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Introduction

1 Introduction

1.1 Motivation and Background

Compared to the direct real estate investment market, indirect or listed real estate markets
are known to be liquid, fast-moving, transparent, and consequently less prone to
information asymmetries (Adair et al., 2006). Over the last decades, Real Estate Investment
Trusts (REITs) have emerged as a prominent indirect real estate investment vehicle, offering
investors fractional exposure to the real estate market through diversified portfolios of
income-generating properties. In an environment marked by fluctuating interest rates,
tightening regulatory requirements, and geopolitical tensions, REITs have gained renewed
importance as a vehicle for inflation-hedged income and diversified exposure

(Muckenhaupt et al., 2025).

REITs represent a unique intersection of physical real estate and financial markets, offering
investors equity and debt instruments that provide diversified portfolios. On one hand,
they are backed by physical assets, which generate income through leases and are subject
to location-specific risks, regulatory constraints, and long-term market cycles. On the other
hand, REITs are listed on public exchanges, offering daily liquidity, transparency, and
exposure to market-wide sentiment (Clayton and MacKinnon, 2001). These characteristics
makes their analysis distinct from that of other firms. However, REITs also fund their
operations through common equity and public debt instruments. Unlike private real estate,
REITs typically exhibit higher return volatility, as their pricing not only reflects asset-level
cash flows but also broader financial conditions such as market volatility and global capital

flows (Clayton and Mackinnon, 2003).

The United States (U.S.) REIT market is the largest worldwide. According to the National
Association of Real Estate Investment Trusts (NAREIT), the market capitalization of U.S.
REITs has grown from $8.7 billion in 1990 to $1.5 trillion in September 2025, representing
about 3% of the total U.S. stock market capitalization. On the public debt side, bond
financing has also become a notable capital source for REITs. In 2024, U.S. REITs issued
$48.1 billion in bonds, surpassing the pre-2020 ten-year average of approximately $40
billion (NAREIT, 2025). Due to these dynamic developments, there is considerable interest
among both practitioners and academics in understanding the dynamics of U.S. REITs as

an investment.

On the equity side, REIT stock returns and their underlying volatility have been studied

extensively in terms of asset pricing and return prediction (Letdin et al., 2019). Fama and
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French’s (1992) pioneering work on the determinants of expected non-REIT stock returns
has served as a foundational framework also for numerous researchers in the realm of
REITs. The relevance of accurately valuing REITs has become a robust area of discussion
since the last financial crisis. Consequently, a substantial body of literature focuses on
evaluating predictors of REIT returns and volatility in an effort to mitigate risks and
contribute to economic stability (see, e.g., Nelling and Gyourko, 1998; Chui et al., 2003;
Cotter and Stevenson, 2008; Nayar et al., 2024; Zhou and Kang, 2011; Anderson et al.,
2021). However, literature on asset pricing primarily employs cross-sectional, linear
regression models to investigate the effects of various drivers on equity returns, implicitly
assuming stable and linear relationships (see, e.g., Fama and French, 2008; Lewellen,
2015). The highly dynamic nature of financial time series often violates these assumptions,
as complex interactions, threshold effects, and regime shifts are common. This dissertation
addresses this issue by employing a more flexible modeling framework that captures
potential non-linearities and temporal dynamics in the relationship between risk factors

and REIT returns.

In terms of debt financing, investors can enhance portfolio diversification by including REIT
bonds, which provide exposure to real estate while complementing other asset classes and
potentially reducing overall portfolio risk. While many researchers have examined general
bond determinants, little attention has been given to REIT bonds and their constituents
(Freybote, 2016; Gilstrap et al., 2022; Kozak et al., 2025). This creates a noticeable gap in
the literature, given the growing importance of public debt offerings by REITs and the
differing claim priorities of bondholders compared to equityholders (Hardin and Wu, 2010;
Brown and Riddiough, 2003). Therefore, this dissertation examines how locational factors
such as local market risk and geographic diversification affect REIT bond pricing,
recognizing that REIT performance and risk exposure are inherently spatial. Moreover, it
explores the role of informational efficiency in REIT public debt by incorporating textual
sentiment from corporate disclosures, as qualitative information can convey nuanced and
forward-looking signals beyond quantitative data (see, e.g., Han and Zhou, 2014; Jin et
al., 2024; Lou, 2019).

Thus, this dissertation deliberately considers both equity and debt side of the REIT capital
structure, as their claim hierarchies lead to fundamentally different pricing dynamics. Equity
investors are residual claimants who bear greater volatility but are also exposed to upside
potential, whereas bondholders have senior claims, focusing primarily on downside risk,
and often respond differently to market uncertainty (see, e.g., Merton, 1974; Choi et al.,
2022). These contrasting perspectives suggest that the same underlying real estate

fundamentals may be valued differently across markets, resulting in distinct risk premia

2
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and transmission channels for financial shocks. Therefore, an integrated view of REIT equity
and debt markets is essential to understanding how information is absorbed, how risks are
priced, and ultimately, how stability in the broader financial system can be supported. This
dissertation aims to provide this integrated view while focusing on detecting potential non-

linearities.

In terms of addressing the non-linearity issue, recent studies applying machine learning
techniques present compelling evidence of non-linear relationships in asset pricing (Gu et
al., 2020; Chen et al., 2019). These methods have proven well-suited for capturing the
complex patterns that traditional linear models often miss (Bianchi et al., 2021). These non-
linearities have been underexplored in REIT markets, even though stock return patterns or
bond risk premia of REITs may exhibit threshold behavior or diminishing impacts. The
dissertation addresses this gap by applying state-of-the-art machine learning algorithms to
uncover the non-linear and time-varying relationships in REIT data. More specifically,
artificial neural networks (ANNs) and eXtreme Gradient Boosting (XGBoost) algorithms are
employed. These algorithms are often characterized as opaque “black boxes” due to their
complexity and difficulty in interpreting their internal decision-making processes
(Mullainathan and Spiess, 2017). To overcome this limitation, eXplainable Artificial
Intelligence (XAl) tools were developed to investigate the modeled non-linear relationships
between predictors and outcomes. In this dissertation, Shapley Additive Explanations
(SHAP) and Accumulated Local Effect (ALE) plots are employed to gain a deeper
understanding of the dynamics of REIT equity and debt markets. These methods have been
used in the context of direct real estate markets (Lorenz et al., 2023; Kraemer et al., 2023),

but their use in the REIT domain remains limited (Kozak et al., 2025).

Overall, the objective of this dissertation is to advance the understanding of pricing
dynamics and risk drivers in the U.S. REIT equity and debt markets by addressing
methodological and informational limitations in existing research. It does so by integrating
modern machine learning techniques and XAl tools to model non-linear and time-varying
relationships in financial data, while also incorporating qualitative, textual data sources to
mitigate potential information asymmetries. By combining structured quantitative variables
with corporate disclosure, the dissertation provides novel insights into the valuation of
REITs, contributing to more accurate risk assessment, enhanced return prediction, and

more informed decision-making for investors, REIT managers, and policymakers.
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1.2 Course of Analysis and Research Questions

This section outlines the progression of this dissertation and introduces the objectives and
main research questions that will be addressed in each of the three papers. All papers
focus on explaining key determinants of U.S. REIT equity and debt markets at the firm level
through the application of machine learning methods. By leveraging XAl techniques, the
dissertation aims to uncover non-linearities and temporal dynamics that traditional

econometric models may overlook.

