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1 Introduction

1.1 General Motivation and Theoretical Foundation

The real estate industry is the largest segment of most economies, comprising about 13% of total
gross domestic product in the US and about 18% in Germany (Blue Water Credit, 2018; Just et al.,
2017). Estimates of the global property value amounted to 2.7 times the world’s GDP in 2015
(Savills, 2016). These figures highlight the important role of real estate to economies, companies
and individual wealth. Property value changes can impact on the overall wellbeing of nations.
Therefore, both the real estate industry, as well as academia, aim to understand market movements
as precisely as possible. This is of particular importance to making the right assumptions within the
process of individual property decision-making and in terms of entire economies, so as to avoid

crises like the world economic crisis in 2007, which was in part caused by the real estate industry.

Since it has been confirmed that movements in real estate markets cannot be explained by
fundamental value changes only, the focus has shifted to quantifying the other influencing factors.
Mostly, these other impacts are subsumed by the concept of sentiment. As market shifts are thus
caused by their participants, efforts are made to measure the sentiment impacting on individual
decision-makers, who “[...] are motivated substantially by their own emotions, random attentions
or conventional wisdom.” according to Shiller (2015). Interestingly, Gallimore and Gray (2002) found
that individuals are even well aware of the importance of sentiment in their property decisions.
Gallimore and Gray (2002) conducted a questionnaire survey among individuals actively involved in
the property investment process and discovered that they make almost the same use of a personal
feel for the state of the market, as of hard market information, for their decision-making.

Furthermore, they also take the views of others into account.

Traditional sentiment measures utilized in real estate include indirect measures such as closed-end
fund discounts, buy-sell imbalances or mortgage flows, and direct measures, mostly survey-based
proxies, such as the Real Estate Research Corporation sentiment measure, a quarterly survey of
institutional investors, the American Association of Institutional Investors Investor Sentiment Survey
(AAll) or the U.S. Investor Intelligence sentiment indicator. These sentiment measures have some
disadvantages, as they are mostly backward-looking, data collection and evaluation take time,

surveys can be biased, have a limited population and are expensive.

A new field of sentiment analysis offers considerable advantages, which has benefited from two

current developments. On the one hand, all kinds of texts are now digitized and available online.



One the other hand, technical advances and increasing computational power enable to handling
and analyzing large amounts of data. Together, these two advances present an opportunity for
textual analysis-based sentiment measures. Innovative methodologies can be applied to investigate
various sources such as news, earnings press releases, annual reports, 10 Ks, analyst reports,
commentaries or IPO prospectuses. Textual analysis has the huge advantage, of not being restricted
to any particular time restrictions, topic or people participating. As long as the text data is available,

it can be analyzed within seconds, regarding any desired aspect.

Over the last decade, finance research has increasingly confirmed the value of textual analysis for
identifying sentiment. According to Kearney and Liu (2014), textual sentiment can include facets of
subjective judgment, behavioral characteristics of investors, as well as objective reflections of
conditions within firms, institutions and markets. The application of textual analysis in financial
literature presents promising results explaining market indices, company stock prices, trading

volume or even market volatility.

Some initial research by Soo (2015), Walker (2014, 2016) and Nowak and Smith (2017) have
assessed the relationship between textual sentiment measures and residential real estate markets in
the US and UK, deploying sentiment-annotated word lists. However, little attention has generally
been paid to applications in real estate. The value of these innovative methodologies has not yet
been well identified for this sector. Therefore, this dissertation seeks to shed light on the
opportunities arising through textual analysis. The three articles address different methodologies
analyzing different text corpora and investigating the relationships between the created sentiment
measures and different markets in different countries. Furthermore, it develops the groundwork for
the first application in Germany. A variety of comparisons is made in order to understand the
dynamics, always controlling for fundamental factors influencing the market. Beyond that, parts of
news were analyzed individually, in order to discuss the trade-off between short “headline
sentiment” and long “article sentiment”. Overall, the extracted text-based sentiment measures
constitute significant evidence explaining and even anticipating future real estate market
movements. In short, this dissertation highlights the importance of paying attention to new media

and digitalization, in order to gain new insights into real estate market movements.



1.2 Research Questions

This section provides an overview of the research questions investigated in this dissertation,

presented separately in terms of the three articles.

Paper 1: Real Estate Media Sentiment Through Textual Analysis

- What methodologies in the literature can be used to conduct textual analysis?

- Which research attempts using textual analysis do exist so far in an economic context?

- Does media-expressed sentiment affect future REIT market movements?

- Is the dictionary-based approach appropriate for capturing sentiment from real estate-related
newspaper articles?

- Does the mere number of newspaper articles published already constitute an indicator of real
estate market sentiment?

- Is a domain-specific dictionary more efficient in creating sentiment scores than a general
sentiment dictionary?

- Is there any difference in the explanatory power of positive or negative sentiment measures, or

those incorporating both polarities?

Paper 2: News-Based Sentiment Analysis in Real Estate: A Machine-

Learning Approach Via Support Vector Networks

- Which text documents have been analyzed so far using textual analysis?

- Can sentiment measures created via a machine learning approach, namely support vector
networks, predict the securitized commercial real estate market?

- Is there a difference in predictive power for the direct commercial real estate market?

- How do the created text-based sentiment indicators perform in comparison to established
sentiment measures?

- Are market participants maybe more influenced by negative than positive signals? Hence, is

there evidence of a negativity bias on the part of market participants?



Paper 3: Predicting Real Estate Market Movements: the First Textual

Analysis-Based-Sentiment Application in Germany

- Have any attempts been made in the past to apply textual analysis to German economic
contexts?

- Is the application of the dictionary-based approach appropriate for the German language?

- Are there any issues deploying the dictionary-based approach for the German language in
comparison to English?

- Do sentiment measures based on a newly developed German Real Estate Sentiment Dictionary
have any predictive power with respect to the German residential real estate market?

