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Abstract

Domain-specific dictionaries have prevailed, when conducting the dictionary-based
approach to measure the sentiment of textual data in finance. Through the contributions
of Bannier et al. (2019a) and Piferlein (2021), two versions of a dictionary suitable for
analyzing German finance-related texts are available (BPW dictionary). This paper con-
ducts and tests further improvements of the given word lists by calculating the sentiment
of German-speaking annual reports to forecast future return on assets and future return
on equity. This corrected and expanded version provides more significant results. Despite
the broad usage of negations, this type of improvement in combination with the BPW
dictionary has not yet been tested when conducting the dictionary-based approach.
Therefore, this paper additionally tests different negation lists to show that implementing
negations can improve results.
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Negations, Annual Reports
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I. Introduction

Public companies use annual reports as a tool of external communication
with investors. Investors use these reports as a basis for their investment deci-
sions. In addition to business figures, these reports contain a large amount of
text, which is purely qualitative information. By using methods of textual analy-
sis, the quantitative information encoded in these texts can be obtained and fur-
ther processed. Therefore, obtaining annual reports’ textual sentiment to prove
correlations with financial ratios or share prices, represents an established field
in accounting and finance research (Chakraborty/Bhattacharjee 2020; Kang et al.
2018; Kearney/Liu 2014; Loughran/McDonald 2011). We focus our paper on the
two variables future return on assets (FROA) and future return on equity (FROE)
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one year ahead, which are frequently used as an independent performance
measure in relevant studies (Daniel et al. 2004; King et al. 2004; Koelbl 2020;
Myskovai/Hdjek 2020; Vojinovic et al. 2020).

Algaba et al. (2020) define that “sentiment is the disposition of an entity to-
ward an entity, expressed via a certain medium.” The specified disposition can
be conveyed quantitatively through numbers although it is primarily expressed
qualitatively, using text, audio, or visual media (Algaba et al. 2020). This senti-
ment provides a measure of the degree of positivity or negativity and can poten-
tially offer an additional perspective in the process of stock price formation. As
a result, it can help address key questions in the field of behavioral finance
(Kearney/Liu 2014).

The two most common textual analysis methods for obtaining sentiment
from qualitative data are the dictionary-based approach (or bag-of-words) and
machine learning (Chakraborty/Bhattacharjee 2020; Kearney/Liu 2014). Using a
mapping algorithm, the dictionary-based approach utilizes predefined word
lists to assign words into positive, negative, or other sentiment categories like
uncertainty. By counting these classified words, several measurements of senti-
ment can be calculated (Li 2010; Loughran/McDonald 2015; Rice/Zorn 2019).
The machine learning approach uses a subset of linguistic labeled texts to train
complex models. These models are then used to predict the sentiment of a given
set of texts (Rice/Zorn 2019; Shapiro et al. 2022). Contributions like Frankel et al.
(2022) and Mishev et al. (2020) show that to measure the sentiment of financial
text, machine learning approaches can be superior. However, this advantage has
the additional disadvantage that machine learning approaches are often a black-
box and are therefore almost unreplicable and difficult to explain (Algaba et al.
2020; Krause et al. 2016). To prevent these challenges and provide a replicable
approach for future research, this paper focuses on the dictionary-based ap-
proach.

When using the dictionary-based approach, domain-specific dictionaries
have proven to be superior and prevailed in analyzing financial texts (Kang et al.
2020; Kearney/Liu 2014; Loughran/McDonald 2015; Luo/Zhou 2020; Shapiro
et al. 2022). The newly developed finance word lists by Bannier et al. (2019a)
(BPW_O) have been improved by Pdferlein (2021) (BPW_N). Due to the novel-
ty of those dictionaries, the first hypothesis of this paper is that further correct-
ing and expanding the BPW_N dictionary, to get an expanded BPW_E diction-
ary, improves the results of forecasting future ROAs and ROEs from the senti-
ment of annual reports. One possible improvement that has not yet been tested
in the context of the BPW word lists is the use of negations. Due to their poten-
tial high impact and widespread usage (Bochkay et al. 2020; Borochin et al. 2018;
Loughran/McDonald 2011; Shapiro et al. 2022), the additional hypothesis of this
paper is that accounting for negations additionally improves results.

Credit and Capital Markets



Using Negations in Analyzing German Texts in Finance

The contribution of this paper to the literature on analyzing German-speak-
ing financial texts is the further extension and optimization of the edited ver-
sion of the BPW dictionary. Additionally, this paper is the first contribution us-
ing different negations combined with the two versions of the BPW dictionary.
Therefore, future research in analyzing the sentiment of German-speaking texts
in finance can be conducted more precisely.

This paper proceeds as follows. In the second part, we provide a short review
of the relevant literature on textual analysis, focusing on analyzing financial
texts with and without using negations. The third section presents the data and
the applied parsing procedure, in addition to the usage and creation of the dic-
tionaries. The fourth section highlights the empirical approach used to obtain
the results presented in section five. Lasty, the sixth section concludes.

II. Literature Review

Several contributions like Chakraborty/Bhattacharjee (2020), Kearney/Liu
(2014), and Luo/Zhou (2020) provide an excellent overview of the extensive field
of textual analysis in finance. Moreover, certain overview papers provide addi-
tional information about specific areas of caution (Algaba et al. 2020; Loughran/
McDonald 2016) and ideas for future research (Kaya et al. 2020). Due to the
above-mentioned reasons this paper and therefore the following literature re-
view focuses on the dictionary-based approach.

One of the first steps in measuring the sentiment of a text is selecting a
dictionary or word list (Loughran/McDonald 2015). According to Loughran/
McDonald (2016), four different word lists have been primarily used by re-
searchers in classifying English finance-related texts. These can be divided into
two general dictionaries, namely “General Inquirer” (Stone et al. 1966) and
“DICTION” (Hart 2000), and two word lists generated for finance-related texts
by Henry (2006, 2008) and Loughran/McDonald (2011).

Through the contributions of Henry (2006, 2008) and Loughran/McDonald
(2011), the usage of general word lists for different forms of finance-related tex-
tual content like news (Tetlock 2007; Tetlock et al. 2008), earnings press releases
(Davis et al. 2012; Davis/Tama-Sweet 2012) or annual reports (Feldman et al.
2008; Yuthas et al. 2002) was widely criticized in favor of domain-specific word
lists (Algaba et al. 2020; Chakraborty/Bhattacharjee 2020; Lewis/Young 2019;
Loughran/McDonald 2015; Mishev et al. 2020; Price et al. 2012).

