

effective tax rates that are lower both in the short-term and in the long-term, b) higher current
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and future tax benefits that have not been recognized, c) Internal Revenue Service suggesting
greater amount of audit adjustments and, finally d) material operations are associated with
the use of tax havens. The researchers also examine the tendency of firms to avoid their tax
responsibilities as a result of an exogenous shock. That is the closure of local banks which is
an external source that has an impact on financial constraints of firms. Qualitative disclosures
can provide incremental information beyond the analysis of accounting numbers and are a
very useful approach to examine and predict tax-aggressive behavior of firms (Law & Mills,
2015).

Bodnaruk et al. (2015) also examined financial constraint firms by parsing text of annual
reports. Specifically, they create a lexicon based on words related to constraint. They find that
widely used accounting measures of constraint have a little association with this lexicon. This
lexicon, that detects the frequency of constraining words in a 10-K text, performs better than
accounting measures and it has greater predictability on firm’s liquidity events. “Dividend
omissions or increases, equity recycling, underfunded pensions” are better predicted by this
lexicon approach. Bodnaruk et al. (2015) include 184 constraining words in their list, and they
analyze the entire 10-K file to detect constraining words.

In addition, Smugereski (2019) examines the association between linguistic style that
managers use in their disclosures and firm’s policies. Specifically, he examines earnings
conference calls and the sentiment expressed by managers. Temperament of managers has
an impact on firm’s policies. Higher debt to equity ratios are observed in firms with more
aggressive managers. Moreover, managers with more aggressive linguistic style prefer
financing that is deemed riskier. He uses a Python program to extract sentiment and create
word counts. In this survey, sentiment word counts in the master dictionary file are based on
Loughran and McDonald dictionary (Loughran & McDonald, 2011). Harvard General Inquirer
word list is also used because of its application in the field of psychology. Smugereski (2019)
wants to capture the personality of CEQ’s because of that he uses this word list. In specific, he
focuses on hostile word list to find if the personality of the CEO is actually aggressive.

Complex financial information has a negative impact on information environment of the
firm (Guay et al., 2016). Managers may use voluntary disclosure to decrease the negative
effect of complex information. There is a positive association between financial statement
complexity and voluntary disclosure. A stronger impact is observed when companies have
outside monitoring and when liquidity decreases around the filing of financial statements.
External monitoring is measured by the number of analysts that follow the firm. However, the

relationship is not that strong for companies that underperform and have a higher level of
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earnings management (Guay et al., 2016). Firms that adopted more complex disclosures
because of the accounting standards disclose voluntarily more information. Furthermore,
complexity that arises from the intentional choice of managers to hide adverse information is
expected to have no relation with voluntary disclosure. Complex information that arises from
the adoption of accounting standards (such as SFAS 133 and SFAS 157) or multiple segments

of business is expected to be associated positively with voluntary disclosure.

Figure 8: The relation between financial statement complexity and
voluntary disclosure

Business

Complexity
Financial Voluntary
Statement |————» ngcl{}suz:
Complexity

Reporting

Complexity

Source: Guay et al. (2016).

Guay et al. (2016) estimate complexity of financial statements by using readability and
length of 10-Ks. Voluntary disclosures are estimated by the frequency of manager’s forecasts
one year after the filing of the 10-K. They find that the complexity of a 10-K has a greater

association with voluntary disclosure after 10-K filing than before the 10-K filing.

6 Recent research and future opportunities
Recently, researchers have employed artificial intelligence techniques to detect the

sentiment of the text (Kusal et al., 2021). The evolution of artificial intelligence has a significant
impact on the preparation of financial and accounting disclosures. In specific, Al affects the
decision of managers to make disclosures that are easier to be processed and to use tone and
content that is positively interpreted by algorithms. Moreover, this pattern is more intense
for firms that either may increase their benefits (obtain external financing) or decrease their
expenses (reduce legal risk) by managing the sentiment of their disclosures (Cao et al., 2023).

In addition, recent research implements artificial intelligence techniques for textual analysis
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to interpret the information content of text (Hong et al., 2022). Furthermore, Kusal et al.
(2021) state that artificial intelligence is used to detect the sentiment of text by combining
computations and linguistics methods.

Teoh (2018) examines new, innovative datasets that can be used in research such as
Google Trends data and social network and social media data from Twitter and LinkedIn.
These datasets provide many potential possibilities to researchers but also include several
challenges. Textual data from corporate documents can be used as auditing tools to detect
low quality of financial reporting to prevent earnings management.

New datasets may shed light to investors’ response to financial and accounting
information and to the decisions of managers to reveal or hide information from capital
markets. A very important advantage of the use of new datasets in finance and accounting
research and especially textual information is that it can solve econometric problems like
causality (Teoh, 2018).

