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Abstract 

Given the increasing length and complexity of financial market disclosures, high-quality summa-
rization becomes ever more important, especially for retail investors. However, little is known 
about the informativeness of summaries in disclosure documents such as security prospectuses. In 
this study, we investigate how firms summarize information in security prospectuses and whether 
the quality of a summary provides valuable information about a security’s future performance. We 
develop an automatic approach for evaluating the quality of a summary by examining textual dis-
closures on risk factors in bond prospectuses. Our results suggest that firms with poor performance 
tend to provide low-quality summaries and engage in impression management. The manipulation 
includes significant differences in readability, specificity, tonality, use of boilerplate, as well as 
dissimilarity in content between the summary and the full prospectus. Nevertheless, prospectus 
summaries are informative for investors as their quality can be shown to be a highly significant 
predictor of the default of the security.  
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INTRODUCTION 

The most valuable currency in financial markets is reliable information. Without it, investors are 

unable to make informed decisions about where to allocate their capital, which hurts companies’ 

ability to attract it and puts a drag on economic growth. Transparency is an economic engine. 

– Michael Bloomberg and Mary Schapiro (Financial Times, May 2014)(2014) 

Issuers of financial securities nowadays disclose more information than ever (Dyer et al. 2017). 

This is despite the fact that retail investors are known to be unable to absorb vast quantities of 

information (Spindler 2011) – a fact that has also been recognized by financial regulatory agencies 

(e.g., European Securities and Markets Authority 2019; Securities and Exchange Commission 

2016). As reduced and streamlined disclosures help retail investors to better analyze a firm’s per-

formance and prospects (Saha et al. 2019), regulators around the world increasingly require that 

issuers of securities release a summary in the security prospectus. While a security prospectus 

often consists of hundreds of pages and is frequently not read by investors (Beshears et al. 2011), 

even a summary that conveys only the most essential information, such as the risks and terms of 

the investment (La Porta et al. 2006), may run up to several pages. Academics and practitioners 

therefore question whether these short-form disclosure documents function as intended—namely, 

as an accurate and comprehensive representation of the information provided in the full prospectus 

(Barth 2015; CFA Institute 2017).  

Experimental evidence suggests that summaries of disclosure documents in financial markets are 

of practical relevance as they have been shown to affect investors’ perceptions and decisions (e.g., 

Cardinaels et al. 2019; Walther 2015). However, little is known about the degree of informative-

ness of summaries as compared to the original documents: Do issuers of financial products use 



 

summaries to provide relevant information to promote market efficiency (Heinle et al. 2018), or 

as a marketing tool to generate investor interest (Hanley and Hoberg 2010)? Several studies indeed 

suggest that managers use summaries to engage in impression management, by selectively pre-

senting information that is beneficial to the firm (Cardinaels et al. 2019; Guillamon-Saorin et al. 

2012; Huang et al. 2018). Moreover, summaries in prospectuses are often not subject to significant 

litigation risk, as there is limited liability for the summary (Burn 2016). Therefore, there is poten-

tial for biased reporting. 

In this study, we try to fill this gap in the literature and investigate the informativeness of prospec-

tus summaries. In particular, we analyze how firms summarize the prospectus information and 

whether the quality of a summary provides a valuable indication regarding a security’s future per-

formance. Examining this issue is essential for several reasons: First, our results provide new in-

sights for regulators to clarify the role of summaries in financial markets. Second, our findings 

equip investors with the necessary knowledge to evaluate summaries as a basis for their financial 

decisions. Third, managers and lawyers may learn which attributes determine the perception of the 

quality of a summary, allowing them to streamline their disclosure practice.  

Although the general usefulness of security prospectuses is debatable, recent academic studies find 

that individual sections do provide valuable information for investors (Hanley and Hoberg 2010). 

Notably, academics are interested in the disclosure of risk factors. Several studies show that dif-

ferent disclosure characteristics such as quantity, length, specificity, and number of topical key-

words, reflect information about firm risk (e.g., Bonsall and Miller 2017; Campbell et al. 2014; 

Hope et al. 2016; Kravet and Muslu 2013). Though the description of risk factors is an elemental 

part of a security prospectus both in the United States and the European Union, a separate summary 



 

of risk factors must be provided only in the European Union (European Securities and Markets 

Authority 2012; Securities and Exchange Commission 1998). We therefore focus on the summa-

rized disclosure of risk factors in a European setting in this study.  

To investigate the informativeness of summarized risk factors, we use the German small and me-

dium-size (SME) bond market for empirical context. This market offers several benefits: First, the 

high number of actual defaults in this market segment allows to directly differentiate between low- 

and high-quality bonds instead of relying on models that solely predict the probability of default. 

Second, due to the low nominal amount of EUR 1,000, comparably high yields, and well-known 

issuers’ brand names, the main targets of SME bonds are indeed retail investors, which are sus-

pected of being most strongly influenced by prospectus summaries.  

To address our research objectives, we employ several consecutive procedures on our empirical 

dataset. In a first step, we identify and apply different metrics to automatically assess the quality 

of a summary, where quality is defined as the similarity between the original text and the summary. 

As the quality of a summary is not only determined by the content but also the way the information 

is presented (Lloret et al. 2018), we measure it via two standard criteria: (1) the semantic quality 

(i.e., the divergence between the probability distributions of words in the main text and its sum-

mary) and (2) the linguistic quality (i.e., readability, use of boilerplate, specificity, and tonality). 

To combine these two different aspects into a single measure of summary quality that is to be 

highly correlated with the “gold standard” of human evaluation, we recruit participants from the 

Clickworker platform (the German equivalent of Amazon’s Mechanical Turk) in a second step to 

evaluate the quality of the summaries manually. This allows us to assess which aspects of semantic 

and linguistic quality drive human quality evaluations so that, based on a relative weight analysis, 



 

a single summary quality measure can be established. We finally use regression analyses to exam-

ine whether this summary quality is associated with various characteristics of the issuing firm. In 

addition, we study the informativeness of the summaries by investigating the relationship between 

a summary’s quality and the security’s subsequent performance.  

Our results suggest that firms with poor implicit credit risk frequently provide low-quality sum-

maries and engage in impression management. These firms strategically select, frame, and present 

textual information in the summary of the security prospectus in a way that is likely to affect pos-

itively investors’ perceptions and decisions. The manipulations include statistically significant dif-

ferences in readability, specificity, tonality, use of boilerplate, as well as dissimilarity in content 

between the summarized and the full risk factor sections in the security prospectus. Nevertheless, 

discretionary disclosure practice in prospectus summaries can be shown to be informative for in-

vestors, as the quality of a summary is a highly significant predictor of the future security perfor-

mance: A lower summary quality is highly significantly associated with a higher likelihood of a 

default of the bond. In our analyses, we take great care in establishing that these results remain 

robust when controlling for the endogenous nature of releasing a low-quality summary.  

Our study contributes to the literature on disclosures in financial markets in several ways. To the 

best of our knowledge, we are the first to analyze the quality of summarized information in security 

prospectuses empirically, and to relate firms’ risk-disclosure practices in summaries to firm per-

formance. Moreover, we contribute to the nascent stream on summarization in accounting and 

finance (e.g., Cardinaels et al. 2019), by developing a reproducible approach for measuring the 

quality of a summary.  



 

The remainder of this study is structured as follows: In Chapter 2, we briefly discuss the legal 

background of summarized disclosure in the European Union. In Chapter 3, we portray the relevant 

literature and develop the hypotheses. Chapter 4 and Chapter 5 present the empirical study. Finally, 

Chapter 6 offers a discussion of implications and concludes. 

LEGAL BACKGROUND 

Prospectus Regulation in the European Union 

Mandated disclosure of information is an essential driver for promoting financial market efficiency 

(Healy and Palepu 2001). Thus, regulators in most countries around the world require that firms 

offering securities to the public publish a prospectus (La Porta et al. 2006). In the European Union 

(EU), the Prospectus Directive 2003/71 (Prospectus Directive) serves as the primary legal frame-

work of disclosure rules applicable to firms entering capital markets. By standardizing the require-

ments for creating, approving, and disseminating a prospectus, it aims at facilitating firms’ fund-

raising efforts in a uniform European capital market and at ensuring investor protection throughout 

the EU (Sergakis 2018). The Prospectus Directive and its subordinate legislation, Commission 

Regulation (EC) No 809/2004 (Prospectus Regulation) define the requirements, minimum content, 

and layout of the prospectus, preparation details, approval by a competent authority, as well as the 

filing and publication process when firms offer securities to the public.  

The rules were implemented in Germany by the enactment of a new law, the Securities Prospectus 

Act (Prospectus Act), which came into effect on July 1, 2005. Together with the Prospectus Di-

rective and the Prospectus Regulation, the Prospectus Act provides the legal basis for offering 

securities to the public and admitting securities to trading in a regulated market within Germany 



 

(Du Vignaux et al. 2006). The Prospectus Directive was amended in December 2010. The Amend-

ing Directive 2012/73/EU (Amending Directive) and its subordinate legislation, the Commission 

Delegated Regulation (EU) No 486/2012 (Amending Regulation), require member states to im-

plement the new legislation in national law by July 1, 2012, and include several changes in the 

layout and content of the summary, aiming to improve its usefulness for retail investors.1  

Table 1 provides an overview of the legal framework encompassing the disclosure of risk factors 

in the summary and the full prospectus before and after the amendment. As the Securities Prospec-

tus Act follows the content and wording of the European prospectus regime very closely, our dis-

cussion is based on the European regulatory framework. 

------------------------------------ 

Insert Table 1 about here 

------------------------------------ 

###1.1 

According to Article 25 of the Prospectus Regulation, “each prospectus must include a section 

which sets forth the risk factors associated with the issuer and the type of security covered by the 

issue.” Usually, the disclosed factors describe risks that are specific to the state, situation, and 

industry of the issuer, its ability to fulfill its obligations, as well as the security itself, and are 

material for making an informed investment decision (European Securities and Markets Authority 

2012). The specific content, as well as the layout, language, and length of the risk factor section, 

                                                 
1 Please see Fischer-Appelt (2010) for a discussion of all changes.  



 

is not further defined. The risk factor section in the prospectus, as well as the definition of risk 

factors, remained unchanged in the Amending Directive and the Amending Regulation. 

Legal Background on Summarization of Risk Factors 

The Prospectus Directive requires that each prospectus contain a summary of no more than 2,500 

words, conveying the essential characteristics of, and risks associated with, the issuer, any guar-

antor, and the security.2 To ensure full access to the information, the summary must be brief, and 

written in a non-technical manner in the language in which the prospectus was initially drawn up. 

The summary must also include warnings that it is only an introduction to the prospectus, and that 

“the decision to invest in the securities should be based on consideration of the prospectus as a 

whole by the investor” (Prospectus Directive, Article 5). 

Annex I in the Prospectus Directive prescribes the minimum content requirements of the summary 

in the form of 27 elements in 11 sections. These elements include details of the offer as well as 

“key information.” While not further defined, key information cover elements such as selected 

financial data, reasons for the offer, use of proceeds, and risk factors. Thus, issuers are required to 

summarize the risk factor section. However, the regulation presents no further requirements re-

garding their specificity and materiality, i.e. issuers can decide how and which risk factors to sum-

marize. Moreover, the regulation does not explicitly define the layout and order of content in the 

summary and does not allow cross-references to other parts of the prospectus. Most importantly, 

                                                 
2 Although Rec. 21 in the Prospectus Directive defines a maximum number of 2,500 words, the Federal Financial 

Supervisory Authority (Bundesanstalt für Finanzdienstleistungsaufsicht, BaFin) regularly approved prospectuses 
with summaries of more than 5,000 words (Just et al. 2019). 



