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Introduction

1 Introduction

1.1 Motivation and Background

The phenomenon of sentiment and its influence on real estate markets is a widely explored
topic in empirical studies for more than a decade. Within this context, sentiment is defined
as the beliefs regarding future cash flows and risks that cannot be explained solely by
market fundamentals (Baker and Wurgler, 2007). However, according to the theories of
efficient markets, every market participant acts rationally and unemotionally at every point
in time (Fama, 1970). Therefore, the influence of sentiment on any market or the presence
of market participants not adhering to these assumptions contradicts these theories.
Researchers have analyzed this contradiction and shown that sentiment can indeed have
a significant impact on markets, especially when “hard” information is ambiguous or even

absent. Sentiment, hence, can act as a substitute for missing or inadequate information.

While stock markets are generally considered highly efficient and the sentiment is therefore
of secondary importance, the characteristics of real estate markets abet the impact of
sentiment (Gallimore and Gray, 2002). The immobility, heterogeneity, and low divisibility
of real estate lead to segmented submarkets, intransparency, and information asymmetries
among stakeholders and are thus major drivers for sentiment-induced trading behavior.
The first evidence of a positive relationship between sentiment and direct real estate
markets was provided by Clayton et al. in 2009 and by Lin et al. (2009), who discovered a

similar relation for indirect real estate markets.

Since, plenty of studies have demonstrated the significant impact of sentiment caused by
the “animal spirit” of investors (Keynes, 1936) and “noise traders” (Black, 1986) in real
estate markets. With the influence of sentiment being proven and the augmentation of
sentiment proxies in fundamental market models enhancing explanatory power, the
literature focused on how to improve the measurement of market sentiment. Previously
mentioned studies of Clayton et al. (2009) and Lin et al. (2009) employed traditional
survey-based (direct) sentiment indicators, which is one of two methods for capturing
sentiment and has often been adopted (e.g. Ling et al., 2014; Das et al., 2015; Freybote,
2016). However, direct indicators, which are mainly based on interviews and surveys, are
often criticized for being expensive, time-consuming, and prone to selection bias. The
second method, namely indirect indicators, derive sentiment from market fundamentals,
operating on the premise that sentiment corresponds to what cannot be explained by
market data (Baker and Wurgler, 2007). Indirect indicators were also often used in the

literature (e.g. Marcato and Nanda, 2016; Freybote and Seagraves, 2017; Heinig et al.,
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2020), but again face criticism due to the dependence on hard and past market data rather

than soft sentiment components.

However, there exists another source of sentiment that can potentially address these
issues, yet has been relatively overlooked until recently: text. Thanks to advances in natural
language processing, any textual corpus can now be analyzed for its sentiment. With all
types of texts, such as corporate disclosure, news articles, or social media messages,
available digitally and online, there are no particular restrictions to time, topic, or people
participating. This offers tremendous potential to improve the measurement of sentiment
and consequently gain a deeper understanding of its influence. The potential has been
demonstrated in initial studies by Walker (2014) and Soo (2015), and subsequently
confirmed across various real estate submarkets, including different use types and direct
as well as indirect markets. Hereby, the most recent studies have focused on enhancing
the performance of sentiment classification by employing more sophisticated algorithms

(e.g. Hausler 2018, Beracha 2019).

Although textual sentiment analysis has shown to contribute to a better understanding of
real estate markets, it is important to note that sentiment only captures a specific type of
qualitative information conveyed in text. The real estate literature has largely focused on
this type of qualitative information due to technical limitations. However, the results of the
sentiment literature already suggest that other qualitative information could be of
considerable value. Furthermore, when other hard information is ambiguous or missing,
the proportion of information transmitted via text, whether spoken or written, is even
greater. Hence, there is a need for further research into different types of qualitative
information. New natural language processing techniques, such as similarity analysis and
topic modelling, have evolved and can be used to gain further insights into text. Therefore,
the primary objective of this dissertation is to explore the impact of various forms of
qualitative information, extracted through natural language processing, on real estate

markets.

Sentiment analysis is useful to show how information is presented, but it does not provide
insights into what the information is or whether it is valuable. Often, stakeholders may
place more importance on the content rather than its sentiment. Thus, it is the content
that leads to different actions and affects market outcomes. However, it is difficult to
quantify content and predict stakeholders’ reactions in order to incorporate it into a
quantitative model, which is why there is a lack of research. Therefore, the first paper

proposes an approach to quantify the amount of new and valuable information provided
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in corporate disclosures and investigates how the real estate market reacts to this

information.

