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A B S T R A C T

The application of Data Science techniques, specifically Natural Language Process-
ing (NLP) and Machine Learning, in financial markets is of immense interest to in-
vestors, as these techniques can have a potential economic impact. In particular, stock
markets represent an opportunity that has been exploited in several ways, such as us-
ing market opinions (e.g., news, blogs) to predict the direction of price movement or
even volatility.

This study analyses the 10-K documents of the S&P 100 index for 10 years (2008-
2017), which contains the 102 largest companies in the United States of America. The
10-K is an annual financial report required by the United States Securities and Ex-
change Commission (SEC), which describes the financial performance of a company.
Recent research suggests that the readability of a company’s 10-K text document may
influence its future financial performance, since the way the market perceives textual
information also depends on the readability of that text. In this sense, this work aims
to understand the relationship between 48 readability metrics applied to these reports
and the corresponding future financial performance of these companies. A clustering
approach was applied over these readability metrics, aiming to identify distinct and
valuable readability clusters. As an external evaluation, we assessed the information
value of the clusters by analyzing 3 future crash risk metrics, that are often used to
assess the companies’ financial performance.

Keywords: Data Science; Financial performance prediction; Natural Language Pro-
cessing; Readability evaluation; Stock markets.
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R E S U M O

A aplicação das técnicas de Ciência de Dados, especificamente Processamento de Lin-
guagem Natural e Machine Learning, nos mercados financeiros é de imenso interesse
para os investidores, uma vez que podem ter um potencial impacto económico. Em
particular, os mercados de ações representam uma oportunidade que tem sido explo-
rada de várias formas, como no uso de informações de mercado (por exemplo notı́cias,
blogs) para prever a direção do movimento dos preços ou mesmo o movimento da
volatilidade.

Este estudo analisa os documentos 10-K do ı́ndice S&P 100 durante 10 anos (2008-
2017), que contém as 102 maiores empresas dos Estados Unidos da América. O 10-K é
um relatório financeiro anual exigido pela Comissão de Valores Mobiliários dos Esta-
dos Unidos (SEC), que descreve o desempenho financeiro de uma empresa. Pesquisas
recentes sugerem que a legibilidade do documento de texto 10-K de uma empresa
pode influenciar o seu desempenho financeiro futuro, uma vez que a forma como o
mercado perceciona as informações textuais também depende da legibilidade desse
texto. Neste sentido, este trabalho visa compreender a relação entre 48 métricas de
legibilidade aplicadas a esses relatórios e o desempenho financeiro futuro correspon-
dente dessas empresas. Uma abordagem de agrupamento de dados foi aplicada nestas
métricas de legibilidade, com o objetivo de identificar grupos de legibilidade distintos
e relevantes. Com uma avaliação externa, avaliamos o valor das informações desses
grupos analisando três métricas de crash risk futuro, que são frequentemente usadas
para avaliar o desempenho financeiro das empresas.

Palavras-Chave: Avaliação da legibilidade; Ciência de Dados; Mercado de ações;
Previsão do desempenho financeiro; Processamento de Linguagem Natural.
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1

I N T R O D U C T I O N

1.1 context and motivation

The study by Gantz and Reinsel [2012] points out that from 2005 to 2020, the digital
universe will grow 300 times, from 130 exabytes to 40000 exabytes and the average
of data generated for every person in the world is about 5200 gigabytes, considering
man, woman, and child. From 2012 until 2020, the digital universe will double every
two years, representing 16 times more data in 2020 than in 2012. The reasons for this
growth of data are various, including the growth of the web and internet of things
and the massive use of information technologies, generating a huge amount of data,
giving rise to the new term known as Big Data. Under this context, Data Mining, using
the power of Machine Learning, has an enormous potential, allowing the extraction of
useful knowledge from raw data.

In particular, the Data Mining subarea, in which the raw material is the text, known
as Text Mining, is growing substantially. The evolution of Text Mining, and in particu-
lar in Natural Language Processing (NLP) can greatly impact business, since most of
the human information available is effectively text. Other areas impacted also include
management, economics and finance. Investors are particularly interested in how new
technologies can help them invest. There are already some methodologies that use
Text Mining and NLP in financial domains, for example, by using market news to
predict the direction of the price movement or even the volatility movement [Atkins
et al., 2018].

Thus, the application of NLP and Machine Learning in financial markets is of im-
mense interest to investors, and these technologies can have a economic impact. Recent
research, such argued by Li [2008], Lawrence [2013] and Yu and Miller [2010], points
to a possible relationship between how readable a financial report is and future finan-
cial results, which serves as the foundational motivation for this dissertation work:
to understand the relationship between the readability of financial reports and the
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companies’ future crash risk. Future crash risk metrics are often used to assess the
companies’ financial performance. Realizing the relationship between present busi-
ness components such as financial reporting readability, it is possible to build a crash
risk forecasting model using readability indicators.

1.2 objectives

As Li [2008], Lawrence [2013] and Yu and Miller [2010] research indicates, it is possible
that readability measures can reveal insights about the current and future financial
state of companies. These studies indicate, for example, that financial report texts can
reveal components as the information asymmetry, the phenomenon that occurs when
two or more economic agents hold different qualitative or quantitative information,
defined in microeconomics as market failure, as well as it can describe the uncertainty
of the information environment and the financial stress of companies.

In this particular study, annual financial reports (10-K) will be analysed, concluding
their readability from 48 different readability metrics (within our knowledge, there is
no other study that analyses such large amount of readability measures). Afterwards,
this work aims to evaluate the relationship of the readability of these reports and
the future crash risk, obtained from the three measures. Readability metrics measure
how readable the financial reports are and the future crash risk allows to evaluate the
future company’s performance. In this project, future crash risk is obtained from the
day following the publication of the financial report until the publication of the next
report (next year). This study is intended to contribute to the increase of knowledge
about the mentioned relationship. The following are the particular set of objectives
that should be achieved. Table 1 details the designed plan.

1. Business understanding: study the different readability and future crash risk
metrics by reviewing their literature.

2. Data preparation: Financial reports will be obtained from US companies using
the SEC EDGAR platform and financial information (used to calculate future
crash risk metrics) will be obtained from the Center for Research in Security
Prices (CRSP) databases and Professor K. French website [Kenneth, 2019].

3. Analyse all S&P 100 index companies, for 10 years.

4. Obtain 48 readability measures from this financial reports, analysing different
components of their text.
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5. Obtain future crash risk measures from the day after the financial report is pub-
lished until the day before the publication of the next financial report (in the next
year).

6. Analyse the relationship between readability measures and future crash risk mea-
sures of the same company for the same year (relate the readability of a report
to next year’s financial performance, starting the day after the financial report is
published).

The following is the plan to achieve the objectives of this work:

2019

1 2 3 4 5 6 7 8 9 10

Business Understanding

Data Understanding

Study and obtain readability measures

Study and obtain future crash risk measures

Evaluate the relationship/methodology

Writing of the dissertation project

Table 1: Objectives in a Gantt chart.

1.3 document organization

This document is organized in terms of the chapters:

1. Chapter 2: State of the art, which organizes and exposes the research found as
well as it is intended to explain all 48 readability measures and their components,
also showing their calculation formula, as seen in Section 2.2.4. It also refers and
explains future crash risk measures and how financial information is used in
their formulas. This section analyses recent research that demonstrates evidences
of how readability can be related to financial components.
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2. Chapter 3: Development. This phase goes thorough the development process, ex-
plaining the necessary steps to analyses the relationship between the readability
and future crash risk. It includes business understanding, data understanding,
data preparation as well as the finally analysis, to evaluate the relationship, in
terms of technical issues.

3. Chapter 4: Experiments, which is intended to evaluate the mentioned relation-
ship, making it possible to draw conclusions about the contribution of this project
in the financial and Data Science fields.

4. Chapter 5: Conclusions, which presents the main conclusions of the study and
the various directions for future work.



2

S TAT E O F T H E A RT

This chapter presents the main concepts approached in this work, also disclosing the
relevant works in this domain.

2.1 defining readability

There is no universal definition of readability [Loughran and McDonald, 2014]. Some
definitions focus solely on the style of writing, content, coherence and organization.
For example: Klare et al. [1963] mentions it is ”the ease of understanding or compre-
hension due to the style of writing”. This definition focuses the majority on the clarity,
transparency and accessibility of the text as well as the ease with which the readers
can understand the text. On the other hand, Mc Laughlin [1969] and DuBay [2004]
define readability as ”the degree to which a given class of people finds a reading at-
tractive and understandable” focusing on the public-target, insofar as readability takes
into account the characteristics of the readers and their limitations. Davison and Kan-
tor [1982] emphasize that ”background knowledge assumed in the reader” is more
important than ”trying to make a text fit a readability level defined by a formula”.

2.2 readability measures

A readability measure aims to probabilistically measure how readable a text is. It
allows to know the readability of a text and thus be aware of its complexity. This
section will cover dozens of redability measures, describing them and discussing how
they are calculated. In this project, a total of 48 readability measures were used to
increase the efficiency of the approach.

6



2.2. Readability measures 7

2.2.1 Word count and file size

Some measures are based on the notion of overwriting: when documents are writ-
ten with too much detail, using dispensable and superfluous words that makes the
document too long and consequently difficult to process and understand, influencing
readability [Bonsall IV et al., 2017]. Therefore, the use of attributes such as the number
of words in the document [You and Zhang, 2009] and the file size, (e.g., number of
megabytes) are examples of overwriting measures [Loughran and McDonald, 2014].
These measures may be inefficient because they capture other factors that do not affect
readability: using the file size may consider parts of the document that are indepen-
dent of financial information and that vary in all financial reports (e.g., pictures, bond
indentures, compensation, supplier/customer agreements) [Loughran and McDonald,
2014]. Furthermore, these measures will be associated with a lack of interpretation of
semantics, which impairs readability.

2.2.2 Fog Index

Gunning [1952] developed the Fog Index, considered by many researchers as a primary
measure of readability, since it has a good measure of difficult complexity text and is
easy to calculate and adaptable to the computational level through the Fog Index
formula. The Fog Index has 2 elements: the average sentence size and the percentage
of complex words (i.e., words with three or more syllables). The final measure will be
a sum of 2 elements multiplied by a scalar (0.4).

0.4
[

words
sentences + 100

(
complexWords

words

)]
(1)

Fog Index is a good sign of hard-to-read text but it has limitations: There are words
that have three or more syllables (definition for complex words), which are not really
difficult. For example, ”interesting” is not generally thought to be a difficult word,
although it has four syllables (then classified as a complex word). Also, a short word
can be difficult even if it is not used very often by most people, like the word “bilk”.
The frequency with which words are in normal use affects the readability of text [Seely,
2013].
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2.2.3 Bog Index

Bonsall IV et al. [2017], recognizing the limitations of the Fog Index, developed a
methodology capable of capturing the plain English attributes of disclosure, recom-
mended by linguistics experts and highlighted in the SEC’s Plain English Handbook
[SEC, 1998]. An example of attributes to capture would be a sentence that contains
”I made an application”, which has a readability mistake termed by linguistics as a
hidden verb, which should have been replaced by ”I applied”. Bog Index is computed
as the sum of three multifaceted components:

[
BogIndex = SentenceBog + WordBog− Pep

]
(2)

1. Sentence Bog identifies subjects related to sentence size, such as the average
sentence size, which is squared and scaled by a standard long sentence limit of
35 words per sentence.

2. Word Bog has 2 main subcomponents: (a) plain English style problems and (b)
word difficulty. The calculation of Word Bog is the sum of (a) plain English
style problems and (b) word difficulty multiplied by 250 and divided by the
number of words. The (a) plain English style problems is a combination of
issues highlighted in the SEC’s Plain English Handbook [SEC, 1998]: passive
verbs, hidden verbs, overwriting, legal terms, cliches, abstract words and wordy
phrases. The (b) word difficulty is calculated based on the difficulty for general
vocabulary (i.e., heavy words), abbreviations and specialist terms [Bonsall IV
et al., 2017].

3. Pep identifies writing attributes that facilitate understanding of texts by readers,
as interesting and easy words. Pep is calculated as the sum of this components
multiplied by 25 (Word Bog are multiplied by 250) and scaled by the number
of words in the document plus sentence variety (i.e., the standard deviation of
sentence length multiplied by ten and scaled by the average sentence length)
[Bonsall IV et al., 2017].

In contrast to the Fog Index, which considers a word with three or more syllables,
the Bog Index measures word difficulty using a proprietary list of over 200,000 words
based on familiarity and assesses penalties between zero and four points based on
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a combination of the word’s familiarity and precision (abstract words receive higher
scores).