In the field of finance, the word lists provided by Loughran/McDonald are pri-
marily used (Kearney/Liu 2014; Loughran/McDonald 2016), for different kinds
of finance-related textual data. These lists were used to analyze news (Ferguson
et al. 2015; Hillert et al. 2018), conference calls (Da Tonin/Scherer 2022; Druz
et al. 2020), and annual reports (Berns et al. 2022; Kang et al. 2018).
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The above-mentioned domain-specific problems regarding the German lan-
guage were also present. Research was primarily limited to general dictionaries
like SentiWS (Remus et al. 2010) and LIWC (Meier et al. 2018; Wolf et al. 2008).
In order to rectify this problem, Bannier et al. (2019a) introduced a German do-
main-specific dictionary in the field of finance. After the usage of the original
word lists in different contributions (Bannier et al. 2017, 2019b; Roder/Walter
2019; Tillmann/Walter 2018, 2019), a reformed and extended version was intro-
duced by Pdferlein (2021).

An essential element in the approach introduced by Loughran/McDonald
(2011) is the use of negations. They account for simple negations for their list of
positive words using the six negations “no, not, none, neither, never, nobody”
occurring within three words preceding a positive word (Loughran/McDonald
2011). In accordance with the work of Loughran and McDonald, negations are
widely used in the textual analysis of business texts. These are either used in the
form proposed by Loughran and McDonald (Huang et al. 2014; Renault 2017),
as an extended version of the six negations (Borochin et al. 2018; Brau et al.
2016; Correa et al. 2021) or in other forms (Jandl et al. 2014; Jegadeesh/Wu
2013).

Despite having the contribution by Loughran/McDonald (2011) as a theoreti-
cal foundation (Bannier et al. 2019a), Bannier et al. (2017, 2019a, 2019b) and
other authors using the BPW have not yet accounted for negations in their pa-
pers (Péferlein 2021; Roder/Walter 2019; Tillmann/Walter 2018, 2019).

III. Data
1. Data Source

We get the initial sample of relevant companies and all the financial variables
from the Amadeus database provided by Bureau van Dijk. Hereby we focus on
stock-listed companies from three German-speaking countries, Austria, Germa-
ny, and Switzerland. Additionally, we only select companies with available re-
ports for at least one year between 2010 and 2020. From the initial sample of
893 companies, 740 companies published at least one annual report on their
web page. We were able to find and manually download 6,275 annual reports!.
Table 1 provides an overview of the Amadeus search strategy, and the following
sample creation. We obtained all other variables from Amadeus.

1 620 annual reports have a different fiscal year. Due to available data in Amadeus
those reports weren't removed from the sample.
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Table 1

Sample Creation

Source/Filter Sample Size
Active companies in Amadeus 3,105,008
Country: Austria, Germany, Switzerland 480,282
Stock listed companies 10,738
At least one available annual report in the years 2010 to 2020 893
Company with annual report available on Homepage 740
Final sample of annual reports 6,275

2. Used Dictionaries

We use the BPW_N dictionary proposed by Pdferlein (2021) to analyze the
annual reports. These word lists also build the foundation for constructing the
BPW_E word lists. Additionally, we use the original word lists by Bannier et al.
(2019a) (BPW_O) to compare results.

To get the extended version of the BPW_N (BPW_E) we manually check all
word lists and delete words with a different or ambiguous meaning (e.g. “pro-
longiert” (English: prolonged) on the negative word list). During the review of
all three relevant lists, we delete 22 words on the positive, 141 words on the neg-
ative and 259 words on the stop words list.

In order to find missing words in all three word lists, we use the German news
corpus 2020 from Universitit Leipzig (2022) to check every word for missing
basic forms and variations. Additionally, we account for synonyms, their basic
forms, and variations. We manually check all words found for their plausibility
regarding the different word lists. Out of the 35,254 basic forms found, we add
1,911 positive, 3,157 negative, and 779 stop words. Through the 17,630 syno-
nyms found, we are able to add another 746 positive, 2,389 negative, and 85 stop
words. Finally, we add an alternative spelling of mutated vowels according to
Piferlein (2021). A summary of the conducted steps and the resulting alteration
of the three word lists is presented in Table 2.
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Table 2
Updating the BPW_N Dictionaries

Positive Negative Stop words
BPW_O total words 2,223 10,147 3,682
BPW_N total words 2,849 12,661 4,132
Delete words with a different meaning =22 -141 -259
Adding basic forms +1,911 +3,157 +779
Adding synonyms +746 +2.389 +85
Adding mutated vowels +692 +1,336 +84
BPW_E total words 6,176 19,402 4,821

We use four different lists of negations. Firstly, we obtain the two German lists
of the Linguistic Inquiry and Word Count LIWC2001 and LIWC2015 in their
original form (Meier et al. 2018; Wolf et al. 2008), containing 13 and 39 nega-
tions. Additionally, we generate two own lists based on the six negations given
by Loughran/McDonald (2011)2. Furthermore, we account for the criticism of
Picault/Renault (2017) by adding the word “lower”, resulting in seven nega-
tions3. To obtain the German version of these two lists, we screen 30 corre-
sponding annual statements of the DAX companies in 2017 for the negations
given by Loughran/McDonald (2011) and Picault/Renault (2017) and their
matching German translations. This approach is based on Bannier et al. (2019a)
where they evaluated their dictionary by using corresponding German and Eng-
lish quarterly and annual reports from DAX and MDAX companies. Overall, we
find 8,063 translations of the Loughran and McDonald negations, resulting in
25 individual negations. Due to the additional word “lower”, 9,201 translations
can be found for the Picault and Renault negations, resulting in 316 individual
negations (including mutated vowels).

We apply the above-described approach of obtaining the extended version of
the three word lists to the four negation lists resulting in 26 LIWC2001, 49 LI-
WC2015, 28 LMD, and 916 PR negations. Altogether we manually check 2,525
basic forms and 1,151 synonyms for their plausibility. Finally, we add the above
used alternative spelling of mutated vowels. Table 3 summarizes all steps and the
resulting alterations.

2 Negation list LMD.
3 Negation list PR.
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Table 3
Creating and Updating Negations

LIWC LIWC LMD PR

2001 2015
Basic form / Translation (BPW_N) 13 39 25 316
Delete words with a different meaning -6
Adding basic forms +12 +8 +1 +397
Adding synonyms +1 +2 +2 +84
Adding mutated vowels +125
BPW_E total words 26 49 28 916

3. Parsing

Based on the criticism of Loughran/McDonald (2015), we follow Poferlein
(2021) in giving a detailed overview of performed text manipulation. Owing to
this approach, difficulties in replicating this study due to unspecified parsing
rules are avoided.