 

there is no civil liability for misstatements based solely on the summary, unless the summary is 

misleading, inaccurate, or inconsistent when read with the full prospectus. 

The key change in the Amending Directive and the Amending Regulation is a standardization of 

the format and content of the prospectus summary. The Amending Directive now defines “key 

information”, that must be included in the summary, as “essential and appropriately structured 

information which is to be provided to investors with a view to enabling them to understand the 

nature and the risks of the securities that are being offered to them” (Fischer-Appelt 2014). Annex 

XXII of the Amending Regulation further standardizes the content and layout of the summary in 

order to enable investors to compare various securities directly. Summaries must now be con-

structed on a “modular basis according to the Annexes from the Prospectus Regulation on which 

the prospectus has been based.” Although the number of sections in the summary decreased from 

11 to 5 in the amendment, the number of elements increased from 27 to 87. However, the required 

content of the sections and elements differs only marginally, and the different numbers of sections 

and elements result mainly from changes in the layout requirements. As previously, the summary 

may not contain cross-references to other parts of the prospectus (Burn 2016). Furthermore, the 

Amending Regulation now prescribes that the summary must “not exceed 7% of the length of a 

prospectus or 15 pages, whichever is longer.” It also mandates that the summary must be written 

in “plain language, presenting the information in an easily accessible way.” 

With regard to liability, the Amending Directive enhances the earlier provision if the summary 

“does not provide, when reading together with the other parts of the prospectus, key information 

in order to aid investors when considering whether to invest in such securities.” However, the 

condition that liability arises only “when read together with the other parts of the prospectus” 



 

severely limits the scope of this provision.3 Again, there are no limitations on the length of the risk 

factor section in the prospectus. The issuer is still responsible for deciding which and how to sum-

marize the risk factors (Fischer-Appelt 2010). 

In sum, while the format and layout of content presentation in the summary are more prescriptive 

under the new prospectus regime, other key aspects remain unchanged. In practice, industry ex-

perts expected the content of summaries to not change considerably (Burn 2018; Fischer-Appelt 

2010). Indeed, summaries look different and their overall length increased in recent years, but the 

type of information disclosed did not vary considerably from previous standards (Fischer-Appelt 

2012). In the empirical section, we will confirm that the effect of the regulatory change on the 

content of the summary was quite small. This allows us to consider risk factor summaries both 

before and after the new regulation in our empirical analysis. 

THEORETICAL BACKGROUND 

Empirical Literature on Disclosure of Risk Factors 

Over the last two decades, regulators around the world have been demanding greater quantity and 

quality of risk factor disclosures in corporate documents and securities prospectuses (Elshandidy 

et al. 2018; Hope et al. 2016). Paralleling this development, risk factor reporting has also become 

an important topic in the academic literature (Schrand and Elliott 1998). While critics argue that 

managers are likely to publish all possible risks factors to mitigate litigation risk, without consid-

ering their materiality, a large body of papers also provides empirical and theoretical evidence that 

                                                 
3 Although securities litigation due to incorrect or untimely disclosure has increased quickly worldwide over the last 

few years, no known cases involve the content of summaries (Savitt 2018). 



 

risk factor disclosure is actually informative in different markets (debt and capital markets), cor-

porate documents (10-K forms and annual reports) or regulatory schemes (mandatory, voluntary, 

and aggregate). 

According to Elshandidiy et al. (2018), the literature on risk reporting can be categorized into 

two main streams: (1) the incentives for and (2) the informativeness of risk factor disclosure. 

Due to the heavily regulated risk-reporting environment, studies based on U.S. data mainly focus 

on the informativeness of mandated risk disclosure. Research in other legal environments, such 

as the European Union, in contrast, also examines the incentives for risk reporting, where in 

some circumstances (e.g., annual reports) risk disclosure is voluntary (Elshandidy et al. 2015). 

As our study focuses on the informativeness of summarized risk factor disclosure, we limit the 

literature discussion to the second stream.  

Kravet and Muslu (2013), Filzen (2015), and Campbell et al. (2014) provide evidence that content 

and tone of risk reporting in 10-K and 10-Q forms, as well as their updates and changes, are in-

formative, and that equity investors accordingly react to such disclosures. In line with these studies, 

Hope et al. (2016) find that the quality of risk disclosures in terms of more specific risk factors 

causes stronger market reactions, and propose that risk factor disclosure is not boilerplate per se. 

These results are, however, not undisputed. Bao and Datta (2014) investigate risk disclosure in 10-

K forms via a latent Dirichlet allocation topic model. Focusing on the semantic content of risk 

disclosure, they find that around two-thirds of risk types are not informative for investors. Moreo-

ver, they show that even informative risk factors do not change investors’ risk perceptions. Camp-

bell et al. (2018) and Chiu, Kim, et al. (2018) investigate the role of single, specific risk factor 

disclosures. They observe that the disclosure of tax-related risks provides information about firms’ 



 

future cash flows, and that the disclosure of customer-related risks contains useful information for 

suppliers to achieve better investment efficiency. 

In the case of debt markets, Chiu, Guan, et al. (2018) provide evidence that the disclosure of risk 

factors improves investors’ assessment of default probability. Not explicitly focusing on the risk 

factor section but, instead, the full 10-K form, Bonsall and Miller (2017) find that less readable 

disclosures have adverse effects, and are linked to less favorable ratings, more disagreement be-

tween rating agencies, and higher costs of funding. 

Beatty et al. (2018) confirm that investors on different capital markets react to unexpected risk 

factor disclosures. These reactions decline significantly over time, however, especially since the 

financial crisis, as the disclosures become longer, more redundant, and less specific. Dyer et al. 

(2017) find that similarity in disclosures increases, while readability and specificity decrease over 

time. They identify changes in the practices of risk factor disclosures as the main driver of this 

effect. Brown et al. (2018), in contrast, report that the recent assessment of risk disclosure practices 

by the Securities and Exchange Commission (SEC) has spillover effects. Even firms that do not 

received comments letters from the regulator provide more firm‐specific disclosures in the follow-

ing year. 

Taken together, the literature on risk reporting generally suggests that the disclosure of risk factors 

in corporate documents is informative for investors. However, considerable variations in the effect 

exist, due to different disclosure measures such as content, tone, specificity, readability, similarity, 

and semantic clues, different time horizons, and dependent variables. 

Theoretical Background of Risk Factor Disclosure 



 

While there is no universal theory, earlier studies often refer to agency theory and proprietary cost 

theory to explain the informativeness of risk disclosures (Elshandidy et al. 2018; Al-Hadi et al. 

2016; Abraham and Shrives 2014). Within the agency theory strand, existing research typically 

assumes that risk disclosure facilitates decision making by minimizing information asymmetries 

between managers and investors. Unbiased reporting is driven not only by laws mandating the 

disclosure of risk factors but also by incentives for the firms and managers (Elshandidy et al. 2013) 

such as reduced cost of capital and increased reputation and compensation (Baginski et al. 2000).  

However, there is also an extensive literature that claims that textual disclosure enables managers 

to further exploit (rather than reduce) information asymmetries between managers and investors 

through engaging in biased reporting, that is, impression management. Impression management in 

this respect describes the behavior of managers to strategically select, frame, and present textual 

information in disclosure documents in a way that is intended to manipulate investors’ perceptions 

and decisions (Aerts 2005; Clatworthy and Jones 2001; Leung et al. 2015; Yuthas et al. 2002). It 

assumes that investors, at least in the short term, are unable to detect reporting bias, leading to 

potential capital misallocations, due to non-informative and misleading information (Holthausen 

1990). Impression management has been shown to be especially prevalent when firm performance 

is poor (Bloomfield 2002). It might also be relevant in the case of summarized disclosure of risk 

factors, as summarization inherently allows for discretion (Leung et al. 2015). 

Merkl-Davies and Brennan (2007) categorize impression management strategies into two types, 

(A) concealment and (B) attribution. The authors identify seven strategies from previous research 

on the topic: (A1) reading ease manipulation, (A2) rhetorical manipulation, (A3) thematic manip-

ulation, (A4) visual and structural manipulation, (A5) performance comparisons, (A6) selectivity 



 

of numerical disclosures, and (B1) attribution of performance. Although several studies document 

the existence of biased disclosure (e.g., Smith and Taffler 2000), empirical evidence of an associ-

ation between impression management strategies and firm characteristics, primarily financial per-

formance, is mixed and inconclusive. Different results are derived depending on the type of dis-

closure documents and performance measures (see Merkl-Davies and Brennan 2007 for a 

comprehensive review of the literature). Whether these findings are generalizable to the summa-

rized disclosure of risk factors is unclear as none of the studies examining impression management 

has so far focused explicitly on risk factor disclosures nor on summarized disclosures.  

Literature on Summarized Disclosure 

To the best of our knowledge, this study is the first to investigate the quality of the summarized 

disclosure of risk factors in security prospectuses. However, several recent studies examine the 

role and effects of summarized or simplified disclosure generally. Most closely related to our 

study, Cardinaels et al. (2019) investigate how algorithm-generated summaries of earnings releases 

compare to management summaries of the same documents over several dimensions (e.g., bias 

and trustworthiness), and how summaries affect individual investors’ perceptions. The results sug-

gest that algorithm-generated summaries are generally less positively biased, often without miss-

ing essential information and informativeness. Furthermore, the authors provide evidence that 

summaries alter investors’ valuation-related perceptions and confidence in their judgments. They 

conclude that summaries provided by managers are subject to an incremental positive bias com-

pared to the original text, and that summaries affect investors’ judgments.  

Walther (2015) confirms that summaries have an effect on investor judgment as investors report 

that short-form disclosures in the form of key investor documents for investment funds are more 



 

informative and helpful than the underlying prospectuses. However, the analyses also reveal that 

many investors are not able to understand the summarized information.  

Godwin and Ramsay (2016) present reasons for this lack of understanding. They use an investor 

survey to investigate the informativeness of short-form disclosure formats as adopted in six juris-

dictions. Their results suggest that retail investors evaluate the quality of short-form disclosure 

documents based on an array of factors, including the informativeness of the document in terms of 

the critical features and investment risks, the readability, as well as the length and format. Venti 

(2011) notes that while short-form disclosures are shorter and less complex compared to a full 

prospectus, they are still not easy to understand as they contain technical jargon and still require 

basic knowledge of financial reporting.  

Burn (2010) discusses the ability of summarized disclosure to improve retail investors’ investment 

decisions. Referring to recent studies from YouGov and IOSCO reports, she states that summaries 

“can never contain sufficient information to enable investors to take an investment decision,” and 

that short-form disclosures are unlikely to be informative (Burn 2010, p. 167). Similarly, Beshears 

et al. (2011) show that short-form disclosure documents for mutual funds allow investors to make 

faster, but not better, decisions in terms of higher returns. Hanley and Hoberg (2010) investigate 

the informativeness of prospectuses from Initial Public Offerings by decomposing the information 

into standard and informative components using word content analysis. After separately parsing 

four sections of the prospectuses, namely the summary, risk factors, use of proceeds, and manage-

ment’s discussion and analysis (MD&A), they find little informative content in the summary, and 

conclude that this section is mainly used as “a marketing tool to generate interest from investors” 

(Hanley and Hoberg 2010, p. 2848).  