2.2.4 All 48 readability measures used in this study

For this study, 48 readability measures were used, which analyze several components
of textual complexity. From Table 2 to Table 9, it is presented the 48 readability mea-
sures: a description about them, their calculation formula and the main bibliographic
reference for the measure. These measures are not uniform, i.e., some measures sug-
gest a higher readability when their values are higher, while others produce numbers
in the opposite direction, with higher values indicating more difficult texts. Thus,
we also present this information in the tables. Nevertheless, to facilitate the analysis
of the results, all measures were rescaled in an uniform fashion, assuring that larger
values are related with more readable documents. The rescaling was based on the
simpler symmetrical transformation, where only the measures that are lower for more
readable texts invert the signal. We adopted the following notation to define the read-
ability measures:

1. nw = number of words;

2. nc = number of characters;

3. nst = number of sentences;

4. nsy = number of syllables;

5. nw f = number of words matching the Dale-Chall List of 3000 ”familiar words”;

6. ASL = Average Sentence Length: number of words / number of sentences;

7. AWL = Average Word Length: number of characters / number of words;

8. AFW = Average Familiar Words: count of words matching the Dale-Chall list of
3000 ”familiar words” / number of all words; and

9. nwd = number of ”difficult” words not matching the Dale-Chall list of ”familiar”
words.
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Measure name Description More readable
when:

ARI Automated Readability Index [Smith and Senter,
1967].

0.5ASL + 4.71AWL− 21.34

Lower

ARI.Simple A simplified version of Smith and Senter [1967]
Automated Readability Index.

ASL + 9AWL

Lower

ARI.NRI Automated Readability Index [Smith and Sen-
ter, 1967] with revised parameters from the Navy
Readability Indexes.

0.4ASL + 6AWL− 27.4

Lower

Bormuth.MC Bormuth [1969] Mean Cloze Formula.

0.886593− 0.03640 ∗ AWL + 0.161911 ∗
AFW − 0.21401 ∗ ASL− 0.000577 ∗

ASL2 − 0.000005 ∗ ASL3

Higher

Bormuth.GP Bormuth [1969] Grade Placement score.

4.275 + 12.881M− 34.934M2 + 20.388M3 +
26.194CCS− 2.046CCS2 − 11.767CCS3 −
42.285(M ∗ CCS) + 97.620(M ∗ CCS)2 −

59.538(M ∗ CCS)2

where M is the Bormuth Mean Cloze Formula as
in ”Bormuth” above and CCS is the Cloze Crite-
rion Score [Bormuth, 1968].

Lower

Coleman Coleman [1971] Readability Formula 1.

1.29 ∗ (100 ∗ nwsy=1/nw)− 38.45

where nwsy=1 = the number of words with 1 syl-
lable

Higher

Coleman.C2 Coleman [1971] Readability Formula 2.

1.16 ∗ (100 ∗ nwsy=1/nw) + 1.48 ∗ (100 ∗
nst/nw)− 37.95

Higher

Table 2: All 48 readability measures used in this study - Part 1 of 8.
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Measure name Description More readable
when:

Coleman.Liau
.ECP

Coleman-Liau Estimated Cloze Percent (ECP)
[Coleman and Liau, 1975].

141.8401 − (0.214590 ∗ 100 ∗ AWL) +
(1.079812 ∗ nst ∗ 100/nw)

Higher

Coleman.Liau
.grade

Coleman-Liau Grade Level [Coleman and Liau,
1975].

−27.4004 ∗ Coleman.Liau.ECP/100 +
23.06395

Lower

Coleman.Liau
.short

Coleman-Liau Index [Coleman and Liau, 1975].

5.88 ∗ AWL + (0.296 ∗ nst/nw)− 15.8

Lower

Dale.Chall The New Dale-Chall Readability formula [Chall
and Dale, 1995].

64− (0.95 ∗ 100 ∗ nwd/nw)− (0.69 ∗ ASL)

Higher

Dale.Chall.old The original Dale-Chall Readability formula
[Dale and Chall, 1948].

0.1579 ∗ 100 ∗ nwd/nw + 0.0496 ∗
ASL[+3.6365]

The additional constant 3.6365 is only added if
(nwd/nw) > 0.05.

Lower

Dale.Chall.PSK The Powers-Sumner-Kearl Variation of the Dale
and Chall Readability formula [Powers et al.,
1958].

(0.1155 ∗ 100 ∗ nwd/nw) + (0.0596 ∗ ASL) +
3.2672

Lower

Danielson
.Bryan

Danielson and Bryan [1963] Readability Measure
1.

(1.0364 ∗ nc/nblank) + (0.0194 ∗ nc/nst) −
0.6059

where nblank = the number of blanks.

Lower

Table 3: All 48 readability measures used in this study - Part 2 of 8.
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Measure name Description More readable
when:

Danielson
.Bryan.2

Danielson and Bryan [1963] Readability Measure
2.

131.059 − (10.364 ∗ nc/nblank) + (0.0194 ∗
nc/nst)

where nblank = the number of blanks.

Higher

Dickes.Steiwer Dickes-Steiwer Index [Dickes and Steiwer, 1977].

235.95993 − (73.021 ∗ AWL) − (12.56438 ∗
ASL)− (50.03293 ∗ TTR)

where TTR is the Type-Token Ratio.

Higher

DRP Degrees of Reading Power Bormuth [1969].

(1− Bormuth.MC) ∗ 100

where Bormuth.MC refers to Bormuth [1969]
Mean Cloze Formula.

Lower

ELF Easy Listening Formula [Fang, 1966].

nwsy>=2/nst
.

where nwsy>=2 the number of words with 2 sylla-
bles or more.

Lower

Farr.Jenkins
.Paterson

Farr-Jenkins-Paterson’s Simplification of Flesch’s
Reading Ease Score [Farr et al., 1951].

−31.517 − (1.015 ∗ ASL) + (1.599 ∗
nwsy=1/nw)

where nwsy=1 = the number of one-syllable
words

Higher.

Flesch Flesch’s Reading Ease Score [Flesch, 1948].

206.835− (1.015 ∗ ASL)− (84.6 ∗ (nsy/nw))

Higher

Flesch.PSK The Powers-Sumner-Kearl’s Variation of Flesch
Reading Ease Score [Powers et al., 1958].

(0.0078 ∗ ASL) + (4.55 ∗ nsy/nw)− 2.2029

Lower

Table 4: All 48 readability measures used in this study - Part 3 of 8.
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Measure name Description More readable
when:

Flesch.Kincaid Flesch-Kincaid Readability Score [Kincaid et al.,
1975].

0.39 ∗ ASL + 11.8 ∗ (nsy/nw)− 15.59

Lower

FOG Gunning’s Fog Index [Gunning, 1952].

0.4 ∗ (ASL + 100 ∗ (nwsy>=3/nw)

where nwsy>=3 = the number of words with 3-
syllables or more. The scaling by 100 arises be-
cause the original Fog Index is based on just a
sample of 100 words).

Lower

FOG.PSK The Powers-Sumner-Kearl Variation of Gun-
ning’s Fog Index [Powers et al., 1958].

3.0680 ∗ (0.0877 ∗ ASL) + (0.0984 ∗ 100 ∗
(nwsy>=3/nw)

where nwsy>=3 = the number of words with 3-
syllables or more. The scaling by 100 arises be-
cause the original Fog Index is based on just a
sample of 100 words).

Lower

FOG.NRI The Navy’s Adaptation of Gunning’s Fog Index
[Kincaid et al., 1975].

(((nwsy<3 + 3 ∗ nwsy=3)/(100 ∗ nst/nw))−
3)/2

where nwsy<3 = the number of words with less
than 3 syllables and nwsy=3 = the number of 3-
syllable words. The scaling by 100 arises because
the original Fog Index is based on just a sample
of 100 words).

Lower

FORCAST FORCAST (Simplified Version of FORCAST.RGL)
[Caylor and Sticht, 1973].

20− (nwsy=1 ∗ 150)/(nw ∗ 10)

where nwsy=1 = the number of one-syllable
words. The scaling by 150 arises because the orig-
inal FORCAST index is based on just a sample of
150 words.

Lower

Table 5: All 48 readability measures used in this study - Part 4 of 8.
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Measure name Description More readable
when:

FORCAST.RGL FORCAST.RGL [Caylor and Sticht, 1973].

20.43− 0.11 ∗ (nwsy=1 ∗ 150)/(nw ∗ 10)

where nwsy=1 = the number of one-syllable
words. The scaling by 150 arises because the orig-
inal FORCAST index is based on just a sample of
150 words.

Lower

Fucks Fucks [1955] Stilcharakteristik (Style Characteris-
tic).

AWL ∗ ASL

Lower

Linsear.Write Linsear Write [Klare, 1974].

[(100− (100 ∗ nwsy<3/nw)) + (3 ∗ 100 ∗
nwsy>=3/nw)]/(100 ∗ nst/nw)

where nwsy<3 = the number of words with less
than 3 syllables, and nwsy>=3 = the number of
words with 3-syllables or more. The scaling by
100 arises because the original Linsear. Write
measure is based on just a sample of 100 words).

Lower

LIW Björnsson [1968] Läs barhets index.

ASL + (100 ∗ nwsy>=7/nw)

where nwsy>=7 = the number of words with 7-
syllables or more. The scaling by 100 arises be-
cause the Läsbarhetsindex index is based on just
a sample of 100 words).

Lower

nWS Neue Wiener Sachtextformeln 1 [Bamberger and
Vanecek, 1984].

(19.35 ∗ nwsy>=3/nw) + (0.1672 ∗ ASL) +
(12.97 ∗ nwchar>=6/nw)− (3.27 ∗

nwsy=1/nw)− 0.875

where nwsy>=3 = the number of words with 3 syl-
lables or more, nwchar>=6 = the number of words
with 6 characters or more, and nwsy=1 = the num-
ber of one-syllable words.

Lower

Table 6: All 48 readability measures used in this study - Part 5 of 8.



2.2. Readability measures 15

Measure name Description More readable
when:

nWS.2 Neue Wiener Sachtextformeln 2 [Bamberger and
Vanecek, 1984]

(20.07 ∗ nwsy>=3/nw) + (0.1682 ∗ ASL) +
(13.73 ∗ nwchar>=6/nw)− 2.779

where nwsy>=3 = the number of words with 3

syllables or more, and nwchar>=6 = the number of
words with 6 characters or more.

Lower

nWS.3 Neue Wiener Sachtextformeln 3 [Bamberger and
Vanecek, 1984]

(29.63 ∗ nwsy>=3/nw) + (0.1905 ∗ ASL)−
1.1144

where nwsy>=3 = the number of words with 3

syllables or more.

Lower

nWS.4 Neue Wiener Sachtextformeln 4 [Bamberger and
Vanecek, 1984]

(27.44 ∗ nwsy>=3/nw) + (0.2656 ∗ ASL)−
1.693

where nwsy>=3 = the number of words with 3

syllables or more.

Lower

RIX Anderson [1983] Readability Index.

nwsy>=7/nst

where nwsy>=7 = the number of words with 7-
syllables or more.

Lower

Scrabble Scrabble is a game that contains a dictionary to
give each letter a score, this score is used in this
measure.

Mean Scrabble letter values of all words

Scrabble values are for English.

Lower

Table 7: All 48 readability measures used in this study - Part 6 of 8.
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Measure name Description More readable
when:

SMOG Simple Measure of Gobbledygook (SMOG)
[Mc Laughlin, 1969].

1.043 ∗ sqrt(nwsy>=3 ∗ 30/nst) + 3.1291

where nwsy>=3 = the number of words with 3 syl-
lables or more. This measure is regression equa-
tion D in McLaughlin’s original paper.

Lower

SMOG.C SMOG (Regression Equation C) [Mc Laughlin,
1969].

0.9986 ∗ sqrt(nwsy>=3 ∗ (30/nst) + 5) +
2.8795

where nwsy>=3 = nwsy>=3 = the number of words
with 3 syllables or more. This measure is regres-
sion equation C in McLaughlin’s original paper.

Lower

SMOG.Simple Simplified Version of Mc Laughlin [1969] SMOG
Measure.

sqrt(nwsy>=3 ∗ 30/nst) + 3

Lower

SMOG.de Adaptation of Mc Laughlin [1969] SMOG Mea-
sure for German Texts.

sqrt(nwsy>=3 ∗ 30/nst)− 2

Lower

Spache Spache [1953] Readability Measure.

0.121 ∗ ASL + 0.082 ∗ nwnotinspache/nw) +
0.659

where nwnotinspache = number of unique words not
in the Spache word list.

Lower

Spache.old Spache [1953] Readability Measure (Old).

0.141 ∗ ASL + 0.086 ∗ (nwnotinspache/nw) +
0.839

where nwnotinspache = number of unique words not
in the Spache word list.

Lower

Table 8: All 48 readability measures used in this study - Part 7 of 8.
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Measure name Description More readable
when:

Strain Strain Index.

nwsy/(nst/3)/10

The scaling by 3 arises because the original Strain
index is based on just the first 3 sentences.

Lower

Traenkle.Bailer Tränkle and Bailer [1984] Readability Measure 1.

224.6814− (79.8304 ∗ AWL) + (12.24032 ∗
ASL)− (1.292857 ∗ 100 ∗ nprep/nw)

where nprep = the number of prepositions. The
scaling by 100 arises because the original Tränkle
& Bailer index is based on just a sample of 100

words.

Higher

Traenkle
.Bailer2

Tränkle and Bailer [1984] Readability Measure 2.