Paper 1: Dynamics of REIT Returns and Volatility: Analyzing Time-Varying

Drivers Through an Explainable Machine Learning Approach

Paper 1 focuses on the simultaneous analysis of the drivers of REIT stock returns and
volatility during the modern REIT era (1991-2022). More precisely, the paper identifies
dynamic patterns of REITs in relation to various market cycles. The analysis is based on
REIT-specific financials and macroeconomic data, which are applied to an XGBoost
algorithm. To unpack the decision-making process of the XGBoost algorithm, XAl
methods, including SHAP and ALE plots, are employed. The central research questions can

be summarized as follows:

e Which independent variables drive REIT returns and volatility the most, and in what
direction do they drive the prediction?

e Do REIT returns and volatility exhibit time-varying features, particularly in times of
crisis?

e Are REIT returns and volatility shaped by non-linear relationships with their

independent variables?
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Paper 2: Location Matters: Local Real Estate Market Risk and Geographic
Diversification in REIT Public Debt

Paper 2 shifts the focus to the public debt market of REITs and investigates how locational
risk factors affect REIT bond pricing. More precisely, the paper examines the impact of
local real estate market risk and geographic diversification within REIT property portfolios
on bond risk premia. To explore the potentially non-linear nature of these relationships but
maintain statistical rigor, the paper employs a combination of machine learning techniques
(i.e., artificial neural networks) and traditional regression models (i.e., fixed effects
regression). This dual approach enables a more in-depth analysis of the spatial
characteristics of REITs and their relevance to credit risk assessment. The research

questions are therefore as follows:

e s there a local real estate market risk premium in REIT bonds, i.e., do investors
demand higher compensation for REITs exposed to more volatile property
markets?

e Does the relationship between geographic diversification and REIT bond risk
premia exhibit non-linearities?

e What s the interaction effect between local real estate market risk and geographic

diversification on REIT bond risk premia?
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Paper 3: The Non-Linear Dynamics of Disclosure Tone and REIT Bond Yields

Paper 3 investigates how the disclosure tone in REIT financial statements (i.e., 10-Q/K
filings) influences bond risk premia. The analysis focuses on two non-linearity dimensions
within the relationship between sentiment and bond risk premia: First, it investigates
whether the relationship is non-linear, particularly in the presence of excessively positive
or negative language. Second, the paper decomposes disclosure tone into a fundamentals-
based and non-fundamentals-based component to assess how investors respond to tone
that does not align with financial performance. This approach provides novel insights into
how qualitative information is priced in REIT debt markets. The central research questions

can thus be stated as follows:

e Does the relationship between disclosure tone in REIT financial statements and
REIT bond risk premia follow a non-linear (quadratic) pattern?

e Do fundamentals-based and non-fundamental components of disclosure tone
affect REIT bond risk premia in different ways?

e Which component of disclosure tone provides greater informational value to bond

investors in determining REIT bond risk premia?
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1.3 Co-Authors, Submissions and Conference Presentations
This section provides an overview of co-authors, journal submissions, publication status

and conference presentations.
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Authors:
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Dynamics of REIT Returns and Volatility: Analyzing Time-Varying Drivers Through an
Explainable Machine Learning Approach

2 Dynamics of REIT Returns and Volatility:
Analyzing Time-Varying Drivers Through an

Explainable Machine Learning Approach

2.1 Abstract

Real Estate Investment Trust (REIT) returns and volatility have been extensively studied, yet
typically in isolation from each other. Given that returns and volatility are generally
connected in the eyes of investors, we simultaneously analyze the drivers of REIT returns
and volatility over the modern REIT era (1991-2022) using an eXtreme Gradient Boosting
(XGBoost) machine learning algorithm. We enhance transparency and utility through the
application of explainable artificial intelligence (XAl) techniques, particularly Shapley
Additive Explanations (SHAP) and Accumulated Local Effects (ALE), which unpack the
decision-making process of the model. Our analysis reveals that while no single feature
consistently dominates, the influence of various drivers fluctuates significantly over time.
Notably, the importance of macroeconomic indicators generally diminishes, while REIT-
specific characteristics become more influential during the sample period. Furthermore,
market cycles (macroeconomic shocks) cause large deviations from otherwise long-run
patterns. However, during these times of economic uncertainty, drivers of risk and return
correlate more strongly in comparison to times of economic stability. Lastly, we find non-
linearities in the way the drivers influence returns and volatility. These insights have
significant implications for investors, policymakers, and researchers as they navigate the

evolving landscape of real estate investments.

Keywords: REIT Return, REIT Volatility, Machine Learning, XAl
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2.2 Introduction

Understanding the determinants of Real Estate Investment Trust (REIT) returns and the
underlying drivers of their volatility is crucial for investors, policymakers, and academics,
particularly in times of economic uncertainty. While a substantial body of literature has
emerged over the past several decades focusing on forecasting REIT equity and identifying
their critical determinants (Letdin et al., 2019), these studies have largely treated the
prediction of returns and the examination of return volatility as separate endeavors. That
is, existing studies mainly focus on either predicting REIT returns or on examining REIT

return volatility, even though theoretically speaking, returns should be a function of risk.

This study aims to provide a more comprehensive understanding of the dynamics between
REIT return and risk across different market conditions. It will utilize the same features to
explain both returns and volatility, allowing for insights into their interdependence.
Utilizing data from 1991 to 2022, our analysis encompasses several major crisis periods,
including the Asia crisis, dot-com bubble, Global Financial Crisis (GFC), and the COVID-19
pandemic, each of which is marked by heightened market uncertainty. Our joint analysis
of REIT-specific and macroeconomic characteristics provides detailed insights into the
composition of returns and volatility. This study not only considers the main drivers of REIT
returns and volatility overall but also examines how features evolve over time and within

subperiods, shedding light on REIT market cycles.

From a methodology viewpoint, the literature on REIT returns and volatility primarily
adopts linear regression models to investigate the explanatory power of certain variables
(see, e.g., Chui et al., 2003; Clayton and MacKinnon, 2003; Chung et al., 2016; Giacomini
et al., 2017). Predictive models have primarily used company-specific financial variables
such as dividend yields, the book-to-market ratio, and capitalization rates (Below et al.,
2000; Chiang, 2015; Goebel et al., 2013), along with macroeconomic indicators like
inflation and short-term interest rates (Akinsomi et al., 2016; Asteriou and Begiazi, 2013;
Chatrath and Liang, 1998; Chen et al., 2014; McCue and Kling, 1994). For REIT volatility,
some papers examine interlinkages based on univariate models (see, e.g., Cotter and
Stevenson, 2007; Zhou and Kang, 2011), while others use multivariate models to isolate

specific volatility linkages among different REIT subsectors (Cotter and Stevenson, 2006).