 

Research Question and Hypotheses 

While the earlier literature hence suggests that the disclosure of risk factors is mostly informative 

for investors, the literature on simplified and summarized disclosure indicates that summaries itself 

are not informative. The discretionary nature of summaries can be explained by the impression 

management view rooted in agency theory, supported and facilitated by the fact that the specific 

summary content is usually unregulated and not subject to high litigation risk. However, we do not 

expect all firms to actively engage in impression management whenever the opportunity arises. 

Rather, we suggest that poorly performing firms are more likely to use the summary as a conceal-

ment vehicle to hide adverse information and that such discretionary disclosure practice (i.e., a 

decrease in quality from the full and summarized risk factor section) is informative for investors. 

This leads to the central hypotheses (stated in the alternative form): 

H1: Poorly performing firms are more likely to release a low-quality summary of risk factors, 

where quality is measured as the similarity between the full and summarized section in the security 

prospectus. 

H2: The quality of a risk factor summary is informative for investors, i.e. it helps to predict the 

future security performance. 

In the next section, we describe the approach for quantifying the summary quality by developing 

an automatic measurement procedure and explain the empirical design of our study. 

EMPIRICAL METHODOLOGY 

Sample Construction  



 

Following the global financial crises in 2008, tighter lending conditions (e.g., Basel II and higher 

equity requirements) restricted access to bank lending for firms around the world. Lending re-

strictions are especially crucial for SMEs (Altman et al. 2018; Rossi 2016) that tend to be heavily 

reliant on traditional bank lending even in developed countries such as Germany (Puri et al. 2011). 

Ownership of German SMEs primarily rests with private investors and families that try to avoid 

the dilution of ownership and control rights following equity market financing. They were there-

fore particularly strongly affected by the credit crunch (Audretsch and Elston 1997; Mietzner et 

al. 2018). 

As a consequence of this credit rationing in the aftermath of the financial crisis, several European 

countries experimented with SME bond markets (European Securities and Markets Authority 

2017). While established public capital markets require an issuance volume of at least EUR 100 

million for bonds, several exchanges introduced specific segments with a lower minimum issuance 

volume. This allowed smaller firms to tap a liquid secondary market for public debt by offering 

titles to retail and professional investors. 

In Germany, the market for SME bonds started in 2010 when the Stuttgart Stock Exchange created 

a segment called bondm. Four other stock exchanges quickly created similar segments: Munich 

(m:access), Dusseldorf (Mittelstandsmarkt), Frankfurt (Entry Standard), and Hannover/Hamburg 

(Mittelstandsboerse). The requirements for issuing a bond vary only slightly between these ex-

changes. Frankfurt and Hannover/Hamburg do not have a formal minimum. Stuttgart and Munich 

require a minimum issuance volume of EUR 25 million, and Dusseldorf of EUR 10 million. De-

nominations are usually limited to a maximum of EUR 1,000. Furthermore, only Dusseldorf and 

Munich require an official bond rating. Frankfurt and Stuttgart waive the rating requirement for 



 

public firms. Listing on the Hannover/Hamburg exchange generally requires no rating. All ex-

changes obligate issuers to mandate an official advisor (often called a coach). The advisor acts as 

the underwriter and/or issuing bank. It is usually a small unknown bank with only little experience 

in capital markets (Florstedt 2017). 

The SME bond market was conceived favorably by investors at its inception, and the media cov-

ered the market extensively. Private investors, in particular, were lured by well-known names and 

the label “Mittelstand,” which is often linked to high productivity and quality standards and has 

become an internationally recognized stamp of high quality (Simon 2009). In addition, in the pre-

vailing low-interest environment, investors welcome the opportunity of a new investment class 

that promises to yield an extra premium. 

The German market for SME bonds has grown strongly since its launch in 2010. More than 200 

bonds were issued between 2010 and 2018 (Bondguide 2019), and raised a total volume exceeding 

EUR 11 billion. The segment saw a large number of emissions in the first few years. When the 

first defaults appeared in 2014, accompanied by extensive press coverage, the emission activity 

decreased considerably. However, since 2018 the number of emissions has risen again. 

As of 2019, more than one-third of all firms issuing an SME bond are unable to meet their obliga-

tions at some point or filed for bankruptcy (Bondguide 2019). After the first wave of defaults, 

Stuttgart and Dusseldorf closed their segments for SME bonds. While the other segments still exist, 

they were partly restructured. The high number of defaults is not only remarkable per se but also 

surprising to most market participants. The SME bonds initially had good credit ratings, and par-

ticipants perceived the issuers as hidden champions (Mietzner et al. 2018). High default rates that 

deviate from the initial credit risks models indicate not only a vast variation in the quality of the 



 

SMEs issuing bonds but also suggest that the well-established methods for assessing risk failed. 

Thus, the setting offers an excellent opportunity to examine the relationship between the actual 

bond defaults and the quality of the disclosed information.  

Several researchers have investigated the German SME bond market. Mietzner et al. (2018) show 

that credit rating agencies regularly understate the credit risk inherent in SME bond offerings, and 

issue overly favorable ratings. The fact that ratings were too favorable is consistent with the ob-

servation that more SME bonds defaulted than would be expected, using historical default proba-

bilities in the respective rating classes. The authors therefore conclude that investors cannot rely 

on ratings as their primary reference point to assess the investment risk. 

Feihle and Lawrenz (2017) examine whether the performance of firms issuing SME bonds differs 

considerably compared to a matched sample of non-issuing firms. They show that issuers exhibit 

a substantially lower performance, as shown by a decline in proxies for financial performance, 

such as cash flows and total profitability, compared to non-issuers. This observation leads them to 

conclude that most of the unfortunate development in the performance of issuing companies was 

not predictable from the disclosed financial information before the issuance. The samples of issu-

ing and non-issuing firms are ex-ante indistinguishable, but show different results ex-post.  

Utz et al. (2016) empirically investigate the size of the liquidity premium in the spread of SME 

bonds. The authors find that illiquidity is highly correlated with the yield spread, when controlling 

for default risk. They predict that defaults in the future will further increase the perceived risk of 

this investment class, resulting in rising yield spreads, ending up in a vicious circle and market 

failure. To counter this development, the authors suggest that firms should disclose information 



 

more comprehensively and in a more timely manner to decrease yield spreads, thus underpinning 

the vital role of disclosure in this market.  

In sum, current research highlights the critical role of disclosure in this market. Hitherto well-

established metrics and proxies such as credit ratings and financial metrics do not seem to allow 

an adequate assessment of the underlying risk. However, little is known about the role of textual 

disclosure. The German SME bond market offers a suitable setting to study the role of summarized 

risk factor disclosure for several reasons: (1) The high number of actual defaults directly differen-

tiates between low- and high-quality firms instead of relying on models that solely predict the 

default probability. (2) Due to the low nominal amount of EUR 1,000, high yields, and big brand 

names, mainly retail investors buy SME bonds. As the literature suggests, retail investors are par-

ticularly likely to rely on the summary of a prospectus. Thus, the setting allows measuring the role 

of summarized disclosure in a market where the informativeness of summaries is most relevant. 

(3) Financial disclosure of large public firms usually makes up only a small portion of the total 

information surrounding these firms, thus creating noise in the measurement of the level and qual-

ity of a firm’s disclosure. By investigating the disclosure behavior of new entrants to public capital 

markets, we can analyze the direct relation between firm disclosure and performance. 

Automatic Evaluation of Summaries 

Following the tremendous growth in financial disclosures in recent years that tends to overwhelm 

investors with limited attention spans (Cardinaels et al. 2019; Dyer et al. 2017), regulators around 

the world have started to require that issuers of financial products release a summary conveying 

the essential information. In addition to numerous legal aspects and definitions that have to be 

considered in the case of mandated disclosures, summarizing information is challenging. Radev et 



 

al. (2002) define a summary as “a text that is produced from one or more texts, that conveys im-

portant information in the original text(s), and that is no longer than half of the original text(s) and 

usually significantly less than that.” 

A summary aims at presenting the critical information of a text in a concise form. If every word 

and sentence in a text were equally important, summarization would be impossible. Any attempt 

to condense the text would result in a proportional decrease in informativeness. Fortunately, not 

every word in a text contains informative content (e.g., stopwords) so that a text can be segmented 

into more and less informative parts. However, distinguishing between uninformative and informa-

tive words is a crucial challenge in summarization (Radev et al. 2002). 

Although there are different types of summaries (e.g., indicative, generic, topic-oriented 

summaries; Sparck-Jones 1999), the summary of a prospectus should be informative. Summariza-

tion by humans usually includes the identification of relevant content in the main text (extraction), 

the reformulation in other, usually fewer, words (abstraction), and the combination and compres-

sion of extracted material by squeezing out unimportant parts. Summaries written by humans are 

typically based on an individual’s understanding of the text, thus leaving room for interpretation 

and impression management (Brandow et al. 1995). Against this backdrop, several researchers 

develop algorithms that create a summary automatically, by relying on statistical approaches for 

identifying and extracting informative parts to summarize large amounts of textual information 

without human efforts.4  

                                                 
4 See Nenkova and McKeown (2011) for a review of the literature on automatized summarization.  



 

However, evaluating the quality of a summary, generated by humans or automatically, is difficult, 

starting with the question of the dimension to evaluate. Traditional evaluation of summarization 

involves human judgments of metrics such as readability, conciseness, coherence, grammaticality, 

and content (Mani 2001). However, human evaluation of summaries requires enormous efforts in 

terms of time. Thus, in recent years, automatic evaluation of summaries has drawn massive atten-

tion in the scientific community. Despite the substantial progress in the assessment of summary 

quality in previous years, there is no universal approach. In the following, we will therefore iden-

tify several well-established metrics from the literature to automatically assess the quality of a 

summary. The quality of a summary is determined not only by its content but also by the way the 

information is presented (Lloret et al. 2018). We therefore propose, in line with the literature, to 

measure the quality of a summary along two standard criteria (Lloret and Palomar 2012): 1) the 

semantic quality and 2) the linguistic quality.  

Measuring the Semantic Quality of Summaries 

Previous studies evaluate short-form disclosures by comparing different types of summaries (i.e., 

a human versus an automatic generated) using text similarity measures, such as cosine similarity 

(Donaway et al. 2000), n-grams overlap, or longest common subsequence (Saggion et al. 2002). 

Following the successful application of automatic evaluation methods in automatic translation 

evaluation, such as BLEU (Papineni et al. 2002), which measures the overlap in n-grams between 

translations, Lin (2004) proposed with the ROUGE package several recall measures based on n-

gram co-occurrence statistics between human- and automatic-generated summaries. However, 

these summary evaluation approaches rely on the assumption that there is an ideal summary 



 

against which they can compare other summaries in order to examine how informative they are. 

Thus, these methods fail when reference summaries are not available. 

