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1. Introduction 

1.1 General Motivation 

Especially in times of great uncertainty, private and in-

stitutional investors are increasingly looking for invest-

ment opportunities that promise both safety and stabil-

ity. Oftentimes, investors strive to find stability in real 

estate markets. Real estate accounts for approximately 

80 % of tangible assets in Germany (Just et al., 2017), 

but even in the 21st century, real estate markets are still 

considered to be intransparent due to their heterogene-

ity, infrequent trading and information asymmetry. 

Thus, even with increasing digitalisation, the relevant 

information to make profound investment decisions is 

often unavailable in detail or with time-delays, espe-

cially regarding German real estate markets. As a re-

sult, prices in real estate markets do not fully reflect all 

information. 

Decades earlier, Black (1986) referred to this as ‘noise’, 

describing the uncertainty concerning future market 

movements which may lead to market inefficiencies. In 
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recent research, these factors have been linked to the 

concept of sentiment: the subjective judgements and 

behavioural characteristics of investors (Kearney and 

Liu, 2014). Baker and Wurgler (2007) state that there 

is no longer a question of whether investor sentiment 

affects prices, but how to measure investor sentiment 

and to quantify its effects. 

Attempts to measure sentiment in real estate markets 

have been conducted by surveys or indicators derived 

from capital market data (e.g., Clayton et al., 2008; Das 

et al., 2014; Marcato and Nanda, 2016; Freybote and 

Seagraves, 2017). However, these traditional measures 

are mainly past-oriented, data collection is time- and 

cost-intensive, and surveys can suffer from selection 

bias. Yet the exponential growth in computational 

power and qualitative data contained in digitally avail-

able texts opens up new opportunities for performing 

text-based sentiment analysis. As of yet, new and con-

tinuously improving methods in computational linguis-

tics are being developed and applied. Consequently, 
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textual analysis enables researchers to measure influen-

tial factors that have historically been difficult or im-

possible to replicate (Loughran and McDonald, 2020). 

In real estate literature, text-based sentiment analysis 

often comprises the measurement of the tonality of real 

estate-related texts in order to classify positive or neg-

ative sentiment (e.g., Doran et al., 2012; Walker, 2016; 

Nowak and Smith, 2017; Soo, 2018; Carstens and 

Freybote, 2021). However, reporting intensity on cer-

tain topics in the real estate sector may broaden the 

view of the role of sentiment. The concept of economic 

narratives, introduced by Shiller (2017), states that nar-

ratives can impact and shape economic outcomes. Eco-

nomic narratives that reach out to a lot of market par-

ticipants can affect their individual decision-making. In 

particular, the news media plays an important role in 

the dissemination of these narratives. Journalists have a 

key function: they view facts and provide filtered infor-

mation complemented by their own assessments. In a 

sense, they act as gatekeepers for information (White, 

1950). Hence, additional information from the news 
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media could be of value to investors but it is not trivial 

to derive the relevant information from a daily flow of 

news. 

Therefore, the aim of this dissertation is to extend the 

common measurement of text-based sentiment found in 

real estate literature not only by extracting the tonality, 

but also the reporting intensity of certain topics. Can the 

non-numeric information encoded in real estate-related 

news articles help to address intransparency and heter-

ogeneity across both space and time in real estate mar-

kets? 

Through the textual analysis of different German real 

estate news providers, two main indicators are ob-

tained: news coverage and news sentiment. Hence, the 

first paper establishes the methodological framework 

with which to measure news coverage and news senti-

ment by investigating news articles with respect to 

whether real estate-related trends underlie cyclicity 

over a reporting period of 20 years. The second study 

examines the relationship between news coverage or 
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news sentiment and total returns of the residential, of-

fice and retail asset class. Two trade and two daily 

newspapers are analysed to evaluate the quality of in-

formation that is provided for the targeted readership. 

Finally, the third paper focuses on the residential real 

estate market and investigates regional differences re-

lating to how frequently German cities are reported 

upon, whether there are periods of media optimism or 

pessimism and whether these indicators are linked to 

house price movements. 

 

1.2 Research Questions 

An overview of the subject matter and the research 

questions addressed in the three papers is provided in 

this section. The first paper of the dissertation builds the 

foundation for the following sections by developing the 

methodological framework to quantify the news cover-

age, on the one hand, and the news sentiment, on the 

other hand, from real estate-related texts. Hence, the 

first paper primarily demonstrates the potential of the 
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introduced approach, while this methodology is applied 

in paper 2 and 3, respectively. 

 

Paper 1 — Cyclicity of Real Estate-related Trends: 

Topic Modelling and Sentiment Analysis on Ger-

man Real Estate News 

 

Paper 1 identifies and analyses the news coverage and 

sentiment of real estate-related trends in Germany to in-

vestigate whether these two indicators underlie cy-

clicity over a period of 20 years. Almost 170,000 news-

paper articles provided by a major German real estate 

news provider are assigned to six trends through the in-

tegration of topic modelling and word embeddings into 

real estate analysis. Thereafter, a dictionary-based ap-

proach is applied using an industry-specific dictionary 

created by Ruscheinsky et al. (2018) to examine the 

level of optimistic or pessimistic language related to the 

trends. The research questions are as follows: 
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▪ Can the integration of topic modelling into real 

estate analysis contribute to the understanding 

of sentiment? 

▪ How has news coverage of these six major 

trends developed over time in terms of quanti-

tative media attention? 

▪ Are there differences in tonality regarding the 

articles of the six trends? 

▪ Does this tonality change over time? 

 

Paper 2 — Trade vs. Daily Press: 

The Role of News Coverage and Sentiment in Real 

Estate Market Analysis 

 

Paper 2 examines the relationship between news cover-

age or news sentiment and total returns of the three 

main asset classes. Three sentiment indicators for the 

residential, office and retail market are generated from 

almost 137,000 articles originating from two trade and 

two daily newspapers by means of computational lin-

guistic techniques including word embeddings, seeded 
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topic modelling and dictionary-based sentiment analy-

sis. Regarding this, the following research questions 

arise: 

▪ Are different types of newspapers equivalent 

sources of information? 

▪ Are there significant differences between news 

coverage and news sentiment obtained from ei-

ther trade newspapers or daily newspapers? 

▪ Is there a positive relationship between news 

coverage or news sentiment and the perfor-

mance for each asset class? 

▪ How do the different markets react in periods 

when both indicators are high or low? 

▪ Do news coverage and news sentiment have 

predictive power over future performance for 

each asset class? 
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Paper 3 — News Coverage vs. Sentiment:  

Evaluating German Residential Real Estate Mar-

kets 

 

Paper 3 investigates whether additional information 

quantified from the news flow, in particular reporting 

intensity, can help to increase transparency on housing 

markets. Hence, this paper examines the relationship 

between five different sentiment measures and residen-

tial real estate prices in Germany on a regional level. 

By means of natural language processing including 

word embeddings and a dictionary-based approach, al-

most 130,000 news articles are analysed regarding the 

seven largest cities in Germany. The research questions 

can be stated as follows: 

▪ Is there a relationship between news coverage 

or news sentiment and German residential prop-

erty prices? 

▪ Are there differences on a regional level? 

▪ Is there a causality flow from news coverage or 

news sentiment to changes in residential prop-

erty prices or vice versa? 
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▪ Are there differences regarding the markets for 

houses and condominiums? 

 

1.3 Submissions 

This section provides details of authorships, submis-

sion to journals and publication status in addition to the 

previous sections for the three papers comprising this 

dissertation. 

 

Paper 1 — Cyclicity of Real Estate-related Trends: 

Topic Modelling and Sentiment Analysis on Ger-

man Real Estate News 

 

Authors: 

Franziska Plößl, Tobias Just, Lino Wehrheim 

 

Submission: 

Journal: Journal of European Real Estate Research 

Submission Date: 12/28/2020 

Current Status: Accepted (05/25/2021) 
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Paper 2 — Trade vs. Daily Press: 

The Role of News Coverage and Sentiment in Real 

Estate Market Analysis 

 

Authors: 

Franziska Plößl, Nino Paulus, Tobias Just 

 

Submission: 

Journal: Journal of Property Research 

Submission Date: 07/18/2022 

Current Status: Under Review 

 

Paper 3 — News Coverage vs. Sentiment:  

Evaluating German Residential Real Estate Mar-

kets 

 

Authors: 

Franziska Plößl, Tobias Just 

 

Submission: 

Journal: International Journal of Housing Markets and 

Analysis 

Submission Date: 07/20/2022 

Current Status: Under Review  
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2. Cyclicity of Real Estate-related 

Trends: Topic Modelling and Sentiment 

Analysis on German Real Estate News 

2.1 Abstract 

Purpose — The purpose of this paper is to identify and 

analyse the news coverage and sentiment of real estate-

related trends in Germany. Trends are considered as be-

ing stable and long-term. If the news coverage and sen-

timent of trends underlies cyclicity, this could impact 

investors’ behaviour. For instance, in the case of in-

creased reporting on sustainability issues, investors 

may be inclined to invest more in sustainable buildings, 

assuming that this is of growing importance to their cli-

ents. Hence, investors could expect higher returns when 

a trend topic goes viral. 

Design/methodology/approach — With the help of 

topic modelling, incorporating seed words partially 

generated via word embeddings, almost 170,000 news-

paper articles published between 1999 and 2019 by a 

major German real estate news provider are analysed 
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and assigned to real estate-related trends. This dataset 

is then analysed based on whether the tone of the news 

coverage of a specific trend is subject to change. 

Findings — The articles concerning urbanisation and 

globalisation account for the largest shares of reporting. 

However, the shares are subject to change over time, 

both in terms of news coverage and sentiment. In par-

ticular, the topic of sustainability illustrates a clearly in-

creasing trend with cyclical movements throughout the 

examined period. Overall, the digitalisation trend has a 

highly positive connotation within the analysed arti-

cles, while regulation displays the most negative senti-

ment. 

Originality — To the best of the authors’ knowledge, 

this is the first application to explore German real es-

tate-newspaper articles regarding the methodologies of 

word representation and seeded topic modelling. The 

integration of topic modelling into real estate analysis 

provides a means through which to extract information 

in a standardised and replicable way. The methodology 

can be applied to several further fields like analysing 
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market reports, company statements or social media 

comments on real estate topics. Finally, this is also the 

first study to measure the cyclicity of real estate-related 

trends by means of textual analysis. 

Keywords — Trend Analysis, Textual Analysis, Word 

Embeddings, Topic Modelling, Sentiment Analysis, 

Machine Learning. 

 

2.2 Introduction 

According to Black, the effects of noise on our views 

of the world are profound. Noise implies uncertainty 

about future market movements which generates or am-

plifies market inefficiencies and thus enables trading in 

financial markets (Black, 1986). In the last few years, 

both a semantic and a conceptual shift have been at-

tributed to the concept of noise. What Black laconically 

described as ‘noise’ more than 30 years ago is consid-

ered rather a sentiment today which can be described as 

being an investor’s soft interpretation of different quan-

titative and qualitative information sets. Now there is 

ample evidence that sentiment has a profound impact 
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on decisions and therefore on market developments 

(e.g., Tetlock, 2007; Ferguson et al., 2015; Liu, 2015). 

Understanding the shift factors for investor sentiment 

can be conducive to the development of more reliable 

analyses and forecasts of market indicators compared 

with simply considering quantitative indicators. 

The concept of sentiment is related to Robert Shiller’s 

idea of economic narratives (Shiller, 2017), as an eco-

nomic narrative is the attempt to interpret a vast and 

vague set of rather qualitative information. Shiller ar-

gues that popular stories, with narratives reaching out 

to a large number of people, shape economic outcomes 

as they influence individual decision-making. These 

narratives do not need to be validated in a higher scien-

tific sense; it suffices for them to possess mass appeal. 

As journalists are gatekeepers of information, both their 

selection and interpretation of news can lead to the 

rapid distribution of narratives. Hence, it is important 

to understand movements in these interpretations and 

representations by journalists. Or, as White describes it, 

“…that in his position as a ‘gate keeper’ the newspaper 
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editor sees to it (…) that the community shall hear as a 

fact only those events which the newsman, as the rep-

resentative of his culture, believes to be true.” (White, 

1950, p. 390). With respect to real estate markets, 

Shiller illustrates his point by referring to historical 

cases, in which the stories of ever-increasing housing 

or land prices have enticed people towards imprudent 

investment decisions leading to speculative bubbles. 

These narratives typically comprise two different ele-

ments: First, it is important to understand the selection 

and frequency of a specific topic or narrative within the 

news flow. Second, the tonality of this topic is also im-

portant. The ability to quantify both the intensity and 

tonality of how a topic is reported can subsequently 

help the estimation of potential sentiment formation 

patterns on the news recipients’ part. 

This duality is explicitly acknowledged in the method-

ological framework of this paper by combining both 

textual sentiment-analysis and topic modelling. The 

study therefore contributes to the growing literature 

which focusses on textual sentiment and, with methods 
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developed in the field of natural language processing 

and computational linguistics, it is possible to broaden 

the view of the role of sentiment. This is included 

through automated topic analysis, which serves to iden-

tify topics that occur in a text corpus. In this vein, an in-

depth analysis of several major narratives is performed 

— or real estate-related trends in the case of German 

real estate-news. 

Identifying a relevant trend is not trivial. In scientific 

analysis, a megatrend is defined as being a long-term 

development that has started in the past and is expected 

to continue for several years to come. Megatrends have 

a significant impact on the economy, society or the en-

vironment, and cannot be influenced by individuals 

(Naisbitt, 1982; Groddeck and Schwarz, 2013). For real 

estate markets, many trends have been hitherto ana-

lysed (e.g., Zeitner and Peyinghaus, 2014; Saiz and Sal-

azar, 2017). While any of these trends consists of sev-

eral sub-trends (Vejlgaard, 2008), this article will focus 

on the broader concepts that are likely to be deemed 
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relevant to real estate professionals. Therefore, the se-

lection of real estate-related trends in this article fol-

lows Pfnür and Wagner (2020), who, by means of a 

comprehensive survey among 249 German real estate 

professionals, have isolated the six major trends most 

important to the German real estate industry. These six 

trends are globalisation, socio-demographic change, ur-

banisation, sustainability, digitalisation and changes in 

regulatory environment. 

This selection is supported by the broad spectrum of lit-

erature on the impacts of any of these trends on real es-

tate markets. There are many studies which focus on the 

impacts of globalisation (e.g., Currit and Easterling, 

2009; Falkenbach and Toivonen, 2010), demographic 

change (e.g., Poterba, 2001; Brounen and Eichholtz, 

2004; Just, 2013), urbanisation (e.g., Zhang, 2001; 

Bart, 2010), sustainability (e.g., Fuerst and McAllister, 

2011; Toivonen and Viitanen, 2016) and digitalisation 

(e.g., Staub et al., 2016; Moring et al., 2018). 
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Every news article published between 1999 and 2019 

in Immobilien Zeitung (IZ), a leading real estate news-

paper for the German market, has been studied with a 

focus on these six trends, both in terms of news cover-

age and sentiment. For the given text corpus, the fol-

lowing questions are addressed: How has news cover-

age of these six major trends developed over time in 

terms of quantitative media attention? Is there a differ-

ence in tonality in articles between the six trends? Does 

this tonality change over time? Answers to these ques-

tions add to the understanding of how investor senti-

ment in real estate markets is emerging and changing 

over time, and how quickly and strongly a long-term 

narrative changes over time. The methodology to an-

swer these questions presented in this paper extracts in-

formation from text in a standardised and replicable 

way. In future research, this methodology can be ap-

plied to a variety of research questions in the real estate 

industry using a broader set of text corpora. 

The paper is organised as follows: Section 2.3 summa-

rises the literature on topic modelling and sentiment 
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analysis. The dataset is presented in section 2.4. In or-

der to assign newspaper articles to the trends, the 

method of topic modelling with integrated seed words 

(section 2.5.2), partially generated via word embed-

dings (section 2.5.1), is presented. To examine trend-

specific sentiment, a polarity score-based sentiment 

measure is provided (section 2.5.3). Section 2.6 shows 

the results with section 2.7 concluding and discussing 

the implications of the findings for the industry. 

 

2.3 Literature Review 

Topic modelling primarily concerns the derivation of 

underlying common topics — in this case real estate-

related trends — from large bodies of unstructured tex-

tual data. This methodology for content analysis has 

been applied in different fields such as social media an-

alytics (e.g., Zhao et al., 2011; Ghosh and Guha, 2013; 

Nordheim et al., 2018) or finance (e.g., Nguyen and 

Shirai, 2015; Cerchiello and Nicola, 2018; Aziz et al., 

2019). The most common model, named Latent Di-
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richlet Allocation (LDA) (Blei et al., 2003), or exten-

sions such as the Structural Topic Model (STM) (Rob-

erts et al., 2013), are mainly used where LDA is a gen-

erative probabilistic model for collections of discrete 

data such as text corpora. However, there is only a lim-

ited amount of academic research which applies to 

topic models in the context of real estate market analy-

sis. Winson-Geideman and Evangelopoulos (2013) 

used Latent Semantic Analyses (LSA) to structure the 

body of published research within four real estate-re-

lated journals over a period of almost 40 years. They 

utilised Singular Value Decomposition to extract so-

cially constructed components of meaning. In addition, 

Evangelopoulos et al. (2015) presented methods and 

applications of LSA in order to investigate unstructured 

data in real estate research. Koelbl et al. (2020) applied 

STM to determine risk-factor topics discussed in the 10-

K filings of US REITs and examined whether and how 

these topics affect the risk perceptions of investors. 



Cyclicity of Real Estate-related Trends: Topic 

Modelling and Sentiment Analysis on German Real 

Estate News 

26 

Even now, there remains a lack of applications explor-

ing real estate-related text corpora, such as news, espe-

cially for the German-speaking regions. 

While topic modelling is still in its infancy in the field 

of real estate analysis, there is a rapidly growing body 

of literature on how to use textual analysis for measur-

ing sentiment. Traditionally, investor sentiment has 

been measured by surveys or indicators derived from 

capital market data (e.g., Das et al., 2014; Freybote, 

2016). Survey data usually suffers from selection bias 

and the problem that interviewees lack both any incen-

tive or ability to reveal their true preferences. Sentiment 

derived from capital market indicators overstretches the 

concept of sentiment as it is difficult to disentangle the 

relative impact of soft and hard data. Thus, researchers 

have explored indirect measures of sentiment in real be-

haviour and text, i.e., in internet search volumes (e.g., 

Hohenstatt et al., 2011; Beracha and Wintoki, 2013) 

and through the examination of the potential tonality of 

texts. The latter is governed by two basic approaches. 

It can be performed either by using classifications 
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through machine learning (e.g., Li, 2010; Hausler et al., 

2018) or by using appropriate dictionaries. The diction-

ary-based approach refers to word lists which contain a 

sentiment category for each word, which tend to be ei-

ther positive or negative in the majority of the studies 

(Feldman, 2013). A series of papers followed the sem-

inal work by Tetlock (2007), who established this ap-

proach in the field of finance (for an overview, see 

Kearney and Liu, 2014). By building on a simple dic-

tionary-based approach, Tetlock showed that media 

pessimism in articles of the Wall Street Journal column 

could help to predict downward pressure on stock mar-

ket prices. In the real estate literature, this approach has 

been applied by Doran et al. (2012), who found that the 

tone of quarterly-earnings conference calls for publicly 

traded REITs has significant explanatory power for 

contemporaneous stock prices. Walker (2016) also in-

vestigated the relationship between the news media and 

shares of companies engaged in the housing market. 

Nowak and Smith (2017) ascertained that the com-

ments section of the MLS listings provides information 
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which improves the performance of hedonic pricing-es-

timates. Soo (2018) demonstrated that housing media 

sentiment has significant predictive power for future 

house prices which lead by nearly two years. Likewise, 

Ruscheinsky et al. (2018b) found a leading relationship 

between media sentiment and future REIT market 

movements. Moreover, Koelbl (2020) detected that 

higher levels of pessimistic (optimistic) language in the 

Management Discussion and Analysis of US REITs 

predict lower (higher) future firm performance. The 

first application of text-based sentiment analysis which 

focusses on the German real estate market was con-

ducted by Ruscheinsky et al., (2018a) through the de-

velopment of a domain-specific dictionary. This study 

also revealed a significant relationship between the ex-

tracted sentiment and the development of German resi-

dential real estate prices. 

 

2.4 Data 

The dataset for the textual analysis in this study con-

tains all articles of the IZ published between January 
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1999 and December 2019. This news provider is cho-

sen due to its ranking as one of the leading German real 

estate-related newspapers and the fact that its large dig-

ital archive covers a long time period. The IZ was 

founded in 1993 with a current circulation of 9,776 

weekly issues (Q2-2020), a majority of 8,674 being 

sold to subscribers.1 Moreover, the online visits aver-

aged almost 850,000 per month in 2019.2 

Pre-processing of the data involves the removal of 

punctuation marks, numbers, non-alphabetical and spe-

cial characters and stop words. ‘Stop words’ relate to 

frequently occurring words which have no relevance to 

the content of a text such as ‘the’ or ‘and’. For this large 

text corpus, a general German stop word list is extended 

by frequent words in the real estate industry-context. 

More than 2,000 stop words are excluded from this 

analysis. Furthermore, illustrations, tables, English ar-

ticles and editorial shortcuts are also excluded. The data 

is tokenised for the ensuing tasks. This process divides 

 

1 See https://cdn.iz.de/media/documents/iz-digital2020-de-v1.pdf. 
2 See https://www.immobilien-zeitung.de/mediadaten. 
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text into units (tokens) such as phrases, words and other 

meaningful entities. In this case, the text corpus is seg-

mented by words. 

The final dataset contains 168,012 articles with approx-

imately 38 million words in total. The articles manifest 

a median length of 128 words, ranging from 35 to 4,253 

words per article. Accordingly, due to its relatively 

short articles, the IZ provides compact industry-related 

news. Throughout the period covered in this paper, the 

IZ has increased in size: In 1999, the number of pub-

lished articles amounted to 616 per quarter, which in-

creased to 3,141 in 2019. 

 

2.5 Methodology 

2.5.1 Global Vectors Model 

Apart from the numbers of topics, most topic model al-

gorithms, such as LDA, extract topics without any prior 

specification by the researcher. This feature is a major 

advantage if the aim is to explore unknown texts. In this 

study though, the topics are known in advance, i.e., the 

six trends. As a consequence, an extension of LDA is 
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applied, namely the seeded LDA model by Jagarlamudi 

et al. (2012), which allows the model to create topics 

around certain seed words provided by the researcher 

(see below). 

Accordingly, the first step in the analysis consists of 

creating a list of appropriate seed words for each trend. 

Watanabe and Zhou (2020) argue that seed words 

should be both knowledge-based and frequency-based. 

However, King et al. (2017) demonstrate that even ex-

pert humans perform poorly and are unreliable regard-

ing seed word-selection. Therefore, a word embed-

dings-approach, the Global Vector model (GloVe) in-

troduced by Pennington et al. (2014) is applied as this 

method can be used to identify relationships between 

words such as synonyms. Given a text corpus of two 

sentences: ‘Company X bought a property in London.’ 

and ‘Corporation Y purchased a building in Berlin.’, 

the algorithm can detect for example the tokens ‘prop-

erty’ and ‘building’ or ‘bought’ and ‘purchased’ etc. for 

word representation. Thus, for each trend proper seed 
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words will be extracted from the newspaper articles by 

means of the GloVe model. 

This unsupervised learning algorithm combines the ad-

vantages of global matrix factorisation and local con-

text window methods to generate vectors for word rep-

resentations. Matrix factorisation methods on the one 

hand decompose large matrices which capture statisti-

cal information of a text corpus and generate word rep-

resentations of lower dimensional latent space in order 

to reduce computation time. While the concept of con-

text window methods on the other hand is to predict lin-

guistic patterns as linear relationships between the 

word vectors based on local context windows and per-

form better on word analogy tasks. Therefore, training 

of the GloVe algorithm is conducted on the basis of 

only non-zero elements in a global word-word co-oc-

currence statistic X, rather than on the entire sparse ma-

trix or the local context windows within a large text cor-

pus. Thus, the model generates a vector space of mean-

ingful substructures. The objective function J of the 
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weighted least squares regression model is specified as 

follows: 

𝐽 =  ∑ 𝑓(𝑋𝑖𝑗)(𝑤𝑖
𝑇 �̃�𝑗 +  𝑏𝑖 + �̃�𝑗 − 𝑙𝑜𝑔𝑋𝑖𝑗)

2

𝑉

𝑖,𝑗=1

 (2.1) 

 

where V is the size of vocabulary; 𝑋𝑖𝑗 lists the number 

of times word j occurs in the context of word i; 𝑤 (�̃�) 

represents the word vector for a main (context) word 

and b (�̃�) describes the scalar biases for main (context) 

words; 𝑤𝑇 indicates a transposed word vector. As word 

pairs exhibit different occurrence frequencies in the 

text corpus, a weighting function readjusts the cost for 

each word pair to prevent learning simple common 

word pairs. Given a co-occurrence count higher or 

equal to a certain threshold, the weight is set to 1. Oth-

erwise, the weight is based on the co-occurrence count 

(see Pennington et al. (2014) for detailed description). 

Lastly, the learning algorithm draws word vectors that 

are similar to the word vectors of the trends to be ex-

amined within the given text corpus. 
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2.5.2 Seeded LDA Model 

In a second step, the seeded LDA model by Jagarlamudi 

et al. (2012) is used for topic classification of the news-

paper articles as mentioned above. This seeding ap-

proach, combined with interactive topic modelling, fos-

ters the examination of the text corpus while simultane-

ously guiding the topic discovery by prior selection of 

seed words. News coverage per trend can be calculated 

subsequently. In contrast to the traditional LDA model, 

the seeded LDA model improves topic-word and docu-

ment-topic distribution through the use of seed words 

s, which means that the definition of each topic k as a 

Dirichlet-multinomial distribution is extended to a mix-

ture of two distributions, where the parameter 𝜋 con-

trols the probability of drawing a word from the regular 

topic distribution ϕ
𝑘
𝑟
 versus the seed topic distribution 

ϕ
𝑘
𝑠
. The generative story of the seeded LDA model is 

given by Jagarlamudi et al. (2012) as follows: 
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1. For each k = 1· · · T, 

(a) Choose regular topic ϕ
𝑘
𝑟
 ∼ Dirichlet(𝛽𝑟) 

(b) Choose seed topic ϕ
𝑘
𝑠
 ∼ Dirichlet(𝛽𝑠) 

(c) Choose 𝜋𝑘 ∼ Beta(1, 1) 

2. For each seed set s = 1· · · S, 

(a) Choose group-topic distribution ψ
𝑠
 ∼ Dirichlet(α) 

3. For each document d, 

(a) Choose a binary vector �⃗�  of length S 

(b) Choose a document-group distribution ζ
𝑑∼ Di-

richlet(𝜏�⃗� ) 

(c) Choose a group variable g ∼ Multinomial(ζ
𝑑

) 

(d) Choose 𝜃𝑑∼ Dirichlet(ψ
𝑔

) // of length T 

(e) For each token i = 1 · · · 𝑁𝑑: 

i. Select a topic 𝑧𝑖 ∼ Multinomial(𝜃𝑑) 

ii. Select an indicator 𝑥𝑖 ∼ Bernoulli(𝜋𝑧𝑖
) 

iii. if 𝑥𝑖 is 0 

• Select a word 𝑤𝑖  ∼ Multinomial(ϕ
𝑧𝑖

𝑟
) 

iv. if 𝑥𝑖 is 1 

• Select a word 𝑤𝑖  ∼ Multinomial(ϕ
𝑧𝑖

𝑠
) 

 

where T is the number of topics; S represents the num-

ber of seed sets; 𝑁𝑑  illustrates a token; d stands for a 

document; w is the observed word; z denotes the topic 
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assignment; x (�⃗� ) indicates a binary variable (vector); g 

is a group variable; ψ means the group-topic distribu-

tion; 𝜃 (ζ) describes the document-topic (document-

group) distribution and α, β, τ are hyperparameters that 

are used to control the learning process (see Seeded 

LDA Model in the appendix for detailed description). 