- How crucial is the construction of the dictionary in terms of a threshold to including words?

- Is the analysis of the headline alone sufficient to capture sentiment, or does the inclusion of
further text lead to better results?

- Is a discipline-specific German sentiment dictionary superior to a general German sentiment

wordlist?



1.3 Course of Analysis

The following synopsis presents an overview of the three research papers with regard to the authors,

the course of analysis, conference participations, as well as current publication status.

Paper 1: Real Estate Media Sentiment Through Textual Analysis

This is the first paper to capture media sentiment from news that is relevant to U.S. securitized real
estate markets. For this purpose, 125,000 newspaper article headlines from four different sources,
namely Bloomberg, The Financial times, Forbes and The Wall Street Journal, were collected.
Subsequently applying the dictionary-based approach and aggregating the results, led to three
different sentiment measures on a monthly level. In a vector autoregressive framework, the created

sentiment measures yielded a significant relationship with future REIT market movements.

Authors: Jessica Roxanne Ruscheinsky, Marcel Lang, Wolfgang Schaefers
Submission to: Journal of Property Investment & Finance
Current Status: publication scheduled July 2018

This paper was presented at the 2016 Annual Conference of the European Real Estate Society in
Regensburg, Germany, and the 2017 Annual Conference of the American Rea Estate Society in San
Diego, California, USA. Furthermore, this paper won the ERES Award for the Best Paper in the Ph.D.
Session 2016.

Paper 2: News-Based Sentiment Analysis in Real Estate: A Machine-

Learning Approach Via Support Vector Networks

This study applies a machine-learning approach, namely support vector networks, to capture
sentiment from professional news headlines published by S&P Global Market Intelligence database
(SNL). For the first time, sentiment measures based on a support vector machine as a classification
algorithm, are investigated and compared regarding to their relationship with the U.S. securitized

and direct commercial real estate market.

Authors: Jochen Hausler, Jessica Roxanne Ruscheinsky, Marcel Lang
Submission to: Journal of Property Research
Current Status: under Review



This paper was presented at the 2017 Annual Conference of the European Real Estate Society in
Delft, Netherlands, and the 2017 Annual Conference of the American Rea Estate Society in San
Diego, California, USA.

Paper 3: Predicting Real Estate Market Movements: the First Textual

Analysis-Based-Sentiment Application in Germany

The major aim of this research paper is to lay the foundation for and test the applicability of text-
based sentiment analysis in German real estate markets. First, the groundwork was accomplished
by developing the first German Real Estate Sentiment Dictionary. The next steps yielded robust
evidence of a significant relationship between the extracted negative sentiment measure and the

residential real estate market in Germany.
Authors: Jessica Roxanne Ruscheinsky, Katrin Kandlbinder, Wolfgang Schaefers,

Marian Alexander Dietzel, Karim Rochdi
Submission to: Journal of European Real Estate Research
Current Status: under Review

This paper was presented at the 2018 Annual Conference of the American Real Estate Society in

Bonita-Springs, Florida, USA.



2 Real Estate Media Sentiment Through Textual Analysis

Abstract
Purpose

The purpose of this paper is to determine systematically the broader relationship between news
media sentiment, extracted through textual analysis of articles published by leading U.S.

newspapers, and the securitized real estate market.
Methodology

The methodology is divided into two stages. First, roughly 125,000 U.S. newspaper article headlines
from Bloomberg, The Financial Times, Forbes and The Wall Street Journal are investigated with a
dictionary-based approach, and different measures of sentiment are created. Secondly, a vector
autoregressive framework is used to analyze the relationship between media-expressed sentiment

and REIT market movements over the period 2005 — 2015.
Findings

The empirical results provide significant evidence for a leading relationship between media
sentiment and future REIT market movements. Furthermore, applying the dictionary-based
approach for textual analysis, the results exhibit that a domain-specific dictionary is superior to a
general dictionary. In addition, better results are achieved by a sentiment measure incorporating

both positive and negative sentiment, rather than just one polarity.
Practical Implications

In connection with fundamentals of the REIT market, these findings can be utilized to further
improve the understanding of securitized real estate market movements and investment decisions.
Furthermore, this paper highlights the importance of paying attention to new media and
digitalization. The results are robust for different REIT sectors and when conventional control

variables are considered.
Originality

This study demonstrates for the first time, that textual analysis is able to capture media sentiment
from news relevant to the U.S. securitized real estate market. Furthermore, the broad collection of

newspaper articles from four different sources is unique.



2.1 Introduction

“A simple remark from him could cause the stock market and the dollar to rise or fall”, commented
Abe (2011), who analyzed the changes in Alan Greenspan’s language use during his period as
chairman of the Federal Reserve Board. The message behind this concise proposition is one sound
reason for intensified research efforts assessing how decision-making is often not based solely on

fundamentals.

A substantial body of literature focuses predominantly on quantifying the effects of sentiment
captured through the textual analysis of stock market related text corpora. The most important
works on text-based sentiment analysis include Tetlock (2007), Das and Chen (2007), Tetlock et al.
(2008) and Loughran and McDonald (2011), who found significant correlations with stock returns,
return volatility and trading volume. However, there is little research investigating the role of text-
based sentiment in a real estate context and in particular none in relation to the securitized real
estate market. Understanding the behaviour of Real Estate Investment Trust (REIT) price movements,
using text-based sentiment measures, is especially relevant for two main reasons. Firstly, as an asset
class, REITs are information-intensive. This derives from the aspect that both stock and real estate
market characteristics must be taken into account due to the underlying asset class on the one hand
and the stock exchange listing of REITs on the other hand. Secondly, real estate market information
is mainly backward-looking and lacks expectations about future market conditions, for example, the

NCREIF property index or Real Capital Analytics transactions.