Several research projects therefore aim at evaluating summaries without the necessity of a human 

reference summary. Louis and Nenkova (2009) conducted several experiments to evaluate the se-

mantic quality of a summary by comparing the summary to the original text instead of a human 

reference. They assume that useful summaries are representative of the input, and anticipate that 

higher similarity to the input is an indicator of high quality (Louis and Nenkova 2013). Based on 

Lin et al.’s (2006) work on the evaluation of automatic summaries, Louis and Nenkova (2013) test 

several input–summary similarity metrics that could be used for a fully automatic evaluation of 

summaries. The authors provide a freely available Java package, called SIMetrix (Summary Input 

similarity Metrics), to compute the evaluation metrics efficiently.5 Their approaches include (1) 

information-theoretic metrics, such as the Kullback–Leibler (KL) divergence and the Jensen–

Shannon (JS) divergence, to measure the divergence between the probability distributions of words 

in the main text and its summary, (2) vector space similarity metrics using cosine similarity be-

tween the term frequency–inverse document frequency (tf–idf) vector representations of the texts, 

(3) a generative model that compares the different word distributions, (4) topic signatures to quan-

tify the presence of words that are highly descriptive of the input in a summary, and (5) the regres-

sion-based combination of all the features mentioned above (Lloret et al. 2018). Similar to Lin et 

al. (2006), Louis and Nenkova (2013) find that information-theoretic measures are the best for 

evaluating the semantic quality of summaries (while the JS divergence regularly outperforms the 

KL divergence). The authors also report that the so-created scores not only replicate scores based 

                                                 
5 The SIMetrix package is available at http://homepages.inf.ed.ac.uk/alouis/IEval2.html (retrieved May 15, 2019). 



 

on comparison with a human reference summary very accurately but are also highly predictive of 

scores provided by human raters. The correlations range between 0.77 and 0.93. The JS divergence 

measures and the combinations of the JS divergence with other metrics, such as cosine similarity, 

performed best. A disadvantage of their approach is, however, that they use only unigrams. As 

shown by Barrett et al. (2006), legal texts especially may require the use of n-grams (e.g., trigrams 

or tetragrams). 

Similarly, Torres-Moreno et al. (2010) provide further evidence for the effectiveness of automatic 

summary evaluation based on measuring the divergences between probability distributions. Spe-

cifically, they show that the JS divergence can obtain reliable rankings of summaries using a con-

tent-based evaluation package called FRESA (Framework for Evaluating Summaries Automati-

cally).6 The package is coded in Perl, works with different languages (French, Spanish, English, 

and German), and offers the possibility to calculate the divergences using different kinds of n-

grams. 

More recently, Cabrera-Diego and Torres-Moreno (2018) propose a new method for evaluating 

the quality of a summary based on the dissimilarity among the summary, its source document, and 

other summaries of the same source. Their research is based on the idea that one can assess a 

summary better by increasing the information (in this the case, the number of summaries) availa-

ble. Similarly to other studies on the topic, the authors find that JS divergence metrics perform the 

best.  

Based on these findings, we measure the semantic quality of a summary using the JS divergence, 

which is based on the KL divergence, formally defined as: 

                                                 
6 The FRESA package is available at http://dev.termwatch.es/~fresa/FRESA/index.html (retrieved May 15, 2019). 
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The KL divergence has some particular features. First, it is not symmetric, so that 𝐾𝐿𝐷(𝑃‖𝑄) ≠

𝐾𝐿𝐷(𝑄‖𝑃), resulting in different metrics when measuring the input–summary and the summary–

input divergence. Second, the metric is undefined, and gives infinite values when one word exists 

only in one distribution but not in the other, such as when 𝑝ఠ > 0 but 𝑞ఠ = 0. In contrast, the JS 

divergence is symmetric (which allows to interpret the JS divergence as a distance), and is always 

defined. We therefore employ the Jensen–Shannon divergence, which is based on the assumption 

that the distance between two single distributions cannot be considerably different from the aver-

age of the distances from their mean distribution (Louis and Nenkova 2013). Thus, the JS diver-

gence is a symmetrized, finite, and smoothed version of the KL divergence (Mehri et al. 2015), 

and is formally defined as: 

 

𝐽𝑒𝑛𝑠𝑒𝑛– 𝑆ℎ𝑎𝑛𝑛𝑜𝑛 𝐷𝑖𝑣𝑒𝑟𝑔𝑒𝑛𝑐𝑒 = 𝐽𝑆𝐷(𝑃‖𝑄) =
1

2
[𝐾𝐿𝐷(𝑃‖𝐴) + 𝐾𝐿𝐷(𝑄‖𝐴)] 

 

where A = (P +Q)/2. The JS divergence is bounded by 1, given the use of the base 2 logarithm 

0 ≤ 𝐽𝑆𝐷(𝑃‖𝑄)  ≤ 1.  

Measuring the Linguistic Quality of Summaries 



 

Several aspects, such as the grammaticality, non-redundancy, referential clarity, and tonality, de-

termine the linguistic quality of a summary (Vadlapudi and Katragadda 2010; Yadav and 

Chatterjee 2016). To assess texts grammatically, they are usually evaluated on how difficult they 

are to read. A large body of research in accounting and finance (e.g., Loughran and McDonald 

2014) documents that the readability of corporate disclosure documents is significantly associated 

with capital market reactions. Less readable filings are related to higher costs of debt (Bonsall and 

Miller 2017) and are a sign of poor future performance (Li 2008). Most studies examining reada-

bility rely on Fog and Flesch indices as a proxy for readability, which were defined for the English 

language. However, some measures have been developed for other languages, either by adapting 

the weights of existing indices or by developing independent measures. 

One of the most frequently used readability indices for German is the Wiener Sachtext Formel 

(WSF), which was developed by Bamberger and Vanecek (1984) to measure the readability of 

German texts.7 The WSF is defined as follows: 

𝑊𝑆𝐹 = 0.1935 × 𝐿𝑊𝑆 + 0.1672 × 𝑆𝐿𝑊 + 0.1297 × 𝐿𝑊𝐶 − 0.0327 × 𝑆𝑊𝑆 − 0.875  

where LWS is the average number of long words with three or more syllables, LWC is the average 

number of long words with six or more characters, SWS the average number of short words with 

only one syllable, and SLW is the average sentence length in words. Similar to other readability 

metrics, such as the Flesch Grade Scale, the WSF score is scaled such that it roughly matches 

school grade levels. Accordingly, for most purposes, the range of the WSF is [4;15]; higher scores 

indicate more difficult texts. We derive readability scores for the summary, and the main document 

                                                 
7 The use of other readability metrics for German texts, such as the Lix readability index (LIX), deliver similar results. 



 

of each prospectus in the dataset, using the Readability Calculator, a Python package developed 

by Weiß (2016).8  

Redundancy describes the unnecessary repetition of facts within a text. Following Lang and Stice-

Lawrence (2015), we assume that using ubiquitous words is a sign of redundancy, because a dis-

closure that reiterates the wording of many other firms is unlikely to be informative. To identify 

redundancy, we compute a measure of Boilerplate, as suggested by Lang and Stice-Lawrence 

(2015). This measure is defined as the percentage of total words in sentences that contain a tetra-

gram of words that appear in at least 60% of the documents of peer firms, based on two-digit 

industry codes. 

To measure referential clarity, which is usually defined as the ease of identifying what specific 

phrases in the summary refer to, we follow Hope et al. (2016). We compute the specificity of the 

summarized disclosure and the full disclosure of risk factors. Specificity is defined as the number 

of specific entity names, including (1) names of persons, (2) names of locations, (3) names of 

organizations, (4) quantitative values in percentages, (5) money values in dollars, (6) times, and 

(7) dates, all scaled by the total number of words in the respective section. Thus, a higher Speci-

ficity value indicates disclosure of more specific risk factors. To construct the Specificity measure, 

we use the Stanford named entity recognition (NER) tool, which is also available for the German 

language (Faruqui and Padó 2010).9 

                                                 
8 The package is available at https://github.com/zweiss/RC_Readability_Calculator (retrieved May 15, 2019). 

 
9 The tool is available at https://nlp.stanford.edu/software/CRF-NER.html (retrieved May 15, 2019). 



 

Another critical aspect of assessing the quality of a summary refers to the tonality, which measures 

the positivity of a text relative to its negativity. As Cardinaels et al. (2019) show, management 

summaries are usually more positive and less negative in tonality compared to the underlying 

source document, indicating a positive bias in line with impression management theory. To com-

pute the tonality of the summary and the main document, we use Bannier et al.’s (2019) words list, 

which is a translated and adjusted version of the English-language dictionary compiled by 

Loughran and McDonald (2011). The Loughran and McDonald (2011) word list has become the 

standard tool for textual analyses of disclosure documents in finance and accounting (Loughran 

and McDonald 2016). 

To measure positive and negative sentiments in relation to each other, we follow Henry and Leone 

(2016) and Bannier et al. (2017), and estimate the relative sentiment of the risk sections as follows: 

𝑇𝑜𝑛𝑎𝑙𝑖𝑡𝑦௜ =
𝑃𝑂𝑆௜ − 𝑁𝐸𝐺௜

𝑃𝑂𝑆௜ + 𝑁𝐸𝐺௜
 

where 𝑃𝑂𝑆௜ is the number of positive words, and 𝑁𝐸𝐺௜ is the number of negative words. Tonality 

is scaled between -1, indicating a purely negative tone, and 1, indicating a purely positive tone. 

To obtain the degree of change between the summary and the prospectus for each aspect of lin-

guistic quality, we finally measure the relative change between the summarized and full disclosure 

of risk factors by taking the difference between the natural logarithms (plus 1, to account for neg-

ative values) for each metric of linguistic quality 𝑥௜ (Törnqvist et al. 1985). This difference repre-

sents a symmetric and normed indicator of relative change, which is formally defined as: 

𝑅𝑒𝑙𝑎𝑡𝑖𝑣𝑒 𝐶ℎ𝑎𝑛𝑔𝑒௜ = ln(1 + 𝑥௜
ி௨௟௟) − ln(1 + 𝑥௜

ௌ௨௠௠௔௥௬
) 



 

As the interpretation of the sign of the relative change measure depends on the scale of the under-

lying variable (e.g., a higher readability change score indicates a decrease in quality, while a higher 

specificity change score represents an increase in quality), we unify the relative changes in such a 

manner that negative values always indicate a decrease in quality from the full text to the summary. 

We therefore multiply the relative change in specificity by -1, which is possible due to the sym-

metric nature of the relative change measured as the difference in natural logarithms. 

Creating a Single Score of Summary Quality 

Each of the proposed metrics focusses on a specific aspect of the overall quality of a summary. 

However, not only might semantic and linguistic quality of a text be independent, e.g. the reada-

bility of a summary might be irrelevant from a content perspective, but they might also be of 

different importance. As a consequence, the evaluation of a summary’s quality should be based on 

the combination of several metrics (Ellouze et al. 2013), which might also be reflected in human 

evaluation schemes. One of the most representative human evaluation methods is the responsive-

ness score. It is defined as the degree to which a summary responds to a specific information need, 

considering the semantic, as well as linguistic, features (Owczarzak et al. 2012). Responsiveness 

is typically evaluated on a five-point scale, ranging from 1 (very poor) to 5 (very good). 

To create a combined measure of a summary’s quality, which consists of the five proposed indi-

vidual metrics discussed above (i.e., divergence, readability, boilerplate, specificity and tonality) 

and is highly correlated to human evaluation, it is necessary to understand the drivers of human 

ratings. We therefore recruit participants from Clickworker platform (the German equivalent of 

Amazon’s Mechanical Turk) to evaluate the responsiveness of the summaries. Following similar 



 

studies on financial accounting (e.g., Bonner et al. 2014; Cardinaels et al. 2019), we select indi-

viduals based on their financial experience and knowledge. Specifically, participants are required 

to have made at least five bond or stock transactions over the previous two years and to rate their 

self-reported knowledge about the characteristics and risks of bonds or stocks 6 or higher on a 

scale of 10. Moreover, the individuals were required to be native German speakers, and to be at 

least 18 years old.  