By conducting the described model, the suitability of 

the seeded topic modelling-approach is in terms of ex-

tracting the news coverage of trends from real estate-

related news as well as the variability of news coverage 

over time will be tested. 

 

2.5.3 Unbounded Polarity Score 

In order to measure the news sentiment in a third step, 

the dictionary-based approach is chosen for three rea-

sons. Firstly, it reduces the subjectivity of researcher 

decisions, secondly the methodology is scalable and 

lastly it can be easily replicated (Loughran and McDon-

ald, 2016). The calculation of a polarity score at docu-

ment level requires two dictionaries: one dictionary 
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which classifies words as being either positive or nega-

tive (polarity) and another dictionary which contains 

valence shifters (negators, amplifiers, de-amplifiers 

and adversative conjunctions). These valence shifters 

can strengthen, weaken or even flip a word’s prior po-

larity. To cite an example, the word ‘good’ exhibits a 

prior polarity of +1, which would be changed to -1 if 

preceded by ‘not’ or increased if preceded by ‘very’. 

Therefore, each document is broken into an ordered set 

of words, and the tonality of an overall document is de-

noted by the weighted polarity of the words contained. 

The equation used by the algorithm is given by Rinker 

(2019) as follows: 

 

𝛿 =  
𝑐𝑖,𝑗
′

√𝑤𝑖, 𝑗𝑛

 (2.2) 

 

where 𝛿 represents the unbounded polarity score; 𝑐𝑖,𝑗
′  

indicates the summed weighted context clusters around 

the polarised words and 𝑤𝑖, 𝑗𝑛 is the word count (see 

Unbounded Polarity Score in the appendix for detailed 

description). 
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By assigning a polarity value to each newspaper article, 

the suitability of the sentiment analysis for classifying 

the given trends as optimistic or pessimistic based on 

real estate-related news as well as the variability of the 

news sentiment over time will be investigated. 

 

2.6 Results 

2.6.1 Global Vectors Model  

For the seed word selection, the GloVe model generates 

word representations of the six trends on the basis of 

the given text corpus, presented in table 2.1. All results 

in this paper were estimated in German and have been 

translated. Expressions consisting of two or more 

words in English appeared as single words in German. 
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Table 2.1 Word Representations of Trends 

Trend Word Vectors 

Globalisation internationalisation [0.343]; urbanisation [0.263]; 

global [0.251]; digitalisation [0.247]; professionalisa-

tion [0.246]; uncertainty [0.237]; capital markets 

[0.232]; harmonisation [0.232]; diversification 

[0.223]; recession [0.219] 

Demography demographic [0.365]; depopulation [0.323]; immigra-

tion [0.309]; housing demand [0.299]; housing condi-

tions [0.253]; population ageing [0.249]; societal 

[0.246]; change [0.252]; population [0.226]; provision 

for old age [0.213] 

Urbanisation population growth [0.304]; urban sprawl [0.275]; rent 

growth [0.274]; rural depopulation [0.248]; rent in-

crease [0.245]; shortage [0.245]; influx [0.234]; up-

heaval [0.232]; urbanity [0.231]; housing shortage 

[0.226] 

Sustainability sustainable [0.581]; energy efficiency [0.482]; ecolog-

ical [0.473]; green [0.460]; certification [0.438]; cost-

effectiveness [0.437]; criteria [0.425]; dgnb [0.387]; 

standards [0.382]; climate protection [0.358] 

Digitalisation digital [0.560]; innovations [0.452]; process [0.450]; 

ecommerce [0.445]; solutions [0.436]; business mod-

els [0.397]; technologies [0.384]; challenges [0.380]; 

transformation [0.374]; proptechs [0.339] 

Regulation capital investment code [0.410]; regulations [0.409]; 

introduction by law [0.392]; bafin (German Federal 

Financial Services Regulatory Authority) [0.367]; 

transparency [0.353]; policies [0.337]; legislator 

[0.303]; tightening of the law [0.440]; organisations 

[0.295] 

Notes: Table 2.1 displays results of the GloVe model with 10 word 

vectors representing the one for each trend. The degree of similar-

ity measured as a percentage is shown in brackets. 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 
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For instance, the word vector ‘internationalisation’ pro-

vides the highest correspondence level of 34.3 % for 

‘globalisation’. For the vector ‘sustainability’, for ex-

ample, ‘sustainable’ (58.1 %) and ‘energy efficiency’ 

(48.2 %) possess high levels of similarity. Word repre-

sentations for ‘digitalisation’ are given by ‘digital’ 

(56.0 %), ‘innovations’ (45.2 %) and ‘process’ (45.0 

%). Selecting reliable seed words in order to perform 

the following task of seeded topic modelling results in 

more than 50 seed words for each trend (see table 2.6 

in the appendix). 

 

2.6.2 Seeded LDA Model 

By using the created seed word dictionary, each article 

is assigned to the most likely topic/trend by the algo-

rithm. Table 2.2 provides the most probable words 

which appear in the text corpus for each trend. One ad-

ditional topic is created during this process containing 

all articles (15.2 %) that could not be assigned to any of 

these trends. Thus, the process implies that articles can-

not be assigned to more than one trend. 
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Table 2.2 Description of Seeded Topics 

Trend Most probable Words 

Globalisation funds [17,800]; asset [10,051]; real estate-funds 

[7,952]; portfolio [8,516]; investor [5,859]; europe 

[7,431]; equity [5,280]; volume [5,536]; global 

[3,212]; portfolios [3,791] 

Demography cities [6,685]; region [5,663]; stock [7,946]; decrease 

[3,616]; trend [3,596]; growth [4,521]; returns 

[2,645]; regions [2,591]; investments [5,677]; inhabit-

ants [2,909]  

Urbanisation city [22,339]; areal [9,757]; district [7,441]; area 

[6,457]; district development [5,168]; old [5,518]; city 

centre [7,301]; plan [5,032]; centre [4,486]; city (the 

word city is also used in German) [8,071] 

Sustainability facility management [2,877]; facility [3,926]; service 

provider [4,306]; international [6,680]; headquarters 

[5,296]; services [3,557]; energy [2,433]; asset 

[10,051]; industry [2,930]; technical [3,023] 

Digitalisation online [3,559]; data [3,175]; internet [2,940]; secure 

[4,207]; information [6,042]; success [3,776]; system 

[1,645]; quality [4,093]; platform [1,783]; solutions 

[1,924] 

Regulation federal court [1,892]; policies [3,690]; municipality 

[3,387]; judgement [3,186]; spd (German party) 

[3,184]; contract [5,185]; cooperative building com-

pany [3,548]; principal [2,076]; federal government 

[2,431]; organization [3,012] 

Notes: Table 2.2 displays results of the seeded LDA model with 10 

most probable words per trend. The general frequency of the words 

in the text corpus is shown in brackets. 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 
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From 1999 to 2019, the trend urbanisation is the most 

frequently reported upon, accounting for 19.22 % of the 

text corpus. This topic is dominated by words relating 

to urban development such as ‘city’, ‘areal’ or ‘district 

development’. The trend globalisation also comprises 

almost a fifth of all articles (19.04 %) and is character-

ised by ‘funds’, ‘asset’ or ‘portfolio’. With 16.17 % of 

the articles, sustainability is the third most reported 

upon trend. Articles relating to demographic change ac-

count for 11.29 % of the dataset while the model attrib-

utes 10.32 % of the articles to regulation. With only 

8.60 % of the articles, the trend digitalisation is the least 

reported. 
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Figure 2.1 Article Shares over Time (1) 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

 

Figures 2.1 and 2.2 show the development of the article 

shares on a quarterly basis. Hence, in relative terms, a 

strong upward trend can be seen over time, especially 

for articles on sustainability issues. The news coverage 

of urbanisation accounts for a high proportion of the 

text corpus throughout the entire period, whereas the 

shares for demography and regulation are declining. 

Reports on globalisation demonstrated an upward trend 

until the financial crisis; since then, reporting has been 

significantly less frequent. At the time of the dotcom 
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bubble, articles relating to digitalisation were fre-

quently published, but reporting on this topic has re-

mained at a relatively low level in subsequent years. 

Remarkably, this also remains valid for the very recent 

past.  

 

Figure 2.2 Article Shares over Time (2) 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

 

Nevertheless, the results show (short-term) fluctuations 

in the news coverage, varying in intensity for the indi-

vidual trends. Therefore, the key descriptive statistics 

of the article shares on a quarterly basis are provided in 

table 2.3. The standard deviation (SD), as well as the 
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amplitude (ampl), measured as being the difference be-

tween the highest and lowest share for each trend, are 

strongest for globalisation (SD: 0.0357; ampl: 15.42) 

and sustainability (SD: 0.0303; ampl: 15.36), whereas 

this difference is weakest for urbanisation (SD: 0.0165; 

ampl: 7.64). For comparison, the topic containing all 

other articles is characterised by a high standard devia-

tion as well. The statistics imply that sustainable topics 

are discussed more frequently during some periods and 

significantly less in others, while the news flow on ur-

banisation is significantly more stable throughout the 

entire period covered. In the case of globalisation, for 

example, the sharpest decline within a year can be seen 

from 2008 to 2009 after the financial crisis, while the 

strongest increase in sustainable topics can be found 

from 2002 to 2003 following the introduction of the 

German Energy Saving Regulation. 
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Table 2.3 Descriptive Statistics of Article Shares 

over Time 

Trend SD Amplitude Min Max 

Globalisation 0.0357 15.42 11.38 % 26.80 % 

Demography 0.0303 13.29 7.43 % 20.71 % 

Urbanisation 0.0165 7.64 14.36 % 22.00 % 

Sustainability 0.0374 15.63 6.72 % 22.36 % 

Digitalisation 0.0244 10.99 5.18 % 16.17 % 

Regulation 0.0259 11.96 6.94 % 18.90 % 

Other 0.0357 14.19 7.41 % 21.60 % 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

 

In a next step, the generated time series has been de-

composed into trend, seasonal and remainder compo-

nents using the Seasonal-Trend Decomposition Proce-

dure based on Loess in order to consider seasonal ef-

fects (Cleveland et al., 1990). This method is applied as 

any type of seasonality can be handled and the seasonal 

component is allowed to change over time. After ex-

cluding the seasonal and remainder component, the re-

sults are confirmed as the highest standard deviations 

are given by sustainability (SD: 0.0361), globalisation 

(SD: 0.0326) and demography (SD: 0.0270), followed 
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by regulation, digitalisation and urbanisation. Thus, 

there are longer-term shifts in reporting on some of the 

underlying trends and not only seasonal effects. Figure 

2.3 illustrates the decomposed time series for globali-

sation. 

 

Figure 2.3 Article Share over Time — Seasonal-

Trend Decomposition 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

The results of the seeded LDA model show that the 

news coverage of trends by the IZ varies over time. This 

could be of relevance to real estate investors who focus 

on properties that largely depend on one specific trend. 

For instance, the investment in nursing home-facilities 
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in times when the demographic topic is intensively cov-

ered by the media, urban residential properties in 

phases with a vast amount of reporting on urbanisation 

or properties with a good energy standard in periods 

with media focus on sustainability. However, ulti-

mately, investor sentiment is not only shaped by a 

topic’s frequency, but also by the tonality of the respec-

tive articles upon it. 

 

2.6.3 Unbounded Polarity Score 

Several dictionaries in different languages have been 

developed for the purpose of measuring the tonality of 

specific words, some even specifically for the eco-

nomic domain. However, each industry has its own id-

iosyncratic word meanings, which cannot be directly 

transferred and applied to other industries. Conse-

quently, industry-specific dictionaries can reduce 

measurement errors (Loughran and McDonald, 2011). 

A real estate-specific German dictionary was created 

by Ruscheinsky et al. (2018a), which contains 8,144 

negative words (-1) and 5,745 positive words (+1). It 
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was validated by a representative survey of real estate 

professionals. Given this input, the tonality of the arti-

cles in the dataset can be approximated by counting the 

polarised words and by taking into account the valence 

shifters. The shifters are manually documented in an-

other dictionary with 76 entries forming a second input. 

 

Table 2.4 Descriptive Statistics of Polarity Scores 

Trend Mean Median SD Min Max 

Globalisation 0.0923 0.0923 0.1328 -0.5802 0.7811 

Demography 0.1134 0.1235 0.1378 -0.5714 0.8247 

Urbanisation 0.1009 0.1049 0.1165 -0.4851 0.7020 

Sustainability 0.0815 0.0645 0.1181 -0.6495 0.8201 

Digitalisation 0.1360 0.1457 0.1306 -0.7183 0.7131 

Regulation -0.0072 0.0000 0.1617 -0.7765 0.6406 

Other 0.0860 0.0868 0.1247 -0.7671 0.7414 

Total 0.0868 0.0919 0.1348 -0.7765 0.8247 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

 

Table 2.4 summarises the descriptive statistics of the 

resulting polarity scores per trend. By and large, articles 

on digitalisation achieve the highest polarity score and 

average at 0.1360, followed by demography (0.1134), 
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urbanisation (0.1009), globalisation (0.0909) and sus-

tainability (0.0815). With a score of -0.0072, regulation 

is the only trend with a weakly negative connotation. 

 

Figure 2.4 Polarity Scores over Time (1) 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

 

With an average value of 0.0868, the overall reporting 

of the IZ can be considered as being neutral. This result 

is not surprising, for at least two reasons. First, polarity-

bearing parts such as editorials, guest features and other 

opinion pieces comprise only a section of the newspa-

per. Additionally, the dictionary does not measure 

opinion per se, but general tonality instead. Even a 

strong opinion can be coated in a comparatively neutral 
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style. Still, it seems plausible that opinion pieces show 

higher sentiment scores than news. Secondly, outlets 

such as the IZ or other professional newspapers can be 

expected to be fact-oriented, especially compared with 

mass media. However, table 2.4 as well as figures 2.4 

and 2.5, exhibit considerable differences between the 

six trends which contain valuable information for in-

vestors. 

 

Figure 2.5 Polarity Scores over Time (2) 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

 

Over the course of 21 years, articles associated with 

regulation have clearly been written in a more negative 
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tone. What is more, figures 2.4 and 2.5 show that the 

development of the polarity scores for the trends are 

slightly cyclical, too. After the financial crisis, most 

trends, particularly those of globalisation and demogra-

phy, experienced a temporary drop in polarity values, 

while others, especially those of urbanisation and digi-

talisation, have fared much better during the crisis. In 

the last few years, the overall tonality of articles on 

trends has again improved, likely reflecting the strong 

market-environment for German real estate invest-

ments. 

 

Table 2.5 Descriptive Statistics of Polarity Scores 

over Time 

Trend SD Amplitude Min Max 

Globalisation 0.0217 11.03 3.45 % 14.48 % 

Demography 0.0260 12.85 2.50 % 15.34 % 

Urbanisation 0.0123 6.00 6.88 % 12.88 % 

Sustainability 0.0189 8.59 3.91 % 12.50 % 

Digitalisation 0.0139 6.11 10.67 % 16.78 % 

Regulation 0.0187 8.76 -4.46 % 4.31 % 

Other 0.0181 8.25 4.19 % 12.44 % 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 
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Table 2.5 provides an overview of the descriptive sta-

tistics of the aggregated polarity scores per trend on a 

quarterly basis. The values for the trend demography 

(SD: 0.0260; ampl: 12.83) and globalisation (SD: 

0.0217; ampl: 11.03) fluctuate the strongest, while the 

amplitude in tonality is smallest for urbanisation (SD: 

0.0123; ampl: 6.01) and digitalisation (SD: 0.0139; 

ampl: 6.11). After adjusting for the seasonal and re-

mainder component, the results are confirmed as they 

are primarily driven by a change in the trend compo-

nent, see figure 2.6 for globalisation. Demography (SD: 

0.0226) and globalisation (SD: 0.0200) show the high-

est standard deviations, followed by sustainability, reg-

ulation, digitalisation and urbanisation.  
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Figure 2.6 Polarity Scores over Time — Seasonal-

Trend Decomposition 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 

 

The results suggest that the sentiment analysis captures 

the specific tone for each trend and that there are differ-

ences in time. In this sense, investors who bet on a glob-

alisation or demographic trend are for more at risk of 

imputed sentiment in newspaper articles changing and 

thus also impacting overall market sentiment. 
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2.7 Conclusion 

This study examined how frequently real estate-related 

trends are discussed and how optimistic or pessimistic 

they are reflected in real estate news over a period of 21 

years. Therefore, the introduced methodological frame-

work is a combination of both topic modelling and tex-

tual sentiment analysis. The newspaper articles are as-

signed to six real estate-related trends by applying the 

seeded LDA model. Urbanisation, globalisation and 

sustainability account for the largest shares of reporting 

while digitalisation is the least frequently reported 

upon, even in the last few years. News coverage of 

these respective trends is subject to measurable change 

over time. Particularly regarding sustainability, a clear 

upward trend can be identified, while the reporting on 

globalisation of real estate has eroded since the finan-

cial crisis.  

While overall, reporting in the IZ can be classified as 

being predominantly neutral with regards to tonality 

there are significant differences between articles on the 

specific topics. Reporting on digitalisation achieves the 
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highest polarity scores while regulatory issues yield the 

lowest. What is more, the sentiment measures for the 

respective trends vary over time, and this is especially 

valid for demography and globalisation, while report-

ing on urbanisation and digitalisation appears to follow 

a form of tonality which is more stable. 

As this study examined a large text corpus over a long 

period of time, the results provide new insights: the 

news coverage of trends is following short-term and 

strong movements, although these trends are typically 

described as being long and stable processes, since the 

seeded LDA algorithm is capable of quantifying the 

narratives in such a way as to enable statistical analysis, 

and these findings remain valid after adjusting for sea-

sonal and remainder components. This can impact in-

vestor sentiment and thus investment decisions, as in-

vestors also build their expectations and assessments on 

the foundation of media interpretation. In this sense, 

machine-learning techniques of natural language-pro-
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cessing allow the evaluation of a vast amount of quali-

tative information which could be beneficial for inves-

tors. 

The findings of this study reach far beyond the analysis 

of trends, as the methods of topic modelling and polar-

ity calculus can be applied to many other research ques-

tions. First, these results are limited by using a sole data 

source and comparatively broad and generic topics. The 

analysis is able to yield additional information when 

applied to various text corpora. Does the news coverage 

and sentiment of real estate topics in the mass media or 

corporate publications follow similar cycles to those in 

this analysis? Second, the classification of articles de-

pends on the seed words chosen, which could vary us-

ing other data. Third, the sentiment measure is based on 

weightings. Therefore, sentiment analysis could be per-

formed at sentence level or aspect-based. Fourth, the 

quality and suitability of dictionaries is also crucial for 

the process of examining the text corpus. 
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In this vein, this study addresses a plethora of new re-

lated research questions in order to evaluate the ana-

lysts’ views and quantifying qualitative data, i.e., re-

ducing noise in real estate markets. Compared with 

stock or bond markets, real estate markets are consid-

ered to be less transparent and heterogeneous while the 

presented methods can improve transparency and effi-

ciency in the real estate industry. Furthermore, the re-

lationship between textual measures and proxies for the 

trends could be examined in future research by investi-

gating whether newspapers provide leading (predict-

ing) or lagging (reporting) information. Then it would 

prove reasonable to dismantle the trend bundles into in-

dividually underlying trends: the demographic trend 

consists of secular developments in fertility, mortality 

and migration; urbanisation trends can affect different 

asset classes very differently. Thus, further research 

could investigate whether the news coverage or senti-

ment is related to market movements of specific asset 

classes. 
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To the best knowledge of the authors, this is the first 

study to apply the seeded LDA algorithm to the field of 

real estate. Quantifying both the news coverage and 

sentiment could be of value to investors and influence 

both opinion-building and decision-making as it helps 

to better understand the overall market narrative domi-

nating during a specific market phase. Thus, a wide 

range of research projects are expected to build on and 

improve the approach undertaken in this study. 
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2.9 Appendix 

Seeded LDA Model 

The seeded LDA model by Jagarlamudi et al. (2012) 

improves both topic-word and document-topic proba-

bility distributions of the LDA model by Blei et al. 

(2003).  

Therefore, the traditional definition of each topic k as a 

Dirichlet-multinomial distribution ϕ
𝑘
 over words is ex-

tended to a regular topic ϕ
𝑘
𝑟
 and a seed topic ϕ

𝑘
𝑠
 distri-

bution. The seed topic distribution can only generate 

seed words from the given seed set while the regular 

topic distribution can generate any word. The following 

generative process updates the topic assignment of doc-

uments. 

First, the model generates multinomial distributions for 

seed and regular topics. The parameter 𝜋𝑘 controls the 

probability of drawing a word from the seed topic dis-

tribution or the regular one.  

Second, each seed set s is associated with a group-topic 

distribution ψ
𝑠
 which is a distribution over the regular 
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topics. The hyperparameters α and β of the first and sec-

ond step refer to the regular LDA model.  

Third, a list of seed sets for each document d is gener-

ated and represented by the binary vector �⃗� . Given this 

vector, which defines a mean of a Dirichlet distribution, 

a document-group distribution ζ
𝑑

 can be sampled. The 

concentration of this Dirichlet to a hyperparameter 𝜏 is 

set by the researcher. A group variable g is drawn from 

the resulting multinomial which groups the documents 

that show the same seed set. Then, the document-topic 

distribution 𝜃𝑑 from a Dirichlet distribution with the 

group’s-topic distribution can be chosen in order to en-

sure a relation of the topic distributions of documents 

within each group. Afterwards, a topic 𝑧𝑖 for each token 

is generated. After a topic is chosen, either the seed or 

the regular topic distribution is selected based on the 

indicator 𝑥𝑖 which is drawn from a Bernoulli distribu-

tion. Given the selected distribution a word can be gen-

erated. 
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Unbounded Polarity Score 

The algorithm to calculate the unbounded polarity 

score 𝛿 introduced by Rinker (2019) first breaks each 

sentence into an ordered bag of words, for instance 

𝑤1,2,3 represents the third word of the second sentence 

of the first paragraph. Each word is then compared to a 

dictionary of polarised words pw (tagged with +1 and -

1). Next, a polarised context cluster 𝑐𝑖,𝑗,𝑙 is defined with 

n words before and after the pw by the researcher. 

Given a set of valence shifters the words of a polarised 

context cluster are either tagged as neutral 𝑤𝑖,𝑗,𝑘
0 , nega-

tor (e.g., not) 𝑤𝑖,𝑗,𝑘
𝑛 , amplifier (e.g., very) 𝑤𝑖,𝑗,𝑘

𝑎 , de-am-

plifier (e.g., less) 𝑤𝑖,𝑗,𝑘
𝑑  or adversative conjunction (e.g., 

but) 𝑤𝑖,𝑗,𝑘
ac . Amplifiers (de-amplifiers) increase (de-

crease) the polarity, negators flip the polarity and an ad-

versative conjunction before (after) the pw up-weights 

(down-weights) the cluster. The researcher provides the 

weight z. Given the respective polarity each pw is fur-

thermore weighted by the function and the amount of 



Cyclicity of Real Estate-related Trends: Topic 

Modelling and Sentiment Analysis on German Real 

Estate News 

75 

valence shifters surrounding it. The equation is not af-

fected by neutral words, but the word count n.  

To calculate 𝛿 the weighted context clusters 𝑐𝑖,𝑗,𝑙 are 

summed 𝑐𝑖,𝑗
′  and divided by the square root of the word 

count √𝑤𝑖, 𝑗𝑛. 