234.1063− 96.11069 ∗ AWL− 2.05444 ∗
100 ∗ (nprep/nw)− 1.02805 ∗ 100 ∗

(nconj/nw)

where nprep = the number of prepositions,
nconj = the number of conjunctions, The scal-
ing by 100 arises because the original Tränkle
& Bailer index is based on just a sample of 100

words).

Higher

Wheeler.Smith Wheeler and Smith [1954] Readability Measure.

ASL ∗ 10 ∗ (nwsy>=2/nw)

where nwsy>=2 = the number of words with 2

syllables or more.

Lower

meanSentence
Length

Average Sentence Length (ASL).

nw/nst

Lower

meanWord
Syllables

Average Word Syllables (AWL).

nsy/nw

Lower

Table 9: All 48 readability measures used in this study - Part 8 of 8.



2.3. Evidence from financial reports readability research in finance indicators 18

2.3 evidence from financial reports readability research in finance

indicators

The readability has assumed an increasing importance due to large number of studies
using it. Readability establishes a positive relationship with textual comprehension
and is precisely why it is relevant and an important tool in accessing financial reports.
Some of the instruments that have been used to measure readability are the Fog In-
dex, Bog Index and the word count, mentioned in Section 2.2. Using only these two
tools, Li [2008] to establishes a link between readability of 10-K (anual) reports and
earnings persistence. Companies with reports with a higher value of Fog Index (lower
readability) and with longer text have lower earnings, and companies with more read-
able reports have more persistent earnings. This suggests that business managers try
to hide the company’s predictable poor financial results when writing complex docu-
ments.
Lawrence [2013] finds that the retail investor’s propensity to invest increases in compa-
nies with clean and concise reports (measured by the Fog Index). Yu and Miller [2010]
show that companies with more readable documents (using the Fog Index as one of
their readability measures) have a more dynamic trading activity by small investors
than companies with more complex documents. You and Zhang [2009] found, using
word count as a measure of readability, that investors react slowly to company reports
that are more complex (as measured by word count). On the other hand, De Franco
et al. [2015] concluded that the higher the readability of the analyst report, the greater
the turnover reaction. Lehavy et al. [2011] in an attempt to relate 10-K report readabil-
ity to the dispersion and accuracy of financial analysts have come to the conclusion
that the number of analysts following the stock increases, the dispersion is larger and
there is a smaller accuracy of their earnings forecasts when the readability (measured
by the Fog Index) of the text is lower. According to the authors, the inherent costs
increase with less understandable 10-Ks reports as more analysts are needed to match
investor demand for information about the text. Therefore, financial reports with
higher Fog Index values result in an higher dispersion of analysts earnings forecast.
After analyzing this research, it is possible to conclude the perceptible relationship
established between readability (measured through several instruments) and the busi-
ness state of the company, their financial results, future financial perspectives and the
decision-making process of the investors.
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2.4 text mining and nlp

The growing volume of data generated and stored today is largely unstructured or
semi-structured, with no clear organization and therefore cannot be used properly to
impact a business. In this sense lies the importance of Text Mining, which aims to
exploit a great slice of unstructured or semi-structured data: the textual data. As a
result of the need to extract standards and knowledge of textual data, the concept of
Text Mining has emerged.
The nature of human communication is not trivial for algorithmic development [Gupta
et al., 2009]: a word may have different meaning when applied in different contexts or
even semantically similar phrases may have words with opposite meanings are some
examples.
Thus, when the goal is to apply Text Mining to understand the meaning of textual data,
the challenge increases substantially in the case of NLP. NLP is the area responsible for
understanding the natural language, extracting its computational meaning and gener-
ating natural language. However, [Gupta et al., 2009] points out that, despite these
difficulties, computers have the advantage of being able to process large volumes of
text, unlike humans, which gives many opportunities to explore and retrieve relevant
information.

2.4.1 Related data analysis areas

This work is set within the context of several data analysis areas, namely:

1. Data Science is an interdisciplinary field that involves areas such as Data Mining,
Data Visualization and Data Analytics. The term covers any set of techniques
that aims at extracting data insights, with different purposes: descriptive, pre-
dictive, or prescriptive analysis [O’Neil and Schutt, 2013] and understands the
whole process from the acquisition of unstructured data to the formation of data
products or models [Larson and Chang, 2016].

2. Data Mining is a subprocess in the Data Science pipeline and requires the under-
standing of the business and data, its preparation, as well as the development
and evaluation of the model [Witten et al., 2016]. The purpose of the model
is the discovery of new information or relationship between existing informa-
tion [Sharma et al., 2018] and oftentimes uses Statistics and Machine Learning
approaches [Larson and Chang, 2016].



2.4. Text Mining and NLP 20

Figure 1: Related areas of Text Mining and NLP.

3. Machine Learning involves the study of algorithms that can extract information
automatically (i.e., without direct human guidance). A Machine Learning pro-
gram learns some task from experience: its performance improves with new
data according to some performance measure. Some of these procedures include
ideas derived from statistics.

Fig. 1 attempts to explain intuitively the relationship between these areas, showing
their interceptions. Check that dashed lines are intended to mean an unclear boundary.

2.4.2 Topic modelling

Topic modeling is a type of statistical modeling for discovering similarities in unla-
belled texts. Unsupervised Latent Dirichlet Allocation [Blei et al., 2003] is a hierar-
chical Bayesian model, where topic proportions for a document are drawn from a
Dirichlet distribution and words in the document are repeatedly sampled from a topic
which itself is drawn from those topic proportions [Zhu et al., 2009].
Usually, studies about topic modelling follow unsupervised approaches, but not all.
For example, Ramage et al. [2010] improved the model and made it an supervised
approach, learning from training data.
Conditional Random Fields [Nikfarjam et al., 2015] is a method that can take context
into account, whereas a discrete classifier predicts a label for a single sample without
considering neighboring samples.
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2.4.3 Classification

Text classification is the Text Mining step that addresses Machine Learning algorithms
that aims to discriminate or characterize a piece of text in a particular format value.
This value can vary from a number (sentiment analysis), labels (multi-labeling tasks),
classes (binary or multi-class tasks). Some examples are: Sentiment analysis, whose
goal is to identify the polarity of text content: the type of opinion it expresses. This may
take the form of a binary like/dislike rating, or a more granular set of options, such
as a star rating from 1 to 5. Some commonly adopted Machine Learning algorithms
for text classification are:

1. A Naive Bayes Classifier makes assumptions about how the data (in this case
words in documents) is generated and proposes a probabilistic model based on
these assumptions. It will then use a set of training examples to estimate the
parameters of the model. Bayes rule is used to classify new examples and select
the class that most likely has generated the example [Chakrabarti et al., 1997,
Allahyari et al., 2017].

2. Nearest Neighbor Classifier is a proximity classifier which uses distance mea-
sures to perform the classification. The idea is that documents which belong to
the same class are more close to each other based on the similarity measures.
The classification of the test document is inferred from the class labels of the
similar documents in the training set. If is considered the k-nearest neighbor in
the training data set, the approach is called k-nearest neighbor classification and
the most common class from these k neighbors is reported as the class label [Han
et al., 2001, Allahyari et al., 2017].

3. Decision tree is essentially a hierarchical tree of the training instances, in which
a condition on the attribute value is used to divide the data hierarchically. In
other words, the decision tree recursively partitions the training data set into
smaller subdivisions based on a set of tests defined at each node or branch. Each
node of the tree is a test of some attribute, and each branch descending from the
node corresponds to one the value of this attribute. An instance is classified by
beginning at the root node, testing the attribute by this node and moving down
the tree branch corresponding to the value of the attribute in the given instance.
This process is then recursively repeated [Allahyari et al., 2017].
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4. Support Vector Machines (SVM) are a supervised learning classification algo-
rithms where have been extensively used in text classification problems. SVM
are a form of linear classifiers. Linear classifiers in the context of text documents
are models that making a classification decision is based on the value of the
linear combinations of the documents features [Allahyari et al., 2017].

2.5 future crash risk

Future crash risk aims to probabilistically measure the risk of a crash. It is essential
for assessing the financial health of companies and therefore helps investors make
investment decisions.

2.5.1 What is a crash?

A crash is a sudden and significant decline in the price of an asset. It is both an eco-
nomic and a psychological phenomenon, i.e., economically there may be a fall in value
perceived by some investors that causes a sudden fall in value that psychologically
affects other investors, leading them to follow the trend. Most investors, even if they
have no economic reason to sell their shares, are driven to sell for fear that they will
lose even more value and are clearly influenced psychologically by the sudden decline.
As investors who prefer to sell their shares rather than hold them, investors who could
buy also decide not to buy, for the same reasons, thus leading to a growing volume of
available stocks with downward demand [Johansen et al., 1999].
For the psychological reasons already mentioned, lack of demand generates more lack
of demand: investors will sell their shares and precipitate other investors to sell their
shares as well. These investors, who sell their shares after noticing their rapid devalua-
tion, act out of concern that their prices will fall further. Thus, this phenomenon leads
to the possibility of a vicious cycle marked by negative crowd behavior.

2.5.2 Reasons for a higher future crash risk

The causes of a crash are not deterministic, i.e., there is no set of patterns that clearly
identify a crash. However, there are a number of factors where future crash risk is
greatest, including:
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1. Hide negative information that when released to the market causes extremely
negative reactions [Kim et al., 2011].

2. The stock price is inflated [Kim and Zhang, 2016], leading to the creation of
a bubble, i.e., the stock price is rising and when the market realizes that it is
inflated, the price will go down dramatically, possibly causing a crash.

3. Emerging economies, as emerging equity markets are characterized by excessive
volatility and are more likely to have weak corporate governance and may be
more susceptible to crashes [Vo, 2019].

4. Companies where institutional investors are most distracted and ignore the
attention-grabbing exogenous events [Xiang et al., 2019]. There is an aggrava-
tion when companies are state-owned, when CEOs control directors and when
there is less coverage by analysts.

Some authors will also identify features in stock returns that can lead to a crash, among
them the variance of conditional volatility and the fat tailed distribution of the return
series [Bates, 2012]. There is also evidence that some factors can considerably mitigate
the risk of a crash, such as factors linked to the reputations of senior management.

2.5.3 Future crash risk measures

Since future crash risk is a probabilistic value that measures the likelihood of a crash
happening, there are ways to measure it. There are measures created by various au-
thors that allow to estimate future crash risk, for example [Callen and Fang, 2015]:

1. NCSKEW: The Negative Coefficient of Skewness of firm-specific daily returns

2. DUVOL: The Down-to-Up Volatility of firm-specific daily returns.

3. Crash Count: The difference between the number of days with negative extreme
firm-specific daily returns and positive extreme firm-specific daily returns.

To calculate these measures, it is necessary to calculate the firm-specific residual daily
returns using the expanded market and industry index model for each firm and year
[Hutton et al., 2009]:

rj,t = αj + β1,jrm,t−1 + β2,jri,t−1 + β3,jrm,t + β4,jri,t + εj,t (3)
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where ri,t is the return on the value-weighted industry index based on 2-digit
Standard Industrial Classification SIC codes on day t, rm,t is the return on the CRSP
value-weighted market index on day t and rj, t is the return on stock j on day t.
The firm-specific daily return, Rj,t, is the natural log of (1 plus the residual return from
equation 3). Log transforming raw residual returns is used to reduce the positive skew
in the return distribution and to help ensure symmetry [Chen et al., 2001]. Thus, the
mathematical approach of the measures emerges as:

1. NCSKEW is calculated as the negative of the third moment of each
stock’s firm-specific daily returns, divided by the cubed standard devia-
tion [Callen and Fang, 2015]. So, for any stock j over the fiscal year T,

NCSKEW j,T =
−(n(n− 1)

3
2 ∑ R3

j,t)

((n− 1)(n− 2)(∑ R2
j,t)

3
2 )

(4)

where n is the number of observations of firm-specific daily returns dur-
ing the fiscal year T. An increase in the value of NCSKEW corresponds to more
likely crashes.

2. DUVOL, is calculated as [Callen and Fang, 2015]:

DUVOLj,T = log

{
(nu − 1)∑DOWN R2

j,t

(nd − 1)∑UP R2
j,t

}
(5)

where nu and nd are the number of up and down days over the fiscal
year T, respectively. For this measure, it is necessary to separate the days with
firm-specific daily returns above and below the period average (e.g., 1 year),
shown in the formula as ”up” and ”down”. It is also necessary to calculate the
standard deviation for the up and down samples separately and then calculate
the logarithmic ratio of the standard deviation of the ”down” sample to the
standard deviation of the ”up” sample. A higher value of DUVOL corresponds
to more crash-prone stock.

3. Crash Count, the downside frequencies minus the upside frequencies, uses
the number of firm-specific daily returns exceeding standard deviations of 3.09

above and below the firm-specific average daily return over the fiscal year. Stan-
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dard deviation 3,09 was used by Hutton et al. [2009] to generate frequencies of
0.1% in the normal distribution. A higher value of Crash Count corresponds to
a higher frequency of crashes.



3

D E V E L O P M E N T

This chapter details all the methodology and development steps to achieve the objec-
tives presented in Section 1.2.