Another potential way to advance the utility of textual analysis is to refine sentiment
analysis. Historically, in news media sentiment analysis, all articles in the corpus were
assigned equal weights without regard for the subject matter being studied. Even if a pre-
selection of the corpus has taken place, it cannot be assumed that all articles are of equal
relevance. However, modern techniques permit researchers to classify the content of texts,
gauge their relevance to specific topics, and get rid of noise from irrelevant texts. The
question that consequently arises, and that will be investigated in the second paper, is
whether tailoring the corpus to suit the research objectives captures the nuances of

sentiment more effectively and improves our understanding of the market.

One step further as tailoring corpora, is the examination of less structured corpora. The
real estate literature has focused on well-structured sources such as newspaper articles or
corporate publications, which are typically written in formal language and often are
categorized by topics. However, there are other less structured sources, such as social
media, that may offer valuable insights into real estate markets. Due to the complexity of
analyzing unstructured social media data, there is a lack of research and only a few small-
scale studies. Hence, the impact of social media sentiment on real estate markets remains
unclear. Therefore, paper three, by combining the techniques presented in paper one and

two, will structure social media data and examine its relationship with real estate markets.

To sum up, the progress made in natural language processing has given us the capability
to extract information from textual data and explore new types of text. This is particularly
relevant in the real estate market, where information is often scarce, and any text can be
a valuable source of insights that can enhance our understanding of the industry. While
previous literature has mainly focused on sentiment classification, this dissertation aims to
expand on that by exploring the content of texts and leveraging it to improve our

understanding of real estate markets.
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1.2 Research Questions

This section outlines the progression of this dissertation and introduces the major research
questions that will be addressed. While the impact of qualitative information and textual
sentiment in real estate markets are the unifying elements of all papers, each paper uses a
different type of text as a source of information and applies different methods to enhance
information extraction. Going from insider to outsider information, the first paper
examines corporate disclosure, the second paper investigates news articles, and the third

paper concentrates on social media. Thus, the following research questions can be raised:

Paper 1: Can Textual Analysis solve the Underpricing Puzzle? A US REIT
Study

Paper 1 concentrates on the sentiment and informativeness of Form S-11, the initial
document for registering US REIT initial public offerings with the Securities and Exchange
Commission, using natural language processing techniques. The document is intended to
provide potential investors with initial information about the company's business and
financial condition, but it is not clear to what extent Form S-11 meets this requirement.
Based on Beatty and Ritter's (1986) asymmetric information hypothesis, it is expected that
informative content in the S-11 is associated with REIT underpricing. The central research

questions can hence be summarized as follows:

9 Does the qualitative information, extracted from Form S-11, help to explain the
underpricing of US REIT IPOs?

1 Can thelanguage used in Form S-11 affect the pricing accuracy of US REIT IPOs by
investors?

1 Does the uncertain language in Form S-11 yield difficulties for investors to price
the issue and thus increase initial-day returns of US REIT IPOs?

1 Does the level of uncertain language in Form S-11 serve as a proxy for ex ante
uncertainty?

91 Does a greater similarity to previous filings indicate that the filing contains a
relatively high proportion of platitudes but little useful information?

1 Do higher levels of similarity to prior filings suggest that information asymmetries

persist and lead to increased underpricing in US REIT IPOs?
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Paper 2: Trade vs. Daily Press: The Role of News Coverage and Sentiment

in Real Estate Market Analysis

Paper 2 examines the impact of newspapers on direct real estate markets. Newspapers

serve as an important source of information for market participants and thus contribute to

the spread of a narrative (Shiller 2017). Using textual analysis, this paper separates

newspaper articles by asset class in order to derive asset class-specific sentiment indices,

which are compared to the total returns of these asset classes. Using different types of

newspapers from Germany that have broad market coverage, it is expected that those

contribute to the spread of narratives and hence significantly impact total returns. The

research questions are therefore as follows:

1
1

Do daily newspapers differ in their reporting style from trade newspapers?

Are different types of newspapers equally informative and thus equally suitable for
market forecasts?

Which real estate asset classes are particularly prone to news reporting?

Do asset class-specific sentiment indices add to the understanding of real estate
markets or is a general index sufficient?

Can relative news coverage serve as another indicator for future market

development?
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Paper 3: Social Media and Real Estate: Do Twitter Users predict REIT

Performance?

Paper 3 uses multiple textual sentiment classifiers to extract a market sentiment from real
estate-related social media posts. Social media platforms have become vibrant online
platforms where all kinds of market participants share their opinions and thoughts on
equity markets (Yadav and Vishwakarma, 2020). This paper, therefore, identifies relevant
posts and measures their sentiment to determine the predictive power of social media
sentiment on REIT returns. It is anticipated that there exists a correlation between REIT
returns and social media sentiment, as the sentiment expressed on social media is likely to
mirror the beliefs and actions of investors. The central considerations can be stated as

such:

1 Is it possible to determine social media messages relevant to a real estate context
to create a valuable sentiment indicator?