 

𝛿 =  
𝑐𝑖,𝑗
′

√𝑤𝑖, 𝑗𝑛

 (2.2) 

where: 

𝑐𝑖,𝑗
′ =  ∑((1 + 𝑤𝑎𝑚𝑝 + 𝑤𝑑𝑒𝑎𝑚𝑝) ∙ 𝑤𝑖,𝑗,𝑘

𝑝 (−1)2+𝑤𝑛𝑒𝑔) (2.2.1) 

 

𝑤𝑎𝑚𝑝 = (𝑤𝑏 > 1) +  ∑(𝑤𝑛𝑒𝑔 ∙ (𝑧 ∙ 𝑤𝑖,𝑗,𝑘
𝑎 )) (2.2.2) 

 

𝑤𝑑𝑒𝑎𝑚𝑝 = 𝑚𝑎𝑥(𝑤𝑑𝑒𝑎𝑚𝑝′ , 1) (2.2.3) 

 

𝑤𝑑𝑒𝑎𝑚𝑝′ = (𝑤𝑏 < 1) +  ∑(𝑧(−𝑤𝑛𝑒𝑔 ∙ 𝑤𝑖,𝑗,𝑘
𝑎 +  𝑤𝑖,𝑗,𝑘

𝑑 )) (2.2.4) 

  

𝑤𝑏 = 1 + 𝑧2 ∗  𝑤𝑏′ (2.2.5) 

 

𝑤𝑏′ = ∑(|𝑤𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑜𝑛 |,  … ,  𝑤𝑖,𝑗,𝑘
𝑝 ,  𝑤𝑖,𝑗,𝑘

𝑝 ,  … ,  |𝑤𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑜𝑛| ∙ −1) (2.2.6) 

 

𝑤𝑛𝑒𝑔 = (∑𝑤𝑖,𝑗,𝑘
𝑛 )  𝑚𝑜𝑑 2 (2.2.7) 
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Table 2.6 Selected Seed Words 

Trend Seed Words 

Globalisation capital markets; competition; competitiveness; com-

plexity; consolidated; consolidation; cooperation; 

countries; distribution; diversification; diversify; eco-

nomic crisis; economic growth; economic situation; 

economy; europe; european; expanding; financial cri-

sis; financial market crisis; financial markets; fund; 

fund manager; global; globalisation; harmonisation; 

institutional; interest rate environment; international; 

internationalisation; liberalisation; low interest rate en-

vironment; market leader; market participants; out-

sourcing; professionalisation; real estate cycles; real 

estate funds; realignment; recession; restructuring; 

sign; standardisation; strategy; strategy change; struc-

tural change; subprime crisis; uncertainty; unification; 

union; upswing; world; world economy; world trade; 

worldwide 

Demography age distribution; age appropriate; aging; ambulant; 

apartments for senior citizens; barrier free; beds; care; 

care facility; care of senior citizens; care places; care 

properties; care requirements; caregivers; change; clin-

ics; day care; dementia; demographic; demography; 

development; facilities; health; health care; healthy; 

household figures; human population; in need of care; 

local supply; maintenance; medical; migration move-

ments; mobile; mobility; nursing; nursing beds; nurs-

ing home; obsolescence; old; population; population 

decrease; population development; population fore-

cast; provision for old age; residences; residents; sen-

ior centre; senior citizen real estate; senior citizen res-

idences; senior citizens; services; shortage of supply; 

shrinking; staff; stationary; support; types of living 

Urbanisation agglomeration; air pollution; appreciation; area; area 

potentials; centre; centrality; city; city centre; city mi-

gration; city planner; connection; crowding out; cul-

tural; densification; density; development plan; district 

development; downtown; gentrification; green areas; 
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hospitality; housing shortage; immigration; individual-

isation; influx; metropolis; metropolitan; metropolitan 

areas; metropolitan city; metropolitan region; migra-

tion; noise exposure; quality of life; regional research; 

rent increase; rental growth; rental price; rental price 

growth; residency; residential districts; rural; rural de-

population; shortage of land; small town; town; univer-

sity; urban; urban centre; urban development; urban 

growth; urban sprawl; urban studies; urbanistic; urban-

ity; urbanisation 

Sustainability added value; additional costs; building technology; 

carbon dioxide; certification; certified; climate; cli-

mate neutral; climate protection; climate summit; cold; 

consumption; continuously; cost saving; dgnb (Ger-

man Sustainable Building Council); district heating; 

ecological; economic efficiency; efficiency; efficient; 

emission; energetic; energy; energy consumption; en-

ergy costs; energy efficiency; energy management; en-

ergy saving; energy transition; environment; environ-

mentally aware; environmentally friendly; facility 

management; flexibility; green; greenhouse gas; heat 

recovery; leed; life cycle; neutral; operating costs; op-

timization; power; primary energy; quality; raw mate-

rial; recycling; renewable; resources; saving; stand-

ards; sustainability; sustainability; sustainability fund; 

sustainable; warmth 

Digitalisation ai; analogue; app; artificially; automation; blockchain; 

building information modelling; business models; 

challenge; cloud; communication; computing; data; 

data collection; data protection; digital; digitalisation; 

ecommerce; electronically; engineering; information; 

innovation; innovation centre; innovative; integrated; 

intelligence; interface; internet; internet access; it; 

modelling; networked; networking; online; operations; 

platform; processes; progress; proptechs; real time; 

server; shared; smart; smartphone; software; solutions; 

startup; system; tech; technologies; technology; the 

age of; transformation; virtual; web 
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Regulation adjustments; associations; authorities; bafin (German 

Federal Financial Services Regulatory Authority); 

bestellerprinzip (German law); cap; citizens; coalition; 

come into force; community; cover; decisions; discus-

sion; district level; draft law; draft law; election; fed-

eral council; federal government; financial services su-

pervision; fines; free amount; funding; german invest-

ment code; government; housing markets; implemen-

tation; incentive; intensification; intervention; investor 

protection; law; legislation; legislator; limitation; local 

authority; measures; mietpreisbremse (German law); 

national level; national level; new regulation; policy; 

politician; public; reform; regulation; regulations; reg-

ulatory; rental cap; revision; rule; rules; specifications; 

state; subsidise; support; transparency 

Notes: Table 2.6 displays the results of the GloVe model and the 

knowledge-based seed words. 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH. 
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3. Trade vs. Daily Press: The Role of 

News Coverage and Sentiment in Real Es-

tate Market Analysis 

3.1 Abstract 

Each week, thousands of newspaper articles on real es-

tate topics are read by market participants. While the 

market is comparatively intransparent, readers hope to 

find valuable information. This raises the question of 

whether this investment of time pays off and whether 

different types of newspapers are an equivalent source 

of information. This paper examines the relationship 

between news coverage of real estate topics or news 

sentiment and total returns of the asset classes of resi-

dential, office and retail. Using methods of natural lan-

guage processing, including word embeddings, topic 

modelling and sentiment analysis, three sentiment indi-

cators for each asset class can be derived from 137,000 

articles of two trade and two daily newspapers. Our re-

sults suggest that trade newspapers outperform daily 

newspapers in the prediction of future total returns and 
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that the generated sentiment indicators Granger-cause 

total returns. Moreover, the results indicate that daily 

newspapers report more negatively on rising returns in 

the residential market than the trade press. To the best 

knowledge of the authors, this is the first study to quan-

tify news coverage and sentiment for the main real es-

tate asset classes through means of textual analysis, and 

to assess different sentiments in trade and daily press. 

Keywords — News Sentiment, Textual Analysis, Real 

Estate Asset Classes, GloVe, Seeded LDA. 

 

3.2 Introduction 

A key assumption of modern finance is that a stock 

price reacts reasonably and promptly to new infor-

mation (Fama, 1991). This, however, does not exclude 

the fact that soft factors such as emotions or rules of 

thumb can impact investor behaviour where hard data 

is lacking. Investor sentiment plays an important role in 

financial markets. Keynes (1936) argued that markets 

can fluctuate under the influence of investors’ ‘animal 

spirit’, implying that changes in asset prices may be 
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driven by more than just changes in market fundamen-

tals. Revisited by Tversky and Kahneman (1974) in 

recognition of the bounded rationality and psychologi-

cal biases of investors who often rely on simplistic 

models and assumptions, and formalised by Black 

(1986), who showed that noise traders can increase vol-

atility of stock prices, behavioural finance has become 

elementary in understanding market pricing. Hence, a 

substantial body of literature, quantifying the stock 

market-related effects of investor sentiment, has since 

evolved. Contributing to this body of literature, this pa-

per uses textual analysis to examine the impact of news-

papers on investors and thus on real estate markets. We 

separate the newspaper articles by asset class, recognis-

ing a varying level of responsiveness of certain markets 

to shifts and shocks in sentiment, and find that news 

coverage and sentiment are Granger-causal for future 

asset class returns. 

Increasing computing power and the resulting possibil-

ities in the field of textual analysis have established the 
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derivation of sentiment indicators from corporate pub-

lications, newspapers or social media in the last decade 

and supplemented or even partly replaced the formerly 

widespread survey-based indicators as well as capital 

market indicators for measuring changes in sentiment. 

Through the application of textual analysis in their pio-

neering works, Tetlock (2007), Das and Chen (2007), 

and Loughran and McDonald (2011) have found signif-

icant correlations between textual sentiment indicators 

and stock returns, return volatility, and trading volume. 

However, similar research investigating the role of text-

based sentiment in real estate markets is still limited. 

There is a variety of studies analysing the importance 

of further factors beyond the conventional economic 

fundamentals on real estate markets. Lin et al. (2009), 

for example, explained REIT returns through use of in-

vestor sentiment obtained from changes in discounts of 

closed funds, and Ling et al. (2014) applied a survey-

based sentiment as well as a sentiment derived from 

eight sentiment proxies to commercial real estate mar-

kets. Given this importance of investors’ sentiment in 
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real estate markets, Beracha et al. (2019), Hausler et al. 

(2018), and Ruscheinsky et al. (2018b) extended senti-

ment analysis by means of a textual sentiment analysis 

in the commercial and securitised real estate sector re-

spectively. When deriving sentiment from newspaper 

headlines, these studies attempt to measure general 

market sentiment but not asset class-specific sentiment. 

Since there are distinct real estate cycles by asset class 

and since Marcato and Nanda (2016) have demon-

strated varying importance of survey-based as well as 

market fundamental-based indicators for residential 

and commercial real estate, it is to be presumed that 

also news-based sentiment indicators should be asset 

class-specific. 

Despite the necessity for asset class-specific sentiment 

indicators, it should be considered that media meets 

varying informational needs and therefore the selection 

of articles and the tone can change depending on the 

targeted readership. Thus, the market sentiment would 

be reflected incompletely by the analysis of one news-

paper only. For this reason, a comprehensive approach 
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was chosen for this study, in order to facilitate the ex-

amination of the different publishing priorities of the 

media. For investors, such differences can play an im-

portant role as they base their decisions to some extent 

on only part of the available information. Hence, we as-

certain asset class-specific sentiment indicators by ap-

plying a classification algorithm to the real estate arti-

cles of leading trade newspapers and daily newspapers 

in Germany. The dual approach in this study on asset 

class-specific news coverage and news sentiment is not 

only consistent with the textual sentiment already ex-

plored by prior research, but also addresses the concept 

of economic narratives by Shiller (2017), in which a 

narrative is donated by a collective and meaningful 

story-like interpretation of specific information. Ac-

cording to Shiller, these narratives, if they reach a suf-

ficiently large number of market players, can have an 

impact on economic outcomes and, as a consequence, 

also help to explain and predict future economic events. 

We collected a unique set of 136,548 real estate-related 

articles, containing approximately 39 million words, 
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from the two leading German real estate newspapers 

and two major daily newspapers for the time period be-

tween 2010 and 2020. The articles are assigned to the 

real estate asset classes of residential, office, and retail. 

An underlying textual sentiment is calibrated for each 

article. More precisely, in the first step we applied a 

seeded Latent Dirichlet Allocation algorithm, enriched 

with asset class-specific seed words, with which to as-

sign articles to an asset class. This step enabled the 

analysis of the respective newspapers’ focus with re-

gards to content by asset class. In the second step, we 

used a combination of two dictionaries to determine the 

sentiment of each article and thus for each asset class in 

all time periods. Ultimately, the intertemporal links be-

tween reporting intensity and sentiment, on the one 

hand, and the performance of the residential, office, and 

retail market, on the other hand, are examined. Hereby 

the unique dataset allowed us to shed light on the simi-

larities, but also, and more importantly, on the dispari-

ties between trade newspapers and daily newspapers. 
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Indeed, we found that trade newspapers and daily news-

papers differ in their reporting, which can be at least 

partially explained by considering their contrasting tar-

get groups. Furthermore, newspapers are particularly 

suitable for predicting returns in one to two quarters, 

with trade newspapers appearing to be a more reliable 

source. 

The remainder of this paper is organised as follows: 

Section 3.3 presents applications of news classification 

in real estate, the importance of sentiment indicators in 

real estate markets, and lastly develops the hypotheses 

for this paper. Both the textual analysis procedure and 

methodology regarding the analysis of our hypotheses 

are described in section 3.4, while the dataset is pre-

sented in section 3.5. Section 3.6 discusses the empiri-

cal results, which then lead to the conclusion in section 

3.7. 
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3.3 Literature Review and Hypothesis Develop-

ment 

Topic Modelling 

Textual analysis means the conversion of qualitative 

and highly unstructured information within a text via 

standardised algorithms into comparable quantitative 

data. This results in major challenges in natural lan-

guage processing, as language can be ambivalent and 

vague, and this can be disparate to the information con-

tained within it as well as the intentions of authors 

(Loughran and McDonald, 2020). To overcome these 

issues, researchers commenced the development of 

classification algorithms in the early 2000s, which ana-

lyse sets of documents (the corpus) and obtain joint top-

ics describing each document in the corpus. This clas-

sification of topic modelling brings unstructured text 

into a form which enables intelligent searches as well 

as a statistical characterisation of documents and hence 

has been applied in multiple fields such as social media 

analytics or finance (e.g., Jianfeng Si et al., 2013; Ngu-
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yen and Shirai, 2015; Nordheim et al., 2018). The pre-

dominant topic modelling approach, Latent Dirichlet 

Allocation (LDA), from Blei et al. (2003) is a genera-

tive, unsupervised method employed for the identifica-

tion of latent attributes producing topics, i.e., word 

groups with a common context. LDA and Naïve Bayes, 

a similar classification algorithm, have often been used 

in the field of finance to classify news, e.g., from news-

papers or social media, as either buy, sell or hold rec-

ommendations. For example, Antweiler and Frank 

(2004), Das and Chen (2007), and Sprenger et al. 

(2014) examine the relationship between social media 

content and market movements as well as the perfor-

mance of individual stocks, finding significant correla-

tions. In the context of real estate research, topic mod-

elling has been applied in a few studies: Winson-Geide-

man and Evangelopoulos (2013) used Latent Semantic 

Analyses (LSA)3 to structure the body of published re-

search in four real estate related journals over a period 

 

3 LSA aims to reduce matrix dimension in contrast to LDA, which 

is focused on solving the topic modelling issue. 
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of 37 years to identify the main topics in real estate re-

search while Evangelopoulos et al. (2015) presented 

methods and applications of LSA in order to investigate 

unstructured data in real estate research to better under-

stand real estate issues. Koelbl et al. (2020) are the only 

ones to apply structural topic modelling with regard to 

financial markets, by determining risk-factor topics dis-

cussed in the 10-K filings of US REITs and by examin-

ing whether and how these topics affect the risk percep-

tions of investors. In order to proceed, the algorithm ex-

tracts word clusters from a corpus and indicates for 

each filing which cluster is predominant. Hereby, the 

user has no impact on the detected word clusters. This, 

however, is a major limitation of the usual LDA algo-

rithm, especially when the documents are pre-selected 

by shared themes. Since the algorithm is designed to 

extract commonalities from a corpus of unstructured 

text, it fails to identify subtopics of a set of documents 

pre-selected by topics. Furthermore, if specific subtop-

ics are targeted ex ante, they do not necessarily have to 

be included in the topics suggested by the algorithm. 
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Jagarlamudi et al. (2012) addressed this problem and 

developed a semi-supervised LDA algorithm. The so-

called seeded Latent Dirichlet Allocation determines 

the probability of a document discussing a certain topic. 

Hereby, the topics are defined ex ante and the algorithm 

is enhanced with seed words for each topic. By using 

seeded LDA, Mai (2021), for example, extracts narra-

tives from the New York Times from the past 150 years 

and ascertains that these extracted narratives can serve 

as strong market predictors. Likewise, Antweiler and 

Frank (2006) cluster Wall Street Journal corporate 

news stories from 1973 to 2001 into business incidents 

and identify an overreaction to news on the American 

stock markets. The only application of seeded LDA in 

the context of real estate is in the form of a recent paper 

of Ploessl et al. (2021), in which the authors use seeded 

LDA to assign almost 170,000 German news articles to 

six real estate-related trends to quantify their relevance 

over time. It is revealed that both the news coverage 
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and sentiment of these putatively stable trends have cy-

clical elements throughout the examined 21-year pe-

riod. 

 

Sentiment Analysis 

There is a wide range of both financial and real estate 

literature in which sentiment indicators have been uti-

lised. Traditionally, investor sentiment has been meas-

ured by surveys or by indicators derived from capital 

market data (e.g., Clayton et al., 2008; Freybote and 

Seagraves, 2017). While the former usually suffer from 

selection bias and the problem of interviewees lacking 

either the incentive or ability to reveal their true prefer-

ences, the latter overstretches the concept of sentiment 

as it is difficult to disentangle the relative impact of soft 

and hard data, both of which is often comprised in cap-

ital market indicators. Tetlock (2007) is the study, we 

consider most likely to be the pioneer in addressing 

these problems, in which sentiment is extracted from a 

textual corpus. Tetlock quantifies the sentiment of news 

articles from The Wall Street Journal by assigning 
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words to various sentiment dictionaries. Hereby, each 

dictionary comprises words of a certain sentiment, e.g., 

positive or negative. In contrast to the survey and capi-

tal market methods, this approach enables the examina-

tion of a larger variety of sources as well as the repre-

sentation of qualitative, soft information. Through use 

of the textual sentiment approach, Tetlock discovered 

that elevated media pessimism leads to downward 

movements on stock markets and that sentiment is 

therefore an important leading indicator for financial 

markets. Subsequent to Tetlock’s findings, several dic-

tionary-based papers followed since (e.g., Feldman et 

al., 2010; Loughran and McDonald, 2011; García, 

2013). One of the biggest criticisms of the dictionary-

based approach is its dependence on pre-defined dic-

tionaries, which, in addition, should be domain-specif-

ically adjusted (Henry and Leone, 2016), since the 

meaning of a word is sometimes inextricably tied to its 

context. Another stream of literature attempts to tackle 

this criticism by utilising machine learning (ML)-based 

approaches such as support vector machines and Naïve 
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Bayes classifiers to extract textual sentiment (e.g., Li, 

2010; Hausler et al., 2018). Nonetheless, due to its 

traceability and replicability, the dictionary-based ap-

proach remains the dominant form of methodology, in 

particular when it comes to sentiment analysis 

(Loughran and McDonald, 2020).  

Regardless of which sentiment index is used, various 

studies identify significant relationships between mar-

ket sentiment and real estate market developments. 

Clayton et al. (2008) and Ling et al. (2014) estimate 

that their survey-based investor-sentiment indicators 

are closely linked to market returns in subsequent peri-

ods. Further, Hausler et al. (2018) show that a ML-

based sentiment indicator obtained from professional 

financial news leads the US securitised and direct com-

mercial real estate markets. Soo (2018) is one of the few 

studies to analyse residential markets, also finding that 

changes in housing media sentiment to have significant 

predictive power for future changes in house prices that 

lead by nearly two years. By focusing on the German 

residential market, Ruscheinsky et al. (2018a) created 
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a German domain-specific dictionary and revealed a 

statistically significant relationship between the ex-

tracted sentiment of the most important German real es-

tate newspaper and the development of residential real 

estate prices. Marcato and Nanda (2016) are the only 

ones to analyse both residential and commercial real es-

tate markets. According to them, survey-based senti-

ment indices, however, varying in importance regard-

ing each market, which may reflect a greater level of 

responsiveness of certain markets to shifts and shocks 

in sentiment. 

 

Hypothesis Development 

Given that real estate asset classes are not moving in 

sync, we revisit in the findings of Marcato and Nanda 

(2016) and develop asset class-specific sentiment indi-

cators. However, our analysis goes one step further than 

the existing literature as we divide the text corpus not 

only according to its relevance for residential and com-

mercial markets, but by subdividing the corpus for the 

commercial market into retail and office, reflecting the 
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recently diverging market drivers for these two submar-

kets. In addition, our analyses allow us to shed light on 

the reporting intensity for each asset class, namely an-

other indicator of the degree of presence of a particular 

topic, which turn having an impact on economic out-

comes, according to Shiller (2017).  

So far, sentiment indicators, based on text-based meas-

ured tonality changes in social media or news media, 

implicitly hypothesise that any of these calculated me-

dia sentiments reflect the market sentiment. However, 

given that trade and daily press have two diverging 

readerships, they may address various topics differ-

ently. Thus, in this study we utilise a unique dataset, 

which enables the comparison of differences between 

reporting intensity and sentiment indicators in a text 

corpus aimed at professional and non-professional 

readers, i.e., indicators that are derived from the trade 

press and daily press, respectively.  

Prima facie, it is not clear whether trade and daily news-

papers should share a common understanding concern-

ing real estate markets, due to their divergent target 
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groups: daily newspapers aim to inform the general 

public and trade newspapers serve professional clients. 

Two aspects could result from these varying target 

groups. Firstly, trade newspapers can be expected to put 

more emphasis on market-related topics and thus be 

ahead and more precisely informed as they need to pro-

vide information for investment decisions to reach their 

target readership. The daily press, however, may ad-

dress more multi-layered objectives, since their readers 

could mirror a broader set of stakeholders in the real 

estate industry, i.e., non-profit-oriented actors, occupi-

ers, or political players. Secondly, one can expect both 

types of newspapers to interpret changing market con-

ditions differently, depending on their readership. 

Therefore, the first hypothesis can be formulated as fol-

lows: 

H1. There are significant differences between news 

coverage and sentiment obtained from either trade 

newspapers or daily newspapers. 
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Despite these differences, the indicators are expected to 

have a similar relationship towards the performance of 

asset classes. More precisely, we expect news coverage 

and sentiment to be positively related to performance, 

as newspapers generally report both more frequently 

and more optimistically upon well performing asset 

classes, resulting in the following hypothesis: 

H2. News coverage and sentiment are positively corre-

lated to performance for each asset class. 

Following Shiller’s (2017, 2020) argument, being that 

the narrative style, i.e., sentiment, can influence indi-

vidual and collective investor decision-making if con-

tinuously and consistently disseminated across infor-

mation sources, we hypothesise that it is primarily the 

sentiment indicators that lead real estate market move-

ments. Assuming that newspapers are an important 

source of information for investors, we expect that nei-

ther indicator to be solely positively correlated with 

performance, but rather affect the formation of inves-

tors’ opinion. Furthermore, real estate markets are not 
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fully efficient and are slow to react to new information 

(Baum et al., 1996; Clayton et al., 2008). Conse-

quently, the sentiment indices should have a predictive 

power over the future performance of an asset class, 

leading to the third hypothesis: 

H3. News Coverage and sentiment have predictive 

power over future performance for each asset class. 

 

3.4 Methodology 

3.4.1 News Coverage — Seeded LDA and Global 

Vectors Model 

In this study we apply a twostep natural language pro-

cessing procedure to derive a news coverage (NC) and 

a news sentiment (NS) index for three real estate asset 

classes (residential, office and retail) from German 

newspapers articles. The first step, assigning pre-pro-

cessed articles4 to an asset class, is required as the arti-

 

4 Pre-processing of the articles involves the removal of punctuation 

marks, numbers, non-alphabetical and special characters, and stop 

words. ‘Stop words’ relate to frequently occurring words that have 
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cles are not tagged by keywords that allowed for infer-

ence to the asset class discussed in an article. Therefore, 

a seeded LDA algorithm is used, which is based on the 

state-of-the-art LDA algorithm for topic modelling in 

the finance literature and which has been developed by 

Jagarlamudi et al. (2012). The seeded LDA assigns the 

articles to one of the ex ante defined topics k, in this 

case the three asset classes, which the algorithm creates 

around certain seed words s, provided by the re-

searcher. 

Accordingly, before applying the seeded LDA algo-

rithm, a list of suitable seed words must be created for 

each asset class, i.e., words that best describe the re-

spective topics ‘residential’, ‘office’ and ‘retail’. Fol-

lowing Watanabe and Zhou (2020), seed words should 

 

no relevance to the content of a text, such as ‘the’ or ‘and’. For this 

large text corpus, a general German stop word list is extended by 

frequent words in the real estate industry context. Furthermore, il-

lustrations, tables, English articles, and editorial shortcuts are also 

excluded. The data is tokenised for the ensuing tasks. This process 

divides the text into units (tokens) such as phrases, words, and 

other meaningful entities. In this case, the text corpus is segmented 

by words. 
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be both knowledge-based and frequency-based. Re-

garding knowledge-based seed words, King et al. 

(2017) show that even expert humans perform poorly 

and are unreliable on seed word-selection. Hence, a 

word embeddings-approach, the Global Vector model 

(GloVe), introduced by Pennington et al. (2014), is ap-

plied in order to select suitable seed words from the cor-

pus. GloVe can be used to identify relationships be-

tween words, also ensuring that the selected seed words 

occur in the text corpus. For instance, the unsupervised 

learning algorithm can reveal, considering the two sen-

tences ‘Company X bought a property in London.’ and 

‘Corporation Y purchased a building in Berlin.’, the to-

kens ‘property’ and ‘building’ or ‘bought’ and ‘pur-

chased’ etc. for word representation. To generate these 

vectors for word representation, the algorithm com-

bines the advantages of global matrix factorisation and 

local context window methods.5 For this reason, the 

 

5 Matrix factorisation methods decompose large matrices that cap-

ture statistical information of a text corpus and generate word rep-

resentations of low-dimensional latent space in order to reduce 
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training of the algorithm is conducted on only non-zero 

elements in a global word-word co-occurrence statistic 

X, rather than on the entire sparse matrix or the local 

context windows within a large text corpus, and there-

fore generates a vector space of meaningful substruc-

tures. The objective function J of the weighted least 

squares regression model is specified as follows: 

 

𝐽 =  ∑ 𝑓(𝑋𝑖𝑗)(𝑤𝑖
𝑇�̃�𝑗 + 𝑏𝑖

𝑉

𝑖,𝑗=1

+ �̃�𝑗 − 𝑙𝑜𝑔𝑋𝑖𝑗)² (3.1) 

 

where V is the size of vocabulary; 𝑋𝑗𝑖 lists the number 

of times word j occurs in the context of word i; 𝑤 (�̃�) 

represents the word vector for a main (context) word 

and 𝑏 (�̃�) describes the scalar biases for main (context) 

words; 𝑤𝑇 indicates a transposed word vector. In order 

to prevent the learning of simple common word pairs, a 

 

computation time, while the concept of context window methods 

is to predict linguistic patterns as linear relationships between the 

word vectors based on local context windows and to perform better 

on word analogy tasks. 
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weighting function readjusts the cost for each word pair 

because word pairs exhibit different occurrence fre-

quencies in the text corpus. Given a co-occurrence 

count higher than or equal to a certain threshold, the 

weight is set to 1. Otherwise, the weight is based on the 

co-occurrence count (see Pennington et al. (2014) for a 

detailed description). 

