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Abstract. The main goal of reporting in the financial
system is to ensure high quality and useful information
about the financial position of firms, and to make it
available to a wide range of users, including existing and
potential investors, financial institutions, employees, the
government, etc. Formal reports contain both strictly
regulated, financial sections, and unregulated, narrative
parts. Our research starts from the hypothesis that there
is a relation between business performance and not only
content, but also the linguistic properties of unregulated
parts of annual reports. In the paper we first present
our dataset of financial reports and the techniques we
used to extract the unregulated textual parts. Next, we
introduce our approaches of differential content analysis
and analysis of correlation with financial aspects.
The differential content analysis is based on TF-IDF
weighting and is aimed at finding the characteristic
terms for each year (i.e. the terms which were not
prevailing in the previous reports by the same firm).
For correlation of linguistic characteristics of reports with
financial aspects, an array of linguistic features was
considered and selected financial indicators were used.
Linguistic features range from measurements, such as
personal/impersonal pronouns ratio, to assessments
of characteristics like financial sentiment, trust, doubt,
and discursive features expressing certainty, modality,
etc. While some features show strong correlation with
industry (e.g., shorter and more personal reports by
IT industry compared to automotive industry), doubt,
communication — as well as necessity and cognition
words to some extent — are positively correlated with
failure.

Keywords. Financial reports, 10-K, differential content
analysis, linguistic characteristics, financial indicators.

1 Introduction

The main goal of the financial system is to facilitate
the transfer of funds from savers with excess funds
to entities that require funds for capital investment.
To ensure that this transfer is efficient, savers
require high quality information. The objective
of financial reporting is to ensure high quality
and useful information about the financial position
of firms, and to make it available to a wide
range of users, including investors, employees, the
government, etc.

Financial reports are required from publicly
traded companies [44] and contain both strictly
regulated financial sections, providing the infor-
mation on the status, properties and practices of
companies, and unregulated parts, where flexibility
is allowed and required. Even though financial
disclosures follow a reasonably well-established
set of guidelines, there is variation in terms of
how the content of these disclosures is conveyed,
especially in sections that allow for a more narrative
style. The choice of specific words and tone
when framing a disclosure could be indicative of
the underlying facts about a company’s financial
situation that cannot be conveyed through financial
indicators alone.

The Securities and Exchange Commission
(SEC), in the United States, stipulates filing of
financial disclosures by publicly traded companies:
an annual report (Form 10-K), quarterly reports
(Form 10-Q) and other reports to communicate
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major events within the company (Form 8-K). In
our paper we focus on 10-K reports. They conform
to a set number of sections containing information
on the business practices of a company, their
risks, and results for the fiscal year for which
the report is filed. Many of these sections allow
for relatively little variation, as their main function
is to declare facts about the company, such as
enumeration of their properties, shareholders and
similar information.

However, there are also sections with more
flexible contents. In particular, one section is
of special interest: Management’s Discussion
and Analysis (MD&A), which discloses company
operations and management in a way that is
easy for investors and other interested parties
to understand. It also includes information on
what the company does in the face of risks,
legislation, competition, etc. This section allows
more freedom and variation in the framing of the
information contained, and as such provides an
insight into the nature of a company’s management
and its prospects to a degree that goes beyond the
quantitative facts stated in other sections. They
contain opinions and attitudes, and are subject
to style. For this reason, the MD&A section
is an important component in many works in
qualitative analysis of financial reports, allowing for
the exploitation of linguistic features.

There is now a growing body of literature dedi-
cated to the analysis of non-financial information in
financial reports. The motivation for such research
is to assess whether there is a relationship
between the way a report is framed and the past
and future performances of the companies. The
hypothesis is that e.g., negative performance is
reported with different stylistic devices than positive
performance, while textual analysis can be also
an indicator for future performance. Even though
some of the linguistic choices in financial reporting
are subjective, research shows that a relationship
exists between different textual aspects of financial
reports and real-world financial indicators.