91 Do more sophisticated sentiment classifiers yield higher classification accuracy?

9 Does social media sentiment represent the beliefs and opinions of real estate
investors?

1 Does social media sentiment predict REIT returns?

1 Do more sophisticated sentiment classifiers yield a higher prediction accuracy and

are hence better predictors?
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1.3 Co-Authors, Submissions and Conference Presentations
The following overview provides information about co-authors, journal submissions,

publication status and conferences presentations.

Paper 1: Can Textual Analysis solve the Underpricing Puzzle? A US REIT
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Authors:
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2 Can Textual Analysis solve the Underpricing
Puzzle? A US REIT Study

2.1 Abstract

Purpose: Although many theories aim to explain initial public offering (IPO) underpricing,
initial-day returns of US Real Estate Investment Trust (REIT) IPOs remain a “puzzle”. The
literature on REIT IPOs has focused on indirect quantitative proxies for information
asymmetries between REITs and investors to determine IPO underpricing. This study,
however, proposes textual analysis to exploit the qualitative information, revealed through
one of the most important documents during the IPO process — Form S-11 — as a direct
measure of information asymmetries.

Design/ methodology/ approach: This study determines the level of uncertain language
in the prospectus, as well as its similarity to recently filed registration statements, to assess
whether textual features can solve the underpricing puzzle. It assumes that uncertain
language makes it more difficult for potential investors to price the issue and thus increases
underpricing. Furthermore, it is hypothesized that a higher similarity to previous filings
indicates that the prospectus provides little useful information and thus does not resolve
existing information asymmetries, leading to increased underpricing.

Findings: Contrary to expectations, this research does not find a statistically significant
association between uncertain language in Form S-11 and initial-day returns. This result is
interpreted as suggesting that uncertain language in the prospectus does not reflect the
issuer’'s expectations about the company’s future prospects, but rather is necessary
because of forecasting difficulties and litigation risk. Analyzing disclosure similarity instead,
this study finds a statistically and economically significant impact of qualitative information
on initial-day returns. Thus, REIT managers may reduce underpricing by voluntarily
providing more information to potential investors in Form S-11.

Practical implications: The results demonstrate that textual analysis can in fact help to
explain underpricing of US REIT IPOs, as qualitative information in Forms S-11 decreases
information asymmetries between US REIT managers and investors, thus reducing
underpricing. Consequently, REIT managers are incentivized to provide as much
information as possible to reduce underpricing, while investors could use textual analysis
to identify offerings that promise the highest returns.

Originality/value: This is the first study which applies textual analysis to corporate
disclosures of US REITs in order to explain IPO underpricing.

Keywords: Initial public offering, Information asymmetry, Textual analysis, Underpricing
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2.2 Introduction

Underpricing, the phenomenon that an initial public offerings’ (IPOs’) closing price at the
end of the first trading-day is higher than its offer price, has attracted considerable
attention in the financial literature. Researchers have proposed numerous theories to
explain why IPOs have positive initial returns. Whereas the vast majority of theories revolve
around asymmetric information between the parties involved in the IPO, others entail for
example, litigation and behavioral theories. However, despite the substantial efforts to
explain why issuers accept the large amount of “money left on the table”, unresolved

questions remain as to how IPO shares are priced.

Only with the increasing online availability of texts and rising computational power in
recent decades, have researchers resumed their investigations, relying increasingly on
qualitative data to solve the underpricing puzzle. For example, Ferris et al. (2013) and
Loughran and McDonald (2013) depart from the numerical data that are typically
considered to analyze the narratives that contextualize the numbers in IPO prospectuses.
Linking the use of language in the disclosure to underpricing, the authors emphasize the
importance of qualitative information. However, the focus on quantitative data has
predominated so far, presumably because processing textual data is complex and
demanding. Nonetheless, it would be negligent to ignore the increasing amount of
qualitative information, especially since most information disseminated to potential
investors during the IPO process comes in textual form, either spoken or written. For
instance, media attention increases when companies announce plans to go public, and
managers talk to potential investors during the roadshow to market the IPO, and the
Security and Exchange Commission (SEC) requires companies to provide information to
investors, also in narrative form, to ensure they have the information needed to make well-
founded investment decisions. Thus, with the everadvancing possibilities of natural
language processing, the analysis of qualitative data is indispensable and the question
inevitably arises as to whether the qualitative information provided contributes to our

understanding of IPO underpricing.

This paper contributes to answering this question by analyzing whether and how
qualitative information impacts initial-day returns of US Real Estate Investment Trusts
(REITs). Prior studies investigating the impact of qualitative information on IPO

underpricing exclude the REIT sector due to its financial characteristics, legal requirements
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and differing performance.’ Nonetheless, as evidenced by its recent market capitalization
of $1,249,186.3 million as of December 31, 2020 for 223 listed REITs, the US REIT sector
is significant to the overall economy and certainly worthy of consideration. In addition, the
high dividend payout requirement of at least 90% of their taxable earnings renders REITs
dependent on external equity capital in order to take advantage of growth opportunities.
As a result, US REIT managers have an unusually strong incentive to reduce underpricing.
Likewise, they have a high motivation to maintain investor trust (e.g. Price et al., 2017),

which ensures high disclosure quality.