Recent advancements have seen the application of machine learning techniques, which
might be better suited to address the non-linearity, non-stationarity, and complex
interactions typical of financial time series. For instance, Serrano and Hoesli (2007)
demonstrate that artificial neural networks (ANNs) outperform traditional linear models in
predicting REIT returns, a finding echoed by Loo (2019) and Zhang et al. (2023b). These
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studies highlight the potential for superior predictive performance of machine learning

models over traditional models.

Motivated by these advancements and recognizing the nascent application of machine
learning in REIT prediction, we employ an eXtreme Gradient Boosting (XGBoost) algorithm
for analyzing both REIT returns and volatility. This machine learning algorithm builds
predictive models by systematically combining weak predictive models, typically decision
trees, into a strong learner by focusing on correcting the errors of prior models through
iterative refinement. Given the data-intensive nature of machine learning processes, we
focus on REITs rather than direct real estate, as granular REIT data is available in short
intervals. Model estimates are based on 114,806 cross-sectional weekly observations of
151 equity REITs that are constituents of the NAREIT index and incorporate 24 potential
explanatory variables. To overcome the often-cited black box nature of machine learning
models, we employ explainable artificial intelligence (XAl) techniques, specifically Shapley
Additive Explanations (SHAP) and Accumulated Local Effects (ALE), to decode the decision-
making process of our model. Ultimately, we calculate the Pearson correlation coefficient
to investigate the risk-return behavior in different market cycles. In contrast to other
studies that focus on a horserace to determine superior performance across methods, our
aim is to reveal the magnitude and directional, non-linear impact of individual features on
REIT returns and volatility, offering a more nuanced understanding of the dynamic interplay

of various determinants over time.

These novel statistical techniques provide new insight into important questions that have
heretofore mainly been studied separately for REIT returns and volatility. First, we ask
which variables most significantly drive REIT returns and volatility, and in what direction?
Second, we ask whether REIT returns and volatility exhibit time-varying features,
particularly during periods of crisis? Third, we analyze whether the predictors and

dependent variables interact non-linearly.

The results reveal that no single variable consistently emerges as the most important across
the entire sample period and all market conditions. Rather, the characteristics influencing
REIT returns and volatility display time-varying properties, indicating that different factors
are dominant in various market phases. However, there is an important returns pattern
that emerges; economic indicators play a major role in REIT returns during the earlier years,
while REIT-specific financial variables have become more influential over time. In contrast,

volatility is primarily driven by macroeconomic conditions over the whole sample period.

Furthermore, we find that crisis periods cause substantial deviations from otherwise long-

run patterns. Nonetheless, the correlation between risk and return drivers increases during
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times of economic uncertainty. Variables that capture macroeconomic conditions do a
better job than REIT-specific variables at explaining return and risk simultaneously. This
nuanced understanding enables investors to tailor their strategies according to prevailing

market conditions, enhancing portfolio resilience in the face of economic fluctuations.

Altogether, our study advances the literature in multiple ways. First, by conducting a
simultaneous examination of both REIT returns and volatility, our study bridges a crucial
gap in existing research. We chose this dual approach over, e.qg., risk-adjusted returns, to
allow for a deeper understanding of the interdependencies between these two dimensions
and facilitates a more nuanced analysis of how market conditions influence REIT
performance. Second, the paper highlights how the drivers of REIT returns and volatility
vary over time, since many previous studies have looked at the cross-section of returns
only. This offers insights into how different economic environments, including periods of
crisis, affect the securitized real estate market. Third, we leverage the cutting-edge
XGBoost algorithm to overcome limitations in traditional analytical methods. We
effectively capture and analyze the nonlinear dynamics and interaction effects within the
data, providing a more sophisticated and accurate analysis of the factors influencing REIT
markets. Fourth, we demonstrate the use of XAl techniques, specifically SHAP and ALE, to
address the opacity often associated with machine learning. The use of XAl enhances
transparency by providing clear insights into the contributions and non-linearities of each
variable in our models. This is crucial for the adoption of machine learning in economic

research and practice.

The results hold important implications for investors and policymakers. Investors can use
the time-varying nature of the investigated characteristics to efficiently allocate their
portfolio based on market cycles and thus mitigate risks and contribute to the overall
stability of the REIT market. Policymakers can analyze policy effects based on the feature
importance of individual characteristics, and implement new financial policies related to

recent patterns.

The remainder of this paper is structured as follows. The “Literature Review" offers an
overview of the related literature. The “"Data” section describes the utilized dataset and
data processing. A detailed description of the XGBoost and XAl methods to explain returns
and volatility is in the “Methodology” section. The empirical findings about feature
importance and model performance can be found in the “Results” section. Finally, the

“Conclusion” section summarizes the paper.
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2.3 Literature Review

2.3.1 REIT Performance Modeling with Traditional Methods

In recent decades, there has been considerable interest among researchers and
professionals in understanding the predictability of Real Estate Investment Trust (REIT)
stock returns and their volatility. However, these studies mainly focused either on returns

or on volatility.

Early research into REIT return prediction focuses on their sensitivity to general stock and
bond markets. Liu and Mei (1992) investigate REIT return predictability and their
correlation with assets like small-cap stocks, large-cap stocks, and bonds. They identify
significant forecasting variables such as the treasury bill yield and the yield spread between
AAA bonds and treasury bills on equity REITs. Contrary, Li and Wang (1995) find the
dividend yield to be among the top drivers of REIT returns, along with the term spread and
default spread. They also establish a negative relationship between inflation and returns.
Graham and Knight (2000) investigate the incremental information content of net income
and cash flows for REITs, finding that funds from operations (FFO) carry greater

informational value than net income.

Clayton and MacKinnon (2003) examine the link between REITs, financial assets, and direct
real estate returns, noting a shift in REIT market dynamics towards dependence on small-
cap stocks and real estate-related factors in the 1990s. Hung and Glascock (2010) analyze
REITS" momentum returns, and find liquidity to be the predominant factor influencing
momentum returns. Goebel et al. (2013) present evidence that after controlling for
momentum, underlying REIT characteristics such as the book-to-market ratio, institutional
ownership, and illiquidity are all strongly associated with REIT returns during the 1993 to
2009 window, while firm size is not. Anderson et al. (2015) examine the effect of property
type diversification and find a strong positive relationship with return on assets and return

on equity.

Beyond traditional factors, Akinsomi et al. (2016) incorporate sentiment and uncertainty
indicators, finding significant relationships with REIT returns. Bond and Xue (2017)
highlight investment and profitability as critical factors in explaining REIT returns. Beracha
et al. (2019) investigate the extent to which REIT operational efficiency is related to
operational performance, total risk, and stock return, using variables such as EBITDA,
interest expenses, and total revenue. More efficient REITs outperform lower efficiency

REITs in terms of risk-adjusted cross-sectional stock returns. Suzuki et al. (2023) look at
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capital expenditures and how they affect REIT performance and find that REITs chose

properties designated for divestment based on operating expenses and rental yields.