In our study, we contribute to this line of research
by investigating the narrative parts of 10-K annual
reports, where on the one hand we are interested
in how through content analysis we can identify
events, characteristic for the reported year, and
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on the other hand, how linguistic characteristics of
the reports reflect a firm’s business performance.
We showcase our methodology on the analysis of
annual reports by four companies.

2 Related Work

Given the financial and cultural prominence of the
American Stock markets, as well as the availability
of their gray-literature, 10-Q and 10-K are the kinds
of reports most often used in research on financial
reports, the latter being the focus of our study.
However, other types of reports are occasionally
used in related work (e.g., the filings of the firms
in the London Stock Exchange [3], the Hong
Kong Stock Exhange [30], or Euronext Paris [1]).
Non-financial information from reports has been
used for prediction of financially relevant events
[40], such as next year performance (through
indicators such as return on equity) [40, 9, 26,
4, 20, 30], contemporaneous returns around filing
dates [15], stock return volatility [32, 33], earnings
forecast dispersion [28, 33], costs of capital [28],
financial distress [21], credibility of reports [3] or
fraud detection [18].

The role of linguistic features has been
explored by several authors. A lot of attention
has been paid to linguistic sentiment available
in dictionaries. Popular general dictionaries
and dictionary-based programs are the General
Inquirer/Harvard [45], used in works such as [15,
13, 34, 16, 39, 28] and DICTION [22], used
in works such as [12, 11, 42, 16, 20]. Given
their generic character, these dictionaries present
some limitations, since words that are generally
considered positive or negative might convey a
different, and sometimes opposite, meaning in a
financial context. However, attempts have been
made to counter this by devising domain-specific
dictionaries [23, 34], which were used in various
studies [13, 42, 16, 25, 39, 19, 21, 35, 18].
Also in our study we use the LoughranMcDonald
Master Dictionary [34]. Other linguistic features
addressed in related work include forward looking
performance keywords [3] and statements [32], risk
sentiment [4], polarity/tone [12, 15, 18, 19, 20, 25],
subjectivity [18], intensity [18], modality [20, 34]
and uncertainty [20, 34].
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The most related to our approach is the work
by Pimenta et al. [38]. While they propose a
system for extraction and cleaning of content from
UK annual reports, we focus on the annual reports
of US firms. They use the extracted data to
assess the predictive value of various sections for
future earnings, based on tone. We, on the other
hand, investigate the relation between the linguistic
characteristics of non-regulated textual parts of
reports and firm’s performance in the reported
period.

We analyze the correlation between financial
performance and document length (cf. also the
findings by Li [31] and Loughran and McDonald
[35]), the observed sentiment (we use a sentiment
dictionary [34]), and several other features: the
newly introduced trust and doubt keywords,
discursive features by Biber [6] and the ratio
between personal and impersonal pronouns, which
can be related to the more general observation by
Pannebaker [37] on the important role of pronouns,
as well as to the passive voice by Merkl-Davies and
Koller [36]. We showcase the methodology on a
case study of four firms.

3 Dataset of Financial Reports

Our case study focuses on 10-K annual reports of
four firms from two industries in a period of ten
years (2005-2014). From the automotive industry
we chose Ford Motor Company (F) and General
Motors Company (GM), and from the IT industry
we selected Google - Alphabet Inc. (GOOAV) and
Yahoo! Inc. (YHOO).

From the original 10-K reports we extract Part |,
and ltems 7 and 7A from Part Il, since these are
the non-financial, non-regulated parts of annual
reports, in which management can express their
opinion on the past and future performance, etc.
However, they are mandated in the sense that
they must appear in every annual report and
can thus be followed through time as well as
in a cross-section. Automatic filtering of report
files is challenging due to their inconsistent and
error-prone format, so here we provide some
useful details of our approach. The most important
components of the cleaning/extracting process
include:

— Read an original report line by line.

— Perform decoding, removing leading and
trailing white-space characters, replacing
multiple white-space characters with one
space character.