To assess whether qualitative information helps to explain initial-day returns of US REIT
IPOs, we analyze the IPO prospectus, or more accurately, the registration statement which
must be filed with the SEC before stock offerings, to provide investors with crucial
information. For REITs or companies whose primary business is acquiring and holding real
estate for investment purposes, the registration statement is presented in Form S-11. Given
that the filing must pass the SEC's critical review in order to proceed with the IPO, it is
reasonable to assume that Form S-11 discloses valuable information about the issue. We
expect this information to be of major importance in solving the underpricing puzzle, as
theories attributing the phenomenon to asymmetric information are widely accepted. The
variety of theories revolving around asymmetric information thereby explain the
underpricing phenomenon by differences in the level of information between issuers and
investors or between different groups of investors (i.e., informed vs. uninformed). Clearly,
a filing required by the SEC with the intention to provide investors with substantial
information about the IPO, should reduce information asymmetry. Therefore, we expect
companies filing registration statements that reveal useful and explicit information to have

lower underpricing.

Analyzing the level of uncertain language in a prospectus, as well as its similarity to
registration forms filed in the past six months, we indeed find that qualitative information
in Form S-11 contributes to the understanding of US REIT IPOs. However, against our initial
expectation that cautious wording makes it more difficult for investors to value the issue
and thus increases initial-day returns, we do not find a statistically significant impact of the
level of uncertain language on underpricing. We conclude that cautious wording is induced
by forecasting difficulties and litigation risks, rather than reflecting issuer confidence in the

future prospects of the firm. By contrast, document similarity is statistically and

' While the underpricing discount for non-REIT IPOs is consensual, REIT IPOs can historically be either
overpriced (e.g. Wang et al., 1992) or underpriced (e.g. Ling and Ryngaert, 1997). However, after the Tax
Reform Act of 1986, allowing REITs to be internally managed, studies generally find significant underpricing
for REIT IPOs, albeit lower than for industrial firm IPOs (e.g. Dolvin and Pyles, 2009; Gokkaya et al., 2015).
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economically significant related to underpricing of US REIT IPOs. We assume that higher
similarity to prior filings indicates that the filing contains a relatively high proportion of
standard content or boilerplates, but little useful information. Thus, information
asymmetries persist, leading to increased underpricing. In sum, our results show that
qualitative information, just like quantitative information, conveys valuable insights,

impacts investors’ capability to price the issue and thus affects underpricing.

To the best of our knowledge, this is the first study which applies textual analysis to
corporate disclosures of US REITs in order to explain IPO underpricing. We demonstrate
that textual analysis can indeed help to explain initial-day returns of US REIT IPOs, as
qualitative information in Forms S-11 decreases information asymmetries between US REIT

managers and investors, thus reducing underpricing.

The remainder of the paper is organized as follows. Section 2.3 presents common theories
explaining the underpricing phenomenon, discusses the related literature analyzing how
textual features affect initial-day returns of industrial firms, summarizes studies examining
REIT underpricing, and finally, develops hypotheses. The textual analysis procedure and
data used for this study are described in sections 2.4 and 2.5, while the empirical methods
for the analysis are presented in section 2.6. Section 2.7 discusses the empirical results,

and section 2.8 concludes.
2.3 Previous Literature and Hypothesis Development

2.3.1 Common Theories to explain IPO Underpricing

Since Ibbotson (1975) provided evidence of underpricing, researchers have proposed
numerous theories to explain why IPOs have positive initial returns, mostly citing litigation

risk, information asymmetries, or behavioral aspects as potential causes.

Ibbotson (1975) originally suggested that underpricing serves as insurance against
lawsuits, opening up a whole strand of the litigation-based literature. Since the Securities
Act of 1933, each party signing the registration statement in the US is liable for its
contents, which is the SEC's way of ensuring adequate pre-market due diligence and
investor protection (Tinic, 1988). According to Lowry and Shu (2002), issuers try to
minimize the risk of being sued and to avoid associated costs, by underpricing their IPOs.
Underpricing is intended to prevent financial damages from unforeseen risks that serve as
the basis for a lawsuit and thus reduce investor propensity to sue. While litigation theories
help us understand the underpricing puzzle for countries with strong investor protection,