Research on REIT volatility has gained traction over the past two decades. Cotter and
Stevenson (2006) observe strong correlations in uncertainty between equity REITs and
mainstream stock indices. Based on their findings, Cotter and Stevenson (2008) find
volatility persistence in the REIT sector, albeit lower compared to the S&P 500 index. Zhou
and Kang (201 1) advocate for dynamically adjusted long-memory models to better capture
REIT volatility. Li (2012) identifies systematic risk, leverage, trading volume, and
unexpected inflation as drivers of REIT return volatility, with systematic risk exhibiting
higher magnitude in up markets. Delisle et al. (2013) find systematic volatility risk not
priced in equity REIT stocks, suggesting their use for portfolio hedging. Based on their
findings, Li (2016) documents that expected REIT returns show an insignificant relationship
both with the volatility of the stock market and the volatility of the Fama—French factors.
Anoruo and Murthy (2017) examine the relationship between implied volatility as
measured by the VIX and REIT returns, showing that they have significant negative effect
on each other across all investigated frequencies. Bonato et al. (2021) underscores the role
of realized skewness and kurtosis as indicators for realized volatility. Zhou (2020a, 2020b)
compares the accuracy of different realized volatility measures in forecasting REIT return
volatility. Lastly, Li and Zhu (2022) find that trading volume induces return volatility and

that this effect is backed by transaction costs.

The analysis of past literature reveals that research has mostly focused on forecasting REIT
returns or REIT volatility individually, thus neglecting the interdependent patterns between
financial return and uncertainty. Furthermore, many of these studies looks at the cross-
section of REITs and establishes a relationship between predictors and REIT performance
at a certain point in time. However, it is crucial to observe whether the impact of certain
variables changes over time and how it behaves during crisis periods, which is why we
chose a time-varying setting in our study. Our independent variables for this study are
chosen based on these studies on REIT returns and volatility. An overview of all factors and

their related studies can be found in Appendix I.
2.3.2 Financial Products Performance Modeling with Machine Learning

Machine learning applications have recently proven to be a robust forecasting method. In
the general finance literature, there have been various attempts to apply machine learning
and XAl to financial products, including stock price prediction (see, e.g., Gu et al., 2020;
Chen et al., 2024; Bryzgalova et al., 2020), credit risk management (Bussmann et al.,

2021), cryptocurrency investments (see, e.g., Babaei et al., 2022; Nagl, 2024), fund
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performance (Kovvuri et al., 2023), and debt financing (see, e.g., Bianchi et al., 2021; Lin
and Bai, 2022).

As the form of dependence between the predictors and stock returns seems to be non-
linear, the application of machine learning methods has also increased. Gu et al. (2020)
compare many statistical and machine learning models and show that neural networks
and regression trees perform best. Bryzgalova et al. (2020) use decision trees to group
similar stocks together and use this information for portfolio sorts. Their strategy triples
the Sharpe ratios, compared to traditional portfolio sorts. Feng et al. (2020) use hidden
states of a neural network to reduce the dimension of their portfolio sorts, which
automatically allow non-linearities and interactions. They find again a superior
performance compared to a traditional portfolio sort. Rossi (2018) uses a machine learning
algorithm to construct mean-variance efficient portfolios and document a superior
performance. Chen et al. (2024) apply a combination of machine learning algorithms to
estimate an asset pricing model for excess stock returns. Recently, also risk premiums of
bonds and hedge funds are targeted with machine learning. Bianchi et al. (2021) employ
a battery of machine learning algorithms to forecast bond returns and find neural networks
among the best performing methods. Wu et al. (2021) apply machine learning methods
to forecast hedge fund returns and use them for selection. Again, neural networks are the
best choice. Summarizing, there is broad evidence that the dependence of predictors and
stock returns is non-linear, which results in superior performance of machine learning
methods. Furthermore, Freyberger et al. (2020) document a time-varying impact of some

predictors.
2.3.3 Direct Real Estate Performance Modeling with Machine Learning

In the direct real estate literature, there has also been a significant increase in machine
learning and XAl applications over the past years. Kok et al. (2017) demonstrate that
automated valuation models (AVMs) leveraging machine learning and hyperlocal data
outperform traditional appraisals in accuracy, cost, and timeliness, offering significant
potential for real estate valuation. Kraemer et al. (2023b) examine the impact of spatial
training level on the accuracy of AVMs and demonstrate that machine learning models
benefit from higher spatial granularity. In a different study, Kraemer et al. (2023a)
introduce the use of ALE plots with an XGBoost algorithm to improve transparency and
understanding of value-determining features in residential real estate markets, highlighting
non-linear relationships. Lorenz et al. (2023) explore how XAl techniques enhance
understanding of rent predictions by revealing nonlinear relationships among hedonic

features, especially size and age of a property, while examining both feature rankings and
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feature effects on the prediction to provide deeper insights into the factors influencing
rental values. Stang et al. (2023) compare traditional appraisal methods with an XGBoost,
showing that the machine learning method outperforms conventional techniques in
accuracy and scalability. Francke and van de Minne (2024) find that combining a random
effects model with different machine learning algorithms for predicting commercial real
estate values can reduce the average appraisal error found in literature. Further
applications of non-parametric modeling techniques in direct real estate can be found in
studies such as Yoo et al. (2012), Antipov and Pokryshevskaya (2012), McCluskey et al.
(2013), and Yilmazer and Kocaman (2020).

2.3.4 Indirect Real Estate Performance Modeling with Machine Learning

Since 2003, machine learning has also been used in indirect real estate research. Brooks
and Tsolacos (2003) find neural networks to provide the most accurate predictions for REIT
returns compared to univariate time-series models and an VAR model. Serrano and Hoesli
(2007) look at these same three models and confirm the superiority of neural networks,
especially when considering a large array of factors. Feng and Li (2016) create a REIT
portfolio with 20% above market returns using a Support Vector Machine (SVM). Wang
et al. (2016) apply SVM and back-propagation neural networks to the Singaporean REIT
market. Their findings indicate that machine learning approaches outperform simple
regression models in predicting REIT performance and that the choice of variables
significantly impacts the simulation results. Habbab et al. (2023) examine the performance
of two traditional regression methods and three machine learning methods, and confirm
that the machine learning methods (i.e., XGBoost and neural network) works best for
predicting REIT stock prices. Moreover, Loo (2019), and Zhang et al. (2023b) demonstrate
that non-parametric machine learning models outperform linear regression models in

forecasting REIT returns.

In summary, the studies on indirect real estate reviewed conduct methodological horse
races. However, none of the studies utilized XAl to unpack the decision-making process
behind the models. This highlights the necessity of applying XAl to explain REIT returns,

particularly with an emphasis on the data’s time-varying properties.

2.4 Data

The dataset used in this study consists of 114,806 weekly observations of 151 equity REITs
that are constituents of the FTSE NAREIT Index from October 1990 to December 2022. We

construct our sample not based on the NAREIT Index but on the individual REITs within
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the index, allowing for a cross-sectional analysis. Our sample is based on three different
datasets, namely (1) REIT market data, (2) REIT accounting data, and (3) macroeconomic

data.