3.1 methodology

3.1.1 The problem and its challenges

In this project, it is intended to focus on the relationship between the readability mea-
sures of financial reports and the correspondent companies’ crash risk for each year,
which brings several challenges, which are:

1. Understand the financial reports structure and financial information needed to
achieve future crash risk.

2. All the data preprocessing, from its unstructured state to its complete structuring.
Because the source data is textual, contains formations and a set of anomalies,
this step is very laborious and therefore appropriate methodologies should be
chosen.

3. Get readability and future crash risk measures.

4. Understanding the relationship between the readability measures of financial
reports and the correspondent companies’ future crash risk.

26
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3.1.2 Proposed Approach

The proposed solution is based on a Cross-Industry Standard Process for Data Mining
(CRISP-DM) methodology adapted to this project. CRISP-DM originally has 6 phases
[Chapman et al., 2000]:

1. Business Understanding;

2. Data Understanding;

3. Data Preparation;

4. Modeling;

5. Evaluation; and

6. Deployment.

In this project, it is not intended to reach the deployment phase but essentially to
evaluate the relationship between the readability measures of financial reports and the
correspondent companies’ future crash risk. The adapted CRISP-DM methodology is
depicted in Fig. 2:
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Figure 2: Proposed approach.
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3.2 business understanding

The first step in the adopted CRISP-DM methodology is to understand our goals from
a business perspective. It also seeks to discover important factors that may influence
the project outcome and to study all the particularities of this project. Thus, it is
intended to make a broad study on the project and the surrounding areas.
Since this document is divided into parts, it has been found advantageous to include
the knowledge resulting from this phase in the corresponding parts of the document.
In particular, the objectives were defined in Section 1.2, the background knowledge
was discussed in Chapter 2 and the adopted methodology was explained in Section
3.1.

3.3 data understanding

3.3.1 Quality assurance

Preventive data collection, i.e., avoiding problems with data collection, is the most cost-
effective activity to ensure data integrity and data collection [Knatterud et al., 1998].
This process is a set of proactive measures. These measures follow a set of rules that
vary from project to project. Thus, the risk of identifying problems and errors early
in the process is important and can save many future resources as it will significantly
decrease the time spent in case of data collection failures. In this particular project, it
was considered very important to select official and reputable sources, that guarantee
quality as well as to eliminate failures, such as the failures mentioned by Knatterud
et al. [1998]:

1. Uncertainty about time: when this data was created.

2. Uncertainty about methods: how this data was created.

3. Uncertainty about the identity of the persons responsible for the creation and
revision of the data.

4. Partial information of some items that should be collected and there is no reason
for this lack of information.

5. Vague description of data collection instruments to be used instead of step-by-
step instructions on how these data were collected and reviewed.
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6. No mechanism identified to document changes in procedures that may evolve
throughout the investigation.

It was verified that the sources chosen for this project contain information without this
kind of errors and therefore guarantee a smaller amount of errors in the future.

3.3.2 Importance of ensuring accurate results

Data accuracy is extremely important to maintaining the integrity of the investigation.
It is necessary to obtain datasets from official or reputable organizations, as the sources
mentioned in the Section 3.3.3. This data allows to [Most et al., 2003]:

1. Respond appropriately to research questions.

2. Validate the study so that it can be reproduced.

3. True discoveries that may lead other researchers to new discoveries.

The impact of data collection varies from project to project and depends on the nature
of the investigation. In this research problem it is necessary to guarantee at least these
points, taking into account the characteristics of the financial data and the quality and
precision necessary to ensure good results, since these are complex objectives.

3.3.3 Data collection

Data collection is one of the most important steps in a Data Science project, as the end
results depend greatly on the data collected and the quality and accuracy of the data.
Thus, collecting information from relevant sources is essential for finding answers to
the research objectives, testing hypotheses to study and evaluating the results. This
section aims to explain how the data were obtained. For this project, given the com-
plexity of the objectives, the quality and accuracy of the data to be used will have to
be high. Thus, official or reputable sources compatible with all the characteristics men-
tioned in the previous sections were used, ensuring accurate and high quality data
and accuracy. The sources used, as well as the datasets collected from them, are:

1. Securities and Exchange Commission [SEC.gov, 2019], which is an official US
agency responsible for enforcing and regulating stock market laws in the United
States. This platform was one of the sources used for collecting financial reports.
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2. The Software Repository for Accounting and Finance from the University of
Notre Dame was used to download the Stage One 10-X Parse Data, which in-
cludes clean financial reports from 2006 to 2018 [McDonald, 2019].

3. Another important data source was the Center for Research in Security Prices
[CRSP, 2019]. Most datasets used to develop future crash risk metrics were col-
lected from this source, including:

3.1. Stocks daily;

3.2. Stocks sample;

3.3. SIC codes per period;

3.4. Industry SIC codes; and

3.5. Industry values.

4. Professor K. French website [Kenneth, 2019] was also a used source. Here, the
Fama and French factors were downloaded.
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3.3.4 Describing the data

In this section, we describe the samples of the dataset.

1. Stocks daily

For the calculation of future crash risk metrics, several daily stock data are es-
sential, including daily returns (RET). This dataset also contains market capi-
talization (TCAP) and volume of shares (VOL). The PERMNO variable allows
the binding between datasets and the CALDT variable contains the stock date.
Thus, this dataset was collected from the CRSP database, containing this infor-
mation for all United States public companies between 31 December 1925 and 31

December 2018. A sample of this dataset is shown in Table 10.

Table 10: Sample of the ”stocks daily” data.
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2. Stocks sample

The daily stocks dataset contains a variable called PERMNO that allows to link
to this dataset. This stock sample dataset allows to identify the main characteris-
tics of the companies: the code THICK allows to identify the company for faster
search on the SEC platform, CUSIP identifies the North American financial se-
curity for the purposes of facilitating clearing and settlement of trades, among
other information such as company name. This dataset was collected from the
CRSP database. The Central Index Key (CIK) identifies the companies disclosed
by the SEC platform and it was obtained manually from the same platform. A
sample of this dataset is in Table 11.

Table 11: Sample of the ”stocks sample” data.
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3. SIC codes per period

The ”SIC codes per period” dataset displays industry codes for each company
(linking the company with the PERMNO variable, as explained in the previous
points) and for each day because these codes change over time for some compa-
nies. Thus, a range of days is presented, with the beginning being the NAMEDT
variable and the ending date being the NAMEENDDT variable. The industry
code is presented in the SICCD variable. This dataset was collected from the
CRSP database. A sample of this dataset is in Table 12.

Table 12: Sample of the ”SIC codes per period” data.
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4. Industry SIC codes

In order to identify the industry of a company and for each day, it is necessary to
convert the SIC code to the industry, which is made from this dataset. Thus, the
variable ”min” and ”max” identify the minimum and maximum SIC to be able
to belong to one industry and the variable ”number” joins all sub-industries of
a larger industry, for example, the first 5 industries belong to a bigger industry.
termed ”Agric”. This dataset was collected from the CRSP database. A sample
of this dataset is shown in Table 13.

Table 13: Sample of the ”industry SIC codes” data.
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5. Industry values

The SIC for a company and day, obtained in with the ”SIC codes per period”
dataset, is used to identify the industry (the translation is made using the pre-
vious dataset) and thus access the return on the value-weighted industry index,
obtained from this dataset. The matrix is accessed by checking the day and the
name of the industry. This dataset was collected from the CRSP database. A
sample of this dataset is presented in Table 14.

Table 14: Sample of the ”industry values” data. Showing 8 of 49 industries.
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6. Fama and French factors

The Fama and French factors dataset has market indicators, which will be used
to calculate the value-weighted market index, which is essential for calculating
future crash risk metrics, as we will see later. This dataset is taken from Professor
K. French website [Kenneth, 2019]. A sample of this dataset is in Table 15.

Table 15: Sample of the ”Fama and French factors” data.
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3.4 data preparation

This step is of utmost importance as data preparation defines much of the success
of the next steps and is one of the most laborious steps.
The datasets collected in the data collection phase are:

1. Financial reports;

2. Stocks daily;

3. Stocks sample;

4. SIC codes per period;

5. Industry SIC codes;

6. Industry values; and

7. Fama and French factors.

3.4.1 Select the data

At the beginning of this phase, all the financial reports of all US listed companies from
2006 to 2018 were available. Since a methodology is being tested, a portion of this
data was selected in order to obtain an interesting coherent experimental setup. The
annual financial reports (10-K) of the S&P 100 companies were selected during a ten
year period, related to the years of 2008 to 2017.
The S&P 100 index is a subset of the S&P 500 index and measures the performance of
the largest capitalized companies in the United States. This index includes about 100

of the largest US companies from various industries [Ishares, 2019]. Several investors
decide to invest in specific indexes, thus investing in all the companies contained in it,
being the S&P 100 one of the most popular US indices. The indexes are quite useful for
some investors, depending on their investment strategy, because it allow to mitigate
the risk (but also decrease the earnings) since if a company crashes or falls in the
value of its shares, remaining index companies can mitigate this loss. However, if one
company has a high appreciation the others will mitigate these gains too. In Fig. 3

and Fig. 4, we can see the value of the shares of the S&P 100 index in the last 10 and
30 years, respectively, with monthly plots.
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Figure 3: 10 years S&P 100 Stocks Chart (monthly plots), adapted from BarChart [2019].

Figure 4: 30 years S&P 100 Stocks Chart (quarter plots), adapted from BarChart [2019].
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There are several types of financial reports, varying in terms of time frame and
purpose, including:

1. 10-K reports: These are annual financial information and are mandatory [In-
vestor.gov, 2019].

2. Report 10-Q: Quarter financial information that is not audited [sec, 2019a].

3. 10-KSB Report: Similar to type 10-K, it differs only by targeting small businesses
(under $ 75M in stock and $ 50 million in revenue). This type of report has been
terminated by the SEC, forcing entities to report in 10-K [sec, 2019b].

Initially, the financial reporting dataset consisted of folders sorted in (1) years, (2)
companies and (4) quarters where each quarter’s reports were. This setting is shown
in Fig. 5. Since the sample of this project uses, as explained, the annual financial
reports (10-K) of the S&P 100 companies for 10 years, from 2008 to 2017 being chosen,
Python scripts were used to implement the following tasks:

1. The directory structure has been changed, as seen in Fig. 6. 10-K reports could
be in any quarter folder.

2. Select only annual reports (10-K), which is the focus of the investigation. This
filter was obtained by comparing a section of the name of each report where it
indicates the type of report.

3. Select only financial reports from S&P 100 constituent companies. This filter
was obtained by obtaining the CIK in the name of each financial report docu-
ment, subsequently identifying whether the CIK belonged to the S&P 100 index
company and thus moving to the new folder.

Thus, these scripts facilitated the automation of the data extraction procedure. For
future work, it is possible to look at other years or other companies using the same
scripts. Thus, the reproduction of research is greatly facilitated.
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Figure 5: Initial directory of the financial reporting dataset.

Figure 6: Final directory of the financial reporting dataset.
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Data selection by selecting 10 years (2008-2017) of the S&P 100 (total of 102 companies)
should yield 1020 (102 * 10) financial reports. Each company should have one annual
report per year, totaling 10 financial reports per company. However, there are a total
of only 921 financial reports, as seen in Table 16 and Table 17, where it can be seen the
number of financial reports by company and by year, respectively. The difference is
due to the recent inclusion of some companies in the index or to the stock exchange.
This fact was expected and was taken into account.

Table 16: Number of financial reports per company.

Table 17: Number of financial reports per year.
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3.4.2 Financial reports cleaning

Since the purpose of this project is to analyze the readability of the financial reports
text, it is relevant to clean these reports, eliminating all material not necessary for the
readability measurement. Much of the content of financial reporting files consists of
HTML code, embedded PDF and other artifacts that are of no interest to our purposes
[McDonald, 2019]. This content is not only unnecessary and may even prejudice the
results. Moreover it also requires a high memory. For example, some records ed
initially more than 400MB, but after cleaning the size of the data was reduced to just
5 KB. The steps to clean the financial reports are listed below [McDonald, 2019]:

1. Elimination of document segment <TYPE> tags of ZIP, EXCEL GRAPHIC, JSON
and PDF.

2. Elimination of <FONT>, <DIV>, <TR> and <TD> tags.

3. Elimination of all XML code.

4. Elimination of all XBRL segments.

5. Elimination of SEC Header and Footer.

6. \&NBSP and \&#160 replacement with a blank space.

7. \&AMP and \&#38 replacement with ”&”.

8. Elimination of all remaining extended character references.

9. Elimination of all tables. Sometimes some paragraphs are defined with table
tags, so each table segment is first stripped of all HTML and then the number
of numeric characters against alphabetic characters is compared. Numeric char-
acters / (alphabetic + numeric characters) are calculated and table segments are
removed where the result is greater than 10.

10. Translation of exhibits with original tags of ”<TYPE> EX-##” to:

<EX-##>

. . . original text

</Ex-##>

11. Elimination of all remaining markup tags.
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12. Elimination of the excess linefeeds.

13. The HEADER component is eliminated from our analysis.

Clean financial reports were downloaded from the McDonald [2019] source.