El-Haj et al. (2020) state that finance and accounting research do not use extensively
computer linguistic methods in comparison with other fields of research. Furthermore,
sentiment extraction from words is partially examined in finance and accounting research.
Practical relevance is also limited because of issues in structure (El-Haj et al., 2020). Computer
linguistics techniques are supplementary tools to financial analysis. They suggest four tools of
computational linguistics that should be used extensively in future research: “entity

recognition (NER), summarization, semantics, and corpus linguistics” (El-Haj et al., 2020).

7 Conclusion and discussion
In this paper, we have examined the literature in the field of textual analysis of sentiment

in finance and accounting. We attempt to shed light on four key areas of the research:
methodologies for measuring textual sentiment in finance and accounting, characteristics of
textual information of financial and accounting disclosures and their evolution over the years,
textual analysis of sentiment in finance research as well as in accounting research.

Regarding the methodologies of textual analysis of financial and accounting information,
we find that dictionaries that use word lists to capture the sentiment of the documents is a
very widely used method in the field. Loughran and McDonald dictionary (Loughran &
McDonald, 2011) is a very popular dictionary and is also created especially for the analysis of
sentiment of business documents. Furthermore, prior literature suggests that machine
learning methods can be implemented for textual analysis such as Neural Network, Support

Vector Machine, Naive Bayes, and semantic analysis (Guo et al., 2016). Moreover, when a
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researcher intents to examine specific topics from financial or accounting disclosures he could
use Latent Dirichlet Allocation (LDA) to study certain topics in 10-K filings (Dyer et al., 2017).
In addition, cosine similarity is a methodology that can be implemented to reveal similarity of
disclosures (Loughran & McDonald, 2016). For measuring the complexity of the financial and
accounting disclosures established research indicates various techniques such as: the size of
the report, the number of words, Fog Index, Flesch-Kincaid Index, and Bog Index (Loughran &
McDonald, 2016; Bonsall et al., 2017). Concerning the programming languages that can be
used, researchers focus mainly in Python programming language (Loughran & McDonald,
2016).

Furthermore, we have reviewed the literature focusing on attributes of textual
information of financial and accounting disclosures and we have discovered that length,
boilerplate language, and redundancy of business documents have increased while readability
and hard information have decreased (Dyer et al., 2017). Moreover, annual disclosures focus
more on compliance with SEC and accounting standards (Dyer et al., 2017). Regarding the
information sources, we find that the majority of researchers use data from 10-Ks, annual
reports, and 10-Qs, while textual analysis focus on the tone/sentiment of disclosures (El-Haj
et al., 2020).

In addition, literature review of textual analysis in finance reveals that textual sentiment
of disclosures has potentially strong impacts on predictions concerning market reaction on
annual reports (Hajek, 2018), stock price changes (Lee et al., 2014), single-stock options, and
future stock returns (Chen et al., 2018; Feldman et al., 2010). Furthermore, textual
information is significantly associated with stock returns (Buehlmaier & Whited, 2018) and
stock prices (Boudoukh et al., 2013). Prior research in textual analysis in finance indicates that
textual risk disclosures have an impact on trading volume and stock return volatility (Kravet &
Muslu, 2013), stock market reaction, abnormal returns, systematic risk, and idiosyncratic risk
(Cambell et al., 2014). Moreover, textual information has a statistically significant relation
with volatility of stock returns, cost of capital, and analyst forecast dispersion (Kothari et al.,
2009). Prior research reveals that the complexity of textual information has a strong
correlation with stock price crash (Kim et al., 2019; Ertugrul et al., 2017), volatility (Li & Zhao,
2015), and information asymmetry (Bushee et al., 2018).

Literature review of textual analysis in accounting indicates that textual sentiment is
significantly associated with future liquidity (Li, 2010; Lang & Stice-Lawrence, 2015) and
earnings/performance (Li, 2010; Davis & Tama-Sweet, 2012; Allee & DeAngelis, 2015; Huang,

X. et al., 2014; Tetlock et al., 2008). Furthermore, prior research associates complexity of
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accounting information with accounting expertise of board of directors and auditors
(Chychyla et al., 2019) and voluntary disclosures of managers (Guay et al., 2016). In addition,
textual sentiment is strongly correlated with financial constraints of firms (Law & Mills, 2015;
Bodnaruk et al., 2015). Finally, sentiment expressed by managers has a significant impact on
firm’s financing policies (Smugereski, 2019).

In conclusion, we identify the following areas for future research. First, textual analysis of
the sentiment of financial and accounting information could be enhanced by implementing
artificial intelligence techniques. The evolution of artificial intelligence provides plenty of
opportunities for textual analysis in the field. Second, there is a variety of new, innovative
datasets that researchers could explore such as Google Trends data and social network and
social media data from Twitter and LinkedIn. Finally, computer linguistics techniques could be

utilized more systematically to increase the efficiency of financial analysis.
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