We provide each person with the summary of the risk factors, the full risk factor section, and a 

statement that the information must be covered by the summary (which is based on the original 

wording on the aim of a summary laid out by the Prospective Directive). In line with the legal 

definition of risk factors, we ask the participants to assign a score that reflects to what extent the 

summary allows them to assess the risk associated with the security compared to the full version 

of the risk factors. At least three different persons evaluate each summary, and all firm names are 

anonymized. The order in which participants are provided the summary or the full risk factor sec-

tion is randomized. On completion, participants are paid EUR 13.00 per hour via Clickworker and 

need 32 minutes, on average. A Krippendorf’s Alpha of 0.872 indicates an acceptable level of 

intercoder reliability. 

To examine which aspects of linguistic and semantic quality affect the human responsiveness 

score, we then employ a plain OLS regression model with the human responsiveness scores as the 

dependent variable and the five automatically retrieved metrics (divergence, readability, boiler-

plate, specificity and tonality) as independent variables. We obtain the relative importance of the 



 

individual metrics by using relative weight analysis (RWA) using RWA-Web provided by Toni-

dandel and LeBreton (2015).10 This approach decomposes the total variance in the form of the R-

squared of the OLS model into pseudo-orthogonal weights, each reflecting the relative contribu-

tion of each independent variable. The relative weights represent the relative effect sizes, and iden-

tify which predictors explain non-trivial variance in an outcome, even in the presence of correlated 

predictors (Kulik et al. 2016; Tonidandel and LeBreton 2011). 

These relative weights are used to create a combined metric for the quality of the summary (Z. Lin 

et al. 2012). To obtain an absolute score that is independent of the scale of the metrics,11 we create 

quintiles of the relative change in each metric, multiply them by the respective relative weight, and 

take the sum of the individual weighted scores.12 Similar to the human responsiveness score, the 

summary quality score is scaled between 1 and 5. Higher values indicate higher quality in terms 

of semantic and linguistic quality.  

Measuring the Informativeness of Summary Quality 

After having established the summary quality, we use a plain OLS regression to assess which firm- 

and bond-specific characteristics explain the individual aspects of the summary quality, as well as 

the overall score. In line with hypothesis H1, we expect that poorly performing firms are more 

likely to release a low-quality summary. To test the second hypothesis, namely, whether the quality 

of a summary is informative for investors, we employ a probit regression with the default of the 

                                                 
10 The tool is available at http://relativeimportance.davidson.edu (retrieved May 1, 2019). 
11 For example, the divergence measure is bounded between 0 and 1, while the other metrics can take negative values. 
12 Alternative scaling approaches, such as Z-score normalization and min-max scaling, yield quantitatively and qual-

itatively similar results. 



 

bond as the dependent variable. We expect the summary quality to be a statistically significant and 

negative predictor of this adverse future outcome. 

It needs to be recognized, however, that the summary quality is likely to be an endogenous regres-

sor in these analyses. Though we include an extensive array of control variables capturing the 

firm’s quality, as well as industry and time fixed effects that help to alleviate the endogeneity 

concern, there could still be an omitted variable bias. Managers arguably have private information 

(i.e., knowledge about the materiality of specific risk factors) that systematically affects firm per-

formance and, therefore, their decision what and how to disclose. Such unobservable factors could 

bias the probit estimates. The standard textbook solution for such a problem is to employ a two-

step instrumental variable estimation approach (Greene 2003; Wooldridge 2002). We use an ex-

ogenous variable, called an instrument, in the first estimation stage to obtain the predicted values 

of the potentially endogenous variable that will be uncorrelated with the error term. We then use 

these predicted values in the second stage to predict the dependent variable of interest. As the 

endogenous variable (summary quality) is continuous, and the variable of interest (default) is bi-

nary, we employ an IV-probit regression approach. However, the challenging task in such models 

is to find a valid instrument (Larcker and Rusticus 2010).  

A valid instrument in our context is a statistically significant determinant of summary quality with-

out having a direct effect on the bond default. A large body of papers in finance and accounting 

suggests that litigation risk could be a valid instrument, as it is an essential driver of high-quality 

disclosure (e.g., Field et al. 2005; Hanley and Hoberg 2012). Managers (and lawyers) who are 

aware of recent activity of the respective authority should be inclined to avoid the risk of sanctions 

by releasing a high-quality summary (Dechow et al. 2011; Kim and Skinner 2012). To create a 



 

measure of litigation risk, we manually extract the number and types of security-related enforce-

ment actions from the Federal Financial Supervisory Authority (BaFin) annual reports, which are 

publicly available on the website. An overview of the types of fines proceedings by the BaFin over 

time is provided in Table A3 in Appendix A. The variable Fines Proceedings captures the number 

of all actions taken by the BaFin during the six months before the issuance of a specific bond. In 

the next section, show that this variable is indeed a valid instrument. 

RESULTS  

Descriptive Statistics 

We define SME bonds as financial securities that are or were listed in the respective segments on 

any of the five SME bond exchange segments in Germany and hand-collect the names of the bonds 

from the webpages of the respective exchanges. The final dataset includes 159 bonds issued be-

tween 2010 and 2016, with a total issue volume of more than EUR 7 billion. We retrieve bond and 

firm characteristics from several databases, such as Dafne and Amadeus. Variable definitions are 

provided in Table A1. 

Textual Characteristics 

We initially retrieve the bond prospectuses as PDFs, and convert them into text files using the 

pdfminer package. We let the SoMaJo Python package13 (Proisl and Uhrig 2016) split the text of 

each prospectus into sentences. Next, we follow Li (2008) and Lang and Stice-Lawrence (2015), 

                                                 
13 The package is available at https://github.com/tsproisl/SoMaJo (retrieved May 15, 2019). 



 

and remove all sentences that do not contain at least 30% alphabetic characters, as well as sen-

tences that have fewer than five alphabetic characters. We then remove stopwords using the Nat-

ural Language Toolkit for common German words, Bannier et al.’s (2019) finance-specific list of 

stopwords,14 and the names of the firms. Finally, we tokenize and lemmatize all words using the 

GermaLemma15 package. Lemmatizing is preferred over stemming, as it not only removes gram-

matical endings from words but also takes the morphological analysis of the words into account, 

to combine words with similar meanings.  

------------------------------------ 

Insert Table 2 about here 

------------------------------------ 

 

------------------------------------ 

Insert Table 3 about here 

------------------------------------ 

 

------------------------------------ 

Insert Figure 1 about here 

------------------------------------ 

Table 2 presents the raw numbers of pages of the relevant parts of the prospectus. On average, an 

entire prospectus spans about 195 pages, and the summary 14 pages. The risk section consists of 

                                                 
14 The list is available at http://www.uni-giessen.de/fbz/fb02/forschung/research-clusters/bsfa/textual_analysis (re-

trieved May 15, 2019). 
15 The package is available at https://github.com/WZBSocialScienceCenter/germalemma (retrieved May 15, 2019). 



 

14 pages, and the summary of the risk section is 3.6 pages, on average, which represents a reduc-

tion in terms of pages of roughly 75%.  

The number of words before and after removing stopwords is shown in Table 3. Roughly 50% of 

the words are stopwords. Before removing them, the risk section is roughly 12% of the full pro-

spectus, while the summarized risk section constitutes about one-third of the summary. The reduc-

tion from the full risk factor section to the summarized risk factor section is about 80%. 

Figure 1 shows the average number of pages and words over time. As one can see, the effect of 

the regulatory change in mid-2012 on the length of summaries is quite limited. On average, the 

number of words increases by roughly 3%, and the difference is not statistically significant. 

Bond Characteristics 

Bond characteristics are reported in Table 4. The average SME bond has a target volume of around 

EUR 46.6 million,16 an average spread of 6.6%,17 more than seven covenants, and a maturity of 

around five years. Around 40% of the bonds are collateralized, and more than 70% of the bonds 

have a rating.18 Most bonds are rated BB or higher, indicating an average probability of default 

(PoD) of 0.3% to 1.5% over a 12-month time horizon according to the Creditreform Rating Map 

(2019). Fifteen percent of the bonds have an investment-grade rating (minimum rating of BBB, 

respectively a PoD of less than 0.1%). Fifty bonds (31.45%) defaulted by March 2019.  

                                                 
16 On average, the SME bonds raise 82.81% of their target volume, and 46% (73) of the bonds raise the full requested 

amount. 
17 The average coupon is 7.2%. The yield spread of an SME bond is calculated as the difference between the bond’s 

coupon and the coupon of a benchmark government bond that has a very similar maturity and currency. In this 
case, I use coupons of 2-, 5-, and 10-year German bonds as the risk-free rate. 

18 These ratings usually come from small, local rating agencies, such as Scope, Euler Hermes, Feri, or Creditreform. 



 

------------------------------------ 

Insert Table 4 about here 

------------------------------------ 

Firm Characteristics and Financials 

Around 85% of the SME bond issuers are non-public firms, and thus, inexperienced in raising 

funds from public capital markets. On average, issuing firms have around 765 employees, and are 

23 years old at the time of the bond issuance. Based on the Federal Statistical Office’s classification 

of economic activities, the firms issuing SME bonds are active in 10 different industries, mainly 

power supply construction, and financial services (see Table A2 in Appendix A). 

We calculate the implied PoD as the transformed o-score following Ohlson (1980). The result 

shows that the average implied PoD is roughly 15%. This is more than 10 times as high as the PoD 

implied by the agency ratings. Furthermore, we see that the average firm has EUR 430,000 of total 

assets, a liquidity ratio of approximately 90%, and an average leverage ratio of 1.3. The average 

growth in revenues during the 3-year period before the bond is issued is 1.4%. 

Quality of Summaries 

As can be seen from Table 5, on average 2.9% of the words in the risk section are boilerplate. 

Compared to 2.4% of boilerplate words in the summary, the relative change is small but positive. 

This means that managers provide, on average, higher-quality summaries of risk factors due to less 

use of boilerplate sentences. This positive result does not hold for specificity. On average, 4.6% 

of the words in the full sections refer to a specific entity, but this value decreases to 3% in the 

summary. Managers are hence less specific in the summary, which is usually interpreted as a sign 



 

of low-quality disclosure. Though readability is quite good, as indicated by low average scores of 

3.27 for the full risk factors and 4.18 for the summarized risk factors, the summaries are more 

challenging to read as indicated by a negative relative change of -0.186. Unsurprisingly, risk factor 

disclosures are generally negative in tonality. More importantly, however, the descriptive statistics 

show that managers use the summary to present information in a more positive light, indicated by 

a negative relative change in tonality of -0.161. With regard to the semantic quality of the sum-

mary, we find that the distance is quite large with an average of 22.8%, indicating low average 

semantic quality (Mehri et al. 2015). 

In sum, the comparison of the summarized risk factors and the full risk factors shows that, on 

average, the summaries are of lower quality, indicated by lower readability, lower specificity, more 

positive tonality and high semantic distance. Thus, the negative picture of summaries in the pro-

spectus, as suggested by Hanley and Hoberg (2010), can be confirmed for the risk factor section 

based on the descriptive statistics.  