3.4.3 Get readability measures

At this stage, the aim is to obtain reliable readability measures for financial reports.
The cleanup of the financial reports has been completed in Section 3.4.2 and is essential
for this phase since no factors outside the meaning of the text are intended to interfere
with this assessment.
The following are the steps that were required to obtain readability measures:

1. Read company financial reports for variables, one company at a time, not over-
loading RAM, by doing the following items and then loading new reports, re-
peating the process, greatly increasing the speed and decreasing the waste of
RAM.

2. Obtain the 48 readability measures for each financial report from the Quanteda
library for the R language. These measures are explained in Section 2.2. The
name and description of the measures can be seen, for example, in Section 2.2.4.

3. For each row containing the readability measures of a report, also assign the CIK,
company name, year and full date, obtaining this information directly from the
report name.

4. Save file to rds and csv.

3.4.4 Get future crash risk measures

To examine the effect of readability on corporate financial health, the future crash
risk indicator discussed in Section 2.5 was used. Thus, several firm-specific future
crash risk measures for each year were constructed which are technically explained in
Section 2.5.3. This section aims to explain the steps for obtaining these metrics. To this
end, it was essential to collect and use several datasets, explained in Section 3.3.3. The
algorithmic steps to obtain future crash risk measures include:
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1. Read stocks daily, stocks sample, Fama and French factors, SIC codes per period,
industry SIC codes and industry values datasets.

2. Read each report individually and apply the following processes.

3. Get variable data binding - PERMNO - from CIK. CIK is found in the name of
the financial report document

4. Get the start date and end date of the financial report from its name.

5. Get the daily returns (RET) of the stocks daily dataset from the day after the
financial report is published until the day before the next financial report was
published.

6. Get rm,t (value-weighted market index): For the same dates of the previous point,
get the features Mkt.RF and RF from the Fama and French dataset by applying
the formula (Mkt.RF + RF)/100.

7. Get ri,t (return on the value-weighted industry index). To calculate this, obtain
the SIC for each of the days mentioned in the previous points. From SIC get the
corresponding industry from ”industry SIC codes” dataset and then get industry
value from ”industry values” dataset.

8. Calculate rj,t (return on the value-weighted) using the information presented in
Section 2.5.3.

9. Calculate Ri,t (firm-specific daily return) as approached in Section 2.5.3.

10. Finally, calculate the future crash risk measures: NCSKEW, DUVOL and Crash
Count.

3.5 external analysis with clustering

The collected data was used to relate readability metrics and future crash risk metrics,
using the k-means clustering method and subsequent evaluation. The results of this
phase can be found in Chapter 4 and this section seeks only to describe the technical
aspects that were necessary for the development of this analysis and consequently the
production of results, namely:
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1. All readability measures that in the Section 2.2.4 are labeled as ”More readable
when: Lower” have been transformed to the symmetrical, so that all 48 measures
are in aligned, where higher values indicate more readable financial reports.

2. Scaling the data previously to the application of the k-means algorithm, saving
the scale factors for future unscale inverse operations.

3. The k-means clustering method was used for application in readability measures.

4. Two phases of experiments were done, one with all 48 measures exposed in the
Section 2.2.4 and one with only 43 measures, excluding the FOG family, sentence
length, or word syllables measures.

5. In each phase, the number of clusters was ranged from 2 to 25 and evaluated
using the Gap Statistic, Silhouette, Dunn, Connectivity, APN, AD, ADM and
FOM measures to analyze the internal and external dispersion of each cluster, to
measure cluster number performance.

6. For each cluster of each experiment, the cluster size and readability measures
mean was saved.

7. Externally, for each cluster of each experiment, 3 future crash risk measures
(NCSKEW, DUVOL and Crash Count) was calculated, as well as the correlation
between them (using all financial reports) and by cluster.

8. The mean and standard deviation of each future crash risk measure for the finan-
cial reports of each cluster was calculated as well other cluster features presented
in Section 4

9. Correlation between crash risk measures was calculated. Correlation of this mea-
sures by cluster was also calculated.

10. Groups of readability measures with equal cluster ranking were selected. For
these groups, the average of the selected readability measures was calculated,
for each cluster.

11. With the data from the previous points, several graphs have been made which
are presented in Section 4.
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E X P E R I M E N T S

The proposed solution intends to evaluate the relationship between the readability
measures of the financial reports and the future crash risk results of the respectively
companies. Readability metrics measure how readable the financial reports are and
the future crash risk allows to evaluate the future company’s performance. In this
project, future crash risk is obtained from the day following the publication of the
financial report until the publication of the next report (next year)
In this context, the proposed solution aims to obtain clusters solely from readability
measures, having several groups with different readability measures. If readability is
related to future crash risk, these groups should also have different future crash risk.
Therefore, it is intended to analyze the clusters externally, in the context of future crash
risk, looking for differences with some of the 48 readability metrics.
The experiments were performed on index S&P 100 for 10 years (2008-2017), as ref-
erenced in the Section 3.4.1. This study focuses on 917 financial reports from 102

different companies as shown in Fig. 16. 48 readability measures (described in Section
2.2.4) and 3 future crash risk measures are evaluated (NCSKEW, DUVOL and Crash
Count, described in Section 2.5.3).
With the same data, described in the previous paragraph, 2 case studies were evalu-
ated, having the following differences:

1. Case study 1 in Section 4.1: clustering of all 48 readability measures exposed in
the Section 2.2.4 and subsequent external analysis with future crash risk metrics
(NCSKEW, DUVOL and Crash Count). For this case study, the data was divided
into 6 clusters (as explained in Section 4.1.1).

2. Case study 2 in Section 4.2: clustering of 43 readability measures, excluding the
FOG family, sentence length and word syllables measures from the 48 measures
of case study 1 and subsequent external analysis with future crash risk metrics

47
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(NCSKEW, DUVOL and Crash Count). For this case study, the data was divided
into 65clusters (as explained in Section 4.2.1).

All readability measures that in the Section 2.2.4 are labeled as ”More readable when:
Lower” have been transformed to the symmetrical, therefore all 48 measures are in
tune: higher metrics when financial reports readability is higher. The future crash risk
metrics, as explained in Section 2.5.3, is lower for a less crash-prone company. There-
fore, it is possible to have an inverse relationship between readability and future crash
risk, i.e., a negative correlation, which would mean that there is better financial results
(lower future crash risk measures) when the readability is higher (higher readability
measures).

4.1 case study 1 : evaluate 6 clusters of 48 readability measures

As explained in the Section 3.5, a clustering method (k-means) was applied to all 48

readability measures exposed in Section 2.2.4 to split the financial reports into groups
with similar readability measures. Subsequently, future crash risk is assessed in these
groups. This external analysis, in order to analyze the future crash risk of readability
clusters, aims to compare the future crash risk measures in the groups to show future
crash risk differences between them. All readability measures can be consulted at
Section 2.2.4, as well as future crash risk measures in Section 2.5.3.
This section presents the results of the cluster method, starting by evaluating the op-
timal cluster number, the results of the cluster method (evaluating the division into
different readability groups) and then comparing these groups in terms of future crash
risk, performing an external analysis.
In color graphics, each cluster is always indicated by the same color, as follows:

1. Cluster 1: red;

2. Cluster 2: orange;

3. Cluster 3: yellow;

4. Cluster 4: fluorescent green (it will be mentioned as green);

5. Cluster 5: cornflower blue (it will be mentioned as blue); and

6. Cluster 6: violet.
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4.1.1 Optimal cluster number evaluation - case study 1

First, it is intended to evaluate the optimal number of clusters to split the data. This
process starts by analysing the optimal number of clusters, testing internal and ex-
ternal validation measures of different number of clusters. Table 18 shows Average
Proportion of Non-overlap (APN), Average Distance (AD), Average Distance between
Means (ADM), Figure Of Merit (FOM), Connectivity, Dunn and Silhouette validation
measures for the number of clusters 2 to the number of clusters 20. In Table 7, a visu-
alization is presented evaluating the ideal number of clusters using the Gap Statistic
method. A brief summary of the measures used to evaluate clusters is shown as:

1. Gap Statistic: this metric evaluates the internal dispersion of clusters. It com-
pares the total within intra-cluster variation with their expected values under
null reference distribution of the data.

2. APN: this metric analyses the average proportion of observations not placed in
the same cluster by clustering based on the full data and clustering based on the
data with a single column removed.

3. AD: this metric analyses the average distance between observations placed in
the same cluster under both cases (full data set and removal of one column).

4. ADM: this metric analyses the average distance between cluster centers for ob-
servations placed in the same cluster under both cases (full data set and removal
of one column).

5. FOM: this metric analyses the average intra-cluster variance of the deleted col-
umn, where the clustering is based on the remaining (undeleted) columns.

6. Connectivity: this metric corresponds to what extent items are placed in the
same cluster as their nearest neighbors in the data space.

7. Dunn index: this metric identifies clusters which are well separated and com-
pacts. It combines dissimilarity between clusters and their diameters to estimate
the most reliable number of clusters.

8. Silhouette: this metric analyses how well an observation is clustered and it esti-
mates the average distance between clusters.
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Table 18: Evaluation of the number of clusters, according to APN, AD), ADM, FOM, Connec-
tivity, Dunn and Silhouette validation measures - case study 1.

To analyze the best number of clusters, an appropriate range of clusters was decided
for the methodology. Too few clusters may not be enough to evaluate the relationship,
but too many will eventually make each group have few financial reports, making
each cluster less significant. Thus, it was decided that a number of clusters between 4

and 10 would be acceptable.
It can be seen from Fig. 7 that the group with the largest Gap Statistic is the group
of only one cluster since with one cluster there is only one way to organize the data.
Then it can be seen that the measure decreases to the number of clusters 3, increasing
thereafter, with a peak in the number of clusters 6, only surpassed from 12 clusters,
increasing considerably thereafter. Although Gap Statistic is larger for larger numbers,
since clusters are more likely to end up with less dispersion among themselves (this
is the relevant factor for this measure), as mentioned in the previous paragraph, a
number of clusters between 4 and 10 is acceptable, the number of clusters 6 was chosen,
as it corresponds to the largest Gap Statistic among the 4-10 range. It can also be seen
from the Table 18 that the number of clusters 6 is one of the optimal numbers for
various measures, between the number of clusters 4 to 10. In this sense, the average
value of financial reports in each cluster if uniformly distributed is 153 (917 financial
reports/6 clusters). However there will be clusters with different sizes.
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Figure 7: Selection of the number of clusters using the Gap Statistic - case study 1.



4.1. Case study 1: evaluate 6 clusters of 48 readability measures 52

4.1.2 Clustering results - case study 1

This section presents the results for the 6 readability clusters. For better visualization
and discussion, two approaches were made, one focusing on all readability measures,
using radar charts (Fig. 9) and another focused on decreasing the complexity of the
48 readability measures, reducing them to only 2 measures, using PCA method (Fig.
8). While radar charts show the results of all 48 readability measures, allowing to
discuss and draw accurate conclusions, PCA allows to have a more brief and simpler
visualization of the readability clusters.
PCA is a statistical procedure that uses an orthogonal transformation to convert a set
of observations from possibly correlated variables (several of the 48 measures are cor-
related) into a set of linearly uncorrelated variable values called principal components,
decreasing the initial number of features [Wold et al., 1987]. Analyzing Fig. 8, it can
be seen the result of the PCA method, visualizing the result of the clustering method
for readability measures in a simpler way. Each of the two variables (Dim1 and Dim2)
represents a certain amount of information contained in the 43 readability measures.
The proportion of which is represented by the percentage in the axis labels. Dim1 has
68.6% of the information contained in the initial 48 readability measures and Dim2

contains only 22.1%, noting that Dim1 is responsible for more information. It is also
noted that 68.6% + 22.1% = 90.7%, meaning that 9.3% (100% - 90.7%) of the informa-
tion in this graph has been lost, it is natural since the reduction in the size of the data
was large, from 43 features to just 2 features. However, visually it is very worthwhile,
since it is clear that at least for the 90.7% of information, the clusters are distinctly
different.
Fig. 9 shows the 6 clusters on 4 radar charts (12 readability measures per chart, 48

in total), allowing to analyze the 4 graphs at the same time. Ideally, different clusters
should be found, each one corresponding to a particular set of readability measures
that, as will be assessed in the next section (where external analysis results are ana-
lyzed), would match to a specific future crash risk level (e.g., it would be interesting
to find a readability cluster that is often associated with a high degree of future crash
risk). Thus, in this section we first want to show and analyze if the clustering method
was effective. Taking this into consideration, it appears that the 6 clusters have obvi-
ous differences and there is no cluster that has a similar pattern to others for the 43

readability measures analysed in Fig. 9.
The clusters analyzed in Fig. 9 show a differentiation of them, considering the 43

readability measures visualized in the 4 radar charts of this figure. However, due to
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Figure 8: PCA results. The points inside the clusters represent the financial reports - case study
1 (with 6 clusters).
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Figure 9: Radar charts - case study 1 (with 6 clusters). The closer to the outer edge of the chart
a measure is, the more readable the cluster is.
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the number of features, the view in Fig. 8 becomes more favorable, clearly seeing
totally distinct clusters. In this sense, the PCA was of great importance, reducing
the initial spectrum from 48 characteristics to only 2, Dim1, containing 68.6% of the
initial information of the 43 readability measures and Dim2, containing 22.1% of this
information, meaning that Dim1 represents most of the information obtained in this
graph. This view proves the success of the k-means clustering method by splitting the
clusters properly.