Given the seed words for each asset class as an input, 

the newspaper articles can then be assigned using semi-

supervised topic modelling. Unsupervised topic models 

implicitly use document-level co-occurrence infor-

mation to group semantically related words into a sin-

gle topic. However, since the goal of these models is to 

maximise the likelihood of the observed data, they tend 

to identify only the most obvious and superficial topics 

within a corpus. To avoid this and to identify ex ante 

selected topics, in semi-supervised seeded LDA each 

topic k is defined by two distributions, the regular topic 

distribution ϕ
𝑘
𝑟
, and an additional seed topic distribution 

ϕ
𝑘
𝑠
 , where parameter π controls the probability from 

which of the two distributions a word is drawn. In this 
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way, topic-word distributions and document-topic dis-

tributions can be biased towards the starting words and 

topics respectively. The generative story of the seeded 

LDA by Jagarlamudi et al. (2012) is as follows: 

 

1. For each k = 1· · · T, 

(a) Choose regular topic ϕ
𝑘
𝑟
 ∼ Dirichlet(𝛽𝑟) 

(b) Choose seed topic ϕ
𝑘
𝑠
 ∼ Dirichlet(𝛽𝑠) 

(c) Choose 𝜋𝑘 ∼ Beta(1, 1) 

2. For each seed set s = 1· · · S, 

(a) Choose group-topic distribution ψ
𝑠
 ∼ Dirichlet(α) 

3. For each document d, 

(a) Choose a binary vector �⃗�  of length S 

(b) Choose a document-group distribution ζ
𝑑∼ Di-

richlet(𝜏�⃗� ) 

(c) Choose a group variable g ∼ Multinomial(ζ
𝑑

) 

(d) Choose 𝜃𝑑∼ Dirichlet(ψ
𝑔

) // of length T 

(e) For each token i = 1 · · · 𝑁𝑑: 

i. Select a topic 𝑧𝑖 ∼ Multinomial(𝜃𝑑) 

ii. Select an indicator 𝑥𝑖 ∼ Bernoulli(𝜋𝑧𝑖
) 

iii. if 𝑥𝑖 is 0 

• Select a word 𝑤𝑖  ∼ Multinomial(ϕ
𝑧𝑖

𝑟
) 

iv. if 𝑥𝑖 is 1 

• Select a word 𝑤𝑖  ∼ Multinomial(ϕ
𝑧𝑖

𝑠
) 
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where T is the number of topics; S represents the num-

ber of seed sets; Nd illustrates a token; d stands for a 

document; w is the observed word; z denotes the topic 

assignment; x(�⃗� ) indicates a binary variable (vector); g 

is a group variable; ψ means the group-topic distribu-

tion; θ(ζ) describes the document-topic (document-

group) distribution and α, β, τ are hyperparameters that 

are used to control the learning process (see Jagarlam-

udi et al. (2012) or the appendix in Ploessl et al. (2021) 

for a detailed description). Once articles are assigned to 

an asset class, the news coverage index (NC) is calcu-

lated as follows: 

 

𝑁𝐶𝑖,𝑘,𝑡  =  
𝑘𝑖,𝑡

𝑛𝑖,𝑡
 (3.2) 

 

where 𝑁𝐶𝑖,𝑘,𝑡 is the news coverage of topic (asset class) 

k in newspaper i in quarter t and 𝑘𝑖,𝑡 the number of ar-

ticles in newspaper i regarding an asset class k in quar-

ter t, with NC ∈ [0; 1], with a higher value meaning that 

an asset class is discussed more frequently. 
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3.4.2 News Sentiment — Unbounded Polarity 

Score 

In the second step of the natural language processing 

procedure, articles’ polarities are determined using a 

dictionary-based approach. Sentiment dictionaries clas-

sify words within a corpus into pre-defined categories 

(e.g., positive, negative) (Tetlock, 2007), which pos-

sesses the advantage of leading to reduced researcher 

subjectivity and high replicability (Loughran and 

McDonald, 2016). However, given that domain-spe-

cific idiosyncratic word meanings exist, the use of do-

main-specific dictionaries, as Doran et al. (2012) and 

Henry and Leone (2016) have shown, is to be recom-

mended. Ruscheinsky et al. (2018a) developed a Ger-

man real estate-specific dictionary containing 8,144 

negative and 5,745 positive words, validated by a rep-

resentative survey of German real estate professionals. 

Initially, each word w6 is compared to the polarised 

 

6 For instance, 𝑤1,2,3 represents the third word of the second sen-

tence of the first paragraph. 
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words of the respective sentiment dictionary, which are 

tagged with +1 or -1. Then, a polarised context cluster 

𝑐𝑖,𝑗,𝑙 is defined with n words before and after each po-

larised word by the researcher. In addition to conven-

tional sentiment dictionaries, a dictionary containing 76 

valence shifters, such as negators (e.g., not) 𝑤𝑖,𝑗,𝑘
𝑛 , am-

plifiers (e.g., very) 𝑤𝑖,𝑗,𝑘
𝑎 , de-amplifiers (e.g., less) 𝑤𝑖,𝑗,𝑘

𝑑  

or adversative conjunctions (e.g., but) 𝑤𝑖,𝑗,𝑘
ac , is incor-

porated, since valence shifters can strengthen, weaken, 

or even reverse the polarity of a word where the re-

searcher provides the weight z. Once a valence shifter 

has been identified, it affects the score of the polarised 

context cluster; if not, the cluster is tagged as neutral 

𝑤𝑖,𝑗,𝑘
0 . Since the number of positive and negative words 

is bound to the article length, a weighted function is 

used instead of raw counts for each article. Accord-

ingly, to calculate the unbounded polarity score δ by 

Rinker (2019), the weighted context clusters 𝑐𝑖,𝑗,𝑙 are 

summed to 𝑐𝑖,𝑗
′  and divided by the square root of the 
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word count √𝑤𝑖, 𝑗𝑛 (see Unbounded Polarity Score in 

the appendix for a detailed description): 

 

𝛿 =  
𝑐𝑖,𝑗
′

√𝑤𝑖,𝑗𝑛

 (3.3) 

 

After determining the polarity of each article, all polar-

ity scores for each quarter and for each of the three asset 

classes are aggregated to a mean representing the over-

all sentiment of a specific newspaper towards an asset 

class. Hence, news sentiment (NS) is determined as: 

 

𝑁𝑆𝑖,𝑘,𝑡  =  
∑ 𝛿𝑖,𝑘,𝑡,𝑛

𝑛
1

𝑛𝑖,𝑘,𝑡
 (3.4) 

 

where 𝑁𝑆𝑖,𝑘,𝑡 is the sentiment of newspaper i in quarter 

t towards asset class k and 𝛿𝑖,𝑘,𝑡,𝑛 the polarity of article 

n about asset class k in newspaper i in quarter t. The 

sentiment scores are determined using article length 

weighted polarity scores, with a higher (lower) or above 
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0 score indicating a preponderance of positive (nega-

tive) indicators, respectively. 

Since it is conceivable that markets react differently in 

times when both NC and NS are high compared with 

times when only one indicator is high, a joint analysis 

of both variables is conducted in addition to the isolated 

analysis, which is why we combine both variables by 

adding them together: 

 

𝑁𝐶𝑆𝑖,𝑘,𝑡 = 𝑁𝐶𝑖,𝑘,𝑡 + 𝑁𝑆𝑖,𝑘,𝑡  (3.5) 

 

A high NCS score therefore indicates that NC and NS 

are high, which means that an asset class is in the media 

spotlight and is being positively promoted.7 

  

 

7 Despite the fact that the standard deviations of NC and NS differ, 

the differences are minor and do not call for a normalisation of the 

indices. Also, through the multiplicative linking of the indices, the 

values would become relatively small and could thus limit the in-

formative power. 
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3.4.3 Model Specification 

To analyse whether newspapers’ sentiment leads or 

lags in terms of the performance of assets classes, a vec-

tor autoregression (VAR) framework is applied. A VAR 

model does not require a priori assumptions about ex-

isting causalities and allows estimation of the inter-

temporal relationship between sentiment and perfor-

mance while controlling for possible endogeneity. Each 

variable is a linear function of its own lags and of other 

variables’ lags. This also enables us to control for any 

momentum in the dependent variable (Beracha and 

Downs, 2015). In general, the conventional bivariate 

VAR model is specified as follows: 

 

𝑦1𝑡 = 𝛽10 + ∑𝛽1𝑖  𝑦1𝑡−𝑖

𝑙

𝑖=1

 + ∑𝛼1𝑖  𝑦2𝑡−𝑖

𝑙

𝑖=1

+ 𝑢1𝑡 (3.6) 

𝑦2𝑡 = 𝛽20 + ∑𝛽2𝑖  𝑦2𝑡−𝑖

𝑙

𝑖=1

 + ∑𝛼2𝑖  𝑦1𝑡−𝑖

𝑙

𝑖=1

+ 𝑢2𝑡 (3.7) 
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where l denotes the number of lags and 𝑢𝑖𝑡 a white 

noise disturbance term with E(𝑢𝑖𝑡) = 0, (i = 1,2), E(𝑢1𝑡, 

𝑢2𝑡) = 0. However, based on economic theory, exoge-

nous controls should be included in the VAR frame-

work. In matrix notation, where X denotes a matrix of 

exogenous variables and B a matrix of coefficients, the 

model can be written as follows: 

 

𝑦𝑡 = 𝐴0 + ∑𝐴𝑖  𝑦𝑡−𝑖

𝑙

𝑖=1

 + 𝐵𝑋 + 𝑢1𝑡 (3.8) 

 

The components of the VAR are tested for stationarity 

through the use of an Augmented Dickey-Fuller Test. 

When the null hypothesis and hence the existence of a 

unit root is rejected, variables are differenced to ensure 

statistical appropriateness. Additionally, the optimal 

lag is determined applying Akaike information crite-

rion as selection criteria. Accordingly, the lag length, 

which minimises the value of the information criteria is 

chosen (Brooks and Tsolacos, 2010). Furthermore, a set 

of diagnostic tests is performed to ensure robustness of 
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the results. The Breusch-Godfrey Lagrange Multiplier 

test is applied in order to ensure that residuals are not 

serially correlated. In addition, normality and hetero-

scedasticity tests were conducted to ascertain statistical 

appropriateness. 

The relationship between sentiment and performance is 

further examined by conducting Granger causality tests 

(Granger, 1969). Granger causality helps us to better 

understand the lead-lag relationships between senti-

ment and asset class performance and to eventually de-

termine whether newspapers’ sentiment has predictive 

power and vice versa. 

 

3.5 Data 

3.5.1 Textual Corpus 

The corpus of this study consists of a unique dataset of 

136,548 newspaper articles published between Q1-

2010 and Q4-2020 by four renowned German newspa-

pers. These newspapers comprise two real estate-spe-

cific trade newspapers, Immobilien Zeitung (IZ) and 

Immobilien Manager (IM), and two general-interest 
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daily newspapers, Frankfurter Allgemeine Zeitung 

(FAZ) and Handelsblatt (HB). IZ is the leading newspa-

per in the real estate industry, which has a weekly cir-

culation of 11,000 copies; the IM is published monthly 

with a circulation of approximately 14,000 copies. In 

contrast, the FAZ and HB have a significantly greater 

daily circulation of almost 210,000 and 135,000 copies, 

respectively.8 However, since these general-interest 

daily newspapers cover diverse sections such as poli-

tics, economics, finance, sports, etc., the number of real 

estate-related articles is relatively low and stronger out-

liers due to more randomly selected topics therefore be-

come possible. Figure 3.1 reinforces the disparity be-

tween trade and daily newspapers, since the daily FAZ 

and HB only slightly exceed the number of real estate-

related articles from IM.  

 

 

8 Newspapers’ circulation in Q4-2021 according to IVW (Informa-

tionsgemeinschaft zur Feststellung der Verbreitung von Werbeträ-

gern e. V.) 



Trade vs. Daily Press: The Role of News Coverage 

and Sentiment in Real Estate Market Analysis 

113 

Figure 3.1 Number of Articles over Time by News-

paper 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH, 

Immobilien Manager Verlag IMV GmbH & Co. KG, Frankfurter 

Allgemeine Zeitung GmbH, Handelsblatt GmbH. 

 

The articles of the IZ have an average length of 229 

words and the IM of 998 words; i.e., the IZ provides 

compact sector-related news for professionals and in-

vestors, while more detailed information can be found 

in the IM. The articles of the daily newspapers have 

similar article lengths (FAZ: 565, HB: 612)9 and offer 

detailed information to the reader. In order to reduce the 

 

9 The standard deviation of the article length for the IZ 

(IM/FAZ/HB) is 238 (431/391/469). 
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impact of potential random outliers in the daily news-

papers and the impact of longer articles in IM, the re-

sults for IM, FAZ and HB are smoothed in the following 

analysis.10 

 

3.5.2 INREV Returns 

The dependent performance variable is based on the 

German Vehicles Index extracted from the European 

Association for Investors in Non-Listed Real Estate 

Vehicles (INREV) database. INREV’s German Vehicles 

Index comprises the data of 49 German vehicles which 

have invested in Germany, having provided quarterly 

total return data for each asset class since 2003. During 

the observation period, the vehicles hold, on average, 

properties totalling a gross asset value of 14.4 billion 

EUR whereby the allocation amongst residential, office 

and retail is almost equal. However, this index is merely 

an approximation regarding the actual performance of 

 

10 The total number of articles is 118,645 (3,601/10,497/3,805) of 

IZ (IM/FAZ/HB). 
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the asset classes, as vehicle returns are distorted by 

company-specific factors. Nonetheless, in the absence 

of quarterly data for the broader MSCI Germany An-

nual Property Index or the Bulwiengesa Property Index, 

the INREV index remains the best alternative with 

which to capture general and short-term market move-

ments.  

Figure 3.2 shows that the total returns for residential 

and office properties increased in a similar pattern; nev-

ertheless, office returns declined more strongly be-

tween 2012 and 2014. All in all, residential properties 

manifest the highest average quarterly total returns for 

the observation period (1.71 %) and outperform the of-

fice market (0.36 %). Total returns of retail properties 

initially show solid growth but subsequently decline. 

However, due to the early growth, retail real estate still 

yields, on average, the second highest total returns 

(0.82 %) while simultaneously remaining the most vol-

atile market with a standard deviation of 0.0106. 
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Figure 3.2 Percentage Total Return over Time by 

Asset Class 

 

Data Source: INREV. 

 

3.5.3 Macroeconomic and Real Estate Controls 

Since real estate market returns are driven by many fac-

tors, a set of macroeconomic and real estate-specific 

control variables is included. The control variables 

have been selected following Clayton et al. (2008), 

Ling et al. (2014), Walker (2014), Das et al. (2014), 

and Freybote and Seagraves (2017). To account for the 

performance of the general stock market, we incorpo-

rate the return of the DAX index (DAX), which is the 

German stock index consisting of the 30 major German 
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blue-chip companies during the observation period and 

is obtained from boerse.de Finanzportal. Secondly, the 

model includes the Gross Domestic Product of Ger-

many (GDP), which is published by the Federal Statis-

tical Office of Germany. Further, to account for asset 

class-specific factors causing variations in returns, two 

additional variables are included: the trading volume of 

each asset class (TV), which is an indicator for the li-

quidity risk of the submarkets (Franzoni et al., 2012), 

and the average lending rates (INT), as another market 

fundamental. While data on TV has been obtained from 

multiple sources (residential: JLL; office: BNP Paribas 

Real Estate; retail: NAI Global), INT was provided by 

Deutsche Bundesbank. Each control variable was con-

verted into growth rates in order to avoid non-station-

arity, and data only available on an annual basis was 

temporally disaggregated.11 Descriptive statistics for 

 

11 Temporal disaggregation is referred to as the process of deriving 

high frequency data from that of low frequency. Furthermore, 

macroeconomic and real estate-specific control variables have ei-

ther been tested (e.g., unemployment rate, wages, population 

growth, building permits, construction cost indices) but did not 
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INREV returns and control variables are presented in 

table 3.1. 

 

Table 3.1 Descriptive Statistics 

 Mean Median SD Min Max 

Return Residential 0.0171 0.0167 0.0092 -0.0018 0.0396 

Return Office 0.0036 0.0038 0.0100 -0.0237 0.0231 

Return Retail 0.0082 0.0101 0.0105 -0.0299 0.0258 

GDP 0.0087 0.0127 0.0290 -0.0997 0.1025 

DAX 0.0075 0.0123 0.0333 -0.0901 0.0742 

TV Residential 0.0568 0.0321 0.1376 -0.2539 0.4009 

TV Office 0.0271 0.0410 0.0739 -0.1662 0.1612 

TV Retail 0.0186 0.0179 0.0952 -0.1803 0.3015 

INT Residential -0.0003 -0.0002 0.0007 -0.0018 0.0013 

INT Office 0.0106 0.0060 0.0131 -0.0110 0.0370 

INT Retail -0.0014 -0.0010 0.0022 -0.0060 0.0030 

Data Source: INREV, Federal Statistical Office of Germany, bo-

erse.de Finanzportal, JLL, BNP Paribas Real Estate, NAI Global, 

Deutsche Bundesbank. 

  

 

lead to the improvement of estimation results, or data was not 

available on asset class level (e.g., construction turnover). 
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3.6 Results 

3.6.1 News Coverage 

Following the approach of Watanabe and Zhou (2020) 

our selection of reliable knowledge-based and fre-

quency-based seed words results in 80 seed words for 

each asset class (see table 3.7 in the appendix). For in-

stance, the results of the GloVe model show: The word 

vector ‘residential property’ provides the highest corre-

spondence level of 27.93 % for the vector ‘condomin-

ium’ or ‘housing’ (26.97 %) in the data set of IZ, while 

for the daily newspapers ‘apartment buildings’ (21.00 

%, FAZ) and ‘home buyers’ (19.30 %, HB) provide 

high matches. For ‘office property’, word vectors such 

as ‘office building’ (67.40 %) and ‘office space’ (66.17 

%), and for ‘retail property’, vectors such as ‘retail 

park’ (23.56 %), ‘grocery store’ (23.24 %) or ‘drug-

store’ (22.82 %) are detected by the algorithm. 
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After assigning the articles to the corresponding asset 

class through the seeded LDA algorithm, the NC indi-

ces, as shown in Figures 3.3 to 3.5, can be computed.12 

Hereby, retail is the most frequently reported market, 

with a mean share of 27.63 % of all articles, followed 

by office (23.48 %), and then residential (20.74 %).13 

However, during the observation period one can ob-

serve how the media’s attention shifts away from retail, 

which could be interpreted as a result of the ongoing 

transition of the retail sector (e.g., Kaiser and Freybote, 

2021), towards residential and office real estate. What 

is more, when comparing trade newspapers to daily 

newspapers, one can see that trade newspapers focus 

more on office. Residential real estate is almost equally 

represented in both types of newspapers and having be-

come a more frequent item of discussion by both since 

 

12 The time series of IM, FAZ and HB have been exponentially 

smoothed, to reduce their higher variance which are due to the 

lower circulation and longer articles compared with IZ. Further-

more, indices for trade and daily newspapers are based on the mean 

of the underlying newspapers. 
13 The remaining 28.06 % is not classified to one of the proposed 

asset classes. 
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2015. Retail is initially more present in daily newspa-

pers, which may be traced back to its presence in eve-

ryday life. Moreover, it is the asset class, throughout 

which the NC indices of both types of newspapers move 

the least synchronously. Even though both indices are 

positively correlated, as for all asset classes, the report-

ing intensity of the daily newspapers has decreased sig-

nificantly since 2015, while it has remained stable in 

the trade papers. 

 

Figure 3.3 Residential — News Coverage over Time 

 

Notes: News Coverage (left), INREV Index Return (right). 

Data Source: INREV, IZ Immobilien Zeitung Verlagsgesellschaft 

mbH, Immobilien Manager Verlag IMV GmbH & Co. KG, Frank-

furter Allgemeine Zeitung GmbH, Handelsblatt GmbH. 
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Figure 3.4 Office — News Coverage over Time 

 

Notes: News Coverage (left), INREV Index Return (right). 

Data Source: INREV, IZ Immobilien Zeitung Verlagsgesellschaft 

mbH, Immobilien Manager Verlag IMV GmbH & Co. KG, Frank-

furter Allgemeine Zeitung GmbH, Handelsblatt GmbH. 
 

Figure 3.5 Retail — News Coverage over Time 

 

Notes: News Coverage (left), INREV Index Return (right). 

Data Source: INREV, IZ Immobilien Zeitung Verlagsgesellschaft 

mbH, Immobilien Manager Verlag IMV GmbH & Co. KG, Frank-

furter Allgemeine Zeitung GmbH, Handelsblatt GmbH. 
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An analysis of the bivariate relationship between the re-

porting intensity and the performance reveals that NC 

was able to be related to total return. In particular, the 

NC and performance of residential real estate are highly 

correlated, with the Pearson correlation coefficient 

standing at 0.78. The same applies to the office market, 

in which correlations are highest using one to four pe-

riod lagged NC (between 0.49 and 0.56). Hence, report-

ing intensity could be considered as being a good pre-

dictor for future returns, with more media attention be-

ing indicative of higher total returns. Regarding the re-

tail market, the picture is less clear: Correlation be-

tween NC of retail and its total return is even negative 

(-0.18) and highest (-0.32) when total return leads NC 

by two quarters. These observations are consistent 

when disaggregating NC indices to both types of news-

papers and they are validated through a set of bivariate 

VARs: For residential and office, a diminishing rela-

tionship between NC and total returns can be identified. 

For retail, in contrast, no pattern is discernible. 
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Upon summarising these preliminary results briefly, 

one can see that there are differences in news coverage 

between trade and daily newspapers,14 which seem to 

be driven by newspaper type applying degrees of vary-

ing importance of the changing market conditions. 

Therefore, regarding our first hypothesis, we conclude 

that there are in fact differences in news coverage be-

tween trade and daily newspapers. Besides, it appears 

that news coverage precedes the total return indices and 

may therefore be an indicator of upcoming perfor-

mance, which, in turn, supports the second hypothesis. 

 

3.6.2 News Sentiment 

When turning to NS indices, we observe that IM is the 

most optimistic newspaper concerning each asset class, 

while FAZ is the most pessimistic newspaper. When IZ 

and HB are included, however, the tonality of trade 

newspapers is only slightly more positive than that of 

 

14 See table 3.8 in the appendix for the descriptive statistics of the 

generated indices. 
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daily newspapers, as revealed by Figures 3.6 to 3.8.15 

While residential and retail real estate are assessed sim-

ilarly optimistically, with a mean NS over all newspa-

pers of 0.11, the tone regarding the office market (0.08) 

is slightly more pessimistic. However, there is a pro-

nounced difference in tonality between trade and daily 

newspapers within the articles on office real estate: Of-

fice is the most positively discussed asset class (0.14) 

in trade newspapers, whereas in daily newspapers, its 

mean comprises a mere 0.03. This difference is driven 

by negative NS scores obtained from the FAZ (the only 

negative mean score in the sample). In combination 

with the low standard deviations of NS indices, we in-

terpret these results as being indicative of a strong opin-

ion or a prejudice of the newspapers toward asset clas-

ses. Therefore, it is even more striking that the senti-

ment indices of both types of newspapers referring to 

the residential market diverge. Prior to 2015, both ex-

hibit similar NS values, but from 2015 onwards, trade 

 

15 See table 3.8 in the appendix for the descriptive statistics of the 

generated indices. 
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newspapers have been significantly more optimistically 

written in their articles on the residential market than 

the daily newspapers. This divergence thus begins sim-

ultaneously with the previously described increase in 

residential reporting intensity, which can possibly be 

seen as an indicator of changing market conditions. 

 

Figure 3.6 Residential — News Sentiment over Time 

 

Notes: News Sentiment (left), INREV Index Return (right). 

Data Source: INREV, IZ Immobilien Zeitung Verlagsgesellschaft 

mbH, Immobilien Manager Verlag IMV GmbH & Co. KG, Frank-

furter Allgemeine Zeitung GmbH, Handelsblatt GmbH. 
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Figure 3.7 Office — News Sentiment over Time 

 

Notes: News Sentiment (left), INREV Index Return (right). 

Data Source: INREV, IZ Immobilien Zeitung Verlagsgesellschaft 

mbH, Immobilien Manager Verlag IMV GmbH & Co. KG, Frank-

furter Allgemeine Zeitung GmbH, Handelsblatt GmbH. 
 

Figure 3.8 Retail — News Sentiment over Time 

 

Notes: News Sentiment (left), INREV Index Return (right). 

Data Source: INREV, IZ Immobilien Zeitung Verlagsgesellschaft 

mbH, Immobilien Manager Verlag IMV GmbH & Co. KG, Frank-

furter Allgemeine Zeitung GmbH, Handelsblatt GmbH. 
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To see whether this applies, we compare NS indices to 

the corresponding total returns. The results are ambig-

uous: Correlations between sentiment and performance 

are between 0.14 and 0.36, even for different lags of NS 

indices. Additionally, it seems that, as expected, more 

optimistic reporting is related to higher returns. The use 

of a set of bivariate VARs largely confirms these find-

ings. However, a breakdown of the NS indices by news-

paper type reveals one peculiarity: Only for the residen-

tial market is there a negative correlation between sen-

timent, obtained from daily newspapers, and total re-

turns. This is not surprising and finally provides an ex-

planation for the previously described rise in residential 

NC and the accompanying divergence between daily 

and trade newspaper sentiment. Since 2015 total returns 

of residential properties have risen sharply, which has 

led to an increase in the reporting intensity in both types 

of newspapers. However, while increasing total returns 

are positively received by the professional clientele of 

trade newspapers, the readership of daily newspapers 

suffers from the implied higher rental and purchase 
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prices. Daily newspapers therefore adopt the perspec-

tive of residents rather than investors when reporting on 

the residential market, rejecting the rising returns. 

Overall, it can be stated that there are striking differ-

ences between NS indices obtained from trade and daily 

newspapers. Despite the direction of the sentiment in-

dices for each asset class being largely identical, the 

tone regarding residential real estate has undergone a 

significant change since 2015 onwards. Therefore, it 

can be concluded that newspapers interpret changing 

market conditions differently. For daily newspapers 

‘bad news’ is ‘good news’ as real estate does not pri-

marily concern earning money regarding residential 

real estate. Raising awareness could be more seen as 

being important and then ‘bad news’ becomes more 

valuable than ‘good news’. By contrast, for trade news-

papers good information is ‘good news’, as return is 

paramount, i.e., readers value any information more 

symmetrically, as long as it proves to be valuable for 

investment decisions. Regarding the second hypothe-

sis, it can be concluded that although not unequivocal 
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for residential real estate, there remains a positive rela-

tionship between news sentiment and total returns. 