— Skip potential .pdf, .xls, .jpg, .zip, .gif objects.

— If the line contains more than 10,000
characters, split it into a list of elements and
process them individually.

— If the line contains more ‘<’ signs than ‘>’
signs (possible unfinished tag), merge it with
the next line. After 100 iterations break the
loop.

— Detect relevant parts by searching for the titles
of the section (e.g. Part I) (which should not
be mistaken for the references to that parts in
text).

— Skip tables and remove html/xml tags.

4 Financial Indicators

For our analysis of the correlation between
linguistic characteristics and financial aspects, we
investigate the role of several measures of failure
based on existing literature.  The first group
of indicators is based on financial statements.
Firms avoid reporting losses and/or decreases
in earnings (LOSS, DECR_P) [8, 17] for several
reasons such as access to capital markets, loan
contracting, management compensation, etc.

Because both measures depend in part on
capital structure (i.e. the amount of debt used
to finance the firm), a cleaner version is to
define failure if operating income (i.e. earnings
from business activities) is negative (OP-LOSS).
Managers exert discretion over the financial
reporting purposes and they would normally do so
only through the accruals component of earnings
[43, 27]. Hence, to avoid this subjective element,
another measure of failure indicates when the cash
flows from operations are negative (N-CFO).

The second group of indicators are market-
based indicators. Failure here occurs when total
returns are negative (Neg-RET1), i.e. when the
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share price and dividends fall below previous year’s
level. As not all decreases of share prices can
be attributed to firms only, we also subtract the
market-wide return (the return on a broad stock
index) from individual company returns and define
failure only based the residual part of the return
that is attributable to the firm (Neg-RETZ2). Finally,
another measure that defines failure is if firms fail
to secure a return on equity of 8% (LowROE). This
is a conservative (i.e. low) cost of equity that firms
are expected to cover over longer periods of time.

The third group is based on dividends. Firms
that pay no dividends (NO_DIV) are different from
firms that do pay out dividends (see e.g. [41,
24]). Moreover, dividend decreases (DIV_DECR)
are considered to be a very negative signal to
the market and are typically accompanied by a
negative market response.

We also look at investments expenditure, more
importantly at R&D expenditures that also play an
important role in firm valuation [2]. It is relatively
easy for firms to reduce R&D expenditures (and
expenses), by which they temporarily boost the net
income in the short run, but destroy value over
longer periods. We therefore add the indicator
R&D-RED.

All the above-presented indicators were trans-
formed to binary values, 1 indicating failure and
0 indicating positive performance. There are
also missing values due to the following reasons:
missing previous year data item in increases and
decreases, negative book value of equity and a
loss at the same time, companies not reporting
R&D expenditure.

Finally, we also correlate text properties with
the relative amount of financial debt (D/A).
More indebted companies are more financially
constrained and, hence, more sensitive to any
deterioration in their business performance. As
finance theory generally does not unequivocally
prescribe the optimal level of debt financing, we
use this variable in continuous form rather than as
binary (indicator) variable.
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5 Analysis

We first present a differential content analysis of
10-K annual reports (Section 5.1), followed by the
analysis of correlation between various linguistic
features in the reports and financial indicators
of corresponding companies and time periods
(Section 5.2).

5.1 Differential Content Analysis

The differential content analysis is based on
TF-IDF weighting and is aimed at finding the
characteristic terms that start appearing in annual
reports, i.e. the terms which were not prevailing
in the previous reports by the same firm. We
employed the LATINO library' for preparing the
features, creating the Bag-of-words model and
calculating the TF-IDF weights. Table 1 presents
the top five characteristic terms (unigrams and
bigrams) per company and year.