The REIT market data comes from Eikon and comprises the weekly closing price and market
capitalization for each REIT. The returns are calculated as the percentage change from one
week’s close price to the previous weeks. The weekly volatility for each REIT is calculated
based on a separate dataset comprising the daily returns, which are then merged into the
weekly dataset. Since the actual volatility is unobserved, an observable proxy is needed.
Following Patton (2011) and Zhou (2020a), we employ daily squared open-to-close returns
as the proxy for the latent volatility, assuming a zero mean of returns. Despite being subject
to noise, the daily squared open-to-close returns are unbiased and free of microstructure
noise. Quarterly accounting data is sourced from Eikon too and was obtained in
accordance with prior research on explaining REIT returns and volatility. We decided to
account for company leverage indirectly by incorporating total debt outstanding and
market capitalization, allowing us to gain separate insights into both equity and debt
components. In unreported results we examined leverage in the traditional sense (as a
combined construct) and obtained consistent results. Most macroeconomic variables are
from the Federal Reserve Economic (FRED) monthly database, as presented by McCracken
and Ng (2016). The real estate buying conditions index comes from a survey of consumers
by the University of Michigan. The REIT return and volatility are the dependent variables,
while the remaining 24 characteristics represent the explanatory variables. For robustness
reasons, we also fit a model using risk-adjusted returns as the dependent variable to
evaluate whether this changes our results. Given the fact that returns are a function of

risk, we use the same set of characteristics to explain both returns and volatility.

We chose a relatively long period of 32 years for analysis since we want to cover multiple
crisis periods (i.e., the dot-com bubble, GFC) to see whether and how they affected the
dynamics of REIT returns and volatility. To account for survivorship bias, we include all
REITs that have operated at some point during the period under investigation, regardless

of whether they started operating after 1990 or ceased operations before 2022.

Various steps are undertaken to preprocess the data. The returns and volatility are lagged
as we want to use the current information to predict the following week, see Gu et al.
(2020). In the early years, the number of complete information sets is relatively low but
increases gradually towards the end of our sample period. We handle missing values by
imputing data up to one year, meaning that an existent value is being perpetuated until a

new value occurs or 52 weeks have passed. REIT-specific characteristics are winsorized at
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the 5th and 95th quantile to prevent outliers from distorting the results. This process is
conducted on a weekly basis to ensure that future data points or REITs not included in the
sample at a specific time are not incorporated. Finally, we standardize the features before
feeding them into the model for training and testing. An overview of the utilized variables

is provided in Table 2.1.
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Table 2.1 Variable Description

Variable Description Frequency
Dependent Variables
REIT Return Expressed as the current adjusted price of the REIT  weekly
stock minus the original adjusted price of the stock
(week t-1) divided by the original adjusted price
REIT Volatility Expressed as the standard deviation of the five daily ~ weekly
returns for one week
Real Estate Variables
REIT Property Type 8 REIT sectors based on property portfolio, defined
by NAREIT (e.g., office, retail, diversified), reference
category is diversified
Accounting Variables
Market Capitalization Measure of company size, expressed as total dollar ~ weekly
market value of a REIT's outstanding shares of
stock
Total Assets As per balance sheet quarterly
Return on Asset Net Income divided by total assets quarterly
Funds From Operations Cash flow from operations quarterly
Normalized EBITDA Earnings before interest, taxes, depreciation, and quarterly
amortization
Total Debt Outstanding Dollar amount that REIT owes their lenders and quarterly
creditors, including accrued interest
Cash and short-term Investments Cash and financial investments that can easily be quarterly
converted to cash
Interest Expense Interest payable on any borrowings quarterly
Total Revenue Gross revenue quarterly
Property, Plant & Equipment Long-term assets in the balance sheet (e.g., real quarterly
estate)
Capex Capital Expenditures quarterly
Dividends Distribution of a REIT's earnings to its shareholders  quarterly
Dividend Yield Financial ratio that shows how much a REIT weekly
distributes relative to its stock price
Retained Earnings Cumulative net earnings of a company after quarterly
accounting for dividend payments
Operating Income Total revenue minus any operating expenses quarterly
Book-to-market ratio Market capitalization divided by Total Assets weekly
Macroeconomic Variables
S&P 500 Return of the S&P 500 composite index monthly
Fed Funds Rate Interest rate by Federal Reserve monthly
GS10 10-Year Treasury Rate monthly
CPI Consumer Price Index (Inflation) monthly
Buying Conditions Sentiment Index expressed as % of “Good time to monthly
buy” minus % of “Bad time to buy” plus 100
VIX CBOE volatility index monthly
Small Cap Return Wilshire U.S. small-cap total market return monthly

Notes: This table provides an overview of every variable employed in this study. The first column shows the
variables’ names. The second column describes the variables. The last column shows the variable’s available
frequency. The final dataset contains weekly observations, which means that for monthly or quarterly
observations, the respective value is filled in for all weeks of the respective month or quarter. We chose
weekly observations because of the data noise trade-off. Daily data is usually very noisy and can negatively
affect the predictions. Monthly observations often smooth out potential short-term fluctuations. We also
tested the algorithm on monthly data but the results in terms of model fit were worse compared to weekly

data.
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Figure 2.1 (a) displays the average weekly stock return for all REITs in the sample and its
temporal evolution. Given an average return of 0.14% across the entire period, the
assumption of a zero mean holds for our sample. However, some anomalies can be
observed during periods of economic uncertainty, where returns deviate tremendously
from times of regular economic activity. The periods affected by the sample are the GFC
and COVID-19 pandemic. The evidence of volatility clustering, meaning that high levels of
volatility tend to be concentrated together, becomes apparent when examining Figure 2.1
(b). Table 2.2 displays the descriptive statistics of all features to help better understand the

variables used in this study.

Figure 2.1 Average Weekly Return and Volatility

(a) Average Weekly Return
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(b) Average Weekly Volatility
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Notes: The plot on top displays the weekly average return of all REITs in % within the sample, while the bottom
plot displays the weekly average volatility (standard deviation). The gray shaded areas illustrate periods of
economic uncertainty as indicated by NBER: https://www.nber.org/research/data/us-business-cycle-
expansions-and-contractions. The period from Q1 2001 to Q4 2001 marks the dot-com bubble burst. The
period from Q4 2007 to Q3 2009 marks the Global Financial Crisis. The period from Q4 2020 to Q2 2020
marks the COVID-19 pandemic.
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Table 2.2 Descriptive Statistics