Until recently, no attention has been paid to the extraction of sentiment through the textual analysis
of online text corpora related to the REIT market. Especially interesting and promising is the
investigation of online newspaper articles as a newly available source. Hence, this paper aims at
filling this research gap by analyzing newspaper article headlines from leading U.S. financial
newspapers to evaluate the question of whether news media sentiment influences future securitized
real estate market movements. The use of news analytics is defined by Das (2014) as a special
subfield of textual analysis, which is associated with distinct advantages, in comparison to the
traditional survey-based sentiment measures. Not only the immediate availability and objectivity of
results is a key aspect, but also the option of scaling the methodology to a large data set and a wide
variety of topics. Concerning the text corpus, news headlines offer several advantages compared to
Twitter messages, blog posts or forum entries that have been explored in previous studies. News
headlines are written more professionally and therefore contain (almost) no typographical errors,
normally no slang or abbreviations, and extraction can be limited to a specific language.
Additionally, with respect to news, it is more likely that published information is reliable and read

by a broad and, equally important, a relevant audience.



The newspaper sample consists of about 125,000 market-specific U.S. news article headlines from
Bloomberg, The Financial Times, Forbes and The Wall Street Journal. These newspaper headlines
are analyses by applying the dictionary-based approach. The adequacy of a general psychological
dictionary is compared to a domain-specific dictionary. Subsequently, different sentiment measures

are derived and tested in a vector autoregressive model on their linkage to the REIT market.

The empirical results suggest a significant relationship between media-expressed sentiment and REIT
returns. The findings are robust when conventional control variables are considered. Specifically, a
leading relationship of the created real estate media sentiment by three to four months is identified.
Moreover, the development of a domain-specific real estate dictionary, leads to a superior fit of the
model. The findings are relevant to various market participants, for example for investors’ decision-
making processes, as media sentiment is forward-looking, contrary to traditional sentiment

measures.

The remainder of this paper is structured as follows. Section 2 reviews the relevant literature in the
context of textual analysis, as well as sentiment analysis in REIT markets. Section 3 presents a
description of the data set. Having described the basics and the methodology of textual analysis in
Section 4, a vector autoregressive model is derived and the results are analyzed in Section 5.
Afterwards, these results are tested regarding their robustness in Section 6. Finally, Section 7

contains conclusions and the implications of the findings.

2.2 Literature Review

2.2.1 Sentiment in the Context of REIT Market Movements

Over the last few years, the theory of behavioral finance has replaced the efficient market
hypothesis, introduced by Fama in 1970, which is based on the idea that asset prices incorporate
“all existing, new, and even hidden information” about fundamental values. Behavioral finance,
which refers to as the collaboration between finance and a broader social science perspective, has
led to new insights into actual financial markets. The real estate literature has evolved accordingly
over the last years, augmenting traditional asset pricing models with behavioral factors. Relevant
evidence in the direct real estate market was among others found by Ling et al. (2015). They
constructed sentiment measures applying surveys of home buyers, builders and mortgage lenders
in order to predict movements in the Case Shiller U.S. National Home Price Index and ascertained a
significant evidence in the following quarter. The direct commercial property market showed
supportive results testing different investor sentiment measures and the effects on the NCREIF (Ling
etal., 2014).



Likewise the indirect real estate market research developed. For instance, Lin et al. (2009) examined
the return-generating process of REITs and showed that REIT returns become higher, or lower, when
investors are more optimistic or pessimistic. Das et al. (2015) supplement the earlier findings by
introducing institutional real estate investor sentiment as a non-fundamental component into REIT-
pricing.

Economists have proposed and tested a broad range of measures to proxy for market sentiment.
Firstly, there are indirect measures such as the closed-end fund discount (Clayton and MacKinnon,
2002; Barkham and Ward, 1999), the buy-sell-imbalance (Freybote and Seagraves, 2017) or
mortgage flows (Ling et al., 2014; Clayton et al., 2009). Secondly, direct measures as survey-based
proxies have been applied, such as the Real Estate Research Corporation sentiment measure (Das
et al., 2015; Freybote, 2016; Clayton et al., 2009), a quarterly survey of institutional investors, the
American Association of Institutional Investors Investor Sentiment Survey (AAIl) or the U.S. Investor
Intelligence sentiment indicator (Mathieu, 2016). With new possibilities opening up through
digitalization, new ways of capturing sentiment are being introduced. Recently, several attempts
have been made to use internet search volume data — Google Trends — to track investor sentiment,
e.g. one of the first research papers is Hohenstatt et al. (2011). Following on from that work, Rochdi
and Dietzel (2015) and Braun (2016) found that Google-augmented models improve the

predictability of REIT market movements and volatility.

However, many of the measures that are intended to indicate sentiment, are backward looking
because they simply report information about the past. Sentiment extracted from newspaper articles
focuses on published information in the past as well. However, there is a crucial difference:
newspaper articles not only reflect the past, but they do also discuss the implications from past
events or announcements on the future. Furthermore, there are newspaper articles in the form of
outlooks, forecasts or opinions about events in the future. Hence, market participants might get

affected in their beliefs, which might affect decisions accordingly.

Beyond that, traditional survey-based sentiment measures are labor-intensive, rarely available and
depend on the honesty of respondents. So far, there have been few empirical investigations using
new online text corpora and none at all in the field of REIT market movements. Consequently, this
paper seeks to go one step further and fill this knowledge gap by creating a media-expressed
sentiment that is captured from REIT-related newspaper articles by means of textual analysis. Hence,

in the following Section, research on textual analysis is reviewed.

2.2.2 Textual Analysis

Probably, Tetlock (2007) represents the pioneering paper applying textual analysis to capture
sentiment in the finance literature. Deploying the dictionary-based approach to capture sentiment

10



in Wall Street Journal's column Abreast of the Market, he found a significant relationship between
pessimism reflected in news and price changes of the Dow Jones Industrial Average Index, as well
as its trading volume. A number of researchers have used the dictionary-based approach, for
example Henry and Leone (2016), Feldman et al. (2010) or Davis et al. (2012). This approach can be
described as counting the number of positive and negative words in a text corpus according to a

chosen dictionary that contains words considered to carry sentiment.