The 2006-2014 period under study has been
characterized by two major factors. First, the
global financial and economic crisis, arguably one
of the most severe crises ever, and certainly the
most severe in the post-WW2 period. Virtually
no company could escape its consequences one
way or another. The second significant change in
this period is the development of communication
technology. As an example relevant to our
research, Twitter, Inc. was founded only in 2006,
yet it has rapidly become one of the main channels
through which firms communicate in an informal
way with customers, investors, etc. Today it has
over 310 million active users. Academic research
has shown that these communications can affect
significantly the capital market (e.g., [29]). Both
of these major factors determine significantly what
we see in less regulated parts of annual reports of
Google, Yahoo, Ford and GM.

As an example, Google, Yahoo and Ford
all mention the following expressions:  risk
management, global economic crisis, restructuring
plan. We note that GM in all likelihood would,
too, had it not been rescued from Chapter 11
bankruptcy by the government in 2008. Ford has
entered this period by recording a record loss for

"https://github.com/LatinoLib/LATINO
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Table 1. Top 5 characteristic terms (unigrams and bigrams) per company and year

Company Year Top 5 characteristic terms

2006 contents item, table contents, cost changes, indebtedness, wholesale unit,
2007 deferred tax, tax assets, valuation allowance, goodwill, uaw represented,
2008 crisis, ghg, deferred tax, global economic, tax assets,
2009 ghg, new note, ghg emissions, warrants, talf,

F 2010 ghg, earnings per, ghg emissions, valuation allowance, costs expenses,
2011  charts detail, causal, causal factor, tax operating, compared causal,
2012 charts detail, causal factor, causal, compared causal, mid decade,
2013  results compared, causal, causal factor, charts detail, compared causal,
2014 field service, following two, two charts, east africa, causal factor,

2010  confidential, contents confidential, confidential general, ally, ally financial,
2011  ebit adjusted, due primarily, ally, ally financial, primarily increased,

GM 2012  retiree plan, due primarily, psa, annuity, ebit adjusted,
2013  retail vehicle, due primarily, wholesale vehicle, acquisition ally, mix due,
2014  ignition switch, switch recall, suvs, ignition, courtesy,

2006 checkout, google checkout, youtube, audio, audio ads,

2007 including increase, headcount including, tv, checkout, december year,

2008 exchange offer, new options, display advertising, risk management, management program,
2009 average cost, visualize, management program, risk management, display advertising,

GOOAV 2010

members websites, websites, web spam, google websites, average cost,

2011  members websites, websites, motorola, google websites, web spam,
2012  motorola, arris, class capital, motorola mobile, websites,

2013 segment, motorola, google segment, motorola mobile, mobile segment,
2014  motorola, class capital, motorola mobile, divestiture, certain currencies,

2006 table contents, audience users, reorganization, global audience, digital home,

2007 affiliate sites, table contents, operated sites, primarily display, publishers developers,

2008 affiliate sites, reduction initiatives, cost reduction, restructuring charges, table contents,

2009 search agreement, restructuring plan, restructuring charges, algorithmic paid, microsoft will,
YHOO 2010 ex, revenue ex, ex tac, asia pacific, pacific,

2011  ex, ex tac, revenue ex, asia pacific, pacific,

2012  ex, revenue ex, ex tac, ebitda, adjusted ebitda,

2013 hedges, tumblr, marketable securities, ex tac, ex,

2014  revenue ex, ex, ex tac, marketable securities, adss,

2006 ( >12bn USD) and was massively in debt
(hence the phrase “indebtedness”). In contrast,
after 2012 Ford was emerging from crisis and
expressions such as casual, results, etc., appear
several times in the period. This is consistent with
managers self-attributing success, but not failure
(e.g., [10, 14]).

Yahoo had been in a state of permanent crisis
up to mid-2012 when Marissa Mayer—a former
Google executive—was appointed as CEO. Seen
at the time as an important step for future
development, that, too, ended in disarray with
her departure announced in January 2017. An
important asset of Yahoo is its stake in Alibaba,
the largest e-commerce firm in the world that
originates in China. The stake is worth about 35
bn USD. Hence, the term “pacific” appears often
in its reports. For Google, an important milestone

has been the acquisition of YouTube, which they
announced in 2006. An important decision for
Google was also the purchase of Motorola, which
was announced in 2011. This was not only related
to mobile handsets, but also to Motorola’s patent
library. Hence terms such as “Motorola” and
“mobile segment” appear, but note also the term
“divestiture” as a result of Motorola’s sale to Lenovo
in 2014.