------------------------------------ 

Insert Table 5 about here 

------------------------------------ 

Summary Scores 

In order to combine the individual summary quality components into an overall quality score, we 

run an OLS regression to examine which of the quality metrics drive human responsiveness rating 

scores of the summaries. The corresponding results are provided in Table 6. They show that each 



 

metric is highly statistically significant and positive, indicating that each component is an im-

portant aspect when evaluating a summary. Overall, the five metrics jointly explain 60.9% of the 

total variance, as shown in Column (5). 

To obtain relative effect sizes, we employ a relative weight analysis, and report the results in Table 

7. The sum of the relative weights equals the R-squared of the OLS regression in Table 6 (0.609). 

The standardized weights are obtained by dividing the relative weights by the model R-squared 

and sum up to 1. They quantify the proportional contribution, often referred to as the importance, 

of each metric to the explained variance.  

The standard errors of the relative weights are based on bootstrapping procedures, with 95% bias-

corrected confidence intervals using 1,000 replications (Tonidandel and LeBreton 2011). All con-

fidence intervals exclude zero, thus confirming the statistical significance of the semantic and lin-

guistic quality metrics.  

Ranking the relative weights demonstrates that semantic quality, measured by the JS divergence, 

is the most critical driver of human evaluations, contributing 47% of the variance explained. The 

second most important metric explaining human responsiveness scores is the use of boilerplate 

sentences in the summary, compared to the full risk factor section, which constitutes 21% of the 

explained variance. The changes in specificity and readability are both contributing roughly 12%, 

followed by 7% from the relative change in tonality. 

Based on this initial step, we then use the standardized weights to create a single metric of sum-

mary quality. We create quintiles of each metric and multiply these values by the respective stand-

ardized relative weight. The upper panel in Table 8 presents the summary quality score before and 

after the weighting. The unweighted scores refer to the average of the quintiles for each metric. 



 

The middle panel of Table 8 reports the descriptive statistics for the human ratings and the scores 

of the automatic evaluation. On average, human coders evaluate the summary with a score of 2.9. 

The lowest score for a summary is 1.75, the highest 4.5. The lower panel in Table 8 provides the 

correlation matrix for the human ratings and the automatic summary scores. The correlations are 

generally high (with values around 0.80). However, the results suggest that the weighted score 

performs best in explaining the quality of summaries evaluated by humans. 

------------------------------------ 

Insert Table 6 about here 

------------------------------------ 

 

------------------------------------ 

Insert Table 7 about here 

------------------------------------ 

 

------------------------------------ 

Insert Table 8 about here 

------------------------------------ 

 

Determinants of Summaries Quality 

To assess whether firm characteristics determine a summary’s quality, we employ an OLS regres-

sion with each quality metric as well as the overall summary quality score as the dependent varia-

ble in turn. The results are given in Table 9 and confirm the conjecture that firm performance is a 

statistically significant driver of summary quality. 



 

More precisely, firms with high implicit default risks as indicated by the Ohlson o-score disclose 

statistically significant lower-quality summaries, and make more use of boilerplate sentences. Col-

lateralization significantly explains many of the quality metrics as well as the overall score. The 

growth in sales over the recent year, the number of covenants, and whether the firm is publicly 

listed partially explain the quality of a summary. From an economic standpoint, a one standard 

deviation increase in the o-score decreases the overall quality by 0.163. Given an average of 2.964 

and a standard deviation of 0.776 in the summary score, this change is substantial. 

All specifications control for industry- and time-fixed effects. To account for inherent problems of 

heteroskedasticity and multicollinearity in regressions using cross-sectional data, we follow com-

mon practice in research on disclosure (e.g., Bushee et al. 2003) and perform several tests to con-

firm the robustness of our results. First, we compute all standard deviations using White’s het-

eroskedasticity-adjusted standard errors. Second, the analysis of residuals does not indicate prob-

lems due to heteroscedasticity or non-normal distributions. Third, the collinearity diagnostics show 

that all variance inflation factor values range from 1.20 to 1.68, suggesting that multicollinearity 

is not an issue. 

Overall, the results of the regression examining the determinants of summary quality confirm that 

poorly-performing firms engage in biased reporting; that is, they use the summary for impression 

management. Managers seem to strategically summarize the risk factors in a manner that is in-

tended to manipulate investors’ perceptions and decisions. However, whether firms’ use of im-

pression management is also informative for investors, depends on the degree to which the sum-

mary bias allows investors to draw inferences about the future market performance of the bonds. 

We examine this important question in the next section.  

------------------------------------ 



 

Insert Table 9 about here 

------------------------------------ 

Informativeness of Summaries 

Table 10 presents the results of the probit regression with default of the bond as the dependent 

variable in all specifications. The reported coefficients are average marginal effects. As indicated 

by Columns (1) to (5), not all quality metrics predict the default of a bond significantly. Only 

semantic quality measured by the JS divergence and the relative change in specificity are statisti-

cally significant when specified individually. However, the negative signs of all quality metrics 

indicate that firms that issue high-quality summaries are less likely to default on their bonds. 

Joint estimates of the effect of the quality metrics on bond defaults are shown in Column (6). 

Again, all metrics exhibit the predicted (negative) signals, and are statistically significant. The 

combined and weighted quality score in Column (7) is highly statistically significant at the 1% 

level, and economically relevant. A one standard deviation increase in the combined quality score 

reduces the likelihood of failure by around 15.4%. 

Among the control variables Ohlson’s o-score and collateralization turn out to be statistically sig-

nificant predictors of future performance. Interestingly, ratings and spreads do not show significant 

effects. These findings are in line with existing research on the market segment that emphasize 

credit rating agencies regularly understate the credit risk inherent in these offerings, and issue 

overly favorable ratings (e.g., Mietzner et al. 2018).  

To evaluate the explanatory power of the probit regression model, we rely on the area under the 

receiver operating characteristic curve (AURROC), which plots the likelihood of identifying true 

signals (sensitivity) and false signals (1-specificity) for the entire range of possible cutoff points 



 

(Hosmer and Lemeshow 2012). The AUROCC can be interpreted as the percentage of correctly 

classified events (sensitivity) versus specificity, expressed as 1 minus the percentage of correctly 

classified non-events, thus naturally ranging from 0.5 to 1.0. Following Hosmer and Lemeshow 

(2012), the minimum AUROCC value is 0.7; however, adequate values should range above 0.8. 

All higher values are excellent. The 0.899 AUROCC value for Column (7) indicates that the model 

is well suited to differentiate between the two possible outcomes. 

------------------------------------ 

Insert Table 10 about here 

------------------------------------ 

Robustness of Results 

Although all previously discussed results suggest that low-quality firms are more likely to engage 

in impression management, and that this tactic is informative for investors, unobservable charac-

teristics might bias the results.  

Table 11 provides the results of an instrumental variable estimation to account for the endogeneity 

of the summary quality. Column (1) mirrors the specification of Column (7) in Table 10. Columns 

(2) and (3) present the results of the IV probit approach. Column (2) suggests that litigation risk, 

measured by the number of enforcement actions by the BaFin during the six months before the 

bond emission is a statistically significant predictor of the summary quality. The statistically sig-

nificant F-statistic confirms the strength of this instrument. The summary quality coefficient in 

Column (3) exhibits the same direction as the plain probit model at a slightly lower significance 

level. However, the Wald chi-square test of exogeneity indicates that endogeneity might be not a 



 

problem, and that the effect is well explained by the observable variables that are included. Taken 

together, these results confirm that our main results are robust. 

 

------------------------------------ 

Insert Table 11 about here 

------------------------------------ 

 

CONCLUSION 

Discussion and Implications 

Automatic evaluations are a challenging, but feasible, way to assess the informativeness of dis-

closed information from an investor perspective. In this study, we use multiple methods to inves-

tigate how to evaluate summarized information in security prospectuses, and examine the informa-

tiveness of these documents. Thus, our study responds directly to Barth’s (2015, p. 506) call for 

research on how to “summarize, aggregate, and present information in financial reports to aid in-

vestors and other outside providers of capital in their decision making.” 

In this study, we develop a new measure to automatically evaluate the quality of a prospectus 

summary, and show that poorly-performing firms use these summaries to engage in impression 

management. Firms strategically select, frame, and present textual information in disclosure doc-

uments in a way that is intended to manipulate investors’ perceptions and decisions. The manipu-

lation includes statistically significant differences in readability, specificity, tonality, use of boil-

erplate, as well as selectivity of content. Automatic evaluations of summaries correlate highly with 



 

human evaluations. Further, we show that the historical performance of a firm determines the qual-

ity of a summary. Moreover, discretionary disclosure practice in prospectus summaries is informa-

tive for investors, as the quality of a summary is a highly statistically significant predictor of the 

future performance in the form of the default of the bond. 

This study contributes to the literature on disclosure in several ways. To the best of our knowledge, 

this study is the first to empirically analyze the use of impression management strategies in sum-

marized information, and to relate firms’ risk-disclosure practices in summaries to future perfor-

mance. We thus contribute to the nascent stream on summarization in accounting (e.g., Cardinaels 

et al. 2019), by developing a reproducible approach for measuring the quality of a summary. 

Furthermore our study informs policymakers and regulators with regard to the generation and ef-

fects of summarization in financial disclosures. The findings suggest that the current regulatory 

scheme in the European Union leaves room for manipulation, and supports recent calls for higher 

quality in the summarized presentation of risk factors in prospectuses (CFA Institute 2017).  

Moreover, our results provide investors helpful knowledge on how to evaluate textual disclosure. 

Given the tremendous amount of information in securities markets, summaries will become in-

creasingly important. Investors need to learn how to understand the summarized information. 

Limitations and Future Research 

Our study is subject to several limitations, which open up avenues for future research. First, the 

analysis is limited to the evaluation of summaries of risk factors in prospectuses in a European 

retail debt market setting. Future research could test how different types of investors and stake-

holders (e.g., professional investors or analysists) use summarized information, and the conse-



 

quences. Although risk factors are an important element of a prospectus, future studies could eval-

uate the role of summarized information based on different outlets (e.g., earnings releases or con-

ference calls). Moreover, it would be valuable to expand the research to other security markets and 

countries with different regulations.  

Second, this research focuses on specific quality metrics for evaluating a summary’s quality. How-

ever, other elements may affect human assessment. For example, it would be interesting to exam-

ine the content of the summary in greater detail, to understand whether firms strategically select 

certain information or specific risk factors (Campbell et al. 2018; Chiu, Kim, et al. 2018). 

Third, new methods, such as machine learning, can improve the summarization of information 

(Silva et al. 2015). Future work could assess whether such methods could be used to evaluate the 

quality of a summary. These approaches require reference summaries for training. However, it 

would be possible to understand further which aspects are the relevant drivers for human assess-

ments.  

Fourth, it would be important to expand our knowledge on how summarized information affects 

investors’ perception, and to examine managers’ incentives to engage in impression management 

further. Such insights would help a great deal to implement future regulatory actions.  

Finally, the upcoming change in the prospectus law in July 2019 will enable researchers to examine 

the effectiveness of certain new requirements. There are new summary rules, including a limit on 

listing only the 15 most material risk factors and a restriction on the length of summaries to a 

maximum of seven pages. Most interestingly, firms are required to assess the materiality of the 

risk factors, using a qualitative scale, which examines the informativeness of the disclosed infor-

mation further (Fagernäs et al. 2019). 



 

Concluding Remarks 

In this study, we investigate the informativeness of summarized risk factor disclosure. In particu-

lar, we examine (1) how firms summarize information, by developing an automatic approach for 

evaluating the quality of a summary, and (2) whether the quality of a summary provides valuable 

information about a security’s future performance. 