Tetlock (2007) used the Harvard Gl word list, which subsequently became popular for further
language processing research (Tetlock et al., 2008; Kothari et al., 2009; Heston and Sinha, 2017).
For example, Kothari et al. (2009) employed the Harvard Gl word list to analyze firm-specific
disclosures, discovering that positive disclosures are followed by declining firm risk measures and
vice versa. Heston and Sinha (2017) made use of this dictionary, analyzing news articles, and found
that positive net sentiment for a specific firm (positive — negative frequency of words) is related to

future high returns of that company.

A further milestone in dictionary-based textual analysis was conducted by Loughran and McDonald
(2011), who demonstrated the relevancy of a domain-specific dictionary. They developed a financial-
dictionary which was later used by many other researchers, for example Boudoukh et al. (2013),
Jegadeesh and Wu (2013) or lately, Heston and Sinha (2017). Loughran and McDonald (2016)
highlight two main advantages of the dictionary-based approach relevant for this paper. The first
refers to subjectivity as a common problem within textual analysis. Once a dictionary-approach is
applied, subjective decisions by researchers are avoided, as the evaluation process is bound strictly
to the classifications within the dictionary. Second, and equally important for this research, the
method can be scaled to a large sample. In summary, the literature has studied three main sources
of digital information: public corporate disclosures/fillings, newspaper articles, internet messages as

blog posts, tweets or forum entries.

Recently, some first attempts in the context of real estate were conducted to examine the impact
of sentiment by analyzing text corpora. First, Walker (2014) found a significant positive relationship
between newspaper articles in the Financial Times and returns of listed companies engaged in the
UK housing market. Soo (2015) investigated the sentiment expressed in 37,500 local housing news
articles of 34 U.S. cities, in order to predict future house prices. She found that the measured
sentiment leads housing price movements by more than two years. In accordance with his earlier
findings, Walker (2016) subsequently analyzed the direct housing market in the UK, and ascertained

that news media granger-caused real house price changes from 1993 to 2008.

Based on the literature review and the highlighted research gap, this paper developed the following

hypotheses:

11



Hypothesis 1: Media-expressed sentiment affects future REIT market movements.
Hypothesis 2: A domain-specific dictionary creates more efficient sentiment scores.
Hypothesis 3: The incorporation of both positive and negative sentiment, creates a more

accurate measure than solely negative sentiment.

2.3 Dataset

For this paper, two different data-sets are relevant: (1) a text corpus consisting of news headlines
and (2) a U.S. REIT index, as well as economic time series. In order to analyze the impact of media-
expressed sentiment not solely for a specific market phase, an eleven year time period from
01/01/2005 to 12/31/2015 is considered. A monthly analysis is performed, to obtain a sufficient
amount of news containing sentiment per aggregation period. Furthermore, monthly frequency is

also chosen because some variables are not available at a higher frequency.

2.3.1 Text Corpus

Identifying the relevant information source — newspaper articles in this case — is essential for
performing a meaningful sentiment analysis. In this context, a news source is considered “relevant”,
if it has a significant readership by informed individuals or professional investors, who are expected
to influence REIT prices. Consequently, this paper captures real estate-related sentiment expressed
by the leading U.S. (financial) newspapers. In order to determine the relevance of a particular
newspaper, the following aspects were considered: firstly, news sources from research already
conducted in the literature (Wuthrich et al., 1998; Rachlin et al., 2007; Tetlock et al., 2008; Chatrath
et al., 2014). Secondly, the most popular and frequently visited newspaper websites were identified
using the Alexa' U.S. ranking. Thirdly, the REIT-related news coverage of each newspaper was

analyzed.

Consequently, the text corpus consists of news articles from the following four leading U.S.
newspapers: Bloomberg, The Financial Times, Forbes and The Wall Street Journal. Gathering articles
from multiple newspapers is advantageous, as it decreases the probability of obtaining biased
sentiment from one source. The next step is the detection of real estate-related news, and excluding

irrelevant news and noise. Therefore, specifically articles containing either the keywords “real

' www.alexa.com/about; Alexa offers a country-specific ranking, which measures the relative popularity of
websites in a particular country, combining a site’s average of daily unique visitors and its estimated number
of page views.
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estate” and/or "REIT” were retrieved from the digital archive of the respective news websites.? This
way, the data set includes news about the REIT market itself, as well as news about the underlying
asset of REITs, namely real estate. Furthermore, the data queries were limited geographically to U.S.
news. Overall, 124,685 news articles were collected. Furthermore, it is important to note that this
paper examines exclusively the headlines of the newspaper articles. This is in accordance with
Peramunetilleke and Wong (2002), who argued that news headlines are usually more straight-to-
the-point, more straightforward and contain fewer irrelevant words than full articles. Over the
eleven-year period, Bloomberg (34.7%) and The Wall Street Journal (29.86%) account for the largest
shares of real-estate-related news coverage, while The Financial Times and Forbes account for

22.57% and 13.43% of the data-set. On average, 945 headlines were published per month.

2.3.2 Time Series Variables

To analyze whether sentiment influences the aggregate U.S. securitized real estate market, the
FTSE/NAREIT All Equity REITs U.S. Total Return Index (REIT) is selected, due to its comprehensive
market coverage and long history. At the end of 2015, the index had a net market capitalization of
$937 billion, consisting of 166 constituents covering all property sectors. Monthly closing prices

were used to track the movements of the REIT index.