Variable Unit Mean Media SD Min Max
REIT Return Percentage  0.14 0.20 4.43 -50.33 73.60
REIT Volatility Integer 1.57 1.21 1.48 0 30.52
REIT Property Type / / / / / /
Market Capitalization* Integer 5,066 1,820 9,936 5.51 137,457
Total Assets* Integer 4,749 2,688 5,467 139.13 32,674
Return on Asset Percentage  0.67 0.61 0.77 -3.20 3.85
Funds From Operations* Integer 2.55 2.02 1.82 -1.03 9.49
Normalized EBITDA* Integer 93.74 51.33 111.13 -45.89 715.16
Total Debt Outstanding* Integer 2,319 1,271 2,737 7.42 14,644
Cash and short-term Investments*  Integer 108.79  27.60 190.32 0.038 1,682
Interest Expense* Integer 25.81 14.76 28.63 -0.073 122.01
Total Revenue* Integer 17560  91.66 218.68 4.32 1,240
Property, Plant & Equipment* Integer 3,781 2,272 4,192 3.46 21,883
Capex Integer 10.34 6.57 10.80 0.00 107.86
Dividends Percentage  1.69 1.44 1.24 0.00 6.85
Dividend Yield Percentage  0.06 0.05 0.04 0.00 0.53
Retained Earnings* Integer -446.14 -155.31 727.60  -4,201 425.87
Operating Income* Integer 43.37 20.99 59.69 -106.03 331.67
Book-to-market ratio Percentage  0.00 0.00 0.00 0.00 0.00
S&P 500 Percentage  0.66 1.16 3.74 -20.39 12.02
Fed Funds Rate Percentage  1.69 1.00 1.92 0.05 8.11
GS10 Percentage  3.13 2.75 1.54 0.62 8.72
CPI Percentage  0.22 0.21 0.30 -1.77 1.38
Buying Conditions Index 138.50 148.00 29.87 37.00 179.00
VIX Index 20.07 18.23 7.92 9.51 59.89
Small Cap Return Percentage  0.88 1.04 5.12 -25.48 21.49

Notes: This table shows the summary statistics of the whole dataset from 1990 to 2022, containing equity
REIT data and accompanying macroeconomic indicators. The summary of the REIT-specific variables reflects
the results after winsorizing monthly at the 5th and 95th percentage quantiles. The asterisk denotes that
these values are in millions. For all values above 1,000 no decimals are displayed.

2.5 Methodology

2.5.1 Machine Learning Method

The eXtreme Gradient Boosting (XGBoost) algorithm is a tree-based ensemble learning
method. The origin of XGBoost can be traced to Chen and Guestrin (2016), who developed
this algorithm as a response to bias and variance problems associated with single decision
trees. XGBoost can solve complex issues such as classifications, pattern recognition, and
regression-based tasks, exhibiting a successful track record of outperforming traditional
methods and other machine learning algorithms in the field of real estate valuation (see,
e.g., Kok et al., 2017; Stang et al., 2023; Kraemer et al., 2023a, 2023b)). However, the
application of XGBoost in predicting REIT performance has been limited to Habbab et al.
(2023), and Habbab and Kampouridis (2024). They use past REIT prices and technical

analysis indicators to predict future REIT prices and create an optimal portfolio.
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Tree-based ensemble learning algorithms combine the results of several decision trees to
produce superior performance compared to using a single decision tree. The basic idea
behind ensemble learning algorithms is that individual so-called weak learners, in our case,
single decision trees, can be combined to achieve one strong learner. In the case of the

XGBoost, the following technical expression can be stated:

M

RO = ) b (1), @
i=1
where h is the strong learner, h,, are the individual weak learners and u,,is used to weight
the weak learners. M is the number of single trees, x is the full features space and y the
response variable. Boosting is a type of ensemble learning in which the weak learners h,,
are trained successively. The algorithm starts with one model and uses the errors made to
improve subsequent trees. Gradient boosting uses the so-called gradient descent algorithm
by adding new trees to minimize the loss of the model. The eXtreme Gradient Boosting is
a computationally effective and highly efficient version of gradient boosting. The
advantage of XGBoost compared to parametric and semi-parametric models is that it can
recognize complex patterns like non-linearities or higher-order interaction terms within a
large amount of data, thus reducing the need for manual optimization. For more
information about tree-based methods, ensemble learning and gradient boosting, the

interested reader is recommended to read Hastie et al. (2009).

The dataset is split into two subsets: (1) The training data is used for initial model
estimation, where every input is labeled with a respective output so that the algorithm
learns patterns in the data; (2) The test data is used for estimation and performance
evaluation. A hyperparameter search is conducted at the beginning of each year. We
implement an expanding window approach based on Gu et al. (2020) to evaluate both
return and volatility outcomes. The expanding window process is illustrated in Figure 2.2.
During the first iteration, the data from the first five years is utilized for training (80% of
the five-year data), while the remaining 20% are reserved for testing. With every iteration,
the training dataset expands by one year. The main advantage of this approach is that the

algorithm tests on unseen data and can provide unbiased, robust results.
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Figure 2.2 Expanding Window Approach
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We employ a LASSO (Least Absolute Shrinkage and Selection Operator) regression to
benchmark the performance of our machine learning algorithm. This linear model
addresses overfitting and allows obtaining a better bias-variance trade-off by adding a
penalty term to the traditional linear regression model (Tibshirani, 1996). However, LASSO
only models the expectation, i.e., the return of a sequence, but not the uncertainty
respectively the volatility. Therefore, we benchmark only the return estimates against

LASSO and use other metrics to validate the estimates volatility based on XGBoost.

Previous studies on forecasting REIT returns have proven the superiority of nonparametric
models over conventional regression methods, mainly due to their ability to address the
non-linearity and non-stationary data properties (Brooks and Tsolacos, 2003; Habbab et
al.,, 2023; Loo, 2019; Serrano and Hoesli, 2007). Table 2.3 shows the different
performance metrics used to evaluate the forecasts the XGBoost and the LASSO regression

produced.

Table 2.3 Applied Performance Metrics

Metric Formula Description
R? B2 1 _Z};l(yi —-9)? Explained variance of the dependent
B ()2 variable. A higher value indicates a
better model fit
lz” Sum of squared deviations from actual
L

Mean Squared Error (MSE) N
MSE = n -:1(yi — ) to predicted values. A lower value

indicates a better model fit.
Mean Absolute Error (MAE) MAE = lz” ly: = il Sum of absolute deviations from actual
nlu_,"t 7t to predicted values. A lower value

indicates a better model fit.
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Despite the fact that XGBoost seems to work well in many cases, its black box nature often
limits practitioners’ willingness to apply them to real-life scenarios. XAl is a branch of
research that addresses the obscure nature of how the model learns patterns in the data
and detects causal relationships between the variables. To the best of our knowledge, this
study is the first to open the black box of an XGBoost for modeling REIT returns and
volatility. Following Lorenz et al. (2023), we employ model-agnostic tools to assess both
feature importance and feature effects. Feature importance reveals and ranks the
individual importance of variables for return and volatility prediction. Feature effects
graphically illustrate the relationship between return and volatility and the influencing

variables.
2.5.2 Feature Importance

We use Shapley Additive Explanations (SHAP), developed by Lundberg and Lee (2017), to
evaluate feature importance. SHAP is a local post-hoc model-agnostic technique based on
a coalitional game theory method named Shapley values. It allows us to derive the impact
of individual features on the model’s estimates and their evolution over time. Some of the
main advantages are that SHAP values provide fair and consistent results. Fairness relates
to extracting each feature’s fair contribution to the overall effect using the SHAP values.
Consistency implies that the total sum of all features SHAP values corresponds to the
difference between the model estimates and the expected average outcome. Additionally,
SHAP values account for non-linearities and higher-order interactions in the data, making

them especially valuable for complex machine-learning tasks (Lundberg and Lee, 2017).