such as the US, they have minor importance in other markets.
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By contrast, information-asymmetry-based theories, as initially proposed by Ritter (1984)
and Rock (1986), find a wider application. According to the authors, underpricing arises
due to asymmetric information between investors, whereby informed investors are
assumed to be the best-informed stakeholders, as they collectively even know more than
the issuer. Once shares are evenly distributed among all participants and informed
investors only place orders for underpriced IPOs, uninformed investors suffer from their
order being allocated partially to underpriced IPOs, but fully to overpriced IPOs. Hence,
IPOs must on average be underpriced, so that uninformed investors generate a positive
return and keep participating in the IPO market, despite the predominant allocation of less
attractive IPOs. Beatty and Ritter (1986) further find that underpricing increases with rising
ex ante uncertainty about an IPO. Firms with higher ex ante uncertainty promise higher
returns, which leads to more investors becoming informed. Consequently, uninformed
investors are allocated even fewer shares, the more attractive or uncertain an IPO,
requiring higher underpricing to participate in the offering. The book-building theory of
Benveniste and Spindt (1989) modifies these theories by assuming that shares are
distributed with priority to regular investors. Since investors in their entirety are the best-
informed stakeholder group, the issuer relies on their premarket indications of interest
when pricing an IPO. However, the issuer faces investors who are unwilling to reveal any
information, as this would increase the proportion of informed investors and decrease their
returns. Using investors’ premarket indications of interest in share allocation, issuers force
investors to disclose their interest; otherwise, investors would jeopardize their own
interests by indicating for something other than actual interest. Underpricing hereby acts
as an incentive for investors to reveal their information. Sherman and Titman (2002) further
emphasize the value of information by arguing that information-generation is costly and
can either be conducted by investors or the issuer. According to the authors, it depends
on the relative costs and benefits of issuers and investors, regarding who acquires the
information. If investors are to participate in the information gathering process, their effort

must be compensated for through higher initial returns.

While litigation and information asymmetry theories support the existence of underpricing,
they fail to explain oscillations in hot market periods, such as the dot-com bubble. For
those periods, behavioral theories, assuming irrational stakeholder behavior, come into
play. Miller (1977) proposed that a small group of excessively optimistic investors, who are
characteristic of hot markets, can drive up first-day closing prices if they can clear the
market. Welch (1992) adds that the sequential sale of the shares creates a cascade effect,
where later investors solely rely on prior sales as a buying motive instead of their own

private information. Therefore, issuers try to attract early investors through underpricing
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their IPOs. In contrast, Loughran and Ritter (2002) state that issuers are the ones behaving
irrationally, as they do not care about the level of wealth, but about the change in wealth.
Issuers most of the time, and especially during hot market phases, experience a positive
change in wealth, as the increase in share prices during the IPO usually outweighs the

losses due to undervaluation.

Despite major efforts to explain why issuers accept the large amount of “money left on
the table”, none of the above theories can fully explain the phenomenon. The theories are
thus not mutually exclusive and seem to have varying importance during selected time
periods and market phases. While behavioral theories help to understand oscillations in
hot market periods, litigation based and information asymmetry theories justify the general
existence of underpricing. However, the vast majority of theories center on asymmetric

information, as this seems to best explain underpricing over time and space.
2.3.2 Textual Analysis and Underpricing of IPOs

Fueled by the increasing availability of textual information and advances in the processing
of this complex data (Loughran and McDonald, 2020), an emerging body of accounting
and finance literature has attempted to explain initial-day returns of industrial firms
through the use of textual analysis. Thereby, researchers have most frequently relied on
news articles or corporate disclosures to examine the impact of qualitative information on
IPO pricing. The literature investigating news articles has mainly focused on news coverage
(e.g. Schrand and Verrecchia, 2005; Cook et al., 2006; Chen et al., 2020) or sentiment
(e.g. Bajo and Raimondo, 2017; Zou et al., 2020) to assess whether and how textual
analysis contributes to solving the underpricing puzzle. News coverage, that is the number
of articles mentioning the issuing company before the IPO day, has thereby provided
ambivalent evidence on how it affects underpricing. Schrand and Verrecchia (2005) and
Chen et al. (2020) show, for a US and global sample, respectively, that greater pre-IPO
disclosure frequency reduces information asymmetry and hence underpricing. By contrast,
Cook et al. (2006) present supporting evidence of a positive correlation between pre-IPO
media coverage and underpricing of US IPOs. Using news coverage as a proxy for
investment banker promotional activity to attract sentiment investors, this study postulates
that higher pre-offer publicity leads to more sentiment investors and higher underpricing.
Sentiment, in the sense of the tone conveyed by the media, has been examined, for
example, by Bajo and Raimondo (2017) and Zou et al. (2020). While the former claim that
a positive media tone increases investor interest and demand for shares and find that

positive sentiment increases first-day returns, the latter state that both positive and
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negative words contain useful information, thus reducing the degree of information

asymmetry between investors and issuer and thus decreasing underpricing.