5.2 Correlation of Linguistic Characteristics
with Financial Aspects

In this section we present the process of computing
the linguistic features from the 10-K reports and
calculating the correlation between the features
and the corresponding financial aspects of a
company (see Figure 2).
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The simplest feature is the length of the
documents (Number of words), followed by pers_it
— the proportion of first person personal pronouns
(I, we) compared to the impersonal pronoun “it”.

Next, we were interested in linguistic features
of three types, based on sentiment, doubt and
discursive word lists. The first category was
calculated on raw text, while for the second two
categories we first lemmatized the documents by
WordNet lemmatizer [7].

Positive and negative sentiment was calculated
by applying a simple lexicon-based approach.
For each report we count the occurrence of
354 positive and 2,355 negative words from the
LoughranMcDonald Master Dictionary [34], as well
as the relative frequencies of the positive and
negative words with respect to the number of
all the words in a document — Positive (%) and
Negative (%). Note that, as explained in Section
3, only Part | and Items 7 and 7A from Part I
were extracted. In Figure 1, we also visualize
the relative sentiment results and the word count
per company. The results suggest that there is
a difference in the length of reports between the
companies in the two showcased industries, as
well as a slight tendency for longer texts in difficult
periods (2008 and 2009 for Ford and GM). While
the sentiment indicators show some variation over
years for certain companies (e.g., Google), they
do not seem to follow a particular common rule or
pattern over all the companies.

Next, we created the dictionary of trust and
doubt-related words (available at: http://kt.ijs.
si/data/trust_doubt_wl.zip). For that purpose,
we collected (near) synonyms of words related
to “trust” and “doubt” from WordNet? and online
dictionaries®. The word lists contain 20 words for
trust (e.g., trustful, confidence) and 72 for doubt
(e.g., uncertainty, untrusting, suspicion). For each
feature (word list), we represent the trust/doubt
values as relative frequencies of words from a word
list with respect to the total length of a report (only
the extracted parts). To the best of our knowledge,
these are the first publicly available trust/doubt
word lists.

2http://wordnet.princeton.edu, last accessed: Nov. 5, 2016.
SFor example: http://thesaurus.yourdictionary.com/doubt,
last acc.: Nov. 5, 2016.

Computacion y Sistemas, Vol. 21, No. 4, 2017, pp. 809-818

doi: 10.13053/CyS-21-4-2863

The last group of features is based on
discourse markers by Biber et al. [6] (listed
in [5, pp.69-72]), listing words and gramma-
tical devices used to express stance. The
relative frequencies of words from different
word lists are used: causation/modality/effort
(e.g., afford, allow), premodifying adverbs (e.g.,
completely, extremely), communication (e.g., add,
announce), modal_possibility (e.g., can, may),
ability (e.g., able), evaluation (e.g., acceptable,
advisable), modal_prediction (e.g., will, would),
ease/difficulty (e.g., difficult, ease), cognition
(e.g., assume, believe), modal_necessity (e.g.,
must, should), nouns_various, attitude/emotion,
likelihood, desire/decision (e.g., agreement, com-
mitment), certainty (undoubtedly, certainly), style
(e.g., accordingly, definitely).

Correlations among linguistic features and finan-
cial indicators are presented in Figure 2, where
also an indicator of the industry (IT or automotive)
is shown in order to provide an insight into linguistic
differences of reports in different industries and to
allow for assessing the impact of industry-specific
reporting. Namely, strong correlations of some
linguistic features and particular financial indicators
(e.g., low debt/assets ratio (D/A) and no dividends
(NO_DIV)) might be more related to specific
industries than to financial performance of the
companies. This issue is particularly relevant in
our case, since we only investigate four companies
in two industries. Therefore, we are particularly
interested in linguistic features that have a high
correlation with one or more financial indicators
and a low correlation with the industry identifier,
as those are presumably the features that are not
industry specific, but rather imply a more general
relationship with financial indicators and, hence,
allow for a more generalized conjectures.