First and foremost, we convert the manually collected PDFs to UTF-8 encod-
ed TXT files (Bannier et al. 2017, 2019b; Kang et al. 2020; Meier et al. 2018). We
conduct the following parsing procedure in accordance with Péferlein (2021)
using an automated parser programmed in Python. We replace typographic lig-
atures (Bannier et al. 2017, 2019b), hyphens (Loughran/McDonald 2011), and
convert all words to lowercase (Pengnate et al. 2020; Picault/Renault 2017; Till-
mann/Walter 2018). Furthermore, we remove irrelevant content in the form of
special characters (Allee/Deangelis 2015; Fritz/Tows 2018), numbers (Ferris et al.
2013; Gentzkow et al. 2019), punctuation (Igbal/Riaz 2022; Picault/Renault
2017), and multiple whitespaces (Gonzdlez et al. 2019; Schmeling/ Wagner 2016).
Eventually, we follow Bannier et al. (2017, 2019b) and delete all words with less
than three characters. Depending on the dictionary, we use the associated stop
word list (BPW_O, BWP_N or BPW_E).

Following Poferlein (2021), we include an automated alteration of the words
“betrug” and “sorgen” prior to the parsing procedure when using the BPW_N
word lists. Additionally, when using the BPW_E, we add the word “bremse”
from the BPW_N word list and the two words “stahl” and “sucht” from the BP-
W_E dictionary to the automated alteration. When written in lowercase the
words “betrug”, “sorgen” and “sucht” are changed to “betrugnoneg”, “sorgen-
noneg” and “suchtnoneg”. Additionally, the words “bremse” and “stahl” are

changed to “bremsenoneg” and “stahlnoneg” when written with a first capital
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letter. These alterations are due to the change in meaning of certain words when
written with a first capital or lowercase letter. Due to peculiarities of the Ger-
man language, in addition to the approach of Piferlein (2021), occurrences of
the word “betrug” at the beginning of a sentence are changed to “betrugnoneg”.
Table 4 displays an overview of these different meanings. Due to this pre parsing
procedure, we are able to additionally reduce the stated exaggeration of negative
words in Poferlein (2021).

Table 4
Differences Between Capital and Lowercase Letters

Words with a first Translation Words with a first Translation
capital letter lowercase letter

Betrug fraud betrug amounted
Bremse brake bremse slow down
Sorgen Sorrow sorgen care
Stahl steel stahl steal
Sucht addiction sucht search

Note: German words altered using the suffix “noneg” are bold.

IV. Methodology
1. Measurement of Sentiment and Implementation of Negations

We use Python to count the occurrence of positive (p) and negative (n) words
from each of the three dictionaries. We use the relative measurement of Net-
Tone (NTone), which is the most common measurement regarding the BPW-Dic-
tionary (Bannier et al. 2017, 2019b; Tillmann/Walter 2018) and has proven to be
superior to other measurements (Poferlein 2021). This measurement solely fo-
cuses on the number of positive and negative words and is not altered by the
length of analyzed documents:

(1) NTone:p_
p+n

In the existing literature, negations are considered in two different ways. In
order to provide a fully comprehensive analysis of the influence of negations,
this paper uses both approaches. We follow Druz et al. (2020), Loughran/Mc-
Donald (2011), and Shapiro et al. (2022) in counting words as negated if there is
a negation among the three preceding words. In handling negated words, we use
two different approaches. In accordance with Bushman et al. (2016) and Druz
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et al. (2020), negated words are not counted. Measurements using this approach
are marked with the suffix “_ig” (for ignore). Additionally, the more common
approach of handling negations is term shifting (Algaba et al. 2020; Bochkay
et al. 2020; Jandl et al. 2014; Taboada et al. 2011). Here the negated word is
counted as a word from the opposite dictionary. Measurements using this ap-
proach are marked with the suffix “_ts” (for term shifting). Depending on the

respective dictionaries, the corresponding negation lists are used.

Following Bannier et al. (2017), Davis et al. (2015), and Pdferlein (2021), all
words found are weighted equally. Due to this, other researchers can replicate
and further develop the results of this paper. Henry/Leone (2016) also support
this approach and the superiority of equal weighting.

2. Empirical Approach

The most common approach for measuring the impact of sentiment on future
profitability using a bag-of-words model is linear regression (Bannier et al.
2019b; Boudt/Thewissen 2019; Henry et al. 2021; Patelli/Pedrini 2014). There-
fore, we apply the following linear regression model using two different depend-
ent variables:

K
(2) Dep; = oy + o NTone; +Z a,Controly; + €;

k=1

Dep represents the two different variables, future return on assets (FROA)

and future return on equity (FROE) one year ahead. Both variables are used fre-
quently as an independent performance measure (Daniel et al. 2004; King et al.
2004; Koelbl 2020), even though ROA is considered to be more accurate and less
influenced by accounting (Myskovd/Hdjek 2020; Vojinovic et al. 2020).

We use five different control variables (Control) as well as year and industry
fixed effects based on relevant research findings (Alshorman/Shanahan 2022;
Aly et al. 2018; Boudt/Thewissen 2019; Davis/Tama-Sweet 2012; Gonzilez et al.
2019; Kang et al. 2018). These include the age of the company (AGE), a dummy
variable to identify loss firms (LOSS), the leverage (LEV), the current return on
assets (ROA) and the current return on equity (ROE). When using FROA as a
dependent variable ROE is excluded from the regression. The same applies for
using FROE and ROA. The calculation of all variables can be found in the ap-
pendix (Table 16).

Credit and Capital Markets



Matthias Poferlein

V. Results

According to Loughran/McDonald (2011), we exclude annual reports with
less than 2,000 words from the sample. Additionally, we eliminate reports with
less than 200 individual words to remove corrupted data. Due to different stop
word lists connected with the particular dictionaries, the numbers of excluded
reports and, therefore, the numbers of analyzed annual reports vary. A possible
alternative of considering the following analyses on a uniform data sample is
not carried out, as this contradicts the general basic logic of using different dic-
tionaries.

1. Summary Statistics

The following three tables report the summary statistics for all three diction-
aries used. Table 5 provides descriptive statistics for all variables used to analyze
the original dictionary by Bannier et al. (2019a) (BPW_O). It can be observed
that the future and present return variables have a high standard deviation, with
values ranging from highly negative to highly positive.