The results suggest that firms with poor performance often provide low-quality summaries, and 

engage in impression management. These firms often strategically select, frame, and present tex-

tual information in the summary of the security prospectus in a way that is likely to be intended to 

manipulate investors’ perceptions and decisions. The manipulation includes significant differences 

in readability, specificity, tonality, use of boilerplate, as well as dissimilarity in content between 

the summary and the full prospectus. Moreover, discretionary disclosure practice in prospectus 

summaries is informative for investors, as the quality of a summary is a highly statistically signif-

icant predictor of future performance in the form of the default of the bond.   



 

FIGURES AND TABLES 

Figure 1: Length of Security Prospectuses in the German SME Bond Market Be-
fore and After Regulatory Change 

 

Notes: This figure presents the average number of pages and words (after removing stopwords) of the summaries in 
the prospectuses provided by 159 German SME’s issuing a bond between 2010 and 2016 on a regulated stock ex-
change in Germany over time. The Amending Directive 2012/73/EU was implemented in German law on July 1, 
2012. The means before and after the regulatory change are not statistically significant different at a 10%-level. 



 

Table 1: Overview of Legal Framework on Disclosure of Risk Factors in the Euro-
pean Union 

 

 

Legal Basis Directive 2003/71/EC Directive 2010/73/EC

Commission Regulation (EC) No 
809/2004

Commission Regulation (EC) No 
486/2012

German Law Securities Prospectus Law Securities Prospectus Law
July 1, 2005 July 1, 2012

Length of Summary "shall not exceed 2500 words" "shall not exceed 7 % of the length of 
a prospectus or 15 pages, whichever 
is the longer"

Content of Summary specified
(11 sections, 27 elements)

specified
(5 sections, 87 elements)

Order of Content in Summary not specified specified

Layout of Summary not specified specified (Tables)

References in Summary not allowed not allowed

Risk Factors in Summary yes yes

Risk Factors in Prospectus yes yes

Definition of Risk Factors "material to the securities being 
offered"

"material to the securities being 
offered"

Liability for Summary "only if the summary is misleading, 
inaccurate or inconsistent when read 
together with the other parts of the 
prospectus"

"only if the summary is misleading, 
inaccurate or incon-sistent when read 
together with the other parts of the 
prospectus or it does not provide, 
when read together with the other 
parts of the prospectus, key 
information in order to aid investors 
when considering whether to invest in 
such securities"

Summary Exemptions no exemptions "non-equity securities having a 
denomination of at least 100,000 
euros"

Language of Summary "should be written in non-technical 
language"

"should be drafted in plain language, 
presenting the information in an easily 
accessible way"



 

Table 2: Number of Pages in Security Prospectuses in the German SME Bond 
Market  

 

Table 3: Number of Words in Security Prospectuses in the German SME Bond 
Market Before and After Removing Stopwords 

 

  

Full Prospectus Risk Section Summary
Summarized Risk 

Section
Mean 195.47 14.15 13.79 3.60
SD 92.76 5.17 4.50 1.57
Median 176.00 14.00 14.00 3.00
Min 59.00 3.00 3.00 1.00
Max 651.00 36.00 34.00 9.00
Notes: This table presents descriptive statistics of the security prospectuses released by 159 German SME's issuing a bond between 2010 and 2016 on a 
regulated stock exchange in Germany. The number of pages is manually retrieved from the original PDF files.

Full Prospectus Risk Section Summary
Summarized Risk 

Section
After removing stopwords
Mean 52,300.00 6,692.33 4,341.13 1,241.09
SD 28,100.00 2,758.67 1,674.36 726.56
Median 47,600.00 6,169.00 4,219.00 1,013.00
Min 13,100.00 876.00 942.00 297.00
Max 204,000.00 18,300.00 12,900.00 4,363.00
After removing stopwords
Mean 27,764.28 3,253.43 2,159.17 608.44
SD 17,091.00 1,364.70 841.39 360.04
Median 24,676.00 3,013.00 2,085.00 498.00
Min 6,951.00 434.00 464.00 151.00
Max 138,698.00 9,132.00 6,523.00 2,378.00
Share of Stopwords 46.91% 51.39% 50.26% 50.98%
Notes: This table presents descriptive statistics of the security prospectuses released by 159 German SME's issuing a bond between 2010 and 2016 on a 
regulated stock exchange in Germany. Stopwords are removed by employing the Natural Language Toolkit for common German words as well as by 
removing finance-specific German stopwords as provided by Bannier et al. (2019), and the names of the firms.



 

Table 4: Firm and Bond Characteristics 

 

  

Variable N Mean SD Median Min Max
Employees 159 765.396 578.171 108.000 587.000 2865.000
Firm Age 159 23.604 24.938 1.000 17.000 131.000
Public 159 0.157 0.365 0.000 0.000 1.000
Collateralization 159 0.396 0.491 0.000 0.000 1.000
Covenants 159 7.786 4.929 0.000 8.000 16.000
Spread 159 0.066 0.011 0.033 0.066 0.108
Nominal Volume 159 46.623 49.134 1.000 34.000 300.000
Maturity 159 5.327 1.334 1.000 5.000 10.000
Investment Grade 159 0.151 0.359 0.000 0.000 1.000
No Rating 159 0.283 0.452 0.000 0.000 1.000
O-Score 159 0.151 0.100 -0.007 0.138 0.440
Size 159 5.183 1.506 2.335 5.054 7.626
Liquidity 159 0.899 0.479 0.052 0.879 1.884
Sales Growth 159 0.014 0.044 -0.192 0.012 0.219
Leverage 159 1.311 0.837 0.000 1.250 3.293
Notes: This table presents descriptive statistics on firm and bond characteristics of 159 German SME's 
issuing a bond between 2010 and 2016 on a regulated stock exchange in Germany. Data were retrieved from 
the respective prospectus and several databases. Financial metrics and firm characteristics correspond to the 
year prior to bond issuance. A description of all variables is provided in Table A1 in Appendix A.



 

Table 5: Descriptive Statistics of Semantic and Linguistic Quality of Security Pro-
spectuses in the German SME Bond Market 

 

 

Summarized Risk 
Factor Section

Full Risk Factor 
Section

Relative Change

Boilerplate
Mean 0.024 0.029 0.004
SD 0.013 0.008 0.011
Median 0.020 0.030 0.005
Min 0.000 0.010 -0.020
Max 0.070 0.055 0.035

Specificity
Mean 0.030 0.046 -0.016
SD 0.019 0.030 0.026
Median 0.030 0.040 -0.010
Min 0.000 0.010 -0.085
Max 0.100 0.130 0.049

Readability
Mean 4.175 3.271 -0.186
SD 0.774 0.442 0.175
Median 4.280 3.272 -0.201
Min 2.147 2.045 -0.662
Max 7.678 5.001 0.234

Tonality
Mean -0.829 -0.865 -0.161
SD 0.096 0.044 0.615
Median -0.865 -0.870 -0.139
Min -0.941 -0.971 -2.209
Max -0.391 -0.730 0.993

Divergence
Mean
SD
Median
Min
Max
Notes: This table presents descriptive statistics on the quality of prospectus 
summaries of 159 German SME's issuing a bond between 2010 and 2016 on a 
regulated stock exchange in Germany. Relative change is meassured as the 
difference of the natural logarhitms. Negative values in the relative change 
indicate a decrease in quality. A description of all variables is provided in Table 
A1 in Appendix A.

0.228
0.108
0.188
0.097
0.876



 

 

Table 6: OLS Regression Results of Semantic and Linguistic Quality on Human 
Ratings of Responsiveness 

 

 

Table 7: Relative Weights Analysis of Semantic and Linguistic Quality on Human 
Ratings of Responsiveness 

 

  

Relative Change in Boilerplate 20.057 *** 23.823 ***
(5.038) (3.486)

Relative Change in Specificity 6.163 *** 8.269 ***
(2.001) (1.328)

Relative Change in Readability 1.014 *** 1.029 ***
(0.308) (0.211)

Relative Change in Tonality 0.266 *** 0.182 ***
(0.087) (0.054)

Divergence 3.266 *** 3.469 ***
(0.481) (0.480)

Constant 2.811 *** 3.000 *** 3.089 *** 2.943 *** 2.157 *** 2.359 ***
(0.054) (0.062) (0.079) (0.056) (0.116) (0.121)

Observations 159 159 159 159 159 159
R-Squared 0.111 0.055 0.070 0.060 0.275 0.609
Notes: This table presents the unweighted and weighted score for a summary's quality based on the relative weights analysis from Table 
7.  The sample consists of 159 firms that issued a bond between 2010 and 2016 on a regulated stock exchange in Germany. The variable 
definitions are provided in Table A1 in Appendix A. Robust standard errors appear in brackets. Significance levels are as follows: *=10%, 
**=5%, ***=1%.

(1) (2) (3) (4) (5) (6)

Relative
Weight

Standardized 
Relative Weight

Bootstrapped 
Standard Error

95% Confidence 
Interval

Relative Change in Boilerplate 0.130 0.213 (0.041) [0.063 ; 0.223]
Relative Change in Specificity 0.075 0.123 (0.031) [0.027 ; 0.142]
Relative Change in Readability 0.071 0.116 (0.031) [0.022 ; 0.140]
Relative Change in Tonality 0.043 0.071 (0.023) [0.011 ; 0.097]
Divergence 0.291 0.477 (0.046) [0.205 ; 0.386]
Observations
R-Squared

159
0.609

Notes: This table presents the results of the relative weights analysis based on the regression provided in Table 6. The sample 
consists of 159 firms that issued a bond between 2010 and 2016 on a regulated stock exchange in Germany. The variable definitions 
are provided in Table A1 in Appendix A. 



 

Table 8: Weighted Score of Summary Quality and Correlations with Human Evalu-
ations of Responsiveness 

 

  

Human Rating Unweighted Score Weighted Score

Relative Change in Boilerplate 2.918 0.620
Relative Change in Specificity 2.962 0.363
Relative Change in Readability 2.987 0.347
Relative Change in Tonality 2.987 0.212
Divergence 2.975 1.420
Mean 2.900 2.966 2.964
SD 0.673 0.636 0.776
Median 3.000 3.000 3.052
Min 1.750 1.600 1.542
Max 4.500 4.600 4.645
Correlation Matrix
Human Rating 1.000
Unweighted Score 0.785 1.000
Weighted Score 0.838 0.806 1.000
Observations 159 159 159
Notes: This table presents the unweighted and weighted scores for a summary's quality and their correlation 
with human ratings of responsiveness. Weighted scores are obtained by dividing the relative changes of the 
content and linguistic quality metrics in quintiles and multiplying them with the relative weights from 
Table 7. The sample consists of 159 firms that issued a bond between 2010 and 2016 on a regulated stock 
exchange in Germany. The variable definitions are provided in Table A1 in Appendix A.