Studies focusing on corporate disclosures have investigated, for example, the industrial
counterpart to Form S-11, the initial document for registering a non-REIT stock offering
with the SEC (Form S-1), or the final IPO prospectus filed at the time of or a few days after
the IPO (Form 424). Again, sentiment is a common technique to process qualitative
information. For example, Ferris et al. (2013) and Loughran and McDonald (2013) analyze
the tone conveyed in certain sections of Form 424 and the entire Form S-1, respectively,
and find that conservatism and uncertainty revealed by the issuing firm increase
underpricing. According to the authors, conservative or uncertain language reflects issuer
confidence in the company’s future prospects and makes it more difficult for investors to
price the issue, so that companies must set a lower price to attract investors. Conducting
similar analyses for the Chinese market, Yan et al. (2019) confirm that uncertain or negative
tone is positively associated with first-day returns. In contrast to previously mentioned
studies, which focus on financial words, Brau et al. (2016) analyze strategic words and find
a more positive strategic tone to be associated with higher underpricing. Brau et al. (2016)
interpret their results as suggesting that investors misprice soft information, i.e., the tone
in the registration statement. To utilize the qualitative information in Form S-1, Hanley and
Hoberg (2010) determine the informativeness of disclosures. Specifically, they split
prospectuses into their standard and informative components, where standard content is
the part of the prospectus that was already included in recent and past industry IPOs, while
informative content is the residual that is not explained by these two sources. In line with
Benveniste and Spindt’s (1989) book-building theory, Hanley and Hoberg (2010) find that
more informative disclosures signaling greater effort by issuers during premarket are
associated with lower underpricing. Instead of analyzing corporate disclosures in their
entirety, some studies assume that a specific section of the prospectus is particularly
important for pricing and limit themselves to parts of the disclosure such as the use-of-
proceeds or the risk-factor section. Beatty and Ritter (1986), who were among the first to
analyze IPO prospectuses, restrict their analysis to the use-of-proceeds section as an
example and find a positive relationship between the number of uses, which serves as a
proxy for ex ante uncertainty and underpricing. Similarly, Leone et al. (2007) show that
firms that are more specific in the use-of-proceeds section reduce ex ante uncertainty and
therefore have lower underpricing. Examining the risk-factor section instead, Beatty and
Welch (1996) and Arnold et al. (2010) link greater disclosure to higher first-day returns.
Beatty and Welch (1996) employ the number of risk factors declared in the prospectus to

proxy for ex ante uncertainty, while Arnold et al. (2010) use the section to measure
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ambiguity, claiming that risk information is per se soft and ambiguous and that investors

demand compensation for ambiguous prospectuses.
2.3.3 Underpricing of US REIT IPOs

Whereas the non-REIT literature has analyzed several disclosure-media and textual features
to solve the underpricing puzzle, the literature on REIT initial-day returns has so far only

relied on quantitative factors to explain the phenomenon.

One of the first studies to analyze REIT IPOs was Wang et al. (1992), who find, in contrast
to general evidence from industrial firm IPOs, a return of -2.82% on the first trading day
for 87 REITs going public between 1971 and 1988. REIT overpricing was invariant to
several influencing factors such as offer price, issue size, distribution method, offer period
and underwriter reputation. Ling and Ryngaert (1997), by contrast, report significant
average underpricing of 3.6% for a sample of equity REIT IPOs issued during the period
1991-1994. The authors attribute this turnaround from over- to underpricing to the
regime change that occurred with US equity REITs in the late 1980s and the subsequent
increased interest of institutional investors. The evolvement of the REIT industry from being
externally managed to internally managed has increased uncertainty regarding the issuing
firms’ value. Additionally, a larger share of institutional, presumably better-informed
investors, has made REIT IPOs more susceptible to the winner’s curse (Ling and Ryngaert,
1997). Indeed, analyzing both direct and indirect costs of REIT IPOs, Chen and Lu (2006)
find higher gross spreads, overpricing and high frequency of integer offer prices in the
1980s, which confirms that REIT IPOs were at that time mainly marketed to less informed
individual investors. In line with previous literature, initial-day returns shifted from -1.30%
in the 1980s to 4.30% in the 1990s for their sample of 197 US REITs. The researchers
further identify determinants of the indirect costs of going public (i.e., underpricing).
Whereas gross spreads are negatively associated with initial-day returns, underpricing is
higher for self-managed REITs, internally advised REITs, UPREITs and REITs with higher
institutional holdings. Bairagi and Dimovski (2011) add to the findings of Chen and Lu
(2006), by revealing a negative relation between underpricing and underwriter reputation,
industry differentiated auditors and REITs’ post-offer ownership structure. Their study also
documents an average underpricing of 3.18% and a value-weighted underpricing of
4.76% for a sample of 123 US REIT IPOs issued between 1996 and 2010, suggesting that
offer size affects initial-day returns of US REITs. Buttimer et al. (2005) and Hartzell et al.
(2005) analyze the presence of cycles or waves for the REIT industry. The former define a
wave (i.e., hot market) as any year with 10 or more REIT IPOs, while the latter use a supply-

and demand-side definition represented by the IPO volume and initial-day returns,
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respectively. Both studies find positive initial returns of US REIT IPOs (2.47% and 0.27%),

although the stock price performance is the same in both hot and cold markets.