 

3.6.3 Vector Autoregression and Granger Causa-

lity 

The objective of this analysis is to examine the ability 

of news coverage and sentiment measures to predict to-

tal returns per asset class, despite possible momentum 

behaviour in total returns and subsequent to controlling 

for further exogenous effects. Tables 3.2 to 3.4 exhibit 

the results of the VAR estimations, as specified in equa-

tion 3.8, for each asset class and newspaper type. 
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Table 3.2 Residential — VAR and Granger Causality Test Results 

 All Newspapers Trade Newspapers Daily Newspapers 

INREV (-1) 0,019  0,132  0,063  0,138  0,194  0,107 *** -0,085  0,068  -0,032  
INREV (-2) 0,159  0,273 ** 0,162  0,136  0,114  0,175 *** 0,137  0,125  -0,019  
INREV (-3) -0,196  -0,087  -0,143  -0,031  -0,080  0,030 *** -0,342 ** -0,105  -0,243  
INREV (-4) 0,452 *** 0,582 *** 0,605 *** 0,722 *** 0,503 *** 0,578 ** 0,353 ** 0,479 *** 0,486 *** 

NC (-1) -0,002      -0,155 *     0,051      
NC (-2) -0,008      0,128 **     -0,081 *     
NC (-3) 0,066      0,120 *     0,146 **     
NC (-4) 0,014      -0,133 **     0,012      
NS (-1)   -0,186 *     -0,038      -0,057    
NS (-2)   0,047      0,090      -0,024    
NS (-3)   0,021      -0,054      -0,005    
NS (-4)   -0,100      0,082      -0,111 ***   
NCS (-1)     -0,035      -0,065 **     0,063 ** 

NCS (-2)     0,032      0,048      -0,037  
NCS (-3)     0,068      0,038      0,125 *** 

NCS (-4)     -0,049      -0,036      -0,036  
Intercept 0.003  0,028 * 0,002  0,012 * -0,005  0,010 * -0,008  0,030 ** -0,019 *** 

Adj. R² 0,41  0,43  0,42  0,48  0,42  0,42  0,59  0,49  0,57  
𝜒2 NC/NS/NCS 1,19  1,72  1,03  2,08  1,00  1,04 ** 6,11 *** 3,24 ** 8,79 *** 

𝜒2 INREV 6,50 *** 3,32 ** 4,29 ** 9,06 *** 5,32 *** 6,12  2,57 * 5,98 *** 9,29 *** 

Notes: Table 3.2 displays the estimated coefficients from the VAR models with quarterly asset class-specific INREV total returns 

(INREV) and news coverage (NC), news sentiment (NS) or the combination of both indices (NCS). The set of the macroeconomic 

control variables includes the growth rate of the German Gross Domestic Product (GDP), the growth rate of the DAX index 

(DAX), while the asset class-specific real estate controls comprise the growth rate of the trading volume (TV) and the growth rate 

of the interest rate (INT). Newey and West (1987) standard errors, which are robust to heteroscedasticity and autocorrelation, are 

used. * denotes significance at the 10 % level, ** at the 5 % level, and *** at the 1 % level. The sample period is Q1-2010 to 

Q4-2020.  
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Table 3.3 Office — VAR and Granger Causality Test Results 

      All Newspapers            Trade Newspapers       Daily Newspapers 

INREV (-1) 0,161  0,258  0,231  0,295  0,168  0,260  0,246 * 0,077  0,308 * 

INREV (-2) 0,481 ** 0,516 * 0,316  0,460 ** 0,459 * 0,382 * 0,471 ** 0,597 ** 0,537 * 

INREV (-3) 0,013  0,066  -0,059  -0,163  0,062  -0,100  0,041  0,226  -0,089  
INREV (-4) 0,172  0,068  0,207  0,273  0,118  0,361 * 0,202  0,370  0,172  
NC (-1) 0,247 ***     0,114 ***     0,110 *     
NC (-2) 0,061      -0,025      0,038      
NC (-3) -0,078      -0,034      -0,001      
NC (-4) -0,035      0,031      -0,053      
NS (-1)   -0,055      0,068      -0,321 *   
NS (-2)   0,030      -0,121      -0,058    
NS (-3)   0,376 ***     0,402 ***     0,036    
NS (-4)   -0,023      0,140      -0,034    
NCS (-1)     0,156 ***     0,110 **     0,035  

NCS (-2)     0,028      -0,056      0,047  

NCS (-3)     0,012      -0,019      0,002  

NCS (-4)     -0,003      0,061      -0,057  

Intercept -0,038 ** -0,024  -0,055 ** -0,020 ** -0,063 *** -0,037 *** -0,013  0,013  -0,003  
Adj. R² 0,52  0,43  0,45  0,46  0,57  0,48  0,36  0,40  0,34  
𝜒2 NC/NS/NCS 17,38 *** 3,70 ** 7,42 *** 5,71 *** 11,33 *** 6,31 *** 1,56  2,27  0,75  

𝜒2 INREV 0,93  8,95 *** 1,30  1,75  7,04 *** 0,95  5,55 *** 3,61 ** 4,00 ** 

Notes: Table 3.3 displays the estimated coefficients from the VAR models with quarterly asset class-specific INREV total returns 

(INREV) and news coverage (NC), news sentiment (NS) or the combination of both indices (NCS). The set of the macroeconomic 

control variables includes the growth rate of the German Gross Domestic Product (GDP), the growth rate of the DAX index 

(DAX), while the asset class-specific real estate controls comprise the growth rate of the trading volume (TV) and the growth rate 

of the interest rate (INT). Newey and West (1987) standard errors, which are robust to heteroscedasticity and autocorrelation, are 

used. * denotes significance at the 10 % level, ** at the 5 % level, and *** at the 1 % level. The sample period is Q1-2010 to 

Q4-2020.  
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Table 3.4 Retail — VAR and Granger Causality Test Results 

 All Newspapers Trade Newspapers           Daily Newspapers 

INREV (-1) -0,363 ** 0,029  -0,326 *** -0,225  -0,312 ** 0,011  -0,241 ** -0,318 *** -0,321 *** 

INREV (-2) 0,144  0,248 ** 0,139  0,225 * 0,003  0,305 *** 0,230 ** 0,152  0,095  
INREV (-3) 0,150  -0,206  0,116  0,119  -0,111  0,007  0,172  -0,158  0,074  
INREV (-4) 0,422 *** 0,292 *** 0,386 *** 0,254  0,082  0,188 * 0,386 *** 0,244 *** 0,327 *** 

NC (-1) 0,196 **     0,127      0,094 **     

NC (-2) -0,012      -0,310 *     0,024      

NC (-3) -0,093      0,036      -0,044      

NC (-4) -0,230 *     0,102      -0,112 **     

NS (-1)   -0,036      0,152      -0,143 *   

NS (-2)   -0,637 **     -0,001      -0,263 ***   

NS (-3)   -0,210      0,092      -0,299 ***   

NS (-4)   0,306 **     0,036      -0,039    

NCS (-1)     0,155 **     0,098      0,051  

NCS (-2)     -0,084      -0,378 ***     -0,007  

NCS (-3)     -0,094      0,034      -0,037  

NCS (-4)     -0,170 *     0,254 ***     -0,087 * 

Intercept 0,037 * 0,070 ** 0,073 ** 0,011  -0,027  -0,002  0,012  0,080 *** 0,036 ** 

Adj. R² 0,26  0,32  0,26  0,16  0,14  0,31  0,27  0,54  0,22  
𝜒2 NC/NS/NCS 1,64  4,02 ** 2,95 * 1,52  1,48  5,15 *** 3,58 ** 12,22 *** 3,03 * 

𝜒2 INREV 12,74 *** 7,77 *** 4,41 ** 6,74 *** 2,09  2,29  7,43 *** 12,85 *** 3,62 ** 

Notes: Table 3.4 displays the estimated coefficients from the VAR models with quarterly asset class-specific INREV total returns 

(INREV) and news coverage (NC), news sentiment (NS) or the combination of both indices (NCS). The set of the macroeconomic 

control variables includes the growth rate of the German Gross Domestic Product (GDP), the growth rate of the DAX index 

(DAX), while the asset class-specific real estate controls comprise the growth rate of the trading volume (TV) and the growth rate 

of the interest rate (INT). Newey and West (1987) standard errors, which are robust to heteroscedasticity and autocorrelation, are 

used. * denotes significance at the 10 % level, ** at the 5 % level, and *** at the 1 % level. The sample period is Q1-2010 to 

Q4-2020. 
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Focusing on news coverage, the significant effect of the 

one period lagged NC for the office market stands out. 

The coefficients are significant at the 1 % level for the 

indicator of all newspapers and trade newspapers, 

which means that there is a lead time, but the compara-

tively low transparency of the market only allows a pre-

diction of one quarter in advance. Nevertheless, once 

newspapers anticipate returns in the short-term, they 

tend to publish more articles upon the office sector 

(positive coefficient). A similar pattern can be observed 

for the retail market, where one period lagged coeffi-

cients of NC are significant. Hereby, the four period 

lagged coefficients of NC are negative which might in-

dicate a potential reversal or correction in reporting in-

tensity, as previously observed by Tetlock (2007), and 

Antweiler and Frank (2006), with respect to news sen-

timent and the general stock market. Lastly, for the res-

idential market trade newspapers clearly outperform 

daily newspapers as coefficients yield higher levels of 

statistical significance. Even if the direct relationship 
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between the yield component and the reporting inten-

sity appears weaker, the reason for this could be that the 

reporting of daily newspapers is also more likely than 

that of trade newspapers to deal with social and politi-

cal issues in housing. 

In terms of news sentiment, one can ascertain a statisti-

cally significant relationship between NS and office and 

retail markets, respectively, but this does not apply to 

the same degree to the residential market. This contrasts 

somewhat to the findings of Marcato and Nanda (2016), 

who found statistically significant effects of a survey-

based sentiment indicator on residential property re-

turns but not on commercial property returns. Nonethe-

less, for the residential market it should be noted that 

signs of the NS coefficients are negative for daily news-

papers and positive for trade newspapers, which gives 

proof to the different perspectives of newspapers previ-

ously discussed. Regarding office and retail markets, 

the sentiment indicator is significant further in time, 

implying that newspapers in general are better at pre-

dicting long-term returns. This contrast the combined 
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news coverage and sentiment indicator NCS: Signifi-

cant coefficients can be observed for each asset class 

using trade newspaper articles, mainly in closer tem-

poral proximity (one and two period lags). These re-

sults underline Shiller’s (2017) findings by showing 

that once a topic is discussed more frequently and pos-

itively, it has an impact on total returns through the ef-

fect it has on readers’ mindsets, initially. Further, the 

positive sign of the statistically significant coefficients 

shows that the attention created by the newspaper 

drives readers towards those asset classes and hence re-

turns rise. When comparing the results by type of news-

paper it becomes apparent, that trade newspapers out-

perform daily newspapers in terms of significance and 

adjusted R² for office markets. The picture is less clear 

for the retail and residential markets. Overall, it can be 

stated, trade newspapers seem to be better suited for un-

derstanding the investment motive of real estate mar-

kets, which may be due to their focus on the interests of 

investors and real estate professionals. However, the in-
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vestment motive plays a lesser role for residential mar-

kets because of the consumer goods component and the 

high tenant ratio in Germany, which is why daily news-

papers have their raison d’être. Similar applies for retail 

markets, where the direct link to urban topics and con-

sequently external effects is likely to play an additional 

role. 

Tables 3.2 to 3.4 also present the results of the Granger 

causality tests, where the null hypothesis assumes that 

neither news coverage nor sentiment Granger-causes 

total returns and vice versa. 𝜒2 NC/NS/NCS reveals that 

the rejection of the null hypothesis depends on the type 

of newspaper, which aligns with above-described focus 

of the newspapers. For residential and retail the null hy-

pothesis is rejected by daily newspapers, whereas for 

office it is rejected by trade newspapers. In these cases, 

then, there is a statistically significant Granger-causal-

ity which spans the area of news coverage and senti-

ment to total returns and indicators hence Granger-

cause total returns. However, results of 𝜒2 INREV are 

less unequivocal, since the null hypothesis cannot be 
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rejected for daily newspapers, whereas for trade news-

papers it can at least be partially rejected. The reporting 

in the trade newspapers is therefore less driven by past 

returns, so there is less of a feedback loop. 

 

3.6.4 Robustness Tests 

In order to check the robustness of the results, two fur-

ther models were fitted in addition to the statistical ro-

bustness tests. Firstly, instead of the news-based senti-

ment indicator, a survey-based sentiment index for the 

German real estate market, Deutsche Hypo Immo-

bilienklima (HYPO) as provided by bulwiengesa AG, 

was used as a sentiment indicator for explaining market 

returns (table 3.5). This sentiment indicator is compiled 

monthly by means of a survey of 1,200 real estate ex-

perts for six different asset classes. This indicator may 

provide insight into whether survey-based or news-

based sentiment indicators are more suitable for meas-

uring sentiment and for explaining movements in real 

estate returns. Secondly, the dependent variable INREV 

was replaced by its capital growth component (table 
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3.6, results displayed for each asset class at the aggre-

gated level of all newspapers) as we expect that the gen-

erated sentiment indicators affect appreciation returns 

in particular because income returns are more stable 

overall, being defined by long-term rental contracts. 

Due to this, income returns are often less suitable for 

fitting statistical models. Furthermore, as we try to cap-

ture investor sentiment, this could be better reflected in 

changes in cap rates, i.e., in changes in the capital 

growth component of the total return. 

According to table 3.5, the changes in the NS indicator 

are more closely related to the development of real es-

tate returns than the survey-based sentiment indicator. 

Only the survey-based sentiment coefficient for the of-

fice market is statistically significant, and also exhibits 

higher explanatory power than the indicator based on 

textual analyses. But this does not hold for residential 

or retail markets. As stated above, the standard devia-

tions of the NS indices are low, particularly when com-

pared with the HYPO indices. Evidently, the survey-

based indicators are subject to more pronounced short-
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term changes than the extracted tone from journalists in 

news articles. Hence, news-based sentiment may be 

more suitable for catching undistorted market senti-

ment and therefore better to predict future returns.  

Limiting the dependent variable to the capital growth 

component of the total return, which is generally the 

more volatile component, provides evidence of the fact 

that information obtained from newspapers still has ex-

planatory power when omitting the stable component. 

As displayed in table 3.6, there are significant results 

for each of our news-based indicators, even though 

slight deviations can be observed. For office and retail 

adjusted R² increased substantially, only for the resi-

dential markets the explanatory power decreases. Over-

all, both models provide convincing evidence of the 

fact that, as expected, news-based indicators indeed af-

fect real estate returns and due to higher explanatory 

power of the models, the indices capture better investor 

sentiment than the more stable total returns. This result 
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implies that valuable additional information can be ex-

tracted from news articles, especially for professional 

market participants. 
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Table 3.5 Hypo Index — VAR and Granger Causality Test Results 

 Residential — Hypo Office — Hypo Retail — Hypo 

INREV (-1)   -1.055 ***     0.696 **     -1.017 ***   

INREV (-2)   -0.845 **     0.051      -0.569 *   

INREV (-3)   -0.955 ***     0.179      -0.500    

INREV (-4)   -0.420      0.184      0.010    

HYPO (-1)   -0.006      -0.080 **     0.008    

HYPO (-2)   0.025      -0.048      -0.026    

HYPO (-3)   0.033      0.045      -0.025    

HYPO (-4)   0.049      -0.002      0.060    

Intercept   0.003      -0.012 *     -0.002    

Adj. R²   0.36       0.23       0.36      

𝜒2 HYPO   14.91 **     13.14 **     14.83 **   

𝜒2 INREV   9.25 *     4.45      15.14 ***   

Notes: Table 3.5 displays the estimated coefficients from the VAR models with quarterly asset class-specific INREV total returns 

(INREV) and Hypo Index (HYPO), which is a survey-based sentiment indicator. The set of the macroeconomic control variables 

includes the growth rate of the German gross domestic product (GDP), the growth rate of the DAX index (DAX), while the asset 

class-specific real estate controls comprise the growth rate of the trading volume (TV) and the growth rate of the interest rate 

(INT). Newey and West (1987) standard errors, which are robust to heteroscedasticity and autocorrelation, are used. * denotes 

significance at the 10 % level, ** at the 5 % level, and *** at the 1 % level. The sample period is Q1-2010 to Q4-2020. 
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Table 3.6 INREV Capital Growth Component — VAR and Granger Causality Test Results 

 Residential — All Newspapers Office — All Newspapers Retail — All Newspapers 

INREV (-1) 0,057  -0,025  0,069  -0,030  -0,179  -0,042  -0,440 *** -0,555 *** -0,502 *** 

INREV (-2) 0,123  0,383 ** 0,167  0,155  -0,022  0,026  -0,262 ** -0,182  -0,213 * 

INREV (-3) 0,267  0,340 ** 0,264  -0,169  -0,178  -0,143  -0,042  -0,470  -0,115  
INREV (-4) -0,060  0,300 * 0,079  0,374 *** 0,626 *** 0,347 * 0,219 * 0,062  0,208  
NC (-1) -0,035      0,339 ***     0,156 *     

NC (-2) 0,085      -0,091      -0,109      

NC (-3) -0,079      -0,242 **     0,318 **     

NC (-4) 0,123      0,034      -0,605 ***     

NS (-1)   -0,060 *     -0,063      -0,024    

NS (-2)   0,054      0,064      -0,182    

NS (-3)   -0,094      0,055      0,499 **   

NS (-4)   -0,057      0,048      -0,342    

NCS (-1)     -0,008      0,273 **     0,089  

NCS (-2)     0,099 *     -0,115      -0,086  

NCS (-3)     -0,086 *     -0,112      0,246 ** 

NCS (-4)     0,049      0,017      -0,499 *** 

Intercept -0,014  0,016  -0,014  -0,016  -0,018  -0,029  0,053 *** 0,000  0,083 *** 

Adj. R² 0,22  0,12  0,21  0,56  0,41  0,51  0,66  0,33  0,68  
𝜒2 NC/NS/NCS 2,17  1,55  2,46 * 4,73 ** 0,12  2,81 * 18,01 *** 1,93  23,24 *** 

𝜒2 INREV 7,17 *** 7,32 *** 8,21 *** 1,93  1,52  4,25 ** 4,36 ** 4,61 ** 2,19  

Notes: Table 3.6 displays the estimated coefficients from the VAR models with quarterly asset class-specific INREV capital 

growth components (INREV) and news coverage (NC), news sentiment (NS) or the combination of both indices (NCS). The set 

of the macroeconomic control variables includes the growth rate of the German Gross Domestic Product (GDP), the growth rate 

of the DAX index (DAX), while the asset class-specific real estate controls comprise the growth rate of the trading volume (TV) 

and the growth rate of the interest rate (INT). Newey and West (1987) standard errors, which are robust to heteroscedasticity and 

autocorrelation, are used. * denotes significance at the 10 % level, ** at the 5 % level, and *** at the 1 % level. The sample 

period is Q1-2010 to Q4-2020. 
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3.7 Conclusion 

In this article we analyse a broad data set consisting of 

real estate articles that were published by four leading 

German newspapers, covering the period from Q1-

2010 to Q4-2020. Two of these newspapers are general-

interest daily newspapers, while two newspapers are 

specialised trade newspapers. To the best of our 

knowledge this is the first study to cluster newspaper 

articles by asset class in order to derive news coverage 

and also news sentiment for the analysis of real estate 

markets. The compiled unique dataset allows us not 

only to capture the general consensus, but at the same 

time to distinguish between trade newspapers and daily 

newspapers. 

The aim of this article is to build on the existing litera-

ture regarding the relevance of market sentiment indi-

cators that are derived from a large text corpus and not 

from surveys. This is done in the following two ways: 

First, following Marcato and Nanda (2016), we distin-

guish sentiment indicators by asset class, hypothesising 
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that real estate markets are so diverse that such differ-

entiation is necessary. Second, we wish to understand 

whether trade and daily newspapers present different 

market narratives, given that their readership varies. 

This implicitly addresses a third issue, namely, whether 

the narratives in the newspapers either lead or lag re-

garding real estate cycles. In particular, regarding pro-

fessional market participants, this also raises the ques-

tion of whether reading the news can either be consid-

ered primarily as an activity or an investment in the ac-

quisition of relevant information.  

With regard to these questions, we formulate three hy-

potheses: Our first hypotheses is that there are measur-

able differences between the news coverage and senti-

ment of trade and daily newspapers. We find an indica-

tion that this is the case with regards to residential real 

estate and, to a lesser extent, with regards to commer-

cial real estate. Given the different readerships of the 

two newspaper types, with more professional investors 

reading trade newspapers and a far broader audience 
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reading daily papers, daily newspapers report in a sig-

nificantly more negative tonality during market phases 

with rising residential returns. Secondly, we hypothe-

sise that there is a correlation between changes in news 

coverage or sentiment and the development of total re-

turns within the respective asset classes. Here, we find 

ample indication of the fact that this is the case, partic-

ularly for the capital growth component. It also appears 

that the news-based sentiment indicators are more suit-

able for explaining future market developments com-

pared with survey-based indicators. This finding leads 

to the necessity of further research: survey-based indi-

cators appear to be more volatile than our news-based 

sentiment indicator. If this becomes the case, the sur-

vey-based indicators may perform better for short-term 

directional changes, such as real estate stock move-

ments, while news media indicators prove more resili-

ent to short-term changes and thus perform better for 

more slowly moving direct investments. Our third hy-

pothesis is that the sentiment indicators tend to lead the 

real estate cycle rather than to follow it. We also find 
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an indication of this being the case, as well as finding 

that trade newspapers outperform daily newspapers in 

‘predicting’ future return shifts.  

In this sense, trade newspapers contain significant mar-

ket-relevant information even beyond the hard facts 

that are presented in both newspaper types. The under-

standing of this information revealed in textual data can 

enable investors to better comprehend asset class-spe-

cific market narratives, and given that daily newspapers 

appear to follow different narratives for residential real 

estate, it would be wise to also learn about these, even 

though they possess less predictive power. Thus, the in-

formation derived from newspapers could be valuable 

to investors and influence both opinion-formation and 

decision-making. In essence, it could help to increase 

the understanding of the asset class-specific narratives 

and sentiment in real estate markets. 

Our approach bears several strengths: Qualitative infor-

mation from newspapers is available digitally and in 

real-time. Hence, information can be extracted in a 
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standardised, timely and replicable way through the al-

gorithms and methods presented in this paper. This ap-

proach can be extended to new text corpora (different 

newspapers in other countries, social media content, 

corporate publications, professional research publica-

tions, etc.) and employed for new research questions, 

e.g., whether the findings also hold for other real estate 

asset classes and for different response variables such 

as price indices, or whether survey-based sentiment in-

dicators perform better in explaining more volatile time 

series like real estate stock indices. With future research 

it may be possible to go beyond the limitations of this 

study, i.e., the sample of only one decade for only one 

country and only four newspapers. Additionally, the 

chosen dictionary-based approach may be challenged 

by employing either different dictionaries or less super-

vised ML-algorithms for measuring sentiment within 

the corpora or for detecting suitable seed words. 
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3.9 Appendix  

Unbounded Polarity Score 

𝛿 =  
𝑐𝑖,𝑗
′

√𝑤𝑖, 𝑗𝑛

 (3.3) 

where: 

𝑐𝑖,𝑗
′ =  ∑((1 + 𝑤𝑎𝑚𝑝 + 𝑤𝑑𝑒𝑎𝑚𝑝) ∙ 𝑤𝑖,𝑗,𝑘

𝑝 (−1)2+𝑤𝑛𝑒𝑔) (3.3.1) 

 

𝑤𝑎𝑚𝑝 = (𝑤𝑏 > 1) +  ∑(𝑤𝑛𝑒𝑔 ∙ (𝑧 ∙ 𝑤𝑖,𝑗,𝑘
𝑎 )) (3.3.2) 

 

𝑤𝑑𝑒𝑎𝑚𝑝 = 𝑚𝑎𝑥(𝑤𝑑𝑒𝑎𝑚𝑝′ , 1) (3.3.3) 

 

𝑤𝑑𝑒𝑎𝑚𝑝′ = (𝑤𝑏 < 1) +  ∑(𝑧(−𝑤𝑛𝑒𝑔 ∙ 𝑤𝑖,𝑗,𝑘
𝑎 +  𝑤𝑖,𝑗,𝑘

𝑑 )) (3.3.4) 

 

𝑤𝑏 = 1 + 𝑧2 ∗ 𝑤𝑏′ (3.3.5) 

 

𝑤𝑏′ = ∑(|𝑤𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑜𝑛|,  … ,  𝑤𝑖,𝑗,𝑘
𝑝 ,  𝑤𝑖,𝑗,𝑘

𝑝 ,  … ,  |𝑤𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑜𝑛| ∙ −1) (3.3.6) 

 

𝑤𝑛𝑒𝑔 = (∑𝑤𝑖,𝑗,𝑘
𝑛 )  𝑚𝑜𝑑 2 (3.3.7) 
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Table 3.7 Selected Seed Words 

Seed Words 

Residential 

flat; existing flat; resident; two-family house; two-family house half; owner-occupied home; homeowner subsidy; owner-occu-

pied flat; one-family house; one-bedroom flat; holiday flat; total living space; multi-storey building; household; multi-family 

house; rent cap; rent control; rental flat; new-build flat; new-build apartment; penthouse; townhouse; residential; senior housing; 

senior living; single household; social housing; student residence; student flat; housing estate; housing area; housing project; 

housing development; housing construction; housing entitlement certificate; housing stock; housing ownership; home ownership 

rate; housing unit; housing; residential area; type of housing; residential building; residential site; residential house; residential 

property; residential property market; residential complex; residential location; residential use; residential object; residential 

portfolio; residential project; residential quarter; residential space; residential support; residential development; residential unit; 

residential supply; residential construction; residential building society; residential property ownership; housing shortage; hous-

ing vacancy; housing lack; housing market; housing market report; housing rent; housing demand; new housing construction; 

housing need; housing users; housing policy; housing prices; housing sector; housing companies; housing industry; housing 

economy; housing district; housing value 

  

Office 

work space; work spaces; working space; working place; working places; working environment; work environment; working 

world; meeting rooms; office supply; office construction; office stock; office unit; office ensemble; office floor; office spaces; 

office space supply; office space stock; office space shortage; office space market; office space demand; office space turnover; 

office buildings; office building; office tower; office towers; office property; office property market; office complex; office 

occupancy; office vacancy; office suite; office market; office rents; office tenants; office demand; office new construction; office 

occupants; office use; office object; office project; office quarter; office space; office bar; office room; office sector; office top 

rent; office location; office rooftop; office rental; office centre; business centre; business park; coworking; coworking provider; 

coworking offices; coworking space; coworking spaces; single office; single offices; remote work; company headquarters; head-

quarters; large office; large offices; company offices; working from home; home office; conference rooms; conference offices; 

office; offices; conference room; teleworking; head office; event rooms; management office; work; working; cellular offices 
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Notes: Table 3.7 displays the selection of seed words for the three asset classes of residential, office and retail; all results in this 

paper were estimated in German and have been translated, with expressions consisting of two or more words in English appearing 

as single words in German.; for example, the results of the GloVe model show for the word vector ‘residential property’ the 

highest correspondence level of 27.93 % for the vector ‘condominium’ or ‘housing’ (26.97 %) in the largest data set of IZ. 

 

Retail 

anchor; anchor tenant; construction market; bookstore; centre management; centre manager; discounter; drugstore; ecommerce; 

shopping opportunity; shopping mall; shopping street; shopping area; retailer; retail trade; retail space; retail property; retail 

investment; retail market; retail object; retail project; retail location; retail turnover; retail park; franchise store; franchise store 

concept; retail turnover; flagship store; food court; frequented; frequency; catering space; stores; trade; commercial space; retail 

building; retail company; retail shop; retail shops; department store; department store chain; shop; shop unit; shop space; shops; 

shop spaces; food industry; food discounter; food retailing; food market; mall; market hall; local supplier; local supply; local 

supply centres; local supply centre; online retailer; online trade; online shop; outlet; footfall; products; restaurant; retail; retailer; 

shop; shopping; shopping centre; shopping centre operator; range; store; supermarket; supermarket chain; retail turnover rent; 

sales level; sales area; sales channel; warehouse; warehouse manager; warehouse chain 
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Table 3.8 Descriptive Statistics of Sentiment Indica-

tors 

 Mean Median SD Min Max 

NC_residential_trade 0.2159 0.2024 0.0522 0.1465 0.3279 

NC_residential_daily 0.1990 0.1810 0.0600 0.1220 0.3575 

NC_office_trade 0.2901 0.2885 0.0406 0.2104 0.3735 

NC_office_daily 0.1795 0.1808 0.0203 0.1297 0.2135 

NC_retail_trade 0.2112 0.2136 0.0232 0.1519 0.2603 

NC_retail_daily 0.3415 0.3428 0.0689 0.2193 0.4661 

NS_residential_trade 0.1202 0.1218 0.0213 0.0622 0.1554 

NS_residential_daily 0.0984 0.0990 0.0195 0.0491 0.1379 

NS_office_trade 0.1370 0.1371 0.0125 0.1028 0.1628 

NS_office_daily 0.0260 0.0269 0.0115 -0.0008 0.0551 

NS_retail_trade 0.1237 0.1231 0.0165 0.0778 0.1549 

NS_retail_daily 0.0952 0.0957 0.0135 0.0668 0.1140 

Notes: Table 3.8 displays descriptive statistics of quarterly senti-

ment indicators between 2010 and 2020 for the three asset classes 

of residential, office and retail subdivided by trade newspapers and 

daily newspapers. NC is news coverage, NS is news sentiment. 
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4. News Coverage vs. Sentiment: Evalu-

ating German Residential Real Estate Mar-

kets 

4.1 Abstract 

Purpose — To investigate whether additional infor-

mation of the permanent news flow, especially report-

ing intensity, can help to increase transparency in hous-

ing markets, this study examines the relationship be-

tween news coverage or news sentiment and residential 

real estate prices in Germany at a regional level. 