4.1.3 External analysis results - case study 1

After observing and analyzing the clusters for the 48 readability measures in Section
4.1.2, it was concluded that it created suitable groups. Taking this into consideration,
it is now possible to analyze the clusters in terms of future crash risk, evaluating
future crash risk measures in each cluster, externally. Readability metrics measure
how readable the financial reports are and the future crash risk allows to evaluate
the future company’s performance. In this project, future crash risk is obtained from
the day following the publication of the financial report until the publication of the
next report (next year). Thus, this phase goes through characterizing the readability
clusters with future crash risk and realizing what distinguishes them.
As explained, the financial characteristic analyzed in this project is the future crash
risk. The financial graphs in Fig. 10, Fig. 11 and Fig. 12 show the future crash risk
measures of the 6 clusters analyzing 2 future crash risk measures per graph. The size
of the circles is proportional to the size of the clusters. Therefore, it is possible to have
the notion of the size of each cluster from these views, also using this feature for their
comparison. It is also possible to visualize the correlation between the different future
crash risk measures in Table 25 and by cluster in Table 20.
The following points list commonalities between readability and future crash risk mea-
sures, taking into account the PCA method.

1. Focusing on the readability clusters depicted in Fig. 8, representing the clusters
obtained from readability measures, it can be seen that Cluster 2 is isolated from
others, in Dim1. As already explained (Section 4.1.2), the method PCA, repre-
sented in this figure (Fig. 8), contains 2 features (resulting from the initial 48

readability measures), Dim1 and Dim2, as depicted in the image. Dim1 contains
68.6% of the initial information of the 48 readability measures and Dim2 contains
22.1% of the information, meaning that Dim1 represents most of the information
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Figure 10: NCSKEW and DUVOL per cluster - case study 1 (with 6 clusters). Circles are pro-
portional to the size of the cluster.

Figure 11: NCSKEW and Crash Count per cluster - case study 1 (with 6 clusters). Circles are
proportional to the size of the cluster.
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Figure 12: DUVOL and Crash Count per cluster - case study 1 (with 6 clusters). Circles are
proportional to the size of the cluster.

obtained in this graph. Therefore, this cluster is isolated in the most of the in-
formation, Dim1. Analysing the 3 future crash risk metrics (NCSKEW, DUVOL
and Crash Count), in Fig. 10, Fig. 11 and Fig. 12, Cluster 2 always appears
further away from all other clusters. Cluster 2 has the lowest future crash risk
mean (-0.54, as seen in Table 19) and the lowest NCSKEW, DUVOL and Crash
Count. This is the cluster that identifies companies with the lower future crash
risk. As mentioned, this cluster also has a differentiation in most readability
information (68.6 %), as seen in Fig.8, therefore this may indicate a relationship
between some readability measures (68.6 %) and future crash risk measures, but
it does not show what type of relationship is (how do the measures affect each
other).

2. It can also be seen from Fig. 8 that clusters 1 and 3, represented by red and
yellow, respectively, are more or less aligned in the Dim1. As explained, Dim1

contains more information than Dim2 and therefore it is more representative:
Dim1 contains 68.6% of the information and Dim2 contains 22.1% of the infor-
mation. These clusters (1 and 3) are similar in Dim1 (most of the information).
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Table 19: Cluster size and external features mean - case study 1 (with 6 clusters).

Table 20: Correlation of future crash risk measures per cluster - case study 1 (with 6 clusters).

Analysing future crash risk, in Table 19 and specifically the Crash Count metric,
these clusters have a very close value too (both have -0.2 and in this metric all
clusters values vary between -0.1 and -1.1).

Other relationships can be seen by analyzing the cluster rankings for readability mea-
sures (these can be grouped into similar groups) and then analyzing the cluster rank-
ings for future crash risk measures. Comparing both rankings is important, since a
similar clustering order between several readability measures and some future crash
risk measures can be a great indicator of the relationship between these measures.
Thus, since 48 readability measures are analysed, it is intended to group the measures
in similar groups and considering their cluster order. After this, this groups will be
compared with the results of future crash risk rankings by measure. These groups can
be compared in terms of readability and future crash risk at the same time for some
clusters, as it will be seen. Then, it is presented the readability groups and analyzed
the points that these groups have in common considering their calculation formula,
using the information from the Table 2 to the Table 9:

1. Group 1 (measures sorted in descending order in Table 21): 33 metrics including
ARI family (3 metrics), Bormuth family (2 metrics), Dale.Chall, Dale.Chall.old,
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Danielson.Bryan, Dickes.Steiwer, DRP, ELF, Flesch.PSK, Flesch.Kincaid, FOG
family (3 metrics), Farr.Jenkins.Paterson, Fucks, Linsear.Write, LIW, nWS.3,
nWS.4, RIX, SMOG family (4 metrics), Spache family (2 metrics), Strain, Traen-
kle.Bailer, Wheeler.Smith and meanSentenceLength.

This group contains major emphasis on Average Sentence Length (ASL) and
Average Word Length (AWL), also considering the size of syllables of a sentence,
nwsy, (e.g., ELF, Farr.Jenkins.Paterson, Flesch, Flesch.PSK, FOG), with different
variations (e.g., word count with 1, 2 or 3 syllables per word, depending on
the metric). Less frequently, another components are also used as: number of
”difficult” words not matching the Dale-Chall list of ”familiar” words, nwd (e.g.,
Dale.Chall.PSK), number of words, nw (e.g., Dale.Chall. PSK, Flesch, Flesch.PSK),
number of characters, nc (e.g., Danielson.Bryan), the number of blanks, nblank

(e.g., Danielson.Bryan) and number of sentences, nst (e.g., Danielson.Bryan, ELF,
FOG). See notation in Section 2.2.4.

2. Group 2 (measures sorted in descending order in Table 22): 4 metrics including
Dale.Chall.PSK, Flesch, nWS and nWS.2.

The components of this group are similar to that of Group 1, but also using the
number of characters per word, nwchar, (e.g., nWS and nWS.2 using the number
of words with 6 characters or more, nwchar>=6) and without using Average Word
Length (AWL), in contrast to Group 1 which has a great use of this component.

3. Group 3 (measures sorted in descending order in Table 23): 11 metrics includ-
ing Coleman family (5 metrics), Danielson.Bryan.2, FORCAST family (2 metrics),
Scrabble, Traenkle.Bailer.2 and meanWordSyllables.

This group does not use Average Sentence Length (ASL), unlike previous groups.
This group is based on nwsy (e.g., Coleman, Coleman.C2, FORCAST), nw (e.g.,
Traenkle.Bailer2, Coleman.Liau.ECP, FORCAST), nst (e.g., Danielson.Bryan2).
Other less commonly used components are the number of prepositions, nconj

(e.g., Traenkle.Bailer2) and the number of conjunctions, nnconj (e.g., Traen-
kle.Bailer2). See notation in Section 2.2.4.

Looking at Table 19, it is now possible to ranking the clusters regarding the future
crash risk metrics. The three future crash risk metrics have some consistency in the
order they define clusters, since they are partially correlated, as shown in Fig. 20.
However, they all have a slightly different order. The cluster rankings of the future
crash risk measures and their mean are shown:
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Table 21: Readability measures Group 1 for case study 1 (with 6 clusters)

Table 22: Readability measures Group 2 for case study 1 (with 6 clusters)

Table 23: Readability measures Group 3 for case study 1 (with 6 clusters)
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1. Sorting clusters by NCSKEW mean, ascending form: [2,1,3,6,4,5]. Color order:
[orange, red, yellow, violet, green, blue].

2. Sorting clusters by DUVOL mean, ascending form: [2,1,6,5,4,3]. Color order:
[orange, red, violet, blue, green, yellow].

3. Sorting clusters by Crash Count mean, ascending form: [2,5,6,3,1,4]. Color order:
[orange, blue, violet, yellow, red, green].

To show the evidence of the relationship of these readability measures groups with
future crash risk measures, it will be analyzed by the order of clusters for the future
crash risk measures mentioned above and their relationship with the proposed groups.
As already listed, the ascending order of clusters with respect to future crash risk
measures is again mentioned: (NCSKEW: [2,1,3,6,4,5]), (DUVOL: [2,1,6,5,4,3]) and
(Crash Count: [2,5,6,3,1,4]). These sortings will be used as follows, analysing the
relationship of readability measures groups and future crash risk measures:

1. Group 3 with NCSKEW: Considering the clusters order [2,6,4,5] (without cluster
1 and 3), painted [orange, violet, green and blue], these clusters follow this order
for readability metrics Group 3 (in descendent order) and the future crash risk
metric NCSKEW (in ascending order).

2. Group 3 with DUVOL: Considering the clusters order [2,6,4,3] (without cluster
1 and 5), painted [orange, violet, green, yellow], these clusters follow this order
for readability metrics Group 3 (in descendent order) and the future crash risk
metric DUVOL (in ascending order).

3. Group 3 with Crash Count: Considering the clusters order [2,6,3,1] (without
cluster 4 and 5), painted [orange, violet, yellow and red], these clusters follow
this order for readability metrics Group 3 (in descendent order) and the future
crash risk metric Crash Count (in ascending order).

4. Group 2 with NCSKEW: Considering the clusters order [1,6,5] (without cluster 2,
3 and 4), painted [red, violet, blue], these clusters follow this order for readability
metrics Group 2 (in descendent order) and the future crash risk metric NCSKEW
(in ascending order).

5. Group 2 with DUVOL: Considering the clusters order [1,6,5] (without cluster 2,
3 and 4), painted [red, violet, blue], these clusters follow this order for readability
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metrics Group 2 (in descendent order) and the future crash risk metric DUVOL
(in ascending order).

6. Group 1 with Crash Count: Considering the clusters order [3,1,4] (without cluster
2, 5 and 6), painted [yellow, red, green], these clusters follow this order for
readability metrics Group 1 (in descendent order) and the future crash risk metric
Crash Count (in ascending order).
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4.2 case study 2 : evaluate 5 clusters of 43 readability measures

In this section, the second experiment will be done, evaluating the relationship be-
tween 43 readability measures (excluding the FOG family, sentence length and word
syllables measures from the 48 measures of case study 1) and future crash risk
(NCSKEW, DUVOL and Crash Count). As explained in the Section 3.5, a clustering
method (k-means) was applied to readability measures to split the financial reports
into groups with similar readability measures. Subsequently, future crash risk is as-
sessed in these groups. This external analysis, in order to analyze the future crash risk
of readability clusters, aims to compare the future crash risk measures in the groups
to show future crash risk differences between them.
While in the first experiment all readability measures were used, in this experiment
some common measures were removed to analyze the reaction of the clustering
method and the results of external analysis on a different set of measures. Thus, the
3 FOG family measures (FOG, FOG.PSK, FOG.NRI) were removed, as well as the sen-
tence length and word syllables measures. All readability measures can be consulted
at Section 2.2.4, as well as future crash risk measures in Section 2.5.3.
This section presents the results of the cluster method, starting by evaluating the op-
timal cluster number, the results of the cluster method (evaluating the division into
different readability groups) and then comparing these groups in terms of future crash
risk, performing an external analysis.
In color graphics, each cluster is always indicated by the same color, as follows:

1. Cluster 1: red;

2. Cluster 2: orange;

3. Cluster 3: yellow;

4. Cluster 4: fluorescent green (it will be mentioned as green); and

5. Cluster 5: cornflower blue (it will be mentioned as blue).

4.2.1 Optimal cluster number evaluation - case study 2

First, it is intended to evaluate the optimal number of clusters to split the data. This
process starts by analysing the optimal number of clusters, testing internal and ex-
ternal validation measures of different number of clusters. Table 24 shows Average
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Proportion of Non-overlap (APN), Average Distance (AD), Average Distance between
Means (ADM), Figure Of Merit (FOM), Connectivity, Dunn and Silhouette validation
measures for the number of clusters 2 to the number of clusters 20. In Fig. 13, a visu-
alization is presented evaluating the ideal number of clusters using the Gap Statistic
method. A brief summary of the measures used to evaluate clusters is shown as:

1. Gap Statistic: this metric evaluates the internal dispersion of clusters. It com-
pares the total within intra-cluster variation with their expected values under
null reference distribution of the data.

2. APN: this metric analyses the average proportion of observations not placed in
the same cluster by clustering based on the full data and clustering based on the
data with a single column removed.

3. AD: this metric analyses the average distance between observations placed in
the same cluster under both cases (full data set and removal of one column).

4. ADM: this metric analyses the average distance between cluster centers for ob-
servations placed in the same cluster under both cases (full data set and removal
of one column).

5. FOM: this metric analyses the average intra-cluster variance of the deleted col-
umn, where the clustering is based on the remaining (undeleted) columns.

6. Connectivity: this metric corresponds to what extent items are placed in the
same cluster as their nearest neighbors in the data space.

7. Dunn index: this metric identifies clusters which are well separated and com-
pacts. It combines dissimilarity between clusters and their diameters to estimate
the most reliable number of clusters.