The SHAP value of a feature represents its influence on the payout, obtained by summing
its weighted contributions across all possible combinations of feature values.
Mathematically, the SHAP value of an observation i and feature j can be represented as

follows:

ISI! (p — IS] — 1)!
b= < (s v} - F), 2.2)

!
SQ{XL]_,...,XLP}{XL]'} p

where ¢; ; denotes the Shapley value for feature observation i, S stands for a coalition,
and x € RP *™ depicts the set of all features containing of p variables and n observations.
The final part of the equation calculates the marginal contribution of feature i on the
predictions. Here, f(S U {x;;}) represents the XGBoost model trained with feature i
present, while another XGBoost model f(S) is trained with the feature withheld. Since the

effect of withholding a feature relies on the presence of other features in the model, the

preceding differences are computed across all possible subsets S S {x; 1, ..., x;, {x; ;}-

26



Dynamics of REIT Returns and Volatility: Analyzing Time-Varying Drivers Through an
Explainable Machine Learning Approach

Finally, the result is weighted based on the number of features present in the coalition S.
SHAP values are calculated individually for each observation in the training dataset, hence
cannot directly be interpreted on a global level. They can be interpreted as the influence
of an individual feature on the prediction made by the machine learning algorithm
compared to the average prediction. To achieve global, model wide interpretability of
SHAP values, individual observations can be averaged for each feature, allowing a ranking

of feature importance.
2.5.3 Feature Effects

SHAP values only give us insights into which features contribute the most to the prediction.
Accumulated Local Effects (ALE) plots, on the contrary, shed light on how a single feature
contributes to the prediction and can therefore detect non-linear relationships. These plots
provide insights into how an independent variable influences the average prediction of the
dependent variable across all its values in the dataset. A drawback of other commonly
used methods, such as Partial Dependency Plots (PDP) by Friedman (2001), is that they
assume that variables are uncorrelated, which is rarely the case in real-world applications
in finance and real estate. ALE plots, introduced by Apley and Zhu (2020), address this
issue by allowing for correlated features. As a result, ALE plots offer a more robust
approach to understanding the effects of features on predictions. They are also gaining
increasing attention in the direct real estate literature, as evidenced by studies such as

Kraemer et al. (2023a) or Lorenz et al. (2023).

The total range of observed values for each independent variable x,. € RV*1, is split into
K bins. We define Z,., as the % quantile of its empirical distribution with Z,. , being the
minimum and Z, x the maximum value of Z,.. Moreover, assume that S, defines the set
of values within the left open interval from Z,. ,,_; to Z,  with n, , being the number of
observations within the interval S, .. We define k(x,) as an index that returns the bin for
a value of x,.. Consequently, the (uncentered) accumulated local effect is given by:

k(xr)

Jur G = Y nk D [ (ZrsoXni) = f s X)) @3)
k=1

LESy K

where x,, € R¥*P~1 denotes the set of features without the feature r of P variables and
f(.) the network’s prediction. The quantity in the squared brackets delineates the
prediction of f(.) if the observation i is replaced with Z,., in the minuend and the
prediction with Z,. ,_, instead of the true value i in the subtrahend. These differences are

summed over every observation in S, . Since this has to be done for each bin k, g4, (x,)
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denotes the sum of the inner sums weighted by the number of observations in each bin
(Apley and Zhu, 2020). The centered ALE main effect has a zero mean with respect to the

marginal distribution of x, and can be written as:

N
Oare () = Garp(x) — N1 Z Gare (%r1)- (2.4)
i=1

Centering the individual ALEs ensures that the final ALE plot remains interpretable. In this
context, the plot consistently illustrates the impact of a feature as a function of the average
prediction of the XGBoost across the entire feature space. The visual analysis of ALE plots
allows us to detect any non-linear relationships between the independent variables and

the predicted return and volatility.
2.6 Results

Our study aims to analyze the time-varying properties of REIT returns and their underlying
volatility by opening the black box nature of our machine learning model and interpreting
whether and how return and volatility drivers reveal information about market cycles. First,
the most predictive characteristics for REIT return and volatility are presented. Second, we
analyze selected characteristics over time to understand their patterns comprehensively.
Third, individual feature effects on the prediction are illustrated and analyzed. In contrast
to other publications, the focus of this study is not to determine whether machine learning
outperforms a traditional regression. Yet, a brief discussion on model performance can be

found in Appendix II.
2.6.1 Global Absolute Feature Importance

Our analysis spans a relatively long period from 1997 until 2022, during which different
market conditions have been predominant and multiple crises have occurred. To account
for the various market cycles and guarantee a profound analysis, we chose to split the
sample into four subperiods, namely (1) 1997 to 1999: Asia crisis, high-interest regime, (2)
2000 to 2009: Dot-Com boom, GFC, (3) 2010 to 2019: low-interest regime, real estate
boom, and (4) 2020 to 2022: COVID-19 pandemic, the war in Ukraine, high-interest

regime.

The absolute SHAP values of the ten most influential features for return explanation for
each subperiod are illustrated in Figure 2.3. The key finding is that macroeconomic factors
are the predominant drivers of REIT returns, especially in the earlier years. While the

displayed REIT-specific features only contributed about 25% to returns in the late 1990s,

28



Dynamics of REIT Returns and Volatility: Analyzing Time-Varying Drivers Through an
Explainable Machine Learning Approach

nowadays, around 60% of the return is driven by REIT-specific variables. The increase in
REIT-specific variables start in 2010 and can be attributed to the gradual maturation of the
REIT market. The market has become much more transparent and liquid over the years,
therefore investors base their decisions more on factors like operational efficiency, financial
performance and asset class strength. There seems to be a strong direct link between REITs
and small-cap stocks. However, the relationship has decreased over time and has only
been about half as strong in more recent years. The S&P 500 index has a lower but also
relatively high overall impact and remains mostly stable throughout the observed time
frames. These findings contradict Zhang et al. (2023a), who state that REITs behave little
like stocks. The CBOE Volatility Index (VIX) also substantially influences returns in the first
three periods, while it loses significance in the 2020 to 2022 period. Similar patterns of
declining relevance can be observed for inflation and interest rates. On the REIT-related
side, the dividend yield has a relatively strong and time-persistent impact on financial
returns. This finding expands on Chiang (2015), who established a positive relationship
only between 1993 to 2011. While the size variables market cap and total assets could be
neglected in the first period, its influence heavily increased since 2010, when REIT size has
become the predominant driver of returns. The impact of the book-to-market ratio remains

consistent, except for the period between 2000 and 2009.