Table 5
Descriptive Statistics for BPW_O Variables (N = 4,168)

Statistic Mean St. Dev. Min Max Pctl. (25)  Pctl. (75)
FROA 4.303 11.967 -93.678 100.000 1.367 8.676
FROE 6.592 43.348 -783.269 372.161 3.029 18.954
NTone -0.075 0.183 -0.750 0.703 -0.195 0.035
AGE 49.641 45.224 0.000 555.000 16.000 92.000
LOSS 0.178 0.383 0.000 1.000 0.000 0.000
LEV 1.648 3.015 0.000 111.411 0.581 1.881
ROA 4.534 11.764 -91.969 90.525 1.596 8.856
ROE 9.089 40.780 -783.269 924.023 3.639 19.430

As shown in Table 6, the mean NTone using BPW_N slightly increases, while
the standard deviation and minimum values remain the same. Additionally, the
maximum value slightly decreases. The additional usage of negations leads to
higher values of NTone, where using a combination of PR negations and term
shifting creates a positive mean.
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Table 6
Descriptive Statistics for BPW_N Variables (N = 4,112)

Statistic Mean St. Dev. Min Max  Pctl. (25) Pctl. (75)
FROA 4.309 11.928 -93.678 100.000 1.383 8.684
FROE 6.659 43.503 -783.269 372.161 3.064 19.035
NTone -0.051 0.183 -0.750 0.696 -0.172 0.062
NTone_LIWCO01_ig -0.043 0.185 -0.745 0.711 -0.165 0.070
NTone_LIWCI15_ig -0.032 0.186 -0.733 0.730  -0.156 0.081
NTone_LMD_ig -0.039 0.184 -0.739 0.702 -0.161 0.074
NTone_PR_ig -0.024 0.188 -0.733 0.723 -0.146 0.092
NTone_LIWCO01_ts -0.031 0.177 -0.708 0.708 -0.147 0.075
NTone_LIWCI15_ts -0.008 0.172 -0.630 0.719 -0.122 0.096
NTone_LMD_ts -0.024 0.178 -0.679 0.698  -0.143 0.085
NTone_PR_ts 0.010 0.165 -0.630 0.673 -0.093 0.112
AGE 49.803 45.309 0.000 555.000 16.000 92.750
LOSS 0.177 0.382 0.000 1.000 0.000 0.000
LEV 1.663 3.032 0.000 111.411 0.593 1.898
ROA 4.545 11.737 -91.969  90.525 1.606 8.874
ROE 9.163 40.985 -783.269 924.023 3.738 19.498

Table 7 shows that further extending the three word lists leads to an increase
in NTone, resulting in a positive mean. In contrast to using the BPW_N diction-
ary, the usage of negations also leads to positive means.
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Table 7
Descriptive Statistics for BPW_E Variables (N = 4,116)

Statistic Mean St. Dev. Min Max Pctl(25)  Pctl(75)
FROA 4.310 11.922 -93.678 100.000 1.384 8.680
FROE 6.660 43.482 -783.269 372.161 3.068 19.015
NTone 0.139 0.141 -0.558 0.740 0.046 0.227
NTone_LIWCO01_ig 0.148 0.143 -0.553 0.764 0.053 0.239
NTone_LIWCI15_ig 0.149 0.144 -0.553 0.764 0.054 0.240
NTone_LMD_ig 0.146 0.142 -0.553 0.756 0.053 0.234
NTone_PR_ig 0.154 0.146 -0.554 0.781 0.058 0.247
NTone_LIWCO01_ts 0.147 0.137 —-0.484 0.767 0.055 0.231
NTone_LIWCI15_ts 0.148 0.138 —-0.484 0.767 0.056 0.232
NTone_LMD_ts 0.148 0.140 -0.537 0.758 0.056 0.235
NTone_PR_ts 0.147 0.133 -0.463 0.731 0.060 0.227
AGE 49.826 45.322 0.000 555.000 16.000 93.000
LOSS 0.177 0.382 0.000 1.000 0.000 0.000
LEV 1.662 3.031 0.000 111.411 0.592 1.898
ROA 4.546 11.732 -91.969  90.525 1.606 8.869
ROE 9.162 40.965 -783.269 924.023 3.738 19.491

To compare the alteration of NTone when using BPW_N and BPW_E, we
conduct a dependent-samples t-test. There is a significant difference between
NTone, when using BPW_N (Mean = -0.078, St. Dev. = 0.210) or BPW_E
(Mean = 0.123, St. Dev. = 0.156), t(6247) = -161.77, p < .001.4

As highlighted in Table 8, regarding all 6,275 analyzed reports, the editing of
stop words leads to an alteration of total and individual words found. Interest-
ingly in contrast to the BPW_N individual words using BPW_E decrease, while
the total number of words increase. Expanding the positive and negative word
lists of the BPW_N lead to an immense increase in total and individual words.

4 For conducting the t-test, all 6,275 data points are used.
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Table 8
Total Number of words

BPW_O BPW_N BPW_E
All words
Number of words 156,966,254 127,408,125 129,692,675
Individual words 1,143,403 1,143,083 1,142,806

Positive words

Number of words 2,169,243 2,219,778 5,709,076
Individual words 1,702 1,718 4,075

Negative words

Number of words 2,488,910 2,436,004 4,323,617
Individual words 5,013 5,028 8,341

After correcting for dictionary-specific stop word lists, Table 9 displays the
cumulative fraction of the ten most frequent positive words used. Despite hav-
ing minor differences in fractions, the positive words used in BPW_O and BP-
W_N are identical. In contrast, the ten most frequently used words of the BP-
W_E are entirely different. This shows the high impact the above-described ex-
tension has.

Table 9

Ten most Frequent Positive words

BPW_O BPW_N BPW_E

word cum % word cum % word cum %
ertrag 2.06% ertrag 2.01% ertrage 2.31%
erreicht 3.79% erreicht 3.70% chancen 4.08%
erfolg 5.50% erfolg 538%  zusammen  5.63%
zusammenarbeit 7.04 % zusammenarbeit 6.88 % wachstum 7.12%
erfolgreich 8.56 % erfolgreich 8.37% wert 8.59%
erreichen 10.05% erreichen 9.82% fithren 9.77 %
positiven 11.49% positiven 11.23%  vermogens 10.85%
positiv 12.92% positiv 12.62%  bedeutung  11.74%
positive 14.34% positive 14.01%  sicherheit 12.62%
moglichkeit 15.76 % moglichkeit 15.40% aktiven 13.46 %

Note: We obtained frequencies from the complete sample of 6,275 annual reports.
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Considering the most frequent negative words in Table 10, the main differ-
ence between BPW_O and BPW_N is the above-described correction of the
word “betrug”, accounting for 2.36 % of all negative words. Due to the extension
of the word list, the results for BPW_E show three new words accounting for
25.43% of all negative words and therefore have a higher fraction than the ten
most frequent words on the other lists. Due to their meaning, some words ap-
pear both on the lists of negative words and on the corresponding lists of nega-
tions. This is particularly clear in the case of the word “nicht”, which is the most
frequently used negative word in the BPW_E dictionary. All duplications were
checked and, in our view, represent both negations and words to be counted as
negative.