Design/methodology/approach — Using methods in 

the field of natural language processing, in particular 

word embeddings and dictionary-based sentiment anal-

yses, we derive five different sentiment measures from 

almost 320,000 news articles of two professional Ger-

man real estate news providers. These sentiment indi-

cators are used as covariates in a first difference fixed 

effects regression in order to investigate the relation-

ship between news coverage or news sentiment and res-

idential real estate prices. 
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Findings — The empirical results suggest that the as-

certained news-based indicators have a significant pos-

itive relationship with residential real estate prices. It 

appears that the combination of news coverage and sen-

timent proves to be a reliable indicator. Furthermore, 

the extracted sentiment measures lead residential real 

estate prices up to two quarters. Finally, the explanatory 

power increases when regressing on prices for condo-

miniums compared with houses, implying that the indi-

cators may rather reflect investor sentiment. 

Originality — To the best of the authors’ knowledge, 

this is the first paper to extract both the news coverage 

and news sentiment from real estate-related news for 

regional German housing markets. The approach pre-

sented in this study to quantify additional qualitative 

data from texts is replicable and can be applied to many 

further research areas on real estate topics. 

Keywords — Textual Analysis, News Sentiment, 

News Coverage, Word Embeddings, Dictionary-based 

Approach, Machine Learning, Residential Real Estate 

Markets. 
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4.2 Introduction 

In an increasingly digital economy, newspapers occa-

sionally appear like a relict from the past, at least in pa-

per form. Today, information flows rapidly on digital 

platforms, on social media, TV and radio. And yet, 

newspapers still exist in the 21st century, accounting 

for a media market share of 14.5 % in Germany (Sta-

tista, 2022), they have adapted to the new media envi-

ronment by establishing an online presence and by of-

fering tailor-made formats, special-interest papers and 

magazines. 

Evidently, there is still demand for the specific combi-

nation of information and entertainment offered by 

newspapers. Newspapers are not able to surpass the in-

ternet and TV-stations with regards to speed, current 

relevance and scale and scope of information. How-

ever, there are situations in which time-constrained 

readers value a pre-selection of information. What is 

more, when information is uncertain or when data is 

missing, readers appreciate an assessment and evalua-

tion of opaque information sets. In such a scenario, a 



News Coverage vs. Sentiment: Evaluating German 

Residential Real Estate Markets 

166 

balanced commentary can be more valuable to the read-

ers than pure speed and volume of information. Thus, 

reading newspapers can be especially interesting for 

real estate market participants, as the heterogeneity of 

this asset class prevents full transparency, and the com-

plexity of the regulatory and market environment make 

it — particularly for small-scale actors — virtually im-

possible to follow and evaluate the permanent news 

flow. 

Primarily, readers look for information when reading 

the news. But they may be impelled by the sentiment 

the journalist consciously or subconsciously has con-

veyed. This sentiment could bias both the journalists’ 

choice of topics and tonality of the article. Thus, read-

ing the news does not only change the level of infor-

mation on an asset class, but can also reflect or even 

affect overall market sentiment: the prevailing attitude 

of investors to the expected price development in a mar-

ket. These new pieces of information and changes in 

sentiment can be considered early indicators for 

changes in hard market indicators like prices, rents or 
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returns. Then, even better-informed market profession-

als will find value in reading the news, as they may be 

able to gain an understanding of future market percep-

tions. 

In this article we analyse the relationship between news 

coverage or news sentiment of two German real estate 

news providers (Immobilien Zeitung and Thomas 

Daily) and residential property prices. In this paper we 

provide answers to four research questions: Is there a 

relationship between news coverage or news sentiment 

and German residential property prices? Are there dif-

ferences at regional levels? Is there a causality flow 

from news coverage or news sentiment to changes in 

residential property prices or vice versa? Are there dif-

ferences regarding the markets for houses and condo-

miniums? 

The remainder of this paper is organised as follows: 

Section 4.3 discusses the literature on sentiment analy-

sis in the context of real estate and deduces the hypoth-

esis. The dataset is presented in section 4.4, while the 
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textual analysis procedure and methodology are de-

scribed in section 4.5. The results are displayed in sec-

tion 4.6, leading to the conclusion in section 4.7, which 

discusses the implications for the real estate industry. 

 

4.3 Literature Review and Hypothesis Develop-

ment 

Textual Analysis in Economics and Finance 

Sentiment analysis has become a relevant area of re-

search in economics and finance, applying methods 

evolving from survey-based analysis or indicators de-

rived from capital market data (e.g., Clayton et al., 

2008; Das et al., 2014; Marcato and Nanda, 2016; Frey-

bote and Seagraves, 2017) to computational linguistic 

techniques. Recent developments in data processing 

and analysis have enabled sentiment to be extracted 

from large bodies of digitally available texts. The work 

of Tetlock (2007) constitutes one of the first applica-

tions of the dictionary-based approach quantifying the 

sentiment of news articles from The Wall Street Jour-

nal. Through the assignment of words to dictionaries 
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which contain categorised words of positive or negative 

sentiment, Tetlock has shown that media pessimism 

helps to predict downward pressure on stock market 

prices. A number of research papers followed on the 

basis of Tetlock’s work by adopting the dictionary-

based approach (e.g., Feldman et al., 2010; Loughran 

and McDonald, 2011; García, 2013; Kearney and Liu, 

2014). However, this method is challenged by two main 

aspects: first, the requirement of pre-defined word lists 

and second, the need for discipline-specific or even 

market-specific dictionaries (Loughran and McDonald, 

2011; Henry and Leone, 2016; Nowak et al., 2021). To 

address these issues, various other studies have em-

ployed a machine learning-based approach such as sup-

port vector machines and Naïve Bayes (e.g., Pang et al., 

2002; Schumaker and Chen, 2009; Li, 2010; Hausler et 

al., 2018). In the debate about the ability of either hu-

mans or machines to create sentiment dictionaries, 

Loughran and McDonald (2020) argue that humans 

may arbitrate the nuance of words better. Moreover, 

since the dictionary-based approach is easy to replicate 
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and traceable, it is still the most commonly used 

method. 

 

Textual Analysis in Real Estate 

Several studies have applied textual analysis in the con-

text of real estate research, following the dictionary-

based approach. Regarding the field of REITs, the pa-

per of Doran et al. (2012), for example, was successful 

in showing that the tone of quarterly-earnings confer-

ence calls for publicly traded REITs has significant ex-

planatory power for stock price movements. A leading 

relationship between media sentiment and future REIT 

market movements was also found by Ruscheinsky et 

al. (2018b). By investigating the language in the Man-

agement Discussion and Analysis of REITs, Koelbl 

(2020) concluded that higher levels of pessimistic (op-

timistic) language predicts lower (higher) future firm 

performance. Likewise, Carstens and Freybote (2021) 

found that the tone in REIT financial statements can 

predict total returns in the subsequent quarter, given pe-

riods of poorly performing real estate markets. Only a 
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few studies have investigated the dictionary-based ap-

proach concerning residential real estate markets. For 

instance, Nowak and Smith (2017) were able to im-

prove the performance of hedonic pricing-estimates 

with the textual information contained in the comments 

section of the MLS listings. The work of Soo (2018) 

provides evidence of the fact that local housing media 

sentiment has predictive power for future house prices 

leading by nearly two years. By the development of an 

industry-specific dictionary for the German-speaking 

area, Ruscheinsky et al. (2018a) have so far been the 

first to apply the dictionary-based approach to the Ger-

man housing market, finding a significant relationship 

between the measured sentiment and the development 

of residential real estate-prices. Moreover, Nowak et al. 

(2021) have shown that the information provided in real 

estate agents’ remarks concerning properties can be 

used to address heterogeneity in housing markets and 

have again demonstrated that in-sample prediction er-

rors in the pricing models can be reduced. 
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Besides of the extraction of tonality from real estate-

related texts, the reporting intensity of specific topics 

becomes of interest to sentiment analysis, which is 

based on the concept of economic narratives introduced 

by Shiller (2017). These economic narratives can have 

an impact on economic outcomes as they influence in-

dividual decision-making if they reach a large audi-

ence. A fast distribution of these narratives is attained 

in particular by journalists through their selection and 

interpretation of information. In order to understand the 

shifts in media attention, a few studies have attempted 

to measure the news coverage of certain topics in addi-

tion to their tonality. To explore unstructured bodies of 

texts, topic model algorithms such as Latent Dirichlet 

Allocation (LDA) (Blei et al., 2003) are often applied 

(e.g., Zhao et al., 2011; Nguyen and Shirai, 2015; Cer-

chiello and Nicola, 2018; Nordheim et al., 2018; Aziz 

et al., 2019). These generative probabilistic models pri-

marily concern the derivation of underlying common 

topics. However, there is limited research that applies 

topic modelling in the context of real estate market 
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analysis: Ploessl et al. (2021) used seeded LDA for the 

assignment of German news articles to six real estate-

related trends and revealed that both the news coverage 

and sentiment of these expected stable trends show cy-

clical elements within a 21-year period. Another algo-

rithm, the structural topic model, was employed by Ko-

elbl et al. (2021) for the detection of risk-factors in the 

10-K filings of REITs in order to investigate how these 

could affect the risk perceptions of investors. Ploessl et 

al. (2022) examined the relationship between news 

coverage or sentiment of the main asset classes and to-

tal returns, suggesting that trade newspapers outper-

form daily newspapers in the prediction of future total 

returns. Still, there remains a lack of research concern-

ing the analyses of real estate-related texts: first, the in-

tensity of reporting and second, the precise measure-

ment of tonality, and third, regional differences in resi-

dential real estate markets, especially for the German-

speaking area. 
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Hypothesis Development 

Based on the studies of Soo (2018) and Ruscheinsky et 

al. (2018a), this paper focusses on residential real estate 

but assigns the news articles of the text corpus to the 

seven major regional housing markets in Germany by 

means of computational linguistic techniques. In addi-

tion, the effect of not only the tonality but also the fre-

quency of news media is examined. Following Ploessl 

et al. (2022), a positive relationship between news cov-

erage or sentiment and residential property prices is ex-

pected. The hypothesis is derived from the idea that 

trade newspapers typically report more frequently and 

positively on prospering markets and therefore predom-

inantly reflect investor sentiment (Tetlock, 2007; 

Walker, 2016; Beracha et al., 2019; Ploessl et al., 

2022): 

H1. News coverage and news sentiment are positively 

related to residential property prices. 

As real estate markets are characterised by intranspar-

ency and are only slowly adjusting to new information 
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(Baum et al., 1996; Clayton et al., 2008), sentiment in-

dicators are generally assumed to lead real estate mar-

ket movements. According to Shiller’s (2017) idea, be-

ing that economic narratives can shape individual and 

collective investor decision-making and that newspa-

pers are an important source of information for profes-

sionals and investors, the extracted information from 

texts could have predictive power over future residen-

tial property prices, resulting in the second hypothesis: 

H2. News coverage and news sentiment Granger-cause 

residential property prices. 

Lastly, it can be expected that the explanatory power is 

better for condominium prices than for house prices be-

cause trade newspapers predominantly target profes-

sional real estate investors, who most frequently invest 

in condominiums: 

H3. News coverage and news sentiment correlate more 

strongly with condo prices than house prices. 
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4.4 Data 

Two types of datasets are used: the text corpus given by 

two major German real estate news providers on the 

one hand and residential property prices and economic 

variables for each city (Berlin, Duesseldorf, Frankfurt, 

Hamburg, Cologne, Munich and Stuttgart) on the other 

hand. The sample period is from 2008 to 2018 with a 

quarterly data frequency. 

 

4.4.1 Textual Corpus 

The text corpus for this study consists of a large dataset 

of 319,956 news articles, containing 52.3 million 

words, published between Q1-2008 and Q4-2018 by 

two professional German real estate news providers: 

Immobilien Zeitung (IZ) and Thomas Daily (TD). IZ is 

the leading newspaper in the real estate industry with a 

weekly circulation of 11,000 copies while TD is part of 

the US-based CoStar Group, and provides the Thomas 

Daily Morning News daily for 33,000 subscribers. The 

news of IZ consist of an average length of 227 words 
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(SD: 246; Min: 36; Max: 4,253) and those of TD of 130 

words (SD: 92; Min: 24; Max: 3,322).  

The pre-processing of the news articles involves the re-

moval of punctuation marks, numbers, non-alphabeti-

cal and special characters, and stop words. ‘Stop words’ 

relate to frequently occurring words that have no rele-

vance to the content of a text, such as ‘the’ or ‘and’. For 

this large text corpus, a general German stop word list 

is extended by frequent words in the context of real es-

tate, after which the data is tokenised meaning that the 

text is divided into units (tokens) such as phrases, 

words and other meaningful entities. Here, the text cor-

pus is segmented by words. 

 

4.4.2 Real Estate and Macroeconomic Data 

For the replication of the German residential real estate 

markets, the average price per m² of houses (House 

Price) and condominiums (Condo Price) is used for 

each city provided by empirica regio for the period 

from Q1-2008 to Q4-2018. The data basis of empirica 

regio is an extensive collection of property market data 
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from more than 100 sources (listing data) and is con-

ducted on a quarterly basis at city level.16 

This study also includes macroeconomic and real estate 

control variables at city level that have demonstrated an 

impact on real estate markets, based on previous re-

search on housing markets (Walker, 2016; Freybote 

and Seagraves, 2017; Ruscheinsky et al., 2018a) and 

which had been provided by the statistical offices of the 

German federal states. Typically, the value of an asset 

refers to its present discounted value of future cash 

flow, which is why the average rent per m² (Rent) pro-

vided by empirica regio is used as one explanatory var-

iable. As several housing studies emphasise the impact 

of labour market variables on housing demand 

 

16 Transaction data for property prices are not publicly available in 

Germany and are only rarely made available for research purposes 

by the valuation committees for property values in the respective 

cities. When comparing the transaction prices of the valuation 

committee and the listing prices of empirica regio for Berlin, sim-

ilar mean values and standard deviations result, as well as a corre-

lation of 0.98 between the two time series. Thus, it is assumed that 

the prepared data basis of empirica regio, which is based on he-

donic pricing, serves as a very good approximation of the price 

development. 
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(Nakajima, 2011; Soo, 2018), the number of unem-

ployed (Unemp) is included. To account for the housing 

supply, the number of building permits (Buildper) and 

the construction turnover (Consturn) are used. Lastly, 

the home loan interest rate (Int), which has an impact 

on housing demand and prices (Mayer and Sinai, 2009; 

Taylor, 2013), is taken into account and is available at 

the Bundesbank.17 Table 4.1 presents descriptive statis-

tics of residential property prices and the control varia-

bles transformed into their first differences for the en-

tire seven cities (see table 4.10 in the appendix for de-

scriptive statistics at city level, before data transfor-

mation). 

  

 

17 To replicate the economic situation of the respective cities, the 

Gross Domestic Product has also been included to the model, but 

did not improve the regression results. Furthermore, the average 

wages and salaries as well as population have also been tested as 

macroeconomic control variables. 
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Table 4.1 Descriptive Statistics 

 Mean Median SD Min Max 

House Price 0.5353 0.4300 1.4423 -11.4300 7.8900 

House Price new 0.5678 0.4300 1.4939 -12.0700 8.2300 

Condo Price 0.5959 0.4800 0.7054 -1.7600 3.0300 

Condo Price new 0.7307 0.5700 0.7901 -2.3700 3.6300 

Rent 0.0878 0.0800 0.1537 -0.4100 0.6800 

Rent new 0.0969 0.0900 0.1666 -0.4100 0.7300 

Unemp -0.0836 -0.1667 0.3890 -0.9911 1.4112 

Buildper 0.0039 -0.0400 0.9045 -2.6100 3.0700 

Consturn 0.1664 0.0209 2.1670 -11.3446 14.6293 

Int -0.0693 -0.0567 0.1941 -0.4633 0.4833 

Notes: Table 4.1 displays descriptive statistics of quarterly varia-

bles transformed into their first differences between 2008 and 2018 

for all seven cities. House (Condo) Price is the average price per 

m² for residential properties. Rent is the average rental price per 

m² for residential properties. New indicates the average price per 

m² for new construction of residential properties. Unemp is the 

number of unemployed people. Buildper is the number of building 

permits. Consturn is the construction turnover, and Int is the home 

loan interest rate. 
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4.5 Methodology 

4.5.1 Sentiment Measures 

In order to extract information from the news articles, a 

two-step natural language processing procedure is ap-

plied, enabling the derivation of news coverage (NC) 

indicators in addition to the news sentiment (NS) indi-

cators. In the first step, the method of word embeddings 

is used to assign the news articles referring to residen-

tial properties in the seven respective cities. A diction-

ary-based approach is applied in the second step to 

measure the tonality of these news articles. 

 

News Coverage — Global Vectors Model 

Topic model algorithms are often utilised to classify 

unstructured texts or large bodies of textual data. Since 

topic models, including the extensions of the traditional 

LDA algorithm, discover more general topics, this 

method is less applicable to this study at regional level: 

the topics of interest are very specific due to the subdi-

vision of the residential market into seven cities. Hence, 

a word-embeddings approach, the Global Vector model 
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(GloVe), introduced by Pennington et al. (2014), is ap-

plied. GloVe can be used to identify relationships be-

tween words, including, e.g., synonyms. For instance, 

the unsupervised learning algorithm can detect the to-

kens ‘house’ and ‘building’ for word representation and 

therefore combines the advantages of global matrix fac-

torisation and local context window methods.18 In this 

vein, the algorithm generates a vector space of mean-

ingful substructures because the training of the algo-

rithm is only performed on non-zero elements in a 

global word-word co-occurrence statistic X, as opposed 

to the entire sparse matrix or the local context windows 

within a large text corpus. The objective function J of 

the weighted least squares regression model is specified 

by Pennington et al. (2014): 

 

 

18 Matrix factorisation methods decompose large matrices that 

capture statistical information of a text corpus and generate word 

representations of low-dimensional latent space in order to reduce 

computation time, while the concept of context window methods 

predicts linguistic patterns as linear relationships between the 

word vectors based on local context windows in order to perform 

better on word analogy tasks. 
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𝐽 =  ∑ 𝑓(𝑋𝑖𝑗)(𝑤𝑖
𝑇�̃�𝑗 + 𝑏𝑖

𝑉

𝑖,𝑗=1

+ �̃�𝑗 − 𝑙𝑜𝑔𝑋𝑖𝑗)² (4.1) 

 

where V is the size of vocabulary; 𝑋𝑗𝑖 lists the number 

of times word j occurs in the context of word i; 𝑤 (�̃�) 

represents the word vector for a main (context) word 

and 𝑏 (�̃�) describes the scalar biases for main (context) 

words; 𝑤𝑇 indicates a transposed word vector. A 

weighting function readjusts the cost for each word pair 

to prevent the learning of simple common word pairs, 

as word pairs exhibit different occurrence frequencies 

in a text corpus. Given a co-occurrence count higher or 

equal to a certain threshold, the weight is set to 1. Oth-

erwise, the weight is based on the co-occurrence count 

(see Pennington et al. (2014) for a detailed description). 

Given the generated word representations of the text 

corpus, word vectors with high levels of similarity can 

be drawn for the residential market and for the seven 

cities. Then, the news articles can be compared with 

these word vectors and each article that contains at least 

one word representation for the residential market and 
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one for a city is tagged for this regional housing market. 

With this process, a news article can be tagged, e.g., for 

the housing market in Berlin and the housing market in 

Hamburg, if the news article reports upon both cities. 

On the basis of this assignment, the news coverage in-

dicator (NC) is calculated as follows: 

 

𝑁𝐶𝑖,𝑡  =  
𝑟𝑖,𝑡
𝑛𝑡

 (4.2) 

 

where 𝑟𝑖,𝑡 describes the number of news articles regard-

ing the residential market in a city i in period t and 𝑛𝑡 

is the total number of articles in period t. With NC ∈ [0; 

1], a higher value indicates that a housing market is dis-

cussed more frequently. 

 

News Sentiment — Unbounded Polarity Score 

A dictionary-based approach is applied for the second 

step of the textual analysis in order to extract sentiment 

from the news articles. For this approach, a sentiment 

dictionary classifying words into pre-defined catego-

ries of positive or negative sentiment is required 
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(Tetlock, 2007). According to Loughran and McDonald 

(2016), this classification has several advantages; as the 

subjectivity of researcher decisions is avoided, it is eas-

ily scalable with publicly available dictionaries and 

also easily replicable. However, the use of industry-

specific dictionaries is recommended, as there are in-

dustry-specific word meanings, which has been shown 

by the studies of Doran et al. (2012) and Henry and 

Leone (2016). The dictionary used for this study, 

namely the German Real Estate Sentiment Dictionary 

(GRESD), was developed by Ruscheinsky et al. 

(2018a). The dictionary has been validated by a repre-

sentative survey of German real estate professionals 

and contains 8,144 negative and 5,745 positive words. 

Following the approach of Rinker (2019), each word w 

of a news article is compared with the polarised words 

of the sentiment dictionary GRESD, which are tagged 

either with +1 or -1. Thereafter, a polarised context 

cluster 𝑐𝑖,𝑗,𝑙 is defined, given n words before and after 

each polarised word by the researcher. In addition to the 
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traditional ‘bag-of-words’ approach, a second diction-

ary containing 76 valence shifters is incorporated in or-

der to achieve a more precise measurement of tonality. 

Valence shifters are negators (e.g., not) 𝑤𝑖,𝑗,𝑘
𝑛 , am-

plifiers (e.g., very) 𝑤𝑖,𝑗,𝑘
𝑎 , de-amplifiers (e.g., less) 𝑤𝑖,𝑗,𝑘

𝑑  

or adversative conjunctions (e.g., but) 𝑤𝑖,𝑗,𝑘
ac , which can 

strengthen, weaken, or reverse the polarity of a word, 

and where the researcher provides the weight z. Subse-

quently, a valence shifter affects the score of the polar-

ised context cluster. If no valence shifter is detected, the 

cluster is tagged as neutral 𝑤𝑖,𝑗,𝑘
0 . Finally, to calculate 

the unbounded polarity score 𝛿 by Rinker (2019), the 

weighted context clusters 𝑐𝑖,𝑗,𝑙 are summed to 𝑐𝑖,𝑗
′  and 

divided by the square root of the word count √𝑤𝑖, 𝑗𝑛: 

 

𝛿 =  
𝑐𝑖,𝑗
′

√𝑤𝑖,𝑗𝑛

 (4.3) 
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where: 

𝑐𝑖,𝑗
′ =  ∑((1 + 𝑤𝑎𝑚𝑝 + 𝑤𝑑𝑒𝑎𝑚𝑝) ∙ 𝑤𝑖,𝑗,𝑘

𝑝 (−1)2+𝑤𝑛𝑒𝑔) (4.3.1) 

 

𝑤𝑎𝑚𝑝 = (𝑤𝑏 > 1) +  ∑(𝑤𝑛𝑒𝑔 ∙ (𝑧 ∙ 𝑤𝑖,𝑗,𝑘
𝑎 )) (4.3.2) 

 

𝑤𝑑𝑒𝑎𝑚𝑝 = 𝑚𝑎𝑥(𝑤𝑑𝑒𝑎𝑚𝑝′ 1) (4.3.3) 

 

𝑤𝑑𝑒𝑎𝑚𝑝′ = (𝑤𝑏 < 1) +  ∑(𝑧(−𝑤𝑛𝑒𝑔 ∙ 𝑤𝑖,𝑗,𝑘
𝑎 +  𝑤𝑖,𝑗,𝑘

𝑑 )) (3.3.4) 

 

𝑤𝑏 = 1 + 𝑧2 ∗ 𝑤𝑏′ (3.3.5) 

 

𝑤𝑏′ = ∑(|𝑤𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑜𝑛|,  … ,  𝑤𝑖,𝑗,𝑘
𝑝 ,  𝑤𝑖,𝑗,𝑘

𝑝 ,  … ,  |𝑤𝑎𝑑𝑣𝑒𝑟𝑠𝑎𝑡𝑖𝑣𝑒 𝑐𝑜𝑛𝑗𝑢𝑛𝑐𝑡𝑖𝑜𝑛| ∙ −1) (4.3.6) 

 

𝑤𝑛𝑒𝑔 = (∑𝑤𝑖,𝑗,𝑘
𝑛 )  𝑚𝑜𝑑 2 (4.3.7) 

 

The resulting polarities of the news articles can then be 

aggregated on a quarterly basis and the news sentiment 

indicator (NS) can be determined as: 

 

𝑁𝑆𝑖,𝑡  =  
∑ 𝛿𝑖,𝑡

𝑛
1

𝑛𝑡
 (4.4) 
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where 𝛿𝑖,𝑡 denotes the polarity score of a news article 

referring to the housing market in city i in period t and 

𝑛𝑡 is the total number of articles in period t. The senti-

ment scores are determined using article length 

weighted polarity scores, with a higher (lower) score 

than 0 indicating a positive (negative) sentiment, re-

spectively. In order to investigate how residential real 

estate markets react in times when, e.g., both NC and 

NS achieve high values, the indicators are combined by 

addition:19 

 

𝑁𝐶𝑆𝑖,𝑡 = 𝑁𝐶𝑖,𝑡 + 𝑁𝑆𝑖,𝑡 (4.5) 

 

Hence, a high NCS score, for example, would indicate 

that a city’s housing market is in the media spotlight 

and is being positively reported upon. Additionally, the 

 

19 Despite the fact that the standard deviations of NC and NS differ, 

the differences are minor and do not require a normalisation of the 

indices. Also, through the multiplicative linking of the indices, the 

values would become relatively small and could thus limit the in-

formative power. 
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ratio of positive (POS) and negative (NEG) news arti-

cles is calculated as several studies have revealed that 

media pessimism appears to be a more reliable indica-

tor than media optimism (e.g., Tetlock, 2007; 

Ruscheinsky et al., 2018a; Koelbl, 2020): 

 

𝑃𝑂𝑆𝑖,𝑡 = 
 𝛿𝑖,𝑡

+  

𝑛𝑡
 (4.6) 

 

𝑁𝐸𝐺𝑖,𝑡 =
 𝛿𝑖,𝑡

−

𝑛𝑡
 (4.7) 

 

where 𝛿𝑖,𝑡
+  (𝛿𝑖,𝑡

−  ) is the number of news article referring 

to the housing market in a city i with a positive (nega-

tive) polarity score in period t and 𝑛𝑡 comprises the to-

tal number of articles in quarter t. Both POS and NEG 

range from 0 to 1, whereby a higher (lower) value indi-

cates a greater level of optimism (pessimism). 
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4.5.2 Model Specification 

In order to test the ability of the generated sentiment 

measures to enable a better explanation of the residen-

tial property prices, the following first difference fixed 

effects models are estimated for all five sentiment indi-

cators (NC, NS, NCS, POS, NEG): 

∆ ℎ𝑜𝑢𝑠𝑒 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 =  

 𝛽0 + 𝛽1 ∆ 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 𝛽2 ∆ 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑖,𝑡 + ∆ 𝑢𝑖,𝑡 
 

(4.8.1) 

∆ 𝑐𝑜𝑛𝑑𝑜 𝑝𝑟𝑖𝑐𝑒𝑖,𝑡 =  

 𝛽0 + 𝛽1 ∆ 𝑐𝑜𝑛𝑡𝑟𝑜𝑙𝑠𝑖,𝑡 + 𝛽2 ∆ 𝑠𝑒𝑛𝑡𝑖𝑚𝑒𝑛𝑡 𝑖𝑛𝑑𝑖𝑐𝑎𝑡𝑜𝑟𝑖,𝑡 +  ∆ 𝑢𝑖,𝑡 
 

(4.8.2) 

 

where 𝑖 denotes the city, and 𝑡 the period. Besides the 

sentiment indicator, the regression equations each in-

clude a vector of control variables containing economic 

and real estate variables, while  𝑢𝑖𝑡 represents the error 

term. In order to account for heteroscedasticity and se-

rial correlation, the models are estimated using robust 

standard errors. 