Figure 2.3 Absolute SHAP Values — Ten Most Important Features for Return
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The SHAP values for the volatility are shown in Figure 2.4. Overall, the macroeconomic
environment plays a crucial role among the top ten volatility drivers. Strikingly, many
dominant variables in the first subperiod do not appear in any subsequent periods. This
can be explained by the uncertainty in the market during the Asia crisis. The period was
marked by high-interest rates, which were the dominant factor for the uncertainty of REITs.
After 2000, the interest rate has lost significance but still plays a mentionable role until
today. On the contrary, inflation has driven return uncertainty since 2000, with a peak in
the third subperiod. The impact of sentiment about real estate buying conditions has
declined over the years and is no longer a determining factor. Looking at REIT-specific
factors for the 2000 to 2009 and 2010 to 2020 periods, only dividend yields, and the
book-to-market ratio contributed to the volatility. The impact of the book-to-market ratio
has previously been confirmed by Delisle et al. (2013) for the 1996 to 2010 period. As
opposed to that, 56% of the volatility can be traced to accounting variables in the last

subperiod, highlighting the increased importance of company-specific values.

The most important features of the model using risk-adjusted returns closely align with
those extracted from Figure 2.3 and Figure 2.4, providing supporting evidence for the

robustness of these results.

Figure 2.4 Absolute SHAP Values — Ten Most Important Features for Volatility
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In order to dive deeper into the interdependencies between return and risk drivers within
the subperiods, we calculate the Spearman correlation for all subperiods and drivers, as
indicated in Table 2.4. The results reveal that the correlation between risk and return
drivers increases during periods of economic crisis (subperiods 2 and 4). This heightened
correlation during the dot-com bubble, the Global Financial Crisis, and the COVID-19
pandemic indicates that economic uncertainty strongly align risk and return drivers. In
contrast, more stable economic periods (subperiods 1 and 3) show lower correlations,
reflecting a decoupling of risk and return influences. Economic uncertainty amplifies the
sensitivity of REITs to macroeconomic variables, as policy responses like interest rate cuts
or fiscal stimulus broadly impact both returns and volatility. Market sentiment often shifts
uniformly, leading to synchronized reactions to economic indicators. Financial stress and
liquidity constraints further tighten the relationship between these drivers, as investor
behavior becomes more risk-averse, causing simultaneous fluctuations in returns and
volatility. These findings underscore the importance of considering both risk and return in

a unified framework, especially during times of economic instability.

Table 2.4 Subperiod Correlation Measures

Subperiod Spearman Correlation
1997—-1999 0.61
2000—2009 0.85
2010—2019 0.70
2020—2022 0.78

2.6.2 Evolution of Feature Importance

The next question to be answered is whether REIT features exhibit time-varying patterns,
particularly in times of economic uncertainty. As alluded to previously, the analysis of the
four subperiods reveals insights about significant changes in the decisive factors for REITs.
We now want to visualize the annual changes of macroeconomic and REIT-specific return
and volatility drivers to better understand the market dynamics and relationship between

risk and return.

For a broader view of the evolution of determinants, we cluster all variables into a
macroeconomic and a REIT-specific group. Figure 2.5 displays the sum of absolute feature
importance of the clustered variables over time for (a) return and (b) volatility estimation.
The solid line depicts the macroeconomic variables, while the dashed line shows all REIT-
specific factors. The sum of feature importance for both clusters each year equals 1,
meaning that a more substantial influence of macroeconomic constituents coincides with
lower REIT-specific constituents’ impact, and vice versa. This direct dependency allows an

in-depth analysis of the sensitivity of REITs in different market states. In accordance with
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the subperiods results, we see a steady upward trend of company-based characteristics
over the years for returns, with 2014 marking the years where REIT variables have been
the dominating force in the composition of returns. In the earlier stages of the REIT market
(1990s and 2000s), REITs were a relatively new asset class with limited investor familiarity
and liquidity. This made returns more sensitive to broad economic trends. The financial
crisis led to a reassessment of risk, particularly in real estate markets. Investors increasingly
focused on REIT-specific metrics such as asset quality and balance sheet strength, as they
became more critical for assessing resilience in the face of systematic shocks. Moreover,
advances in financial reporting standards and data accessibility likely increased the
importance of firm-level factors. With about 70% of returns driven by company variables
in the last four years, our findings suggest that the REIT market is becoming separate from

the macro environment.

Looking at the crisis periods shaded in gray, we observe substantial deviations, especially
in the GFC period. In the lead-up to the crisis, returns were significantly influenced by
economic factors. However, as the crisis unfolded in 2008, there was a sharp decline,
followed by a robust recovery in the following years. These anomalies can be attributed to
the housing market crash that marked the GFC's start, causing massive interest rate cuts

and rising unemployment rates.

The overall cluster variation in the importance for volatility is much lower compared to
returns, providing evidence for a more equal interplay between macroeconomy and REIT-
related features as well as the predictability of risk. However, especially during economic
downturns, volatility prediction is a complex task, as seen by the REITS-specific spikes
during the GFC and COVID-19 periods. During crisis periods, REIT-specific accounting
variables may have a higher short-term impact on volatility because investors focus more
on the immediate financial health and stability of individual REITs, such as liquidity,
leverage, and market cap. Economic indicators contributed to REIT volatility excessively
after the crisis and during the boom period, as the sensitivity of investors to small

movements in economic policies increased.
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Figure 2.5 Clustered Feature Importance for Return and Volatility
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Following the broader analysis of the two clusters, we examine the time-varying behavior
of selected macroeconomic variables with striking evolutions in Figure 2.6. The solid line
represents the feature’s impact on returns, while the dashed line indicates the feature’s
impact on volatility. An overview of all remaining macroeconomic variables can be found

in Appendix IlI.

Small-cap stocks” influence on REIT returns and volatility has gradually decreased over time,
again confirming the maturing of the REIT market and its increasing independence from
broader equity market movements due to their income-generating nature. With their
consistent dividend payouts, REITs have been viewed more as bond-like investments rather

than high-volatility equity instruments. The growth and diversification of REITs across
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property sectors may have further insulated REIT performance from the volatility typically
associated with small-cap stocks. This adds a new perspective on the results from Clayton
and MacKinnon (2003), who analyzed data until 1998. The S&P 500 index, however,
maintained a relatively constant impact on returns and volatility over time, except for a
notable spike in 2007. Since some of the REITs are also constituents of the S&P 500 index,
the results seem justifiable in terms of correlation. The overall lower importance can be
attributed to investors’ perception of REITs as a distinct asset class, as confirmed for the
years since 2020 by Zhang et al. (2023a). Furthermore, investors allocate capital based on
individual factors such as property fundamentals, lease structures, and dividend yields

rather than the general stock market movements.

The interest rate’s impact on both returns and volatility peaked around the GFC, reflecting
the heightened uncertainty and financial market turmoil during this period. The sharp
recovery in these impacts can be attributed to the Federal Reserve's monetary policy
actions aimed at restoring confidence and supporting economic recovery. Post-crisis, while
interest rates continued to influence both metrics, their effects diminished, highlighting
stabilization efforts and investor adaptation to the new economic environment. Inflation
emerged as the most significant driver globally, particularly during the recovery period
from 2010 to 2019, impacting both returns and volatility. Policies like quantitative easing
and a low-interest-rate environment contributed to heightened inflation expectations,
increasing sensitivity to inflation-related