Further adding to the understanding of initial-day returns of US REIT IPOs, Dolvin and Pyles
(2009) and Gokkaya et al. (2015) compare underpricing of REIT and non-REIT IPOs.
Although both studies find significant underpricing for REIT issuances, initial-day returns
are lower than that observed for a matching industrial sample. The lower underpricing of
REITs has thereby been attributed to their unique nature and specific regulatory
requirements, making them more transparent than general stocks and thus easier to value
for potential investors (Buttimer et al., 2005; Hartzell et al., 2005; Dolvin and Pyles, 2009;
Lorenz, 2020). However, despite being considered more transparent than their industrial
counterparts, REITs suffer from information asymmetry. Measuring the net asset value of
REITs is difficult for investors, as the underlying assets are heterogenous and illiquid. In
addition, REITs are actively managed, further complicating valuation due to the growth
options developed by managers (Ghosh et al., 2000). Therefore, incorporating the
qualitative information from corporate disclosures using textual analysis may also be
valuable in solving the underpricing puzzle of US REIT IPOs. REITs thereby offer a unique
and useful setting for conducting textual analysis, as they are strongly incentivized to
minimize “money left on the table” when going public and thus guarantee high disclosure
quality. Given the high distribution requirement of at least 90% of their taxable earnings,
REITs have a very limited cash reserve by regulation and are highly dependent on external
equity capital in order to take advantage of growth opportunities. Thus, consistent with
Beatty and Ritter's (1986) asymmetric information hypothesis, REIT managers might
voluntarily reveal valuable insights into the upcoming IPO through corporate disclosures,

in order to reduce information asymmetry and underpricing.

In fact, the importance of textual information in the context of real estate has already been
demonstrated in the literature. By analyzing earnings conference calls for a REIT sample,
Doran et al. (2012) and Price et al. (2017) show that sentiment impacts initial reaction-
window abnormal returns. Ruscheinsky et al. (2018) reveal a leading relationship of media
expressed sentiment to future REIT market movements; while, Beracha et al. (2019) show
that news based sentiment has predictive power for the direct commercial real estate
market in the US. Hausler et al. (2018) confirms that news-based sentiment leads both the
direct as well as the securitized real estate market in the US. Focusing on “abnormally”
positive tone in annual and quarterly reports of US REITs, Carstens and Freybote (2019)
find that institutional investors react positively (negatively) to an abnormally positive tone
and behave as net buyers (net sellers) in periods of institutional investor optimism

(pessimism).
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2.3.4 Hypothesis Development

Recognizing that asymmetric information between the parties involved in the IPO can be
reduced by quantitative and qualitative information alike, this study complements earlier
studies by investigating whether and how qualitative data in Form S-11 affects initial-day
returns of US REIT IPOs. Informing investors about the firms' business model, financial
situation, potential problems or risks and other important information, Form S-11 presents
one of the most important documents during the IPO process. Before it is filed, IPO firms
are typically without public record. As such, we not only expect Form S-11 to contain
valuable insights, but also that sophisticated investors process the filing to use the
information in order to value the offer. Under these circumstances, Form S-11 could help
to reduce information asymmetry between the parties involved in the IPO. However, the
language used in Form S-11 can impact on investors capability to price the issue (Loughran
and McDonald, 2013; Ferris et al., 2013). Whereas explicit language would facilitate the
inclusion of value related information, executives tend to use uncertain language,

"ou

frequently using words like “may,” “could,” “depends,” and “approximately”. Although
necessary to reduce litigation risk, as the future prospects of the issuing firm are uncertain,
cautious wording makes it difficult for investors to evaluate the IPO. Furthermore, word
choice may reflect issuer confidence in projecting financial outcomes, so that extreme
linguistic caution could even imply that executives themselves are not confident about the
company'’s prospects. Hence, the level of uncertain language in Form S-11 might serve as

a proxy for ex ante uncertainty.

In line with Beatty and Ritter (1986), who demonstrate a positive link between ex ante
uncertainty about an IPO’s value and its initial return, we expect that firms providing filings
with uncertain language need to underprice more, to attract investors, and we thus

formulate the following hypothesis:

Hypothesis 1: Higher levels of uncertain language in Form S-11 make it more difficult for

investors to price the issue and thus increase initial-day returns of US REIT IPOs.