Besides media-expressed sentiment, this study controls for potential fundamental and economic
sources of variation in REIT market movements, according to the theory and previous empirical
evidence. The significance of media-expressed sentiment must be tested in a multivariate setting to
determine whether the created sentiment measures contribute independently to REIT returns, or
whether they are simply picking up the impact of other missing variables. First, as several studies
detect high correlations of REITs with common stocks (Clayton and MacKinnon, 2003; Schatz and
Sebastian, 2010; Hoesli and Oikarinen, 2012; Das et al., 2015; Mathieu, 2016), the S&P 500 Price
Index (SP500) controls for the U.S. stock market development. Second, the Aruoba-Diebold-Scotti
Business Conditions Index (ADSI) and the Disposable Income (DISPOSINC) are considered as proxies
for business conditions and the potential spending power of individuals. More precisely, the ADSI is
a measure of economic activity at high frequency, covering the term structure of interest rates,
defined by the spread between the 10-year and 3-month U.S. Treasury yields. In addition, it includes
labor market developments by considering initial claims for unemployment insurance and real GDP,
the latter representing general economic growth among others. To control for the direct commercial
real estate market, this paper uses the U.S. Costar Commercial Repeat-Sale Index (CCRSI), a

transaction-based index that is published monthly. Finally, the U.S. Consumer Confidence Index

2 www .bloomberg.com, www.ft.com, www forbes.com, www.wsj.com.
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(CONCON) is a survey which accounts for consumer attitude towards the general state of the

economy. All time series are derived from Thomson Reuters Eikon.

Table 1: Descriptive Statistics

Mean Median SD Min Max
REIT (%) 0.96 1.31 7.07 -31.67 31.02
SP500 (%) 0.51 1.07 4.21 -16.94 10.77
ADSI (%) -0.37 -0.18 0.84 -3.95 0.85
DISPOSINC (%) 0.32 0.37 0.87 -6.05 5.27
CCRSI (%) 0.14 0.49 1.37 -3.70 2.93
CONCON (%) 0.51 0.32 10.83 -36.81 51.67

Notes: This table reports descriptive statistics of the monthly variables. REIT is the growth rate of the NAREIT All Equity
total return index. SP500 is the growth rate of the S&P 500 Price Index. ADS/ is the first difference of the Aruoba-
Diebold-Scotti Business Conditions Index. DISPOSINC is the growth rate of the Disposable Income. CCRS/ is the growth
rate of the U.S. Costar Commercial Repeat-Sale Index. CONCON is the growth rate of the U.S. Consumer Confidence
Index. Percentages are expressed in decimal form. The sample period is from January 2005 to December 2015.

Table 1 provides descriptive statistics about the monthly REIT return data and the control variables.
Mean, median, standard deviation, minimum and maximum of levels are reported in decimal form.
Since the sample period covers part of a boom phase (2005/01 — 2007/06), the recent bust of the
bubble (2007/07 — 2009/01) and the subsequent recession (2009/02 — 2015/12), the total returns
of the securitized real estate market (REIT) show a wide range with extreme minimum (-31.67% )
and maximum (31.02%) values. The REIT market averages at a monthly return of 0.96%. All control

variables were transformed into growth rates to address non-stationarity issues.

2.4 Textual Analysis of News

2.4.1 Dictionary-based Approach

Applying the dictionary-based approach, the bag-of-words-technique is the basis for counting the
number of positive and negative words. This technique is described by Nassirtoussi et al. (2014) as
breaking the text corpora down into its individual words, meaning that the order and co-occurrence
of the resulting features are not considered. Subsequently, the number of positive and negative

words is summed for each text entity, delivering a sentiment score for each headline.

This paper uses two different dictionaries, first, the Harvard General Inquirer Word List and second,

the financial dictionary of Loughran and McDonald (2011), adjusted for real estate specifics.

Harvard General Inquirer Dictionary
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The established sociology and psychology dictionary Harvard General Inquirer (GI) Word List is a

merger of the Harvard-IV-4 and Lasswell dictionaries and is freely available to all.

The Harvard Gl word list assembles 182 categories in total, such as words referring pleasure, pain,
arousal or motivation-related words, such as need, goal, persist, and other categories such as words
of cognitive orientation. This paper focuses on the classification categories positive and negative,
which contain 1,915 words of positive and 2,291 words of negative outlook, before deleting
duplicates. The decision to focus solely on the categories positive and negative, is based on the
assumption that the allocation within these two categories is more precise and thus less error-prone

compared to other categories.
Real Estate Dictionary

Loughran and McDonald (2011) showed that dictionaries should be sector-specific in order to
classify text corpora successfully. Subsequently, many researchers have used the financial-language-
orientated dictionary of Loughran and McDonald. As REITs are a financial product, the financial
sector vocabulary is presumably applicable to the REIT context. Loughran and McDonald (2011)
published six word lists — negative, positive, uncertainty, litigious, strong modal and weak modal —
trying to capture the most likely interpretation of a word in a business context (McDonald, 2015).
This dictionary is also freely available.* The two main advantages of this dictionary are firstly, that
the words are selected based on financial communication from managers and secondly, they claim
to be quite comprehensive. For subsequent analysis, the positive (354 words) and negative (2,355)

word lists from Loughran and McDonald (2011) are used for the purpose of unambiguousness.

Following on from this, the financial dictionary was adapted to the context of real estate. First, the
dictionary was controlled for its accuracy in a real estate context. If the given classification was not
definite, words were deleted. Therefore, all words occurring more than 30 times within the
complete text corpora were analyzed. 43 out of 250 were found to have a rather different or unclear
classification within a real estate context, and were subsequently removed. Second, over 10,000
newspaper articles were analyzed manually regarding sentiment classification. Words appearing on
a regular basis and considered to convey a specific sentiment were added to the dictionary. In the
end, 199 words, which 62 were positive and 137 negative, are included in the dictionary. For
example, “bubble” can be listed as a real-estate-specific word; it became popular in a real estate

context during the recent financial crisis. Similarly, words like “crash” and “depression” were also

3 See http://www.wjh.harvard.edu/~inquirer/homecat.html.

4 See http://www.nd.edu/mcdonald/Word_Lists.html.
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included, since they are regarded as relevant, but missing in the financial dictionary. Ultimately, the

real estate dictionary contains 410 positive and 2,455 negative words.