Table 10

Ten most Frequent Negative words

BPW_O BPW_N BPW_E
word cum % word cum % word cum %
gegen 3.72% gegen 3.80% nicht 17.10%
verpflichtungen 7.26%  verpflichtungen 7.42% risiken 23.11%
verluste 10.20% verluste 10.42% risiko 25.43%
betrug 12.56% wertminderungen 12.51% gegen 27.57%
wertminderungen  14.61% verfiigung 14.47%  verpflichtungen  29.61%
verfiigung 16.53%  wertminderung  16.31% verluste 31.30%
wertminderung 18.33% wertberichtigungen 17.99% wertminderungen 32.48%
wertberichtigungen 19.97 % ermittlung 19.65% verfiigung 33.58%
ermittlung 21.60% riickgang 2129%  wertminderung  34.62%
riickgang 23.20% verpflichtung 22.90% wertberichtigungen 35.56 %

Note: We obtained the frequencies from the complete sample of 6,275 annual reports.

These findings are consistent with Shapiro et al. (2022), stating that apart from
domain specificity, the size of the word list is important. A translation of the
words used in Table 9 and 10 can be found in the appendix (Table 25).

To test the suitability of the three word lists, we apply the assumption of
Loughran/McDonald (2011) that the value of sentiment has a direct impact on
the particular dependent variable in Figure 1. Moreover, higher values in senti-
ment should lead to higher values in the dependent variables. All three word
lists show different and ascending values for FROA and FROE in all quintiles.
Therefore, the necessary assumptions can be considered as given for all three
dictionaries.
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Figure 1: Dependent Variables by Quintile

Additionally, we conduct Kruskal-Wallis Tests for all six measurements shown
in Figure 1. The tests show a statistically significant difference between the
quintiles of each measurement. Detailed test statistics can be found in the ap-
pendix (Table 17).

In addition, we create two groups with above and below median NTone, to
compare the average FROA and FROE. For every pair given in Figure 2, we per-
form an independent-samples t-test. All pairs are significantly different from
one another. In addition to the given results for the BPW_E in Figure 2, we con-
duct the same tests for below and above measurement for BPW_O and BPW_N.
These additional tests show that all pairs for all three word lists are significantly
different. The results for all t-tests can be found in the appendix (Tables 18 to
20).

FROE %

RIS S S B R I SR RS IR A S
SR A R RS & @S & &S
N N & & N & < N N K & N N & &
b MR > K S & & s > PP
& & &S & &S & &S
S S S < ~ A A A

below median @ above median below median  mabove median

Figure 2: FROA and FROE Grouped by above and below Median Sentiment (BPW_E)

2. Significance of Results
Table 11 presents the results for the relation between the two dependent vari-

ables (future ROA and future ROE) and NTone for all three used dictionaries in
a multivariate context, as described in section IV.2.
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Table 11
Regression of NTone and the three Dictionaries (BPW_O, BPW_N, BPW_E)

Dependent variable:

FROA FROA FROA FROE FROE FROE
(BPW_O) (BPW_N) (BPW_E) (BPW_O) (BPW_N) (BPW_E)

(1) (2) (3) 4) (5) (6)
NTone 1.346 1.517 2.231* 10.397** 10.474** 15.987***
(0.947)  (0.937)  (1.215) (4.054)  (4.092)  (5.266)
AGE -0.0002 -0.001 -0.001 -0.012 -0.013 -0.013
(0.003)  (0.003)  (0.003) (0.015)  (0.016)  (0.016)
LOSS -1.427* -1.377* -1.356*  -20.234*** -20.266"** -20.041***
(0.754) (0.757) (0.754) (3.849) (3.888) (3.868)
LEV 0.076 0.076 0.079 -0.005 -0.003 0.018
(0.057)  (0.057)  (0.058) (0.947)  (0.946)  (0.949)
ROA 0.586***  0.590***  0.590***
(0.043)  (0.043)  (0.043)
ROE 0.273*** 0.272%** 0.270***
(0.071) (0.071) (0.072)
Constant 1.547 1.380 0.945 12.613 12.276 9.146
(3.680)  (3.682)  (3.686)  (11.940) (11.988)  (11.879)
Observations 4,168 4,112 4,116 4,168 4,112 4,116
Year Fixed YES YES YES YES YES YES
Effects
Industry Fixed YES YES YES YES YES YES
Effects
R2 0.405 0.411 0.411 0.174 0.174 0.174
Adjusted R2 0.396 0.402 0.402 0.162 0.161 0.162
Residual Std. 9.299 9.222 9.216 39.692 39.846 39.811
Error (df=4106) (df=4050) (df=4054) (df=4106) (df=4050) (df=4054)
F Statistic 45.819%*%%  46.360%**  46.4257%*  14.164%**  13.939%**  14.015***
(df=61; (df=61; (df=61; (df=61; (df=61;  (df=61;
4106) 4050) 4054) 4106) 4050) 4054)

Significance levels are based on robust standard errors (given in parantheses) and are indicated by
*p < 0.1;* p < 0.05 ** p < 0.01.

Credit and Capital Markets



Using Negations in Analyzing German Texts in Finance

The displayed results show a significant relationship between the dependent
variables and NTone using the extended BPW dictionary (estimation (3) and
(6)). Based on those findings, we can confirm the first hypothesis that further
correcting and expanding the BPW dictionary improves its ability to forecast
future ROAs and ROEs. This shows that the NTone of annual reports seems to
contain relevant information for future ROAs and ROEs. An increase in NTone
by the interquartile change of 0.181 for the BPW_E word lists leads to an in-
crease of 40.38% in FROA and 289.36 % in FROE. Similar relationships were
also found while using the dictionaries Henry (2006, 2008) and Ruscheinsky
et al. (2018) on English-speaking annual reports (Henry et al. 2021; Koelbl 2020).
When analyzing conference calls Druz et al. (2020) stated that managers could
possibly reveal information about future earnings through their usage of senti-
ment. Although this is a possible reason, we are unable to confirm such a rela-
tionship based on the given data.

Additionally, there is a highly significant relationship between the two de-
pendent variables and the current parameters of those variables (ROA and
ROE). The binary variable LOSS also shows a significant impact on FROA and
FROE. These results are consistent with Davis/Tama-Sweet (2012), Davis et al.
(2012), and Henry et al. (2021).