Although Form S-11 is the major document providing information to investors during the
IPO process, it is also a standard document required by the SEC. Therefore, Form S-11
contains a relatively high proportion of standardized content. In particular, registration
statements filed at the same time, subject to the same regulatory requirements and
exposed to the same market environment, may be similar. Clearly, registration statements
that merely repeat statements disclosed by other companies or that consist largely of
standard phrases do not help investors to determine the true value of the firm. By contrast,

unique and specific disclosures that are different from registration statements filed by firms
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that recently brought an IPO to the market are likely to provide valuable guidance to
investors in their search for the right price. As such, unique and informative disclosures can
present an effective tool to overcome information asymmetries between the parties
involved in the IPO — one of the main reasons for underpricing. To determine the
informativeness or uniqueness of a disclosure as opposed to standard phrases, following
Hanley and Hoberg (2010), we develop a similarity measure by comparing the document
in question to registration statements filed up to six months earlier. Assuming that
disclosures which are more similar to past prospectuses provide less useful information
and thus not resolve information asymmetry, we formulate our second hypothesis as

follows:

Hypothesis 2: A higher level of similarity of Form S-11 to previously filed registration
statements indicates low information content, persistent information asymmetry and thus

higher underpricing of US REIT IPOs.
2.4 Textual Analysis Procedure

To test our hypotheses, we extract textual features from Form S-11. Specifically, we
determine the level of uncertain language in the prospectus, as well as its similarity to

recently filed registration statements.
2.4.1 Disclosure Tone

To determine the level of uncertain language, we rely on sentiment dictionaries which
classify the words in the prospectus into pre-defined categories (e.g. positive, negative).
Tetlock (2007) provides what is probably the pioneering study applying the dictionary-
based approach to extract sentiment in the financial domain. Examining news articles from
The Wall Street Journal, Tetlock emphasizes that high values of media pessimism induce
downward pressure on market prices and that unusually high or low pessimism predicts
temporarily high market-trading volumes. Subsequently, several papers followed his
example and relied on dictionary-based approaches to extract qualitative information from
text (e.g. Feldman et al., 2010; Loughran and McDonald, 2011; Garcia, 2013). Accordingly,
researchers have employed a variety of dictionaries, including general English language
dictionaries such as the Diction or the Harvard Gl wordlists (e.g. Tetlock, 2007; Davis and
Tama-Sweet, 2012), as well as dictionaries created specifically for financial text (e.g. Henry,
2008; Loughran and McDonald, 2011). Since domain-specific wordlists have proven
superior (Henry and Leone, 2016; Doran et al., 2012), a financial dictionary created by

Loughran and McDonald (2011), by examining word usage in 10-Ks, has become popular.
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In line with previous literature, we measure Uncertainty using the Loughran and McDonald
(2011) sentiment wordlists.? We thereby follow Loughran and McDonald's (2013)
recommendation and use an aggregate uncertainty measure, which comprises words from
the uncertain, weak modal and negative wordlists to determine the level of uncertain

language in Form S-11 (Uncertainty).

Assigning all words in the prospectus to the respective categories of the LM dictionary, we
obtain the raw count of uncertainty words included in the prospectus. Since this number
is, however, strongly tied to document length, we use the ratio of uncertain words to the
total number of words in the prospectus as a measure of disclosure uncertainty:

YE QQI O @EQE Qi

YE DQI O OE O 2.1)
Y& odia oI e | Qi

Before applying the financial dictionary of Loughran and McDonald (2011), we clean the
data to reduce linguistic complexity and facilitate the textual analysis procedure.
Specifically, we remove appendices and html formatting, transfer all text to lower case and

eliminate white spaces, numbers and punctuation.
2.4.2 Disclosure Similarity

Given that we expect prospectuses filed at the same time to be particularly similar, we
determine a similarity score (Cosine) for each disclosure, by comparing it to registration
statements filed up to six months prior to the document in question. If there are not at
least two filings available for that time period, we go back further in time to obtain two
documents for comparison. Similarity is thus determined using one of the most popular
measures for identifying the similarity of two documents — the Cosine Similarity. This
technique was used, for example, by Brown and Tucker (2011), who measure year-over-
year modifications in MD&A disclosures; Lang and Stice-Lawrence (2015) who examine
annual report similarity; Peterson et al. (2015) who compare accounting policy footnotes
in 10-K filings; Hoberg and Phillips (2010, 2016) who focus on product descriptions in 10-
K filings; and Hanley and Hoberg (2010) who decompose IPO prospectuses into their

standard and informative components.

The basic idea of applying cosine similarity to text classification problems is to map
documents onto a vector space model (VSM), which enables measuring the similarity
between two vectors or textual documents by computing the dot product. We thus create

a VSM by representing each IPO prospectus i as an N-dimensional vector V; summarizing

2 The wordlists are available at https://sraf.nd.edu/textual-analysis/resources/.
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its word usage. Thereby, each element n of the vector V; corresponds to a specific word

that is present in the textual corpus and denotes the frequency of appearance of the
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