The relationship between residential property prices 

and the sentiment measures is further investigated by 

performing Granger causality tests (Granger, 1969). 
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Panel Granger causality can aid the improvement of the 

understanding of the lead-lag relationships between 

sentiment and prices and to eventually determine 

whether news’ sentiment has predictive power and vice 

versa. 

 

4.6 Results 

4.6.1 Sentiment Measures 

News Coverage — Global Vectors Model 

In the first step of the textual analysis, the GloVe model 

generates the word vectors on the basis of the given text 

corpus, enabling the word representations for residen-

tial properties and the cities’ names to be retrieved. Ex-

tracts of the word representations are presented in table 

4.2: All results in this paper were estimated in German 

and have been translated, and expressions consisting of 

two or more words in English appeared as single words 

in German. For example, the word vector ‘dwelling 

house’ provides the highest correspondence level of 

61.2 % for ‘residential building’, followed by ‘multi-

family house’ of 53.1 % or ‘condominium’ of 46.4 %. 
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Word representations for the cities, for instance Berlin, 

are given by ‘berliner’ (75.0 %), city districts such as 

‘berlinmitte’ (55.2 %) and ‘capital’ (41.5 %). In gen-

eral, the assignment of the news articles for the cities 

results in word vectors of the cities’ respective districts, 

street names and city characteristics such as ‘harbor 

city’ (41.8 %) for Hamburg or ‘mainmetropolis’ (31.2 

%) for Frankfurt. 

 

Table 4.2 Results Global Vectors Model 

Word Representations 

Residential dwelling house [0.612]; multifamily house [0.531]; liv-

ing area [0.560]; condominium [0.464]; rental apartment 

[0.448]; town house [0.358]; new built apartment 

[0.326]; housing supply [0.263]; household [0.215]; so-

cial housing [0.211] 

Berlin berliner [0.750]; berlinmitte [0.552]; capital [0.415]; 

charlottenburg [0.414]; friedrichshain [0.391]; kreuzberg 

[0.347]; neukoelln [0.365]; schoeneberg [0.312]; mar-

zahn [0.286]; steglitz [0.224] 

Duesseldorf duesseldorfer [0.731]; carlstadt [0.504]; derendorf [0.39

4]; golzheim [0.366];  

koenigsallee [0.374]; flingernsued [0.319]; duesseltal [0

.268]; friedrichsstadt [0.245]; unterbilk [0.241]; bilk [0.

237] 

Frankfurt frankfurter [0.750]; altfrankfurt [0.513]; frankfurtinnens

tadt [0.429]; nordend [0.423]; westend [0.418]; bockenh
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eim [0.377]; mainmetropolis [0.312]; sachsenhausen [0.

307];  

frankfurt airport [0.225]; gallus [0.218] 

Hamburg hamburger [0.761]; hamburgmitte [0.573]; hansestadt 

[0.469]; harbor city [0.418]; altona [0.393]; ham-

burgnord [0.350]; wandsbek [0.339]; eimsbuettel 

[0.321]; bergedorf [0.319]; harburg [0.276] 

Cologne koelner [0.754]; koelninnenstadt [0.664]; rodenkirchen 

[0.446]; lindenthal [0.410]; nippes [0.388]; koelnchor-

weiler [0.347]; porz [0.256]; koelnkalk [0.252]; ehren-

feld [0.231]; muehlheim [0.226] 

Munich muenchner [0.660]; muenchenaltstadt [0.559]; muen-

chensolln [0.552]; maxvorstadt [0.479]; bogenhausen 

[0.447]; isarvorstadt [0.394]; schwabing [0.377]; lud-

wigsvorstadt [0.259]; lehel [0.253]; bergamlaim [0.213] 

Stuttgart stuttgarter [0.742]; stuttgartwest [0.658]; stuttgartost 

[0.644]; stuttgartsued [0.642]; cannstadt [0.472]; vaihin-

gen [0.412]; moehringen [0.360]; muehlhausen [0.291]; 

birkach [0.285] 

Notes: Table 4.2 displays results of the GloVe model with 10 

word vectors representing the housing market and the cities. The 

degree of similarity measured as a percentage is shown in brack-

ets. 

 

After classifying the news articles based on the word 

representations, the news coverage referring to the cit-

ies’ housing markets can be calculated. In total, 74,201 

news articles have been tagged, equalling 23.2 % of the 

given dataset. The market most reported upon is that of 

Berlin, resulting in 5.5 % of all news articles in the text 

corpus. It is not surprising that the capital of Germany, 
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being the most populous, is the most frequently topic 

occurring. Still, compared with the other cities, Berlin 

is underrepresented by 12.4 % in the given dataset in 

relation to its population. Berlin is followed by Frank-

furt (4.2 %), which is denoted by one of the smallest 

populations but a high price level and is thereby 

overrepresented by 10.6 %. Hamburg, the second larg-

est city in terms of population, accounts for 3.9 %. The 

most expensive city, Munich, comprises merely 3.4 % 

of the dataset. The two cities in North Rhine-Westpha-

lia, Duesseldorf and Cologne, amount to the same re-

porting shares of 2.3 %, while Stuttgart (1.6 %) is the 

least frequently reported upon but is also marked by 

high prices. In summary, the article shares of the other 

five cities approximately represent the size of the city 

in terms of population. 

 

News Sentiment — Unbounded Polarity Score 

In the second step of the textual analysis, the polarity 

score is calculated for each news article in order to eval-

uate whether the news article is written in more positive 
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or negative language. Overall, a relatively neutral, 

slightly positive reporting style of the two professional 

news providers can be concluded through a mean po-

larity score for all news articles of 0.0716 (SD: 0.1300, 

Min: -0.8487, Max: 1.0169). The most ‘positively’ re-

flected residential markets are Stuttgart (0.1115) and 

Munich (0.1105). The largest cities, in terms of popu-

lation, Hamburg and Berlin also achieve high scores of 

0.1097 and 0.1029, respectively. These are followed by 

news articles associated with the housing markets of 

Duesseldorf (0.0998), Cologne (0.0979) and Frankfurt 

(0.0958). 

Lastly, the polarity scores are calculated on a quarterly 

basis to generate the news sentiment indicator. With 

NC and NS, the further sentiment measures NCS, POS 

and NEG can be computed. Table 4.3 presents descrip-

tive statistics of all generated news-based sentiment in-

dicators for the text corpus; individual descriptive sta-

tistics for IZ and TD and at city level can be seen in 

table 4.11 and 4.12 in the appendix, respectively. The 
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sentiment indicators are also transformed into their first 

differences for the regression analysis. 

 

Table 4.3 Descriptive Statistics of Sentiment 

Measures 

 Mean Median SD Min Max 

NC 0.0500 0.0475 0.0221 0.0125 0.1180 

NS 0.1035 0.1033 0.0129 0.0656 0.1393 

NCS 0.1535 0.1516 0.0256 0.1032 0.2355 

POS 0.6908 0.6918 0.0438 0.5267 0.7978 

NEG 0.3092 0.3082 0.0438 0.2022 0.4733 

Notes: Table 4.3 displays descriptive statistics of quarterly varia-

bles between 2008 and 2018 for all seven cities. NC is news cov-

erage, NS is news sentiment, NCS is the combination of both indi-

ces, POS (NEG) is the positive (negative) ratio of news sentiment. 

 

To illustrate the development of the indicators over 

time and at regional level, figure 4.1 shows the news 

article shares and the polarity scores for Berlin. 
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Figure 4.1 Berlin — News Coverage and News Sen-

timent over Time 

 

Data Source: IZ Immobilien Zeitung Verlagsgesellschaft mbH, 

THOMAS DAILY GmbH, empirica regio GmbH. 

 

The reporting intensity has increased throughout the 

period of our analysis: In 2008 the news coverage was 

ranging about 5 % and increased up to 12 % in 2017, 

while the measured sentiment was subject to greater 

fluctuations during the financial crisis and has then 

been slowly trending up. The growth rate of the average 

price per m² for houses in Berlin turns negative during 

the financial crisis and then also shows an increase up 

to 6 % in 2015; condo prices were less affected by the 

financial crisis and have also been rising at oscillating 
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growth rates until 2015. Two peaks in growth rates are 

evident in both house and condo price data: 2012 and 

2015. After both peaks, growth rates fluctuations fell. 

Overall, the sentiment indicator NC is highly correlated 

with condo prices of 0.88 and only slightly less with 

house prices (0.81). Positive correlations also result be-

tween NS and condo (house) prices given by 0.60 

(0.58). This first observation already points in the di-

rection of hypothesis 1, being that the sentiment 

measures are positively associated with residential 

property prices. This appears to be the case for news 

coverage; with regards to news sentiment, the picture is 

less clear for the smaller cities (Cologne, Munich and 

Stuttgart; see correlations for all cities in table 4.13 in 

the appendix). 

 

4.6.2 Estimation Results 

After extracting the information from the news articles 

and generating the corresponding time series for the 

different sentiment measures, their ability to better ex-

plain residential property prices will be tested using a 
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first difference fixed effects regression model accord-

ing to equation 4.8.1 and 4.8.2, and further investigated 

by performing bidirectional Granger causality tests. 

The results are displayed in table 4.4 (House Price) and 

4.5 (Condo Price), and are run for each of the five 

measures of language. 

Concerning the estimated results on house prices in ta-

ble 4.4, the coefficient on NC shows a positive sign and 

is statistically significant at the 10 % level, suggesting 

that frequent reporting is associated with a positive 

price development. Moreover, this result is supported 

by the associated Granger Causality test, which demon-

strates that NC runs ahead of the price movements by 

up to two quarters. The coefficient on NS is also posi-

tive and statistically significant at the 10 % level, but 

the Granger causality running from NS to house prices 

remains unsubstantiated by our tests, while the com-

bined indicator NCS also shows a positive and statisti-

cally significant relationship with house prices, and 

Granger-causes prices up to two quarters. The models 

testing the ratios of positive or negative language also 
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display the expected sign for the corresponding senti-

ment measure and are statistically significant, but do 

not indicate Granger causality. When regressing on av-

erage condo prices (table 4.5), the entire five sentiment 

measures also show the expected sign and are statisti-

cally significant at the 1 % level, with the exception of 

NC, which is significant at the 5 % level. Additionally, 

Granger causality runs from the sentiment indicators to 

condo prices, which also holds for two lags when refer-

ring to NC and NCS. Furthermore, higher values for ad-

justed R² can be observed in comparison with table 4.4. 
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Table 4.4 Estimation Results on House Price 

House Price NC NS  NCS  POS  NEG  

Rent 0.270  0.291  0.202  0.230  0.230  

Unemp 0.389 * 0.499 * 0.508 * 0.495 * 0.495 * 

Buildper 0.179  0.184  0.182  0.177  0.177  

Consturn 0.004  0.008  0.012  0.010  0.010  

Int 0.457 ** 0.352 ** 0.405 * 0.413 * 0.413 * 

Sentiment Indicator 0.104 * 0.154 * 0.141 ** 0.029 * -0.029 * 

Intercept 0.017 ** 0.017 *** 0.019 *** 0.013 ** 0.013 ** 

N 301  301  301  301  301  

Adj. R²  0.133  0.160  0.161  0.144  0.144  

Panel Granger Causality           

Sentiment Indicator (-1) 1.91 * 1.23  3.05 *** 1.31  1.31  

Sentiment Indicator (-2) 2.35 ** 0.02  2.39 *** 0.34  0.34  

House Price (-1) 0.55  0.51  0.18  1.02  1.02  

House Price (-2) 0.99  0.34  0.19  0.35  0.35  

Notes: Table 4.4 displays the results of the estimated regression models on house prices with quarterly sentiment indicators 

transformed into their first differences: news coverage (NC), news sentiment (NS), the combination of both indices (NCS), the 

positive (POS) and negative (NEG) ratio of NS. The set of the control variables includes the first difference of the average rental 

price per m² (Rent), the number of unemployed (Unemp), the number of building permits (Buildper), the construction turnover 

(Consturn) and the home loan interest rate (Int). Robust standard errors to heteroscedasticity and autocorrelation are used. 

Granger Causality values are shown for both directions. * denotes significance at the 10 % level, ** at the 5 % level and *** at 

the 1 % level. The regression is based on 301 observations according to the seven cities from Q2-2008 to Q4-2018. 
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Overall, these findings support the first hypothesis, be-

ing that news coverage and sentiment are positively as-

sociated with residential property prices. The predictive 

power of NC is given for both types of residential real 

estate, while the predictive power of NS can be ob-

served for condo prices only. Accordingly, the results 

partially support the second hypothesis. As regressing 

on condo prices improves explanatory power and rele-

vance of the news-based indicators, the third hypothe-

sis, being that NC and NS more strongly correlate with 

condo than house prices cannot be rejected. These ob-

servations lead to the conclusion that the extracted tex-

tual information of professional news providers actu-

ally capture professional investor sentiment (Tetlock, 

2007; Walker, 2016; Beracha et al., 2019; Ploessl et al., 

2022) because if, for example, the interests of tenants 

were reflected more in the reporting of the newspapers, 

then rising prices would likely be perceived more neg-

atively. Hence, this indicates that institutional investors 

may benefit from an advantage in terms of information. 

However, it appears to be worth evaluating both NC 
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and NS as the combined indicator NCS gives the im-

pression of being the most reliable indicator. Finally, 

the results highlight the fact that real estate markets are 

particularly subject to sentiment due to their character-

istics such as low transparency, illiquidity and time lags 

in construction or transaction, and performing textual 

analysis can therefore be used to address this heteroge-

neity in housing markets. 
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Table 4.5 Estimation Results on Condo Price 

Condo Price NC NS  NCS  POS  NEG  

Rent 0.794 *** 0.733 *** 0.705 *** 0.705 *** 0.705 *** 

Unemp 0.230 ** 0.299 ** 0.289 *** 0.295 ** 0.295 ** 

Buildper 0.023 * 0.024 * 0.023 * 0.021 * 0.021 * 

Consturn -0.006  -0.004  -0.002  -0.003  -0.003  

Int -0.177 ** -0.191 ** -0.164 ** -0.161 ** -0.161 ** 

Sentiment Indicator 0.058 ** 0.075 *** 0.053 *** 0.014 *** -0.014 *** 

Intercept 0.020 *** 0.022 *** 0.004 *** 0.020 *** 0.020 *** 

N 301  301  301  301  301  

Adj. R²  0.174  0.210  0.194  0.187  0.187  

Panel Granger Causality           

Sentiment Indicator (-1) 2.19 ** 2.84 ** 2.24 *** 1.68 * 1.68 * 

Sentiment Indicator (-2) 1.74 * 0.79  1.87 ** 0.41  0.41  

Condo Price (-1) 1.26  0.59  0.51  1.50  1.50  

Condo Price (-2) 0.74  0.70  0.76  1.21  1.21  

Notes: Table 4.5 displays the results of the estimated regression models on condo prices with quarterly sentiment indicators 

transformed into their first differences: news coverage (NC), news sentiment (NS), the combination of both indices (NCS), the 

positive (POS) and negative (NEG) ratio of NS. The set of the control variables includes the first difference of the average rental 

price per m² (Rent), the number of unemployed (Unemp), the number of building permits (Buildper), the construction turnover 

(Consturn) and the home loan interest rate (Int). Robust standard errors to heteroscedasticity and autocorrelation are used. 

Granger Causality values are shown for both directions. * denotes significance at the 10 % level, ** at the 5 % level and *** at 

the 1 % level. The regression is based on 301 observations according to the seven cities from Q2-2008 to Q4-2018. 
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4.6.3 Robustness Tests 

In order to check the robustness of the presented results, 

further models were fitted concerning the measuring of 

the residential real estate prices and the measuring of 

sentiment. Firstly, the average price per m² for new 

construction of residential properties is employed as the 

independent variable, on the assumption that the ex-

tracted sentiment affects new property prices the most 

quickly. Secondly, the five measures of language are 

divided by the two news providers IZ and TD. This also 

enables an initial indication of the composition of the 

targeted readership of the media. 

The empirical results on new house prices, as shown in 

table 4.6, confirm the findings that NC and NS are pos-

itively associated with residential property prices. Con-

trary to expectations, adjusted R² decreases slightly for 

the models. Still, the Granger causality tests also show 

that NC and NCS lead new house prices by one quarter. 

Referring to the results on new condo prices in table 

4.7, the main findings also continue to prevail, but the 

results deviate slightly in terms of size and significance 
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of the five sentiment measures. Concerning the Granger 

causality tests, the null hypothesis is again rejected for 

all models at the first lag for the sentiment indicators, 

hence suggesting that there is a statistically significant 

Granger-causality running from the sentiment 

measures to new condo prices. However, the results are 

also indicative of the fact that new condo prices 

Granger-cause NC, i.e., there may be a feedback loop 

between NC and new condo prices. Given that this is 

the only identified statistically significant coefficient 

running in the opposite direction, we do not attribute a 

lot of emphasis to this result. 



News Coverage vs. Sentiment: Evaluating German Residential Real Estate Markets 

207 

Table 4.6 Estimation Results on House Price, new Construction 

House Price NC NS  NCS  POS  NEG  

Rent 0.336  0.410  0.342  0.352  0.352  

Unemp 0.480 * 0.544 * 0.559 * 0.557 * 0.557 * 

Buildper 0.183  0.188  0.187  0.183  0.183  

Consturn 0.016  0.017  0.020  0.019  0.019  

Int 0.301 ** 0.206 ** 0.241 ** 0.247 ** 0.247 ** 

Sentiment Indicator 0.139 ** 0.103 * 0.105 * 0.023 * -0.023 * 

Intercept 0.011  0.010  0.012  0.007  0.007  

N 301  301  301  301  301  

Adj. R²  0.139  0.149  0.131  0.143  0.143  

Panel Granger Causality           

Sentiment Indicator (-1) 2.42 ** 0.85  2.90 *** 1.27  1.27  

Sentiment Indicator (-2) 1.17  0.21  2.39 ** 0.51  0.51  

House Price (-1) 0.28  0.08  0.22  0.79  0.79  

House Price (-2) 1.06  0.63  0.69  1.51  1.51  

Notes: Table 4.6 displays the results of the estimated regression models on house prices of new construction with quarterly 

sentiment indicators transformed into their first differences: news coverage (NC), news sentiment (NS), the combination of both 

indices (NCS), the positive (POS) and negative (NEG) ratio of NS. The set of the control variables includes the first difference 

of the average rental price per m² (Rent), the number of unemployed (Unemp), the number of building permits (Buildper), the 

construction turnover (Consturn) and the home loan interest rate (Int). Robust standard errors to heteroscedasticity and autocor-

relation are used. Granger Causality values are shown for both directions. * denotes significance at the 10 % level, ** at the 5 % 

level and *** at the 1 % level. The regression is based on 301 observations according to the seven cities from Q2-2008 to Q4-

2018. 
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Table 4.7 Estimation Results on Condo Price, new Construction 

Condo Price NC NS  NCS  POS  NEG  

Rent 0.660 *** 0.607 *** 0.581 ** 0.587 ** 0.587 ** 

Unemp 0.213 ** 0.277 ** 0.266 ** 0.262 ** 0.262 ** 

Buildper 0.045 * 0.046 * 0.044 * 0.043 * 0.043 * 

Consturn -0.006  -0.001  -0.001  -0.002  -0.002  

Int -0.073 ** -0.082 ** -0.056 ** -0.054 ** -0.054 ** 

Sentiment Indicator 0.065 ** 0.068 *** 0.046 ** 0.010 * -0.010 * 

Intercept 0.025 *** 0.027 *** 0.028 *** 0.026 *** 0.026 *** 

N 301  301  301  301  301  

Adj. R²  0.160  0.186  0.173  0.163  0.163  

Panel Granger Causality           

Sentiment Indicator (-1) 1.82 * 3.27 *** 2.78 ** 1.73 * 1.73 * 

Sentiment Indicator (-2) 2.43 ** 1.71 * 1.65 * 0.81  0.81  

Condo Price (-1) 1.47  0.70  0.71  1.22  1.22  

Condo Price (-2) 1.99 * 0.26  0.90  0.60  0.60  

Notes: Table 4.7 displays the results of the estimated regression models on condo prices of new construction with quarterly 

sentiment indicators transformed into their first differences: news coverage (NC), news sentiment (NS), the combination of both 

indices (NCS), the positive (POS) and negative (NEG) ratio of NS. The set of the control variables includes the first difference 

of the number of the average rental price per m² (Rent), the number of unemployed (Unemp), the number of building permits 

(Buildper), the construction turnover (Consturn) and the home loan interest rate (Int). Robust standard errors to heteroscedasticity 

and autocorrelation are used. Granger Causality values are shown for both directions. * denotes significance at the 10 % level, 

** at the 5 % level and *** at the 1 % level. The regression is based on 301 observations according to the seven cities from Q2-

2008 to Q4-2018.
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The information contained in the two text sources of IZ 

and TD is also compared on condo prices, as presented 

in table 4.8 and 4.9. Each of the five sentiment indica-

tors shows the expected sign and all are statistically sig-

nificant for both news providers. More precisely, IZ 

only indicates Granger causality running from NC and 

NCS to condo prices, while all sentiment measures of 

TD lead condo prices. Again, the combined indicator 

appears to be a more reliable indicator than the single 

indicators, as it is significant for both information pro-

viders and Granger-causes condo prices. However, the 

explanatory power for the divided datasets is reduced, 

when compared with table 4.5, which is why the analy-

sis of several professional real estate-related news pro-

viders in addition to a high number of news articles may 

be worth considering. Overall, the findings imply that 

valuable additional information can be extracted from 

news articles, especially for investors and professional 

market participants. 
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Table 4.8 Estimation Results on Condo Price, using IZ 

Condo Price NC NS  NCS  POS  NEG  

Rent 0.837 *** 0.668 *** 0.656 *** 0.704 *** 0.704 *** 

Unemp 0.198 *** 0.237 ** 0.251 ** 0.264 ** 0.264 ** 

Buildper 0.026 * 0.020 * 0.019 * 0.016 * 0.016 * 

Consturn -0.002  -0.004  -0.005  -0.002  -0.002  

Int -0.199  -0.166  -0.150  -0.186 * -0.186 * 

Sentiment Indicator 0.091 * 0.038 *** 0.031 ** 0.007 * -0.007 * 

Intercept 0.019 *** 0.023 *** 0.023 *** 0.021 *** 0.021 *** 

N 301  301  301  301  301  

Adj. R²  0.176  0.193  0.186  0.178  0.178  

Panel Granger Causality           

Sentiment Indicator (-1) 1.75 * 0.33  1.93 * 0.42  0.42  

Sentiment Indicator (-2) 2.22 ** 0.42  1.89 * 0.10  0.10  

Condo Price (-1) 0.35  0.29  0.32  0.03  0.03  

Condo Price (-2) 1.43  0.62  0.02  0.06  0.06  

Notes: Table 4.8 displays the results of the estimated regression models on condo prices with quarterly sentiment indicators by 

IZ transformed into their first differences: news coverage (NC), news sentiment (NS), the combination of both indices (NCS), the 

positive (POS) and negative (NEG) ratio of NS. The set of the control variables includes the first difference of the average rental 

price per m² (Rent), the number of unemployed (Unemp), the number of building permits (Buildper), the construction turnover 

(Consturn) and the home loan interest rate (Int). Robust standard errors to heteroscedasticity and autocorrelation are used. 

Granger Causality values are shown for both directions. * denotes significance at the 10 % level, ** at the 5 % level and *** at 

the 1 % level. The regression is based on 301 observations according to the seven cities from Q2-2008 to Q4-2018. 
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Table 4.9 Estimation Results on Condo Price, using TD 

Condo Price NC NS  NCS  POS  NEG  

Rent 0.745 *** 0.809 *** 0.813 *** 0.759 *** 0.759 *** 

Unemp 0.231 ** 0.297 *** 0.298 ** 0.265 ** 0.265 ** 

Buildper 0.021 * 0.026 * 0.027 * 0.025 * 0.025 * 

Consturn -0.005  -0.003  -0.003  -0.002  -0.002  

Int -0.157 * -0.185 * -0.184 * -0.148 * -0.148 * 

Sentiment Indicator 0.150 * 0.140 *** 0.137 *** 0.106 *** -0.106 *** 

Intercept 0.021 *** 0.020 *** 0.020 *** 0.020 *** 0.020 *** 

N 301  301  301  301  301  

Adj. R²  0.171  0.189  0.186  0.175  0.175  

Panel Granger Causality           

Sentiment Indicator (-1) 3.52 *** 1.86 * 4.14 *** 2.08 ** 2.08 ** 

Sentiment Indicator (-2) 1.25  0.66  1.64 * 0.60  0.60  

Condo Price (-1) 0.93  1.16  0.98  0.01  0.01  

Condo Price (-2) 1.07  0.52  0.02  0.10  0.10  

Notes: Table 4.9 displays the results of the estimated regression models on condo prices with quarterly sentiment indicators by 

TD transformed into their first differences: news coverage (NC), news sentiment (NS), the combination of both indices (NCS), 

the positive (POS) and negative (NEG) ratio of NS. The set of the control variables includes the first difference of the average 

rental price per m² (Rent), the number of unemployed (Unemp), the number of building permits (Buildper), the construction 

turnover (Consturn) and the home loan interest rate (Int). Robust standard errors to heteroscedasticity and autocorrelation are 

used. Granger Causality values are shown for both directions. * denotes significance at the 10 % level, ** at the 5 % level and 

*** at the 1 % level. The regression is based on 301 observations according to the seven cities from Q2-2008 to Q4-2018. 



News Coverage vs. Sentiment: Evaluating German 

Residential Real Estate Markets 

212 

4.7 Conclusion 

Real estate markets are characterised by heterogeneity 

and a lack of transparency, which can imply significant 

information asymmetry among market participants. 