2.4.2 Sentiment Measures

Applying the dictionary-based approach, positive words are counted as “+1” and negative words as
“-1", this facilitates calculating a sentiment score for each headline by summation. Negation is
considered in the following way: the value of a positive or negative annotated word is reversed,
multiplied by “-1”, if up to five words in front of the sentiment annotated word a negation word is
present. This paper uses the following words from Loughran and McDonald (2011) as negation
words: no, not, none, neither, never and nobody. The evaluation of the dictionary-based approach
is performed with RapidMiner Studio.> As a result, the predominantly represented sentiment in a
headline defines the final sentiment score of a headline. More precisely, each headline is translated
into a numerical sentiment value based on its overall classification: "1” if the headline is positive

"

(sentiment score > 1), “-1” if negative (sentiment score < -1), and “0” if neutral. Note, either of two
circumstances can cause a score of “0”. First, no positive or negative word was found in a headline
at all. Second, the number of positive and negative words is equal and hence, the scores neutralize

each other.

After assigning each news headline individually with a sentiment score, this paper deploys three
different ways of aggregating the scores into monthly sentiment measures: the Sentiment Quotient

Positive (SQ), the Negative Count (NCount) and the Positive Count (PCount).

Sentiment Measure 1: Sentiment Quotient (SQ)

NG fé i QeI QE Qi
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The SQ is a relative measure and considers headlines of both polarities, positive and negative,
inspired by a company, offering sentiment analysis products (yukkalab 2017). Hence, the SQ
indicates the degree of media optimism and pessimism for a given period, excluding all neutral
headlines. The SQ is defined as the ratio of the number of positive headlines to the number of
positive and negative headlines for a given period t. Consequently, one can easier identify whether
a period is relatively positive or negative. If the number of positive headlines exceeds the number of

negative ones, the SQ is greater than 0.5, indicating media optimism and vice versa.

®> RapidMiner Studio is a Data Science Software Platform available at: https://rapidminder.com/.
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In order to investigate the positive media sentiment and the negative media sentiment separately

from each other, the subsequent two measures are calculated.

Sentiment Measure 2: Negative Count (NCount)
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The NCount is based on the negativity bias, which states that human psychology is affected more
strongly by negative, rather than positive influences — even when the two are of equal intensity. The
NCount yields to quantify relative media-expressed pessimism. And is defined as the number of
negative headlines divided by the overall number of headlines for a given period t. This leads to the
NCount ranging from 0 to 1; if the relative number of negative headlines increases, the NCount

indicates increasing media pessimism.

To properly assess the relationship of media-expressed optimism and REIT returns, this paper deploys

the Positive Count (PCount) as the third sentiment measure:

Sentiment Measure 3: Positive Count (PCount)
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The PCount is defined as the number of positive headlines divided by the overall number of headlines
for a given period t. It ranges from 0 to 1 and increases with a relative increase in positive headlines

indicating increasing media optimism.

2.5 Relationship Between Real Estate Media Sentiment and REIT

Market Movements

2.5.1 Preliminary Analysis

Similarly to the findings of Walker (2014), who analyzed the relationship between the UK housing
market by means of 30,000 articles on local housing markets, the data of this paper shows an
increase in the number of topic-specific newspaper articles published over time. However, the
percentage of positive or negative news does not change. In 2005, the data set includes on average
about 450 published articles per month. Over time, the number grew to a monthly average of about

1,100 articles in 2015. The number of articles peaked in November 2010 at 1,653 articles. A possible
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explanation for the sharp increase in 2007 can be the increased media attention due to the
beginning of the U.S. subprime mortgage crisis, which led to the global financial crisis. Looking at
2010, a possible explanation is the enormous growth in web usage. In 2000, only 400 million users
were connected to the Internet, by 2005, the number grown to 1 billion and then doubled to 2

billion people by 2010 (Internet Live Stats, 2017).

Figure 1: RE Media Sentiment vs. REIT Total Return, 2005 — 2015
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Notes: This figure plots the FTSE/NAREIT All Equity REITs U.S. Total Return Index (REIT) against the 2-month moving average
of the Sentiment Quotient deploying the real estate dictionary (Real Estate Media Sentiment). The sample period is January
2005 to December 2015

Possibly, traditional journalism adapted by increasing the publication of digital news, as more people
consume news online. This is reflected in the data set by a rise of 67% in the average yearly news

coverage, when comparing the periods 2005 — 2009 and 2010 — 2015.

Figure 1 plots the sentiment quotient and the REIT total return index over the whole sample period.
This gives a first impression about their relationship. The graph suggests the media sentiment
measure to lead the REIT return index. For instance, the lowest value of the media sentiment can
be found in December 2008, while the lowest value of the REIT is in February 2009. Following, this

initial idea is assessed statistically in a vector autoregressive framework.

2.5.2 Empirical Analysis: Vector Autoregressive Model

The relationship between REIT market movements and media-expressed sentiment possibly faces a

so-called endogeneity problem. Similarly, macroeconomic variables often cannot be regarded as
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strictly exogenous. Furthermore, it is useful to investigate the additional explanatory power of the
sentiment indices for the REIT returns over time. Therefore, a vector autoregressive model (VAR) is
chosen. The dependent variables are each represented as a linear function of their own and each

other’s lagged values, plus potential exogenous control variables.

Accordingly, the REIT index and the respective media sentiment indices are included as endogenous
variables. To capture other potential sources of variation in REIT market movements, five different
variants of the model were run, controlling for different factors influencing the model at each pass.
The control variables described in Section 3.2 are supplemented by a dummy variable for the recent
financial crisis. The period is motivated by the findings of Walker (2016) and Brunnermeier (2009),
who chose July 2007 as the starting point of the financial crisis; consistently, the end of the crisis is

defined as January 2009.