The correlation analysis on four showcased
companies allows three general observations:

1. Industry-specific writing characteristics.
Several linguistic characteristics seem to be
strongly related to the industry classification
of the reporting company. The IT industry
appears to produce shorter annual reports
reflected also in the lower absolute counts of
both positive and negative words. However,
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the relative sentiment does not differ widely
between the two industries in our study, there
is only a marginally significant difference in
the share of negative words. Also some
other linguistic characteristics display strong
differences between the two industries. The
IT sector seems to use a more personal way of
writing (pers_it) with more first person personal
pronouns used (I, we) compared to impersonal
pronoun (it). Similarly ModalPossibility and
AttitudeEmotion are more frequent in reports
of IT companies, while DesireDecision is lower
in these reports.

. Weak effect of positive/negative words.
Percentages of positive or negative words in
reports are not strongly correlated with finan-
cial indicators. The most likely explanation
for this is that writers of the reports tend
to keep reports as neutral as possible, thus
keeping the sentiment fairly stable over the
years, success states and also industry. The
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Fig. 1. The relative positive and negative sentiment results (left axis) and word count (right axis) per company in time

expressions of sentiment can be controlled
by carefully selected wording, while on the
other hand more unconscious stylistic features
might be more interesting to observe.

Some linguistic features have strong
correlations with financial indicators. As
explained earlier, our interest is focused on the
features that exhibit a strong correlation with a
financial indicator and are at the same time not
attributable to a specific industry. As expected,
the Doubt score is positively correlated with
failure (weak or bad performance). We also
find Communication to be of this kind, since it
is positively correlated with financial indicators
of decrease in profits and the reduction in
R&D. This indicates that writers of reports are
more likely to use words, such as “assure”,
“announce”, “promise”. To some extent, we
can also observe the correlation of the words
of Cognition (e.g., assume, consider) and
Modality_necessity (e.g. must, should).