8. Silhouette: this metric analyses how well an observation is clustered and it esti-
mates the average distance between clusters.

To analyze the best number of clusters, an appropriate range of clusters was decided
for the methodology. Too few clusters may not be enough to evaluate the methodology
properly, but too many will eventually make each group have few financial reports,
making each cluster less significant. Thus, it was decided that a number of clusters
between 4 and 10 would be acceptable.
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Table 24: Evaluation of the number of clusters, according to APN, AD), ADM, FOM, Connec-
tivity, Dunn and Silhouette validation measures - case study 2.

It can be seen from Fig. 13 that the group with the largest Gap Statistic is the group
of only one cluster since with one cluster there is only one way to organize the data.
Then it can be seen that the measure decreases to the number of clusters 3, increasing
thereafter, with a peak in the number of clusters 5, only surpassed from 14 clusters,
increasing considerably thereafter. Although Gap Statistic is larger for larger numbers,
since clusters are more likely to end up with less dispersion among themselves (this
is the relevant factor for this measure), as mentioned in the previous paragraph, a
number of clusters between 4 and 10 is acceptable, the number of clusters 5 was chosen,
as it corresponds to the largest Gap Statistic among the 4-10 range. It can also be seen
from the Table 24 that the number of clusters 5 is one of the optimal numbers for
various measures, between the number of clusters 4 to 10. In this sense, the average
value of financial reports in each cluster if uniformly distributed is 183 (917 financial
reports/5 clusters). However there will be clusters with different sizes.



4.2. Case study 2: evaluate 5 clusters of 43 readability measures 66

Figure 13: Selection of the number of clusters using the Gap Statistic - case study 2.



4.2. Case study 2: evaluate 5 clusters of 43 readability measures 67

4.2.2 Clustering results - case study 2

This section presents the results for the 5 readability clusters. For better visualization
and discussion, two approaches were made, one focusing on the 43 readability mea-
sures, using radar charts (Fig. 15) and another focused on decreasing the complexity
of the 43 readability measures, reducing them to only 2 measures, using PCA method
(Fig. 14). While radar charts show the results of the 43 readability measures, allow-
ing to discuss and draw accurate conclusions, PCA allows to have a more brief and
simpler visualization of the readability clusters.
Analyzing Fig. 14, it can be seen the result of the PCA method, visualizing the result
of the clustering method for readability measures in a simpler way. Each of the two
variables (Dim1 and Dim2) represents a certain amount of information contained in the
43 readability measures. The proportion of which is represented by the percentage in
the axis labels. Dim1 has 68.6% of the information contained in the initial 48 readability
measures and Dim2 contains only 22.5%, noting that Dim1 is responsible for more
information. It is also noted that 68.6% + 22.5% = 91.1%, meaning that 8.9% (100% -
91.1%) of the information in this graph has been lost, it is natural since the reduction
in the size of the data was large, from 48 features to just 2. However, visually it is very
worthwhile, since it is clear that at least for the 91.1% of information, the clusters are
distinctly different.
Fig. 15 shows the 5 clusters on 4 radar charts (11 readability measures in 3 charts
and one chart with 10 measures, 43 in total), allowing to analyze the 4 graphs at the
same time. The closer to the outer edge of the chart a measure is, the more readable
the cluster is. Ideally, different clusters should be found, each one corresponding to
a particular set of readability measures that, as will be assessed in the next section
(where external analysis results are analyzed), would match to a specific future crash
risk level (e.g., it would be interesting to find a readability cluster that is often asso-
ciated with a high degree of future crash risk). Thus, in this section, it is first shown
and analyzed if the clustering method was effective. Taking this into consideration, it
appears that the 5 clusters have obvious differences and there is no cluster that has a
similar pattern to others for the 48 readability measures analysed in Fig. 15.
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Figure 14: PCA results. The points inside the clusters represent the financial reports - case
study 2 (with 5 clusters).
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Figure 15: Radar charts with 43 readability measures - case study 2 (with 5 clusters). No FOG,
sentence length, or word syllables measures. The closer to the outer edge of the
chart a measure is, the more readable the cluster is.
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The clusters analyzed in Fig. 15 show a differentiation of them, considering the 43

readability measures visualized in the 4 radar charts of this figure. However, due to
the number of features, the view in Fig. 14 becomes more favorable, clearly seeing
totally distinct clusters. In this sense, the PCA was of great importance, reducing
the initial spectrum from 48 characteristics to only 2, Dim1, containing 68.6% of the
initial information of the 48 readability measures and Dim2, containing 22.5% of this
information, meaning that Dim1 represents most of the information obtained in this
graph. This view proves the success of the k-means clustering method by splitting the
clusters properly.

4.2.3 External analysis results - case study 2

After observing and analyzing the clusters for the 43 readability measures in Section
4.2.2, it was concluded that it created suitable groups, it is intended to compare these
clusters also in terms of future crash risk, externally. Taking this into consideration, it
is now possible to analyze the clusters in terms of future crash risk, evaluating future
crash risk measures in each cluster (external analysis). Readability metrics measure
how readable the financial reports are and the future crash risk allows to evaluate
the future company’s performance. In this project, future crash risk is obtained from
the day following the publication of the financial report until the publication of the
next report (next year). Thus, this phase goes through characterizing the readability
clusters with future crash risk and realizing what distinguishes them.
As explained, the financial characteristic analyzed in this project is the future crash
risk. The financial graphs in Fig. 16, Fig. 17 and Fig. 18 show the future crash risk
measures of the 5 clusters analyzing 2 future crash risk measures per graph. The size
of the circles is proportional to the size of the clusters. Therefore, it is possible to have
the notion of the size of each cluster from these views, also using this feature for their
comparison. It is also possible to visualize the correlation between the different future
crash risk measures in Table 25 and by cluster in Table 20.
The following points list commonalities between readability and future crash risk mea-
sures, taking into account the PCA method.

1. Focusing on the readability clusters depicted in Fig. 14, representing the clusters
obtained from readability measures, it can be seen that Cluster 3 is isolated from
others, in Dim1. As already explained, (Section 4.2.2 and previous experiment,
Section 4.1), the method PCA, represented in this figure (Fig. 14), contains two
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Table 25: Correlation between future crash risk measures.

Figure 16: NCSKEW and DUVOL per cluster - case study 2 (with 5 clusters). Circles are pro-
portional to the size of the cluster.
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Figure 17: NCSKEW and Crash Count per cluster - case study 2 (with 5 clusters). Circles are
proportional to the size of the cluster.

Figure 18: DUVOL and Crash Count per cluster - case study 2 (with 5 clusters). Circles are
proportional to the size of the cluster.
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features (resulting from the initial 43 readability measures analysed in this ex-
periment), Dim1 and Dim2, as depicted in the image. Dim1 contains 68.6% of
the initial information of the 43 readability measures and Dim2 contains 22.5% of
the information, meaning that Dim1 represents most of the information obtained
in this graph. Therefore, this cluster is isolated in the most of the information,
Dim1. Analysing the 3 future crash risk metrics (NCSKEW, DUVOL and Crash
Count), in Fig. 16, Fig. 17 and Fig. 18, Cluster 2 always appears further away
from all other clusters. Cluster 2 has the lowest future crash risk mean (-0.45,
as seen in Table 26) and the lowest NCSKEW, DUVOL and Crash Count. As
mentioned, this cluster also has a differentiation in most readability information
(68.6 %), as seen in Fig.14, therefore this may indicate a relationship between
some readability measures (68.6 % of the information) and future crash risk mea-
sures, but it does not show what type of relationship is (how do the measures
affect each other).

2. Accordingly, and for the same reasons as the previous paragraph, cluster 4 and
cluster 5 are also about the same value as Dim1 in Fig. 14, and these clusters are
therefore quite similar (similar in 68.6% of readability information, as explained
in the previous point). In Fig. 16, Fig. 17 and Fig. 18, it can be noticed that these
clusters are also very close in future crash risk measures, so these clusters are
very similar in readability and future crash risk.

Other relationships can be seen by analyzing the cluster rankings for readability mea-
sures (these can be grouped into similar groups) and then analyzing the cluster rank-
ings for future crash risk measures. Comparing both rankings is important, since a
similar clustering order between several readability measures and some future crash
risk measures can be a great indicator of the relationship between these measures.
Thus, since 43 readability measures are analysed, it is intended to group the measures
in similar groups and considering their cluster order. After this, this groups will be
compared with the results of future crash risk rankings by measure. These groups can
be compared in terms of readability and future crash risk at the same time for some
clusters, as it will be seen. Then, it is presented the readability groups and analyzed
the points that these groups have in common considering their calculation formula,
using the information from the Table 2 to the Table 9:

1. Group 1 (measures sorted in descending order in Table 28): 37 mea-
sures including ARI family (3 metrics), Bormuth family (2 metrics),
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Table 26: Cluster size and external features mean - case study 2 (with 5 clusters)

Table 27: Correlation of future crash risk measures per cluster - case study 2 (with 5 clusters)

Coleman.C2, Coleman.Liau.ECP, Coleman.Liau.grade, Coleman.Liau.short,
Dale.Chall, Dale.Chall.old, Dale.Chall.PSK, Danielson.Bryan, Dickes.Steiwer,
DRP, ELF, Farr.Jenkins.Paterson, Flesch, Flesch.PSK, Flesch.Kincaid, Fucks, Lin-
sear.Write, LIW, nWS, nWS.2, nWS.3, nWS.4, Scrabble, SMOG family (4 metrics),
Spache family (2 metrics), Strain, Traenkle.Bailer and Wheeler.Smith.

This group contains major emphasis on Average Sentence Length (ASL) and Av-
erage Word Length (AWL), also considering the size of syllables of a sentence,
nwsy, (e.g., ELF, Farr.Jenkins.Paterson, Flesch, Flesch.PSK), with different varia-
tions (e.g., word count with one, two or three syllables per word, depending on
the metric). Less frequently, another components are also used as: number of
”difficult” words not matching the Dale-Chall list of ”familiar” words, nwd (e.g.,
Dale.Chall.PSK), number of words, nw (e.g., Dale.Chall. PSK, Flesch, Flesch.PSK),
number of characters, nc (e.g., Danielson.Bryan), the number of blanks, nblank

(e.g., Danielson.Bryan) and number of sentences, nst (e.g., Danielson.Bryan, ELF).
See notation in Section 2.2.4.

2. Group 2 (measures sorted in descending order in Table 29): 10 measures in-
cluding Coleman family (5 measures), Danielson.Bryan.2, FORCAST family (2
metrics), Scrabble and Traenkle.Bailer.2.
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This group does not use Average Sentence Length (ASL), unlike previous groups.
This group is based on nwsy (e.g., Coleman, Coleman.C2, FORCAST), nw (e.g.,
Traenkle.Bailer2, Coleman.Liau.ECP, FORCAST), nst (e.g., Danielson.Bryan2).
Other less commonly used components are the number of prepositions, nconj

3(e.g., Traenkle.Bailer2) and the number of conjunctions, nnconj (e.g., Traen-
kle.Bailer2). See notation in Section 2.2.4.

3. Group 3 (measures sorted in descending order in Table 30): 5 measures including
Bormuth family (2 measures), DRP, Dickes.Steiwer and Farr.Jenkins.Paterson.

These measures have the same main characteristics as Group 1 measures. How-
ever, since the components are used differently, these metrics have different re-
sults in this case study, in one of the cases that will be analyzed.

Looking at Table 26, it is now possible to ranking the clusters regarding the future
crash risk metrics: The three future crash risk metrics have some consistency in the
order they define clusters, since they are partially correlated, as shown in Fig. 27.
However, Crash Count has a slightly different order (in cluster 1 and 2). The cluster
rankings of the future crash risk measures and their mean are shown:

1. Sorting clusters by NCSKEW mean, ascending form: [3,1,2,4,5]. Color order:
[yellow, red, orange, green, blue].

2. Sorting clusters by DUVOL mean, ascending form: [3,1,2,4,5]. Color order: [yel-
low, red, orange, green, blue].

3. Sorting clusters by Crash Count mean, ascending form: [3,2,1,4,5]. Color order:
[yellow, orange, red, green, blue].

To show the evidence of the relationship of these readability measures groups with
future crash risk measures, it will be analyzed by the order of clusters for the future
crash risk measures mentioned above and their relationship with the proposed groups.
As already listed, the ascending order of clusters with respect to future crash risk
measures is again mentioned: (NCSKEW: [3,1,2,4,5]), (DUVOL: [3,1,2,4,5]) and (Crash
Count: [3,2,1,4,5]). These sortings will be used as follows, analysing the relationship
of readability measures groups and future crash risk measures:

1. Part of Group 2 (Coleman.C2, Coleman.Liau.ECP, Coleman.Liau.grade, Cole-
man.Liau.short and Scrabble) with Crash Count: Considering the clusters order
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Table 28: Readability measures Group 1 for case study 2 (with 5 clusters)

Table 29: Readability measures Group 2 for case study 2 (with 5 clusters)

Table 30: Readability measures Group 3 for case study 2 (with 5 clusters)
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[3,2,1,4] (without cluster 5), painted [yellow, orange, red and green], these clus-
ters follow this order for readability metrics Group 3 (in descendent order) and
the future crash risk metric Crash Count (in ascending order).