Table 12 and Table 13 display the results for using the four different negation
lists separated for FROA and FROE, when using the BPW_E dictionary. The us-
age of the two LIWC negation lists and the PR negation list improves the signif-
icance of results for FROA when using the approach of term shifting negated
words. The already highly significant results for FROE kept their level of signif-
icance when using negations. Therefore, we can confirm the second hypothesis
that using negations further improves results. The other significant relationships
regarding ROA, ROE and LOSS remain unchanged.
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Table 12

Regression of NTone and FROA for BPW_E (term shift Negated words)

Dependent variable:

FROA FROA FROA FROA FROA
(7) (8) ) (10) (11)
NTone 2.231*
(1.215)
NTone_LIWCO1_ts 2.739**
(1.255)
NTone_LIWCI15_ts 2.636%*
(1.254)
NTone_LMD_ts 2.294*
(1.235)
NTone_PR_ts 2.619**
(1.318)
AGE -0.001 -0.001 -0.001 -0.001 -0.001
(0.003)  (0.003)  (0.003)  (0.003)  (0.003)
LOSS -1.356* -1.324% -1.330* -1.350* -1.343*
(0754)  (0.752)  (0.752)  (0.753)  (0.754)
LEV 0.079 0.080 0.080 0.079 0.080
(0.058) (0.059) (0.059) (0.058) (0.059)
ROA 0.590%%*  0.589***  0.589***  0.590***  0.589***
(0.043)  (0.044)  (0.043)  (0.043)  (0.044)
Constant 0.945 0.891 0.905 0.933 0.919
(3.686)  (3.688)  (3.690)  (3.687)  (3.669)
Observations 4,116 4,116 4,116 4,116 4,116
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0411 0.412 0411 0.411 0411
Adjusted R2 0.402 0.403 0.403 0.402 0.403
Residual Std. Error 9.216 9.214 9.215 9.216 9.215
(df = 4054)
F Statistic (df = 61; 4054) 464257 46476  46.463***  46.4307**  46.451***

Significance levels are based on robust standard errors (given in parantheses) and are indicated by

*p < 0.1; p < 0.05 ** p < 0.01.
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Table 13

Regression of NTone and FROE for BPW_E (term shift Negated words)

Dependent variable:

FROE FROE FROE FROE FROE
(12) (13) (14) (15) (16)
NTone 15.987***
(5.266)
NTone_LIWCO1_ts 17.400%**
(5.302)
NTone_LIWCI15_ts 17.053%**
(5.297)
NTone_LMD_ts 15.719*%*
(5.212)
NTone_PR_ts 17.286***
(5.375)
AGE -0.013 -0.013 -0.013 -0.013 -0.013
(0.016) (0.016) (0.016) (0.016) (0.016)
LOSS =20.0417%%  —19.915%* —-19.941*** -20.045%** -20.011***
(3.868) (3.864) (3.868) (3.872) (3.860)
LEV 0.018 0.025 0.025 0.020 0.028
(0.949) (0.949) (0.949) (0.949) (0.950)
ROE 0.270*** 0.270*%* 0.270%** 0.270%*%* 0.270%%*
(0.072) (0.071) (0.071) (0.072) (0.071)
Constant 9.146 8.999 9.053 9.146 9.109
(11.879)  (11.883)  (11.904)  (11.894)  (11.773)
Observations 4,116 4,116 4,116 4,116 4,116
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0.174 0.174 0.174 0.174 0.174
Adjusted R2 0.162 0.162 0.162 0.162 0.162
Residual Std. Error 39.811 39.803 39.806 39.813 39.808
(df = 4054)
F Statistic 14.015%%%  14.045%*  14.035***  14.005%**  14.025***

(df = 61; 4054)

Significance levels are based on robust standard errors (given in parantheses) and are indicated by

*p < 0.1;* p < 0.05 ¥ p < 0.01.
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We also performed all regression using BPW_E and negations with the ap-
proach of ignoring the negated words. Only the usage of the LIWC 2001 nega-
tions was able to improve results. Due to the minor level of improvement com-
pared to term shifting, the results are given in the appendix (Table 21 and 22)
and are not discussed further.

Additional proof of the importance of implementing negations is given in in
Table 14 and Table 15. When using BPW_N, negations and the approach of
term shifting, the levels of significance are equal to the usage of the superior BP-
W_E word lists. These results underline the importance of implementing nega-
tions. Based on the results visible, the word list PR, developed specifically for
the financial context, should be used. These results are consistent with Shapiro
et al. (2022) and their findings, which claim that using negations improves the
prediction of human sentiment ratings.
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Table 14

Regression of NTone and FROA for BPW_N (term shift Negated words)

Dependent variable:

FROA FROA FROA FROA FROA
17) (18) (19) (20) (21)
NTone 1.517
(0.937)
NTone_LIWCO01_ts 1.977*%*
(0.965)
NTone_LIWCI15_ts 2.028**
(0.996)
NTone_LMD_ts 1.635*
(0.970)
NTone_PR_ts 2.168**
(1.051)
AGE -0.001 -0.001 -0.001 -0.001 -0.001
(0.003) (0.003) (0.003) (0.003) (0.003)
LOSS -1.377% -1.345% -1.340* -1.369* -1.347*
(0.757) (0.756) (0.755) (0.757) (0.756)
LEV 0.076 0.076 0.077 0.077 0.077
(0.057) (0.057) (0.058) (0.058) (0.058)
ROA 0.590%** 0.590%** 0.590%** 0.590%** 0.590***
(0.043) (0.043) (0.043) (0.043) (0.043)
Constant 1.380 1.410 1.381 1.367 1.321
(3.682) (3.673) (3.677) (3.684) (3.674)
Observations 4,112 4,112 4,112 4,112 4,112
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0.411 0.411 0.411 0.411 0.411
Adjusted R2 0.402 0.403 0.403 0.402 0.403
Residual Std. Error 9.222 9.219 9.219 9.221 9.219
(df = 4050)
F Statistic 46.360%**  46.413%  46.413*  46.369**  46.421%*

(df = 61; 4050)

Significance levels are based on robust standard errors (given in parantheses) and are indicated by

*p < 0.1; p < 0.05 ** p < 0.01.
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Table 15

Regression of NTone and FROE for BPW_N (term shift Negated words)

Dependent variable:

FROE FROE FROE FROE FROE
(22) (23) (24) (25) (26)
NTone 10.474%*
(4.092)
NTone_LIWCO01_ts 11.706***
(4.169)
NTone_LIWCI15_ts 11.697***
(4.241)
NTone_ LMD _ts 10.715%**
(4.156)
NTone_PR_ts 11.961*%**
(4.255)
AGE -0.013 -0.013 -0.013 -0.013 -0.013
(0.016) (0.016) (0.016) (0.016) (0.016)
LOSS -20.266***  —20.149***  -20.154** -20.247*** -20.218***
(3.888) (3.883) (3.889) (3.891) (3.876)
LEV -0.003 -0.0001 0.005 0.002 0.005
(0.946) (0.945) (0.946) (0.947) (0.946)
ROE 0.272%*%* 0.271%%* 0.271%%* 0.272%%* 0.271%%*
(0.071) (0.071) (0.071) (0.071) (0.071)
Constant 12.276 12.258 12.057 12.124 11.681
(11.988) (11.914) (11.932) (11.999) (11.905)
Observations 4,112 4,112 4,112 4,112 4,112
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0.174 0.174 0.174 0.173 0.174
Adjusted R2 0.161 0.161 0.161 0.161 0.161
Residual Std. Error 39.846 39.839 39.841 39.846 39.843
(df = 4050)
F Statistic 13.939%%%  13.966***  13.957***  13,937%** 13.950%**

(df = 61; 4050)

Significance levels are based on robust standard errors (given in parantheses) and are indicated by
*p < 0.1;% p < 0.05 ** p < 0.01.
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The improvement shown above also partially applies when using the approach
of ignoring negated words. The relevant tables are given in the appendix (Tables
23 and 24).