An important assumption within the VAR framework is the stationarity of all variables. To test for
stationarity, the Augmented Dickey-Fuller and Philipps Perron unit root tests are employed. Results
from these tests suggest the use of first differences; all variables are found to be stationary in their

first differences or growth rates.

A crucial step in constructing a VAR model is the appropriate selection of the lag length. This
selection needs to be done with care, as it faces a trade-off; the curse of dimensionality reduces the
degrees of freedom on the one side, whereas choosing a lag length that is too short, fails to correctly
specify the model on the other side. To consider this trade-off, the Akaike Information Criterion
(AIC), the Schwarz Information Criterion and the Hanna-Quinn Information Criterion were chosen.
They are measurements that minimize the variance of the error terms by punishing at the same time

for included parameters to estimate.

The basic functional form VAR framework looks as follows:
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As all three information criterions suggest a lag length of four; both endogenous variables enter the
equation system with four lags: | = {1,..,4}. This is also confirmed by the likelihood ratio selection
criteria and the Akaike’s final prediction error. A and B represent the respective coefficient matrix
of the endogenous and exogenous variables. ut are the error terms in each equation. One of the

most important aspects is to test each model for autocorrelation. Each model output presented
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within this paper was tested for autocorrelation with the Autocorrelation LM Test and found not to

be autocorrelated.

2.5.3 Results of VAR Models

Real Estate Sentiment Quotient

To ensure the comparability of results, a model is developed by controlling for different factors
influencing REIT market movements at each pass. The analysis starts with the sentiment quotient,
which is calculated by using the real estate dictionary, SQ_RE. Table 2 contains the results of the
estimated VAR models. The main findings strongly imply a positive relationship between the
generated real estate sentiment quotient SQ_RE and future REIT prices, even after controlling for
common market factors. Considering the bigger picture, this means that media-expressed sentiment

exerts an influence on REIT market movements.

Model (1) analyses the endogenous variables and the general stock market (SP500) as a control
variable. Looking at the results, the SQ_RE exerts a statistically significant positive influence on three
and four-month-ahead REIT returns. This result is backed by the associated Granger causality, which
shows that the SQ_RE influences the REIT return movements, which is not already explained by the
past of the REIT itself. In addition, there is a significant relation between lagged REIT returns and
current period media sentiment. Hence, the relationship between media sentiment and REIT returns
is bi-directional. This is in accordance with the idea, that newspaper articles among others report
about past real estate events or performance. It would have been surprising to see the sentiment
decoupled from the REIT returns. According to expectations, the past REIT total return values (REIT:
2and REIT:.,) exert an explanatory power on the current values. This is also in line with expectations.

Hence, the results give an inherently consistent overall picture.

Extending the model with control variables for the general economy, adding the ADS/ and the
DISPOSINC, delivers consistent results (Model 2). Lags 3 and 4 of the SQ_RE remain statically
significant at the 5% level and the Granger causality is significant at a 5% level as well. Due to REIT
specific characteristics, the paper next controls for the direct real estate market by subsequently
including CCRSI COMM in the Model (3). The results hold at a 1% significance level of the SQ_RE:;
and SQ_RE.. Finally, the inclusion of a measure for consumer optimism or pessimism CONCON does
not render the SQ_RE insignificant. Model (4) is subsequently referred to in this paper as the main
model. The R-squared of 74.15% and the adjusted R-squared of 70.92% suggest that the main
model is well specified. The SQ_RE exhibits in all Models (1) — (4) a significant Granger causality at a
5% level. Likewise, the REIT returns granger-cause the media sentiment measure at a 10%
significance level in all model variations. That gives further proof of a robust relationship. In
conclusion, the above findings confirm Hypothesis 1 of a positive influence of the created real estate

20



news sentiment on future REIT prices. The results are consistent, independently of the order the
control variables are included in the model. An improvement in the goodness of fit is reported with
the adjusted R-squared increasing by including the control variables in Models (1) to (4). The
evidence found, shows that the created media sentiment measure contains not only information
already incorporated into prices or the control variables; otherwise the SQ_RE would not significantly
explain REIT returns. Taken together, sentiment extracted from newspaper articles enhances

information about REIT market movements.
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Table 2: VAR Results for Sentiment Quotient

Model (1) ) @)
REIT SQ_RE REIT SQ_RE REIT SQ RE REIT SQ RE

REIT ¢4 -0.0334  0.1323* -0.0490  0.1354* 0.0505  0.1377* -0.0957*  0.1385*

REIT ., -0.1127*  -0.0779 -0.1285**  -0.0757 -0.1326**  -0.0694 -0.1689***  -0.0687

REIT ¢5 -0.0306  -0.0135 -0.0185  -0.0203 -0.0161  -0.0161 0.0142 -0.0245

REIT ¢4 0.1546***  -0.1444* 0.1282**  -0.1483* 0.1306**  -0.1520**  0.1565%**  -0.1524*"

SQ_RE 0.0456 0.0677 0.0793 0.0860

SQ_RE vz 0.0871 0.0504 0.0679 0.0654

SQ_RE v 0.2421%* 0.1856** 0.1992%** 0.1727**

SQ_RE +4 0.1750%* 0.1840%** 0.1917** 0.1796***

SO X? (4) Joint  10.6987** 10.4938** 11.3741% 9.9092**

REIT X2 (4) Joint 8.1418* 8.7472* 9.2865* 8.3367*

C 0.0032 -0.0010 -0.0018 -0.0028

SP500 1.2088%** 1.1189%%* 1.1130%%* 1.9073%**

ADS! 0.0413%+ 0.0414%% 0.0342%*

DISPOSINC 1.5266*** 1.4328** 15187

CCRS! 0.4048 0.4692*

CONCON 0.1039***

CRISIS -0.007 0.0018 0.0062 0.0086

Adi R? 0.6218 0.6889 0.6919 0.7415

AIC -3.326 -3.507 -3.5100 -3.5608

Loglikelihood  222.2010 235.7215 236.8900 241.1106

Notes: The table shows the coefficients of the estimated VAR Models (1) - (4) with 4 lags. The lag length was based on AIC, BC and HQ criterion. REIT is
the NAREIT All Equity total return index. SQ is the Sentiment Quotient. RE stands for the usage of the real estate dictionary. ADS/ and CCRS/ are included
with a second lag, DISPOSINC with fourth and CONCON with a first lag. The regression is based on 127 monthly observations: January 2005 to December
2015. * denotes significance at the 10% level, ** at the 5% level and *** at the 1% level. Furthermore, granger causality x* with its p-probability is given.