Hence, the existing literature states that sentiment plays 

an important role in the pricing of real estate. In this 

study, we employ five different news-based sentiment 

measures while additionally considering the reporting 

intensity in order to address information asymmetry. 

For this analysis, a large text corpus of real estate-re-

lated news articles, spanning eleven years of reporting, 

was analysed regarding the German regional housing 

markets to determine to which extent the house price 

movements are anticipated in real estate news coverage 

and tonality of the articles. We investigate whether 

there is a relationship between news coverage or news 

sentiment and residential real estate prices at regional 

level, and whether there is a causality flow from news 

coverage or news sentiment to changes in residential 

property prices or vice versa, in addition to whether 
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there are differences in the markets for houses and con-

dominiums. 

The findings of our analysis show that the obtained 

news-based indicators have a significant impact on res-

idential real estate prices beyond all control variables. 

What is more, an increase in the intensity of reporting 

upon the housing market of a city is related to an in-

crease in average purchase prices. The same applies to 

the news sentiment: more optimistic language corre-

lates with increasing prices. The combination of these 

two measures proves to be a reliable indicator in all 

tested models. We also find that the extracted sentiment 

measures lead residential real estate prices up to two 

quarters. Finally, the explanatory power of the senti-

ment indicators is higher for condo prices than for 

house prices. Since condos are often of interest of insti-

tutional investors, this result indicates that information 

contained in the analysed news articles tends to reflect 

investor sentiment, which is consistent with prior stud-

ies. 
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In this vein, newspapers contain relevant information 

for market actors to better understand the market move-

ments, narratives and sentiment. To balance the infor-

mation asymmetries on real estate markets, it may be 

worth investing time and money in the evaluation of the 

flow of information in the media, even for small-scale 

market participants or information platforms. Hence, 

the information derived from news articles could thus 

be valuable to investors by influencing both opinion-

formation and decision-making. 

This additional qualitative information in textual form 

is available digitally and in real time and can therefore 

be extracted in a standardised and reproducible way 

without time delays, using our presented approach. Ad-

ditionally, the textual analysis approach can be used to 

answer further research questions, such as e.g., whether 

news coverage and sentiment could be indicative for 

the likelihood of a specific policy intervention. The an-

alytical setting could also be used to extract more infor-
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mation from further textual sources, such as social me-

dia posts, corporate publications, publications by spe-

cial interest groups, or by political actors. 

Future research could be carried out with the aim of 

overcoming the limitations of this study. Although the 

overall sample size for this study comprises 320,000 ar-

ticles, it still spans merely one decade and two news 

providers. Furthermore, the chosen dictionary-based 

approach could be challenged and compared with other 

dictionaries. Beyond that, the comparison of less super-

vised algorithms and the abilities of humans to classify 

sentiment should be conducted, as language is a com-

plex communication tool, implying that irony, sarcasm, 

exaggerations or metaphors may not be interpreted cor-

rectly. Therefore, one can finally conclude that the ap-

plication of textual analysis and computational linguis-

tics is still in its beginnings. Due to this, we expect that 

future studies to build on and improve the presented 

methods and data sets. 
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4.9 Appendix 

Table 4.10 Descriptive Statistics per City 

 Mean Median SD Min Max 

House Price_B 2,311.11 2,029.50 638.63 1,733.00 3,774.00 

House Price_D 3,162.84 3,224.00 676.21 2,220.00 4,637.00 

House Price_F 3,352.68 3,233.50 641.69 2,616.00 4,698.00 

House Price_H 2,989.57 2,988.50 506.61 2,303.00 4,066.00 

House Price_C 2,721.59 2,656.00 425.54 2,182.00 3,824.00 

House Price_M 5,752.18 5,751.00 1,343.65 3,622.00 8,452.00 

House Price_S 3,841.89 3,770.50 722.17 2,758.00 5,086.00 

House Price new_B 2,523.41 2,331.00 569.14 2,018.00 4,005.00 

House Price new_D 3,579.00 3,606.50 734.76 2,480.00 5,136.00 

House Price new_F 3,636.57 3,538.50 570.75 2,823.00 4,774.00 

House Price new_H 3,167.43 3,141.50 535.23 2,433.00 4,273.00 

House Price new_C 2,860.57 2,730.50 646.85 2,094.00 4,599.00 

House Price new_M 5,840.75 5,820.50 1,186.42 3,858.00 8,611.00 

House Price new_S 4,272.86 4,310.00 813.31 2,963.00 5,959.00 

Condo Price_B 2,152.07 1,971.50 762.77 1,302.00 3,803.00 

Condo Price_D 2,256.66 2,222.00 504.66 1,624.00 3,290.00 

Condo Price_F 2,814.59 2,492.00 883.73 1,905.00 4,910.00 

Condo Price_H 2,725.43 2,709.50 676.50 1,756.00 3,963.00 

Condo Price_C 2,180.05 2,068.00 534.92 1,599.00 3,242.00 

Condo Price_M 4,295.91 4,137.00 1,511.59 2,433.00 7,133.00 

Condo Price_S 2,595.91 2,333.00 788.22 1,751.00 4,096.00 

Condo Price new_B 3,163.09 2,951.00 934.93 2,141.00 5,394.00 

Condo Price new_D 3,429.66 3,184.50 870.60 2,433.00 5,167.00 

Condo Price new_F 3,616.20 3,299.00 965.52 2,576.00 6,154.00 

Condo Price new_H 3,559.02 3,551.00 753.32 2,498.00 4,977.00 

Condo Price new_C 3,182.05 3,104.00 569.06 2,517.00 4,276.00 

Condo Price new_M 5,253.25 5,115.50 1,579.99 3,304.00 8,324.00 

Condo Price new_S 3,801.68 3,416.50 1,096.31 2,664.00 6,022.00 

Rent_B 7.47 7.57 1.48 5.30 10.26 

Rent_D 8.61 8.58 0.71 7.28 10.06 

Rent_F 10.63 10.79 1.18 8.93 12.69 

Rent_H 9.43 9.65 0.79 7.82 10.72 

Rent_C 8.90 8.85 0.86 7.64 10.55 

Rent_M 12.66 12.69 1.85 10.32 16.07 

Rent_S 9.55 9.60 1.29 7.90 11.90 

Rent new_B 10.51 10.93 1.74 7.56 13.27 

Rent new_D 10.88 10.96 0.89 8.97 12.40 
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Rent new_F 12.26 12.22 1.17 10.58 14.41 

Rent new_H 11.40 11.76 0.86 9.52 12.62 

Rent new_C 10.17 10.22 0.88 8.80 11.81 

Rent new_M 14.27 14.11 2.21 11.45 18.09 

Rent new_S 11.44 11.54 1.39 9.59 13.88 

Unemp_B 11.59 11.72 2.04 7.63 14.90 

Unemp_D 8.60 8.80 0.94 6.50 9.96 

Unemp_F 7.16 7.42 0.97 4.97 9.00 

Unemp_H 7.53 7.48 0.69 6.00 9.06 

Unemp_C 9.47 9.55 0.91 7.40 11.34 

Unemp_M 4.99 5.07 0.65 3.43 6.20 

Unemp_S 5.50 5.53 0.67 3.97 6.93 

Buildper_B 544.95 531.50 118.74 345.00 804.00 

Buildper_D 75.23 69.00 36.60 6.00 186.00 

Buildper_F 123.77 121.00 45.78 41.00 236.00 

Buildper_H 431.39 422.00 111.45 244.00 696.00 

Buildper_C 193.57 197.00 69.31 72.00 348.00 

Buildper_M 338.70 334.00 76.77 130.00 513.00 

Buildper_S 89.16 68.00 64.64 23.00 273.00 

Consturn_B 164,729.18 137,564.00 95,894.93 48,295.00 402,354.00 

Consturn_D 11,209.43 10,383.00 6,834.50 2,592.00 30,755.00 

Consturn_F 28,902.41 26,279.50 10,176.48 13,266.00 53,335.00 

Consturn_H 94,961.00 91,387.00 32,029.82 34,593.00 215,154.00 

Consturn_C 52,058.14 52,638.50 17,457.52 26,208.00 99,781.00 

Consturn_M 35,447.64 34,847.50 10,581.73 12,354.00 56,210.00 

Consturn_S 3,332.56 3,419.40 686.60 2,128.45 4,326.20 

Int_B-S 3.11 3.00 1.12 1.69 5.26 

Notes: Table 4.10 displays descriptive statistics of quarterly vari-

ables between 2008 and 2018 for each city. House (Condo) Price 

is the average price per m² in EUR for residential properties. Rent 

is the average rental price per m² in EUR for residential properties. 

New indicates the average price per m² for new construction of 

residential properties. Unemp is the of the number of unemployed 

people in %. Buildper is the number of building permits. Consturn 

is the construction turnover in 1,000 EUR and Int is the home loan 

interest rate in %. B is Berlin; D is Duesseldorf; F is Frankfurt; H 

is Hamburg; C is Cologne; M is Munich and S is Stuttgart. 
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Table 4.11 Descriptive Statistics of Sentiment 

Measures of IZ and TD 

 Mean Median SD Min Max 

NC_iz 0.0217 0.0182 0.0118 0.0048 0.0641 

NS_iz 0.1198 0.1207 0.0184 0.0641 0.1695 

NCS_iz 0.1415 0.1417 0.0221 0.0776 0.2001 

POS_iz 0.7632 0.7701 0.0584 0.5690 0.9057 

NEG_iz 0.2368 0.2299 0.0584 0.0943 0.4310 

NC_td 0.0285 0.0275 0.0119 0.0060 0.0626 

NS_td 0.0918 0.0926 0.0144 0.0541 0.1322 

NCS_td 0.1203 0.1204 0.0179 0.0614 0.1645 

POS_td 0.6382 0.6410 0.0557 0.4000 0.8261 

NEG_td 0.3618 0.3590 0.0557 0.1739 0.6000 

Notes: Table 4.11 displays descriptive statistics of quarterly vari-

ables between 2008 and 2018 for all seven cities generated from 

the text corpus subdivided into IZ and TD. NC is news coverage, 

NS is news sentiment, NCS is the combination of both indices, POS 

(NEG) is the positive (negative) ratio of news sentiment. 
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Table 4.12 Descriptive Statistics of Sentiment 

Measures per City 

 Mean Median SD Min Max 

NC_B 0.0834 0.0850 0.0189 0.0475 0.1180 

NC_D 0.0343 0.0358 0.0070 0.0159 0.0476 

NC_F 0.0644 0.0634 0.0145 0.0348 0.0891 

NC_H 0.0595 0.0596 0.0109 0.0386 0.0838 

NC_C 0.0345 0.0359 0.0082 0.0212 0.0521 

NC_M 0.0513 0.0503 0.0118 0.0255 0.0748 

NC_S 0.0248 0.0254 0.0053 0.0125 0.0349 

NS_B 0.1012 0.1042 0.0120 0.0673 0.1221 

NS_D 0.0994 0.0995 0.0102 0.0789 0.1202 

NS_F 0.0948 0.0930 0.0105 0.0656 0.1136 

NS_H 0.1090 0.1086 0.0091 0.0915 0.1272 

NS_C 0.0983 0.0976 0.0121 0.0736 0.1289 

NS_M 0.1110 0.1111 0.0100 0.0905 0.1360 

NS_S 0.1116 0.1120 0.0149 0.0848 0.1393 

NCS_B 0.1846 0.1864 0.0275 0.1228 0.2355 

NCS_D 0.1337 0.1335 0.0135 0.1032 0.1563 

NCS_F 0.1592 0.1573 0.0210 0.1127 0.1964 

NCS_H 0.1685 0.1693 0.0168 0.1347 0.2071 

NCS_C 0.1328 0.1309 0.0136 0.1039 0.1582 

NCS_M 0.1623 0.1642 0.0134 0.1260 0.1914 

NCS_S 0.1365 0.1335 0.0161 0.1038 0.1710 

POS_B 0.6915 0.6997 0.0354 0.6031 0.7529 

POS_D 0.6722 0.6767 0.0420 0.5267 0.7571 

POS_F 0.6584 0.6591 0.0349 0.5862 0.7258 

POS_H 0.7182 0.7232 0.0365 0.6390 0.7857 

POS_C 0.6736 0.6793 0.0406 0.5761 0.7500 

POS_M 0.7067 0.7133 0.0319 0.6475 0.7763 

POS_S 0.7161 0.7106 0.0440 0.6377 0.7978 

NEG_B 0.3085 0.3003 0.0354 0.2471 0.3969 

NEG_D 0.3278 0.3233 0.0420 0.2429 0.4733 
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NEG_F 0.3416 0.3410 0.0349 0.2742 0.4138 

NEG_H 0.2818 0.2768 0.0365 0.2143 0.3610 

NEG_C 0.3264 0.3208 0.0406 0.2500 0.4239 

NEG_M 0.2933 0.2868 0.0319 0.2237 0.3525 

NEG_S 0.2839 0.2894 0.0440 0.2022 0.3623 

Notes: Table 4.12 displays descriptive statistics of quarterly vari-

ables between 2008 and 2018 for each city. NC is news coverage, 

NS is news sentiment, NCS is the combination of both indices, POS 

(NEG) is the positive (negative) ratio of news sentiment. B is Ber-

lin; D is Duesseldorf; F is Frankfurt; H is Hamburg; C is Cologne; 

M is Munich and S is Stuttgart. 
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Table 4.13 Correlations of Prices and Sentiment 

Measures 

House 

Price 
NC NS NCS POS NEG 

Berlin 0.8066 0.5788 0.8061 0.5269 -0.5269 

Duesseldorf 0.6743 0.2670 0.5491 0.2837 -0.2837 

Frankfurt 0.7828 0.6171 0.8484 0.5370 -0.5370 

Hamburg 0.8840 0.4575 0.8260 0.3566 -0.3566 

Cologne 0.7170 -0.0056 0.4257 0.2821 -0.2821 

Munich 0.8449 -0.3544 0.4812 -0.0761 0.0761 

Stuttgart 0.7630 -0.0532 0.2008 -0.0806 0.0807 

 

Condo 

Price 
NC NS NCS POS NEG 

Berlin 0.8753 0.5962 0.8608 0.5532 -0.5532 

Duesseldorf 0.7045 0.2012 0.5152 0.2345 -0.2345 

Frankfurt 0.7997 0.5863 0.8446 0.4740 -0.4740 

Hamburg 0.8846 0.4485 0.8216 0.3757 -0.3757 

Cologne 0.7631 -0.0434 0.4194 0.2527 -0.2527 

Munich 0.8701 -0.3151 0.5327 -0.0511 0.0510 

Stuttgart 0.6981 0.0520 0.2768 -0.0222 0.0223 

Notes: Table 4.13 displays the correlations between house prices 

or condo prices and the sentiment measures (no transformation of 

data). NC is news coverage, NS is news sentiment, NCS is the com-

bination of both indices, POS (NEG) is the positive (negative) ratio 

of NS.  
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5. Conclusion 

This dissertation investigates whether the non-numeric 

information revealed in real estate-related news media 

can contribute towards increased transparency in real 

estate markets and can support market participants in 

making profound investment decisions. This is 

achieved by extending the common measurement of 

text-based sentiment in the real estate literature by not 

only quantifying the tonality but also the reporting in-

tensity of specific topics or asset classes. The following 

section summarises the motivation, research design and 

main findings of the three contributing papers and con-

cludes with limitations and further research opportuni-

ties. 
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5.1 Executive Summary 

Paper 1 — Cyclicity of Real Estate-related Trends: 

Topic Modelling and Sentiment Analysis on Ger-

man Real Estate News 

Megatrends are described as being stable and long-term 

developments and have a significant impact on the 

economy, society and the environment, but cannot be 

influenced by individuals (Naisbitt, 1982; Groddeck 

and Schwarz, 2013). Through which trends is the real 

estate industry affected, and are these subject to an ex-

pected trend pattern or even cyclicity? Pfnür and 

Wagner (2020) have identified six trends of the most 

importance to the real estate industry by means of a sur-

vey among 249 German real estate professionals. When 

these trends underlie cyclicity, this may have an impact 

on investor behaviour: if news coverage of sustainable 

real estate increases, investors might assume that this is 

of growing importance to their clients and invest more 

in sustainable buildings and therefore expect higher re-

turns. 
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Hence, this paper analyses the news coverage and news 

sentiment of these six trends from almost 170,000 news 

articles published over a period of 21 years by a major 

German news provider, the Immobilien Zeitung. Meth-

ods of natural language processing are used to deter-

mine the news coverage of each trend: topic modelling, 

incorporating seed words partially identified via word 

embeddings. Thereafter, by applying a dictionary-

based approach, the news sentiment, the level of opti-

mistic or pessimistic language, is quantified. In this re-

spect, an industry-specific German dictionary for the 

real estate industry created by Ruscheinsky et al. 

(2018), which was validated by a representative survey 

among real estate professionals, is employed. 

The results show that the trends of urbanisation, glob-

alisation and sustainability account for the largest 

shares of reporting, while digitalisation is — contrary 

to expectations — the least frequently discussed. An 

upward trend can only be identified for the topic of sus-

tainability, while the article shares dedicated to global-

isation has declined since the financial crisis. Overall, 
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the tonality of the analysed trade newspaper can be 

classified as being relatively neutral, but there are sig-

nificant differences between the trend topics: the high-

est polarity scores are achieved on digitalisation, while 

regulatory issues display the most negative sentiment. 

However, the shares are subject to change over time, 

both in terms of news coverage and sentiment, even af-

ter adjusting for seasonal and remainder components. 

As the news coverage and sentiment of the trends fol-

low short-term and strong movements, in contrast to 

their characteristic of being long and stable processes, 

the results provide new insights: the investment deci-

sions of market participants and investors may be af-

fected, as they also build up their expectations and as-

sessments of the information provided by the news me-

dia. In this vein, this is the first paper to integrate seeded 

topic modelling and word embeddings into real estate 

analysis to provide a means through which to extract 

information in a standardised and replicable way. 
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Paper 2 — Trade vs. Daily Press: 

The Role of News Coverage and Sentiment in Real 

Estate Market Analysis 

Even in the age of digitalisation, real estate markets are 

still comparatively intransparent. Information is not 

fully available, leading to market inefficiencies (Black, 

1986). Thus, investors are also looking for market-rel-

evant information and do so by reading news articles, 

but is this investment of time and money viable? And 

are different types of newspapers an equivalent source 

of information for different markets? Several studies 

have highlighted the importance of sentiment in real es-

tate markets due to this heterogeneity (e.g., Clayton et 

al., 2008; Hausler et al., 2018; Beracha et al., 2019), 

while attempting to measure general market sentiment. 

Marcato and Nanda (2016) have attributed varying de-

grees of importance of survey-based and market funda-

mental-based indicators to residential and commercial 

real estate. Hence, news-based sentiment indicators 

should also be derived for the individual asset classes. 
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In addition, it is assumed that news media meets differ-

ent informational needs depending on the targeted read-

ership. The understanding of such differences may be 

valuable to investors as their decision-making is also 

based on the conveyed narratives and sentiment by the 

news media. 

In this respect, this study examines the relationship be-

tween news coverage or sentiment and total returns of 

the asset main classes (residential, office and retail). 

Computational linguistics, namely seeded topic model-

ling, word embeddings and dictionary-based sentiment 

analysis enables us to derive three sentiment indicators 

for each of the three asset classes from almost 137,000 

articles published by two trade (Immobilien Zeitung 

and Immobilien Manager) and two daily (Frankfurter 

Allgemeine Zeitung and Handelsblatt) newspapers in 

the period between 2010 and 2020. Subsequently, to in-

vestigate whether news coverage and sentiment either 

lead or lag in terms of the performance of assets classes, 

a vector autoregression framework is applied. 
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The regression results indicate divergent reporting po-

sitions of the two types of newspapers: Daily newspa-

pers report in a more pessimistic tone in times of in-

creasing returns in the residential market than the trade 

newspapers. Moreover, we find a significant relation-

ship between the changes in the news-based sentiment 

indicators and the development of total returns within 

the respective asset classes. This is the case in particular 

for the capital growth component, indicating that the 

information revealed in the news reflects investor sen-

timent. Thus, trade newspapers outperform daily news-

papers in the prediction of future total returns. Overall, 

the sentiment indicators Granger-cause total returns, 

but regarding retail markets, the generated indicators 

also lag prior returns. Finally, the study suggests that 

the news-based sentiment indicators are more suitable 

for explaining future market developments in compari-

son with survey-based indicators. 

To the best knowledge of the authors, this is the first 

study to extract both the news coverage and sentiment 

for the different real estate asset classes and different 



Conclusion 

238 

types of newspapers, respectively. Extracting qualita-

tive data from real estate-related news media provides 

valuable insights, facilitating a better understanding of 

the future market movements that are not based solely 

on fundamental changes. 

 

Paper 3 — News Coverage vs. Sentiment: 

Evaluating German Residential Real Estate Mar-

kets 

Market participants are looking for new information 

when following the daily flow of information in the 

news media. Indirectly, however, they may be influ-

enced by the sentiment conveyed by the journalists, as 

this profession functions as a gatekeeper for infor-

mation (White, 1950). In a sense, the news does not 

simply change the level of information concerning a 

certain asset class, but can shape the overall market sen-

timent, i.e., the behaviour of investors over the ex-

pected price developments in a certain market. Accord-

ingly, changes in sentiment can indicate changes in 

hard market data, such as prices or return. In order to 
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gain an insight into the future market perceptions, it can 

be beneficial for investors to better understand the 

mechanisms of the news media. 

Based on the studies of Soo (2018) and Ruscheinsky et 

al. (2018), this paper examines the relationship be-

tween news coverage or sentiment and residential real 

estate prices in Germany on a regional level. By means 

of textual analysis, using word embeddings and a dic-

tionary-based approach, five different sentiment 

measures based on almost 320,000 news articles pub-

lished by two German professional news providers (Im-

mobilien Zeitung and Thomas Daily) in the context of 

real estate between 2008 and 2018 are obtained. This is 

followed by a first difference fixed effects regression to 

investigate the markets for houses and condominiums 

in the seven biggest cities in Germany. 

Most importantly, the results cannot reject the hypoth-

esis that the news-based indicators have a significant 

positive relationship with residential real estate prices 

and also the second hypothesis as they lead the prices 
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up to two quarters. More precisely, the combined indi-

cator based on news coverage and sentiment proves to 

be a reliable indicator and highlights the importance of 

analysing reporting intensity in addition. Lastly, re-

gressing on prices for condominiums leads to an in-

creased explanatory power when compared with 

houses, which indicates that the indicators tend to re-

flect investor sentiment and therefore supports the third 

hypothesis. 

In summary, the study shows that the application of al-

gorithms in the field of computational linguistics for 

real estate-related text corpora can be used to gain an 

insight into future market perceptions as residential real 

estate markets are particularly subject to sentiment. 

Even traditional newspapers still hold market-relevant 

information for investors in order to enable a better un-

derstanding of the market narratives and sentiment. 
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5.2 Final Remarks and Further Research 

The literature in the context of real estate has shown 

that real estate markets in particular are subject to sen-

timent due to their characteristics, such as low transpar-

ency, illiquidity and time lags in construction or trans-

action. Still, actors in the real estate industry predomi-

nately rely on quantitative data sets that are oftentimes 

of limited availability for their decision-making. At 

present, the potential of qualitative data is becoming 

acknowledged by academia and in practice, whilst the 

narratives in the news media have so far been omitted 

and not taken into account. Through the extension of 

the common measures of text-based sentiment through 

the implementation of an indicator that captures the 

news coverage, this dissertation contributes to the ex-

isting literature by investigating whether news cover-

age and sentiment extracted from real estate-related 

texts lead to the provision of new information and help 

to explain future real estate market movements. 
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In this vein, the first paper of this dissertation illustrates 

the potential of the introduced approach, while the ap-

plication is undertaken in paper 2 and 3. The analysis 

of various textual sources in the news media for differ-

ent markets and asset classes in Germany shows that 

the qualitative information of real estate-related news 

providers is truly informative and relates to returns and 

price developments. The consideration of news cover-

age promises to improve the understanding of how mar-

kets respond to narratives. Furthermore, the results in-

dicate that text-based sentiment is less volatile than sur-

vey-based sentiment and might therefore be a more 

solid indicator. Moreover, trade newspapers provide 

relatively accurate data, which is why multiple newspa-

pers should be processed in terms of news coverage and 

sentiment, enabling faster and better-informed deci-

sions. 

Nevertheless, this dissertation is constrained by certain 

limitations: First, the present analysis focusses on Ger-

man real estate markets. There are already several stud-
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ies concerning text-based sentiment in English-speak-

ing countries, but the approach undertaken in this study 

should be tested in different areas, i.e., at a national and 

regional level. Future research could also investigate 

specific asset classes such as healthcare facilities or lo-

gistic properties to further explore the importance of 

textual analysis in even more intransparent markets. 

Second, qualitative information, mainly from newspa-

pers, has been quantified in this case, but the potential 

applications are not limited to the news media. For in-

stance, the investigation of market reports, corporate 

publications, professional research publications or so-

cial media content could be further sources for qualita-

tive data. Beyond this, the first methods for evaluating 

audio and video in a standardised way are currently in 

their infancy but have the potential to open up a wide 

range of possible applications. Third, the algorithms 

employed in this dissertation have emerged in a new 

field of natural language processing and are being crit-

icized for several reasons. The quality and suitability of 

dictionaries is crucial for the texts to be analysed. 
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Hence, industry-specific wordlists provided in multiple 

languages would be beneficial for academia. Also, un-

supervised learning algorithms should be further com-

pared with the abilities of humans to classify sentiment. 

Furthermore, content analysis of text documents is not 

a trivial task as topic modelling algorithms detect rather 

general topics, but extended algorithms already enable 

more differentiated applications. However, the given 

limitations of the recent algorithms will encourage re-

searchers to address these issues and improve the tech-

niques to extract further and precise information from 

texts. 

In conclusion, the three contributing papers of this dis-

sertation illustrate that the digitally available news me-

dia sources facilitate the improvement of the predic-

tions of future market movements by means of newly 

developed techniques in computational linguistics. As 

information is a valuable resource, an understanding of 

the narratives and sentiments set in the real estate in-

dustry by the news media can support market partici-

pants in the making of profound decisions.  
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