 

Table 9: OLS Regression Results of Firm and Bond Characteristics on Semantic, 
Linguistic, and Overall Summary Quality  

 

 

  

Collateralisation 0.001 *** 0.003 0.107 *** 0.277 ** 0.014 0.374 **
(0.000) (0.005) (0.034) (0.129) (0.023) (0.154)

Covenants 0.000 0.001 0.000 0.031 *** 0.000 0.002
(0.000) (0.000) (0.003) (0.009) (0.002) (0.014)

Spread -0.003 -0.172 1.914 3.095 -0.510 -1.525
(0.008) (0.253) (1.627) (5.343) (0.805) (6.301)

Nominalvolume 0.000 0.000 0.000 0.000 0.000 0.001
(0.000) (0.000) (0.000) (0.001) (0.000) (0.001)

Maturity 0.000 -0.001 -0.003 -0.028 0.000 0.018
(0.000) (0.002) (0.010) (0.040) (0.008) (0.045)

Investment Grade 0.000 0.005 0.030 0.227 * 0.030 -0.084
(0.000) (0.006) (0.043) (0.130) (0.041) (0.205)

No Rating 0.000 0.000 0.011 0.106 0.010 0.021
(0.000) (0.005) (0.037) (0.126) (0.026) (0.151)

Employees 0.000 0.001 -0.010 -0.175 * 0.006 -0.012
(0.000) (0.004) (0.025) (0.104) (0.019) (0.121)

Firm Age 0.000 0.000 0.001 0.001 0.000 0.001
(0.000) (0.000) (0.001) (0.002) (0.000) (0.003)

Public 0.000 -0.004 0.009 0.095 -0.040 ** -0.028
(0.000) (0.006) (0.037) (0.112) (0.018) (0.187)

O-Score -0.003 *** -0.019 -0.097 -0.356 -0.067 -1.625 **
(0.001) (0.025) (0.179) (0.588) (0.101) (0.714)

Size 0.000 0.001 -0.003 -0.040 -0.005 -0.051
(0.000) (0.002) (0.011) (0.036) (0.007) (0.043)

Liquidity 0.000 0.002 0.027 -0.103 -0.015 -0.176
(0.000) (0.005) (0.035) (0.098) (0.018) (0.142)

Sales Growth 0.003 * -0.097 ** -0.625 ** -1.310 -0.008 -0.809
(0.002) (0.046) (0.290) (1.425) (0.125) (1.046)

Leverage 0.000 0.000 -0.003 -0.057 0.019 -0.011
(0.000) (0.003) (0.020) (0.064) (0.015) (0.087)

Constant 0.001 -0.014 -0.326 ** 0.131 0.320 *** 3.681 ***
(0.001) (0.029) (0.160) (0.553) (0.100) (0.743)

Industry FE yes yes yes yes yes yes
Time FE yes yes yes yes yes yes
Observations 159 159 159 159 159 159
R-squared 0.385 0.211 0.218 0.289 0.179 0.254
Notes: This table presents the coefficients from OLS regression, where the dependent variables are the different metrics of content and linguistic quality as well as the 
overall score respectively. The sample consists of 159 firms that issued a bond between 2010 and 2016 on a regulated stock exchange in Germany. The variable 
definitions are provided in Table A1 in Appendix A. Robust standard errors appear in brackets. Significance levels are as follows: *=10%, **=5%, ***=1%.

(4)(1) (5) (6)(2) (3)

Summary Quality
Relative Change 

in Specificity
Relative Change in 

Readability
Relative Change in 

Tonality
Relative Change in 

Boilerplate
Divergence



 

Table 10: Probit Regression Results of Summary Quality, Firm, and Bond Charac-
teristics on Bond Default 

 

  

Relative Change in Boilerplate -21.327 -54.227 *
(32.886) (29.639)

Relative Change in Specificity -2.395 ** -2.850 ***
(1.066) (1.012)

Relative Change in Readability -0.266 -0.323 *
(0.198) (0.185)

Relative Change in Tonality -0.061 -0.078 *
(0.053) (0.044)

Divergence -1.256 *** -1.247 ***
(0.319) (0.296)

Summary Quality -0.199 ***
(0.037)

Collateralisation -0.229 *** -0.220 *** -0.204 *** -0.229 *** -0.243 *** -0.160 ** -0.205 ***
(0.071) (0.069) (0.075) (0.070) (0.070) (0.077) (0.070)

Covenants -0.006 -0.003 -0.005 -0.003 -0.006 -0.002 -0.006
(0.007) (0.007) (0.007) (0.008) (0.007) (0.007) (0.007)

Spread -1.210 -1.002 -0.026 -0.877 -1.936 -1.244 -2.014
(3.000) (2.843) (2.966) (2.917) (2.757) (2.736) (2.898)

Nominalvolume 0.000 0.000 0.000 0.000 0.000 0.000 0.000
(0.001) (0.001) (0.001) (0.001) (0.001) (0.001) (0.001)

Maturity 0.021 0.015 0.020 0.020 0.023 0.020 0.029
(0.023) (0.022) (0.022) (0.022) (0.022) (0.020) (0.020)

Investment Grade -0.044 -0.010 -0.026 -0.014 -0.065 -0.051 -0.101
(0.098) (0.098) (0.099) (0.101) (0.098) (0.091) (0.097)

No Rating -0.018 -0.008 0.004 0.001 -0.033 -0.019 -0.012
(0.074) (0.072) (0.074) (0.073) (0.072) (0.067) (0.067)

Employees -0.020 -0.006 -0.018 -0.026 0.023 0.000 0.006
(0.059) (0.056) (0.059) (0.061) (0.053) (0.053) (0.051)

Firm Age -0.002 -0.002 -0.002 -0.002 -0.002 * -0.002 * -0.002 *
(0.001) (0.002) (0.001) (0.001) (0.001) (0.001) (0.001)

Public 0.048 0.018 0.045 0.043 -0.036 -0.036 -0.043
(0.089) (0.089) (0.086) (0.087) (0.086) (0.089) (0.098)

O-Score 1.108 *** 1.113 *** 1.142 *** 1.140 *** 1.078 *** 0.842 *** 0.873 ***
(0.343) (0.332) (0.340) (0.336) (0.326) (0.306) (0.324)

Size -0.019 -0.015 -0.023 -0.022 -0.025 -0.026 -0.034
(0.022) (0.021) (0.022) (0.022) (0.021) (0.021) (0.021)

Liquidity -0.058 -0.043 -0.034 -0.055 -0.056 -0.046 -0.063
(0.067) (0.065) (0.066) (0.068) (0.063) (0.056) (0.059)

Sales Growth -0.521 -0.844 -0.632 -0.691 -0.512 -0.899 -0.642
(0.747) (0.736) (0.757) (0.754) (0.675) (0.664) (0.670)

Leverage 0.059 0.065 0.057 0.055 0.076 ** 0.053 0.053
(0.038) (0.038) (0.038) (0.038) (0.034) (0.034) (0.033)

Industry FE yes yes yes yes yes yes yes
Time FE yes yes yes yes yes yes yes
Observations 159 159 159 159 159 159 159
Pseudo R-squared 0.309 0.324 0.316 0.313 0.375 0.425 0.407
AURROC 0.846 0.862 0.851 0.856 0.89 0.903 0.899
Notes: This table presents the average marginal effects from probit regression, where the dependent variable is the default of a bond. The sample consists of 159 firms that issued a 
bond between 2010 and 2016 on a regulated stock exchange in Germany. The variable definitions are provided in Table A1 in Appendix A. Robust standard errors appear in 
brackets. Significance levels are as follows: *=10%, **=5%, ***=1%.

(1) (5) (6) (7)(2) (3) (4)



 

 

 

Table 11: IV-Probit Regression Results on Bond Default 

 

  

Summary Quality -0.199 *** -0.534 **
(0.037) (0.213)

Fine Proceedings 0.020 ***

(0.002)
Controls
Industry FE
Time FE
Observations

Pseudo R-squared

Tests of Weak Instrument:

Partial F-Statistic 38.891 ***

Test of No Endogeneity:

Wald Chi-Squared Test of Exogeneity 1.243 n.s.

Notes: This table presents the average marginal effects from probit and  IV-probit regressions. The sample 
consists of 159 firms that issued a bond between 2010 and 2016 on a regulated stock exchange in Germany. 
The variable definitions are provided in Table A1 in Appendix A. Robust standard errors appear in brackets. 
Significance levels are as follows: *=10%, **=5%, ***=1%.

Probit IV Probit

1st Stage 2nd Stage
(1) (2) (3)

yes yes yes
yes yes yes

0.407

yes yes yes
159 159 159
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Appendix A – Variables and Descriptive Sample Statistics 
 

Table A1: Description of Variables 

 

 

Variable Description

Boilerplate Percentage of words that are in boilerplate sentences.

Collateralization Dummy variable indicating whether the bond is collateralized.

Covenants Number of covenants provided in the security prospectus.

Default
Dummy variable indicating whether the bond defaulted within the first two years 
after issuance.

Divergence
Jensen Shannon divergence between the probability distributions of words in the 
full risk factor section and its summary.

Employees Number of employees at time of issuance.

Fine Proceedings Number of all actions taken by the BaFin in the 6 months before the issuance.

Firm Age Age of firm in years at time of issuance.

Investment Grade Dummy variable indicating whether the bond has an investment grade rating.

Leverage Total debt divided by total assets in the year prior the bond issuance.

Liquidity Current assets divided by short-term liabilities in the year prior issuance.

Maturity Maturity of bond in years.

No Rating Dummy variable indicating whether the bond has a rating.

Nominal Volume Issue volume of bond in million Euro.

O-Score Ohlson’s o-score in the year prior issuance.

Public
Dummy variable indicating whether the bond issuing firm is listed on a stock 
exchange at the time of issuance.

Readability Degree of readability easiness based on the Wiener Sachtextformel.

Sales Growth Average change in revenues of a 3-year period prior issuance.

Size Natural logarithm of total assets in the year prior the bond issuance.

Specificity Number of specific words divided by the number of total words.

Spread Spread of the yield of bond over an equivalent government benchmark bond.

Summary Quality Weighted quality score of a summary.

Tonality
Number of positive words minus number of negative words divided by total 
number of words.



 

Table A2: Industry Statistics  

 

 

 

Table A3: Types of BaFin Fine Proceedings over Time  

 

 

2010 2011 2012 2013 2014 2015 2016
A - Agriculture, forestry and fishing 1 3 1 4 2 0 0 11
C - Manufacturing 1 6 1 2 1 0 1 12
D - Electricity, gas, steam and air conditioning supply 1 7 6 7 5 0 3 29
F - Construction 2 4 5 2 1 1 0 15
G - Wholesale and retail trade 0 0 3 3 5 0 1 12
I - Accommodation and food service activities 1 0 2 1 0 0 1 5
J - Information and communication 0 1 3 7 1 1 1 14
K - Financial and insurance activities 2 2 4 10 3 2 0 23
L - Real estate activities 1 8 7 7 2 1 0 26
N - Administrative and support service activities 1 1 1 6 3 0 0 12
Total 10 32 33 49 23 5 7 159

Year
Total

Industry

2018 2017 2016 2015 2014 2013 2012 2011 2010 2009
Ad Hoc Disclosures 16 22 21 35 25 36 20 23 23 22
Directors Dealings 1 0 1 3 2 2 7 2 3 4
Market Manipulation 6 7 14 17 11 19 7 13 10 6

Notification and Publication Requirements 51 57 152 302 327 342 347 209 196 342
Duties to Provide Information to Securities Holders 0 2 10 12 46 45 78 41 42 21
Short Selling 0 0 7 5 2 3 2 68 18 10
Financial Reporting Requirements 46 78 59 29 63 55 52 44 95 21
Prospectuses 2 0 9 6 6 2 14 6 9 11
Company Takeovers 5 1 0 3 29 15 5 14 16 28
Others 5 2 8 14 2 0 2 0 0 0
Total Number of Fine Proceedings 132 169 281 426 513 519 534 420 412 465