VI. Conclusion

This paper uses the dictionary-based approach to compute the sentiment of
German-speaking annual reports. Due to the novelty of the used dictionary, the
aim of this paper is to improve the given BPW_O and BPW_N word lists by fur-
ther correction and expansion. Additionally, we test the use of different nega-
tions to further improve the results.

The expansion of the BPW_N word lists leads to an immense increase in total
words found (positive: 157 %, negative: 77 %). Additionally, the ten most fre-
quent positive and negative words found underwent an enormous change. This
leads to a significant change in NTone calculated by using BPW_E. Despite the
fundamental alteration, we successfully test basic assumptions visually and sta-
tistically. By using the new and extended BPW_E, we are able to improve regres-
sion results compared to the two previous versions and therefore confirm the
first hypothesis. Additionally, we can show that negations should be implement-
ed because they are able to improve results. A deterioration of results caused by
the usage of negations could not be observed and should therefore be imple-
mented in the form of term shifted PR negations.

Furthermore, by successfully improving the second version of the BPW dic-
tionary and testing the implementation of negations, this paper contributes im-
mensely to the existing literature on analyzing German corporate disclosures.

Due to this successful improvement of the BPW dictionary, further research
on finance related texts should be conducted by using the BPW_E. Based on the
novelty of this dictionary, other types of corporate disclosure should be ana-
lyzed, and a comparison to general German dictionaries should be conducted.
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Appendix

Table 16

Description of Variables

Variable  Description

AGE Age of the Company: Difference between the year of observation and the
date of incorporation

FROA Future Return on Assets: Return on Assets (ROA) one year ahead

FROE Future Return on Equity: Return on Equity (ROE) one year ahead

LEV Leverage: Sum of non-current liabilities and current liabilities, divided by
shareholders funds

LOSS LOSS equals one if the Profit and Loss before tax is negative, zero other-
wise

NTone Net Tone: Difference between the number of positive and negative words,
divided by the sum of positive and negative words

ROA Current Return on Assets: Profit and Loss before tax divided by total assets
times 100

ROE Current Return on Equity: Profit and Loss before tax divided by share-

holders funds times 100

Table 17
Kruskal-Wallis test Statistics

FROA FROE
BPW_O BPW_N BPW_E BPW_O BPW_N BPW_E

Kruskal-Wallis-H 207.201  210.450  249.461  242.842  240.057  256.486

df
Asymp. Sig.

4 4 4 4 4 4
<.001 <.001 <.001 <.001 <.001 <.001
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Table 18

Independent Samples t-test for below and above Median Sentiment (BPW_O)

Dependent Sentiment  Statistics df Mean Mean

variable measure below above

FROA NTone -8.377 4072 <.001 2.763 5.844

FROE NTone -7.975 3187 <.001 1.277 11.910
Table 19

Independent Samples t-test for below and above Median Sentiment (BPW_N)

Dependent  Sentiment measure Statistics df P Mean  Mean
variable below  above
FROA NTone -9.516 3992 <.001 2.558 6.060
NTone_LIWCO01_ig  -10.890 3879 <.001 2.312 6.307
NTone_LIWC15_ig  -10.300 3939 <.001 2.417 6.201
NTone_LMD_ig -9.506 4009 <.001 2.560 6.059
NTone_PR_ig -10.080 3929 <.001 2.456 6.162
NTone_LIWCO1_ts -11.120 3878 <.001 2.271 6.348
NTone_LIWCI15_ts -10.800 3914 <.001 2.328 6.291
NTone_LMD_ts -9.363 3996 <.001 2.586 6.033
NTone_PR_ts -9.846 3931 <.001 2.499 6.120
FROE NTone -8312 3140 <.001 1.066 12.250
NTone_LIWCO01_ig -9.025 3024 <.001 0.595 12.720
NTone_LIWC15_ig -8.760 3029 <.001 0.770 12.550
NTone_LMD_ig -8.230 3153 <.001 1.120 12.200
NTone_PR_ig -8.669 3026 <.001 0.830 12.490
NTone_LIWCO1_ts -9.123 3020 <.001 0.530 12.790
NTone_LIWC15_ts -8.996 3019 <.001 0.614 12.700
NTone_LMD_ts -8.341 3080 <.001 1.047 12.270
NTone_PR_ts -8.400 3015 <.001 1.008 12.310
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Table 20
Independent Samples t-test for below and above Median Sentiment (BPW_E)

Dependent ~ Sentiment measure Statistics df p Mean  Mean
variable below  above
FROA NTone -10.350 3875 <.001 2411 6.209

NTone_LIWCO01_ig -10.240 3877 <.001 2.430 6.190
NTone_LIWC15_ig -10.350 3874 <.001 2411 6.208
NTone_LMD_ig -10.410 3874 <.001 2.400 6.220
NTone_PR_ig -10.240 3873 <.001 2.430 6.190
NTone_LIWCO01_ts -10.300 3852 <.001 2.419 6.201
NTone_LIWCI15_ts -10.380 3853 <.001 2.406 6.213

NTone_LMD_ts -10.390 3884 <.001 2.403 6.217
NTone_PR _ts -10.230 3872 <.001 2.433 6.187
FROE NTone -8.607 3105 <.001 0.878 12.440
NTone_LIWCO01_ig -8.489 3102 <.001 0.956 12.360
NTone_LIWC15_ig -8.554 3100 <.001 0.912 12.410
NTone_LMD_ig -8.581 3104 <.001 0.895 12.420
NTone_PR_ig -8.501 3099 <.001 0.947 12.370
NTone_LIWCO1_ts -8.728 3016 <.001 0.798 12.520
NTone_LIWC15_ts -8.787 3016 <.001 0.759 12.560
NTone_LMD_ts -8.553 3103 <.001 0.913 12.410
NTone_PR_ts -8.798 3008 <.001 0.752 12.570
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Table 21
Regression of NTone and FROA for BPW_E (Ignore Negated words)

Dependent variable:

FROA FROA FROA FROA FROA

(27) (28) (29) (30) 31)
NTone 2.231*
(1.215)
NTone_LIWCO01_ig 2.392%*
(1.212)
NTone_LIWC15_ig 2.322*
(1.208)
NTone_LMD_ig 2.228*
(1.214)
NTone_PR_ig 2.216*
(1.202)
AGE -0.001 -0.001 -0.001 -0.001 -0.001
0.003)  (0.003)  (0.003)  (0.003)  (0.003)
LOSS -1.356% -1.340% -1.344* -1.353* -1.351*
(0.754) (0.753) (0.753) (0.754) (0.754)
LEV 0.079 0.079 0.079 0.079 0.079
0.058)  (0.058)  (0.058)  (0.058)  (0.058)
ROA 0.590%%*  0.589***  0.589***  0.590***  0.589***
(0.043)  (0.043)  (0.043)  (0.043)  (0.043)
Constant 0.945 0917 0.925 0.939 0.928
(3.686) (3.687) (3.688) (3.686) (3.679)
Observations 4,116 4,116 4,116 4,116 4,116
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0.411 0.411 0.411 0.411 0.411
Adjusted R2 0.402 0.403 0.402 0.402 0.402
Residual Std. Error 9.216 9.215 9.216 9.216 9.216
(df = 4054)

F Statistic (df = 61; 4054) 4642574 46,447 46.439%%F 464277 46.4314%

Significance levels are based on robust standard errors (given in parantheses) and are indicated
by * p < 0.1; ** p < 0.05; *** p < 0.01.
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Table 22

Regression of NTone and FROE for BPW_E (Ignore Negated words)

Dependent variable:

FROE FROE FROE FROE FROE
(32) (33) (34) (35) (36)
NTone 15.987%**
(5.266)
NTone_LIWCO01_ig 16.281%**
(5.184)
NTone_LIWC15_ig 16.014***
(5.173)
NTone_LMD_ig 15.707*%**
(5.205)
NTone_PR_ig 15.547*%*
(5.048)
AGE -0.013 -0.013 -0.013 -0.013 -0.013
(0.016) (0.016) (0.016) (0.016) (0.016)
LOSS =20.041%%  —19.967*** —-19.984** -20.037*** -20.020%**
(3.868) (3.866) (3.868) (3.869) (3.864)
LEV 0.018 0.022 0.022 0.019 0.023
(0.949) (0.949) (0.949) (0.949) (0.949)
ROE 0.270%** 0.270%** 0.270%%* 0.270%%* 0.270%**
(0.072) (0.072) (0.072) (0.072) (0.072)
Constant 9.146 9.038 9.074 9.133 9.065
(11.879) (11.879) (11.889) (11.885) (11.827)
Observations 4,116 4,116 4,116 4,116 4,116
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0.174 0.174 0.174 0.174 0.174
Adjusted R2 0.162 0.162 0.162 0.162 0.162
Residual Std. Error 39.811 39.807 39.808 39.812 39.810
(df = 4054)
F Statistic 14.015°%%  14.032%  14.025%*  14.012%** 14.019%**

(df = 61; 4054)

Significance levels are based on robust standard errors (given in parantheses) and are indicated by

*p < 0.1; p < 0.05 ** p < 0.01.
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Table 23

Regression of NTone and FROA for BPW_N (Ignore Negated words)

Dependent variable:

FROA FROA FROA FROA FROA
(37) (38) (39) (40) (41)
NTone 1.517
(0.937)
NTone_LIWCO01_ig 1.648*
(0.929)
NTone_LIWC15_ig 1.624*
(0.934)
NTone_LMD_ig 1.527
(0.942)
NTone_PR_ig 1.638*
(0.931)
AGE -0.001 -0.001 -0.001 -0.001 -0.001
(0.003) (0.003) (0.003) (0.003) (0.003)
LOSS -1.377* -1.363% -1.363% -1.375% -1.365%
(0.757) (0.757) (0.757) (0.757) (0.757)
LEV 0.076 0.076 0.077 0.076 0.077
(0.057) (0.057) (0.058) (0.058) (0.058)
ROA 0.590*** 0.590%** 0.590%** 0.590%** 0.590%**
(0.043) (0.043) (0.043) (0.043) (0.043)
Constant 1.380 1.394 1.380 1.373 1.368
(3.682) (3.677) (3.680) (3.683) (3.677)
Observations 4,112 4,112 4,112 4,112 4,112
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0.411 0.411 0.411 0.411 0.411
Adjusted R2 0.402 0.402 0.402 0.402 0.402
Residual Std. Error 9.222 9.221 9.221 9.222 9.221
(df = 4050)
F Statistic 46.360%**  46.379%*%  46.377*  46.362%** 46.3814**

(df = 61; 4050)

Significance levels are based on robust standard errors (given in parantheses) and are indicated by
*p < 0.1;% p < 0.05 ** p < 0.01.
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Table 24

Regression of NTone and FROE for BPW_N (Ignore Negated words)

Dependent variable:

FROE FROE FROE FROE FROE
(42) (43) (44) (45) (46)
NTone 10.474%*
(4.092)
NTone_LIWCO1_ig 10.706***
(4.032)
NTone_LIWC15_ig 10.595%**
(4.066)
NTone_LMD_ig 10.446**
(4.115)
NTone_PR_ig 10.383***
(3.956)
AGE -0.013 -0.013 -0.013 -0.013 -0.013
(0.016) (0.016) (0.016) (0.016) (0.016)
LOSS -20.266***  -20.207*** -20.205*** -20.253*** -20.231***
(3.888) (3.886) (3.888) (3.888) (3.883)
LEV -0.003 -0.001 0.001 -0.001 0.001
(0.946) (0.946) (0.946) (0.947) (0.946)
ROE 0.272%%* 0.271*%* 0.271*** 0.272*** 0.271***
(0.071) (0.071) (0.071) (0.071) (0.071)
Constant 12.276 12.280 12.202 12.210 12.087
(11.988) (11.951) (11.961) (11.995) (11.995)
Observations 4,112 4,112 4,112 4,112 4,112
Year Fixed Effects YES YES YES YES YES
Industry Fixed Effects YES YES YES YES YES
R2 0.174 0.174 0.174 0.174 0.174
Adjusted R2 0.161 0.161 0.161 0.161 0.161
Residual Std. Error 39.846 39.843 39.843 39.846 39.844
(df = 4050)
F Statistic 13.9390%%  13.951%%%  13.949%%*  13.940%**  13.945%**

(df = 61; 4050)

Significance levels are based on robust standard errors (given in parantheses) and are indicated by

*p < 0.1; p < 005 ** p < 0.01
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Table 25

Translation of ten most Frequent words (all three Dictionaries)
Positive words Negative words
German English German English
chancen chances betrug fraud, amounted
erfolg success ermittlung investigation
erfolgreich successful gegen against
erreichen achieve nicht not
erreicht achieved risiken risks
ertrag return, revenue risiko risk
ertrage returns, revenues rickgang decline
fithren lead verfiigung decree
positiven positive verluste losses
vermogens assets verpflichtung obligation
wachstum growth verpflichtungen obligations
wert value wertberichtigungen value adjustments
zZusammen together wertminderung impairment
zusammenarbeit cooperation wertminderungen impairments
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