A possible explanation for the time reference found, could be the opinion formation process. In
other words, the opinion of an individual might not change by simply reading one article
containing positive or negative sentiment about a specific topic. It can be assumed that it takes
some time, and further information, until an individual changes his/her opinion about a certain
topic. In addition, the reaction capability of REIT managers is bound to the real estate asset-
specific transaction period. Hence, the underlying asset allocation of REITs cannot be adapted
right away. Another explanation is the statement from Devos et al. (2013), that traditionally,
institutional investors which hold an increasing share of REITs, are both long-term and passive

investors.

Furthermore, the findings contribute to answering the question in REIT analysis “do REITs behave
more like real estate or equity investments?”, as investigated by Schatz and Sebastian (2010),
Hoesli and Moreno (2006) and Wang et al. (1995) among others. More precisely, the results of
this paper are consistent with Morawski et al. (2008), who found interdependencies between
REITs and the direct real estate market over the long-run. Accordingly, Wang et al. (1995) found
REIT stocks to have a significantly smaller turnover ratio, less financial analyst coverage and to

receive less attention from institutional investors.

Further Sentiment Measures

All models referred to in this section are based on the main model, adjusted each time by another
respective sentiment measure, see Table 3. The results of Model (4) are repeated in this table for
reasons of clarity and comprehensibility. First, the theory that market participants are affected
more strongly by negative than positive influences, because investors tend to be risk averse, is
tested. Initially, the idea of a media pessimism measure was investigated by Tetlock (2007), who
constructed a pessimism factor from the content of the WSJ column using the dictionary-based
approach. He found evidence for media pessimism predicting downward pressure on market
prices in future periods. Accordingly, the main model is consulted, simply substituting the
sentiment measure with the negative count based on the real estate dictionary, referred to as
NCount_RE. In accordance with Tetlock (2007), the results indicate a relationship between
pessimistic media sentiment and the U.S. REIT market. The first and the fourth lag of the
NCount_RE are statistically significant on the 10% and 5% level. Collectively, all four lags

significantly granger-cause REIT total returns.
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Table 3: VAR Results with Different Sentiment Measures

Model 4) (5) (6) (7) (8) ©)]

REIT SQ_RE RET  NCount RE RET  PCount RE RET  SQHAV REIT  NCount HAV REIT  PCount HAV
REIT 1 -0.0957* 0.1385* -0.0734  -0.0583* -0.1048*  0.0347 -0.0636  0.0886* -0.0635  -0.0336 -0.0733  0.0643**
REIT > -0.1689***  -0.0687 -0.1624*** 0.0097 -0.1723** -0.0252 -0.1831*** -0.0250 0.1684** -0.0015 -0.1943*** -0.0280
REIT 5 0.0142 -0.0245 0.0086  -0.0162 0.0211  -0.01763 00132 0.0497 0.0197  -0.0070 00221  0.0364
REIT 4 0.1565%*  -0.1524**  0.1552*** 0.1036*** 0.1726"**  -0.6681 01512 -0.0560 0.1553*** -0.0072 0.1517*  -0.0679***
Sentiment «1 0.0860 -0.2407* 0.2296 0.1347 -0.0450 0.3899**
Sentiment 1> 0.0654 0.0516 0.4402 0.0500 0.1951 0.2188
Sentiment v3 0.1727** -0.2080 0.8007** 0.1889* -0.2481 0.3366
Sentiment vs  0.1796*** -0.2806** 0.5102** 0.1942%* -0.2859* 0.1980
X2 (4)Joint  9.9092*  8.3367* 9.1851*  13.0666** 8.7063*  6.3746 7.0301  3.8530 43052 1.4497 6.8091  9.8284**
Control YES YES YES YES YES YES YES YES YES YES YES YES
Variables

Notes: The table shows the coefficients of the estimated VAR Models (4) - (9) with 4 lags. REIT is the NAREIT All Equity total return index. SQ is the Sentiment Quotient. PCount is the Positive
Count and NCount is the Negative Count. RE stands for the usage of the real estate dictionary, HAV for the usage of the Harvard Gl dictionary. All regressions were run with the total set of
control variables including: SP500, ADSI(-2), DISPOSINC(-4), CCRSI(-2), CONCON(-1) and dummy variable CRISIS. The regression is based on 127 observations from January 2005 to December
2015 on a monthly basis. * denotes significance at the 10% level, ** at the 5% level and *** at the 1% level. Furthermore, granger causality x* with its p-probability is given.



Furthermore, the relationship is bi-directional similarly to the results in Model (4) with the SQ_RE.
As can be seen in Table 3, the impact of the NCount_RE is slightly smaller than the impact of the
SQ_RE and less significant.

Next, the corresponding positive measure, the PCount_RE, solely focusing on positive assigned
newspaper articles is tested in Model (6). The PCount_RE exerts a statistically significant positive
influence on three and four-month-ahead REIT prices. Hence, the PCount_RE granger-causes REIT
return changes. Interestingly, the REIT does not granger-cause the PCount_RE. A possible theory is

that positive changes in REIT returns or positive events influencing REIT returns positively are not

focusing

analyze
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