2. Group 3 with Crash Count: Considering the clusters order [2,1,4,5] (without
cluster 3), painted [orange, red, green and blue], these clusters follow this order
for readability metrics Group 3 (in descendent order) and the future crash risk
metric Crash Count (in ascending order).

3. Group 1 with Crash Count: Considering the clusters order [2,1,4] (without cluster
3 and 5), painted [orange, red and green], these clusters follow this order for
readability metrics Group 1 (in descendent order) and the future crash risk metric
Crash Count (in ascending order).

4. Group 2 with NCSKEW: Considering the clusters order [3,2,4] (without clusters
1 and 5), painted [yellow, orange and green], these clusters follow this order
for readability metrics Group 2 (in descendent order) and the future crash risk
metric NCSKEW (in ascending order).

5. Group 2 with DUVOL: Considering the clusters order [3,2,4] (without cluster
1 and 5), painted [yellow, orange and green], these clusters follow this order
for readability metrics Group 2 (in descendent order) and the future crash risk
metric DUVOL (in ascending order).

6. Group 2 with Crash Count: Considering the clusters order [3,2,4] (without cluster
1 and 5), painted [yellow, orange and green], these clusters follow this order for
readability metrics Group 2 (in descendent order) and the future crash risk metric
Crash Count (in ascending order).

7. Group 3 with NCSKEW: Considering the clusters order [2,4,5] (without cluster
1 and 3), painted [orange, green and blue], these clusters follow this order for
readability metrics Group 3 (in descendent order) and the future crash risk metric
NCSKEW (in ascending order).

8. Group 3 with DUVOL : Considering the clusters order [2,4,5] (without cluster
1 and 3), painted [orange, green and blue], these clusters follow this order for
readability metrics Group 3 (in descendent order) and the future crash risk metric
DUVOL (in ascending order).
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9. Group 3 with Crash Count: Considering the clusters order [2,4,5] (without cluster
1 and 3), painted [orange, green and blue], these clusters follow this order for
readability metrics Group 3 (in descendent order) and the future crash risk metric
Crash Count (in ascending order).

10. Group 3 with Crash Count: Considering the clusters order [1,4,5] (without clus-
ter 2 and 3), painted [red, green and blue], these clusters follow this order for
readability metrics Group 3 (in descendent order) and the future crash risk met-
ric Crash Count (in ascending order).

4.3 discussion

The results achieved were analyzed in Section 4.1 and Section 4.2, where two different
case studies are evaluated. As explained, while the first case study analyzes all the
different readability measures exposed in Section 2.2.4, the second case study analyzes
only 43 readability measures, excluding the FOG family, sentence length and word
syllables from all 48 measures of case study 1. In case study 1, the optimal number
of clusters was 6, and in the case study 2, the optimal number of clusters was 5,
allowing the financial reports to be divided into two different ways, one with 6 clusters
and another with 5 clusters. There were no significant differences between the two
main clustering approaches. Therefore, there seems to be some redundancy in the
readability data features, which translates into consistent clustering results when using
different sets of features. This suggests that the FOG family, sentence length and word
syllables metrics can be replaced by the other readability measures. Summarizing
and discussing the similarities between the readability metrics and future crash risk
metrics in the two case studies, it can be highlighted:

1. In both case studies, it is possible to find a readability cluster farther from the
others, by analyzing the results of the PCA method, in Fig. 8 (case study 1) and
Fig. 14 (case study 2). When analyzed externally, this cluster (cluster 2 in case
study 1 and cluster 3 in case study 2) has the smallest NCSKEW, DUVOL and
Crash Count (as it can be seen in Table 19 and Table 26). Thus, there appears to
be a relationship between a set of specific readability values with lower future
crash risk metrics.

2. Analyzing the results of the PCA method, it was also evidenced that there are
some similarities in the feature Dim1 (which represents 68.6% of readability in-
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formation, as shown in fig 8 and 14) for some clusters. This similarity also corre-
sponds in future crash risk metrics, in the same clusters. One example was given
for case study 1 (clusters 1 and 3) and two examples for case study 2 (clusters
1 and 2 and clusters 4 and 5) with emphasis on the Crash Count metric in the
first example (this metric is almost the same in cluster 1 and 3). Taking this into
consideration, it can be said that there may be a possible relationship in 68.6% of
readability information, which may mean that a specific set of readability metrics
and future crash risk measures can have a relationship.

Analyzing the readability measures in both case studies and their groups, considering
the rankings (Fig. 21, Fig. 22 and Fig. 23 for case study 1 and Fig. 28, Fig. 29 and
Fig. 30 for case study 2), as well as the mentioned future crash risk rankings (case
study 1 - NCSKEW: [2,1,3,6,4,5], DUVOL: [2,1,6,5,4,3] and Crash Count: [2,5,6,3,1,4];
case study 2 - NCSKEW: [3,1,2,4,5], DUVOL: [3,1,2,4,5]) and Crash Count: [3,2,1,4,5]),
some relationships were documented in Section 4.1.3 and Section 4.2.3. The analysis
consisted in creating similar groups of readability measures, in each case study (each
group has a set of readability measures with the same ranking). After that, the clusters
were also sorted by future crash risk metrics (NCSKEW, DUVOL and Crash Count,
having 3 rankings). In several cases, the readability measures rankings match the
future crash risk measures rankings, in symmetrical way. In symmetrical way means,
for example, that the most readable cluster of the ranked clusters is the least crash-
prone cluster and the less readable cluster is the one with higher future crash risk. In
this sense, the documented evidence were, briefly:

1. Case study 1 - Group 3 with NCSKEW: Considering the clusters order [2,6,4,5].

2. Case study 1 - Group 3 with DUVOL: Considering the clusters order [2,6,4,3].

3. Case study 1 - Group 3 with Crash Count: Considering the clusters order
[2,6,3,1].

4. Case study 1 - Group 2 with NCSKEW: Considering the clusters order [1,6,5].

5. Case study 1 - Group 2 with DUVOL: Considering the clusters order [1,6,5].

6. Case study 1 - Group 1 with Crash Count: Considering the clusters order [3,1,4].

7. Case study 2 - Part of Group 2 (Coleman.C2, Coleman.Liau.ECP, Cole-
man.Liau.grade, Coleman.Liau.short and Scrabble) with Crash Count: Consid-
ering the clusters order [3,2,1,4].
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8. Case study 2 - Group 3 with Crash Count: Considering the clusters order
[2,1,4,5].

9. Case study 2 - Group 1 with Crash Count: Considering the clusters order [2,1,4].

10. Case study 2 - Group 2 with NCSKEW: Considering the clusters order [3,2,4].

11. Case study 2 - Group 2 with DUVOL: Considering the clusters order [3,2,4].

12. Case study 2 - Group 2 with Crash Count: Considering the clusters order [3,2,4].

13. Case study 2 - Group 3 with NCSKEW: Considering the clusters order [2,4,5].

14. Case study 2 - Group 3 with DUVOL: Considering the clusters order [2,4,5].

15. Case study 2 - Group 3 with Crash Count: Considering the clusters order [2,4,5].

16. Case study 2 - Group 3 with Crash Count: Considering the clusters order [1,4,5].

These relationships demonstrate several points of contact between readability and fu-
ture crash risk measures. We also discuss the possibility of complementary evidences,
such as a group of readability measures predicting part of each crash risk metric. For
example, Group 3 metrics of study case 1 have the ability to be related to all clusters
(4 different clusters in each relation with a future crash risk measure). This group has
11 metrics including Coleman family (5 metrics), Danielson.Bryan.2, FORCAST fam-
ily (2 metrics), Scrabble, Traenkle.Bailer.2 and meanWordSyllables. These metrics are
correlated to the 3 future crash risk measures and include all 6 clusters (4 at a time):

1. NCSKEW: follows the same ranking (symmetrically) as the referred readability
metrics for clusters [2,6,4,5].

2. DUVOL: follows the same ranking (symmetrically) as the referred readability
metrics for clusters [2,6,4,3].

3. Crash Count: follows the same ranking (symmetrically) as the referred readabil-
ity metrics for clusters [2,6,3,1].

Thus, in Group 3 of case study 1, all clusters are involved in at least one relationship
with the three future crash risk metrics. In this case, all future crash risk metrics
established different rankings so it would be impossible for a readability group to
match the three future crash risk metrics. Even so, the readability metrics of this
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group are related to all future crash risk metrics, showing the possibility of a strong
relationship between these readability metrics and the future crash risk metrics.
It is also noted that the mentioned readability metrics of Group 3 for case study 1,
which have points of contact with all future crash risk metrics, have in common not
using Average Sentence Length (ASL). The metrics of this group are based on nwsy

(e.g., Coleman, Coleman.C2, FORCAST), nw (e.g., Traenkle.Bailer2, Coleman.Liau.ECP,
FORCAST), nst (e.g., Danielson.Bryan2). Other less commonly used components are
the number of prepositions, nconj (e.g., Traenkle.Bailer2) and the number of conjunc-
tions, nnconj (e.g., Traenkle.Bailer2). See notation in Section 2.2.4. These components
can be extremely important as they pertain to the readability measures (Group 3) in
which we find the most correlation with future crash risk metrics. Thus, these com-
ponents may be the most important components in a financial report to predict the
financial results of the company.



5

C O N C L U S I O N

5.1 conclusions

Referring to the objectives initially proposed in the Section 1.2, it is possible to say
that the objectives were achieved with satisfactory results. The following are the main
conclusions of this study:

1. The first case study analyzes all the different readability measures exposed in
Section 2.2.4 and the second case study analyzes only 43 readability measures,
excluding the FOG family, sentence length and word syllables from all 48 mea-
sures of case study 1. There were no significant differences between the two
main clustering approaches. Therefore, there seems to be some redundancy in
the readability data features, which translates into consistent clustering results
when using different sets of features. In this sense, with the data analyzed in
this study, it can be concluded that the FOG family, sentence length and word
syllables metrics can be replaced by the other readability measures.

2. The readability results of the PCA method (Fig. 8 and Fig. 14) allow us to
conclude that in 68.6% of the readability information (corresponding to one di-
mension), there are some relationships between this readability information and
future crash risk (exposed in Table 19 and Table 26), such as the same cluster
isolated from the others in readability and crash risk results, as well as some
correspondent similarities in both results. In this sense, for the analyzed data, it
is possible to conclude that there are evidences of relationships between 68.6%
of the readability information and the crash risk metrics.

3. Analysing all readability metrics, in Fig. 9 (case study 1) and Fig. 15 (case
study 2), there are several relationships between some readability measures and
future crash risk metrics (exposed in Table 19 and Table 26). It is possible to

82



5.2. Prospect for future work 83

highlight Coleman family (5 metrics), Danielson.Bryan.2, FORCAST family (2
metrics), Scrabble and Traenkle.Bailer.2 metrics (Group 3 of case study 1 and
Group 2 of case study 2), which in addition to having several relationships with
future crash risk metrics, they include all the future crash risk metrics (NCSKEW,
DUVOL and Crash Count). These metrics point to a more readable financial
reporting ratio being related to less crash-prone companies.

4. The previous point suggests that Coleman family (5 metrics), Danielson.Bryan.2,
FORCAST family (2 metrics), Scrabble and Traenkle.Bailer.2 metrics are related
to future crash risk metrics. In this sense, and since these metrics share similar
components, these components may be related to future crash risk. These metrics
have in common not using Average Sentence Length (ASL) and they are based
on nwsy (e.g., Coleman, Coleman.C2, FORCAST), nw (e.g., Traenkle.Bailer2, Cole-
man.Liau.ECP, FORCAST) and nst (e.g., Danielson.Bryan2). Other less commonly
used components are the number of prepositions, nconj (e.g., Traenkle.Bailer2)
and the number of conjunctions, nnconj (e.g., Traenkle.Bailer2). See notation in
Section 2.2.4. This study, using S&P 100 from 2008 to 2017, suggests that these
components may be more related to crash risk metrics NCSKEW, DUVOL and
Crash Count.

5.2 prospect for future work

This work allowed us to understand some relationships between readability and crash
risk metrics, highlighting some metrics and components that may be more related
to crash risk. With this in mind, the future work has several directions that can be
followed:

1. Retry clustering with the most related metrics: Coleman family (5 metrics),
Danielson.Bryan.2, FORCAST family (2 metrics), Scrabble and Traenkle.Bailer.2
metrics. Understand more details of these metrics and why they might be linked
to future crash risk metrics. Test if they are related to other financial indicators.

2. Expand data size. For example, using the S&P 500 index or analysing more than
10 years.

3. Test other financial indicators, in addition to future crash risk.

4. Finding other readability metrics or components that are related to future crash
risk.
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5. With the knowledge gathered, develop new readability measures, that may be
more related to companies’ financial performance..

6. Develop prediction algorithms, building various Machine Learning models using
different readability measures to predict different indicators of financial perfor-
mance (one in each model). In this process, several models are created, where
each model predicts a different financial indicator. Analyze the results, seeking
conclusions on a set of metrics that can predict a financial indicator.
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