Computacion y Sistemas, Vol. 21, No. 4, 2017, pp. 809-818

doi: 10.13053/CyS-21-4-2863



ISSN 2007-9737

816 Jasmina Smailovié, Martin Znidarsi¢, Aljosa Valentin&ié, Igor Lon&arski, Marko Pahor, Pedro Tiago Martins, et al.

ITind. LOSS DECR_P OP-LOSS N-CFO Neg-RET1 Neg-RET2 LowROE NO_DIV DIV_DECR R&D-RED D/A
Positive words -0.605 0.144 0.164 0.137 0.214  0.117 0.066 0.084 -0.038 0.005 0.010 0.431
Negative words -0.564 0.413 0.203 0.254 0.471  0.264 0.194 0.547 0.052 0.209 0.220 0.421
Number of words -0.664 0.205 0.175 0.270 0315 0.153 0.061 0.270 -0.018 0.094 0.109 0.415
Positive (%) 0.111 -0.161 0.036 -0.268 -0.220 -0.020 0.070 -0.233  -0.013 -0.225 -0.349 -0.001
Negative (%) 0.385 0.315 -0.065 -0.098 0.205 0.213 0.301 0.191 0.209 0.174 0.109 -0.133
pers_it 0.920 -0.405 -0.220 -0.303 -0.152 -0.254 -0.124 -0.422  0.489 -0.350 -0.027 -0.838
trust -0.506 -0.180 0.222 0.324 0.027 0.114 -0.023 -0.117  0.125 -0.133 0.138 -0.011
doubt -0.081 0.554 0.298 -0.005 0.167 0.545 0.433 0.395 0.092 0.333 0.108 0.132
CausModEffort 0.465 -0.098 0.132 -0.313 -0.167 -0.154 -0.023 -0.103  0.152 -0.090 -0.092 -0.174
PremodAdv -0.586 0.459 -0.141 -0.030 -0.010 0.038 0.006 0.459  -0.507 0.363 -0.045 0.878
Communication -0.262 0.291 0.402 0.058 0.148 0.151 0.183 0.268  -0.242 0.271 0.457 0.382
ModalPossiblity 0.943 -0.294 -0.336 -0.345 -0.175 -0.214 -0.133 -0.317  0.459 -0.248 -0.212  -0.733
Ability 0.453 0.071 -0.206 -0.210 -0.087 -0.028 0.012 -0.031 0.421 -0.036 -0.109 -0.172
Evaluation 0.853 -0.370 -0.264 -0.388 -0.236 -0.178 -0.042 -0.414  0.430 -0.386 -0.341 -0.665
ModalPrediction -0.085 0.167 -0.350 0.028 0.191 -0.305 -0.340 0.069 0.181 0.052 0.091 0.238
EaseDifficulty 0.588 -0.141 -0.295 -0.206 -0.063 0.005 0.010 -0.217  0.380 -0.198 -0.153  -0.529
Cognition -0.379 0.436 0.002 -0.126 -0.075 0.108 0.133 0.404  -0.480 0.330 0.169 0.774
ModalNecessity -0.433 0.716 0.300 0.294 0.179  0.356 0.265 0.684 -0.077 0.567 0.379  0.528
Nouns_various -0.647 0.054 0.339 0.426 0.337 0.170 0.146 0.091 -0.087 0.036 0.415 0.285
AttituteEmotion 0.862 -0.226 -0.104 -0.110 -0.162 -0.170 -0.179 -0.166  0.461 -0.106 -0.030 -0.754
Likelihood 0.086 0.338 0.009 -0.163 0.196 0.224 0.252 0.201 -0.086 0.182 -0.026 0.294
DesireDecision -0.950 0.266 0.272 0.427 0.189  0.248 0.202 0.299 -0.429 0.247 0.278 0.667
Certainty 0.613 -0.248 -0.207 -0.179 -0.135 -0.143 -0.208 -0.249  0.293 -0.196 -0.102 -0.590
Style -0.240 0.072 -0.123 0.079 -0.140 0.003 -0.124 0.121  -0.130 0.124 -0.128 0.072

* Correlations above 0.320 are significant at 0.05, above 0.430 significant at 0.01 and above 0.540 significant at 0.001

Fig. 2. Correlations between financial indicators and sentiment/linguistic characteristics of reports.

Correlations

significant at 0.05 are colored green/red, while the ones significant at 0.01 are also shown in bold text

6 Conclusions

In this paper we perform a case study of the
linguistic and sentiment properties of annual
reports (10-K) filed by public companies. We
do so by investigating cases of four companies
from two diametrically different industries - a
traditional, capital intensive automotive industry
and a relatively fresh, high intellectual capital
intensive IT industry. To further achieve diversity,
we select companies with diverse situations and
financial indicators in each of the two industries.

The main finding of this preliminary research is
that even though there are important differences
between the characteristics of the reports, our
assessment of their general sentiment remains
largely the same. Neither industry nor financial
state seems to have an impact on the general
sentiment of the reports. This seems to indicate

Computacion y Sistemas, Vol. 21, No. 4, 2017, pp. 809-818
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that the writers of annual reports attempt to
preserve their informational content neutral.

On the other hand, some other linguistic
characteristics relatively strongly relate to the
financial state of the company. Even after
accounting for the inter-industrial differences,
companies in financial distress use wording that
expresses more doubt and necessity. Our
explanation for this is that while the writers of the
reports may choose the main wording, expressing
the general positive/negative sentiment carefully
enough in order to avoid a bias and keep the report
neutral in terms of sentiment, they may have less
conscious control over the modal words that are
captured by these other linguistic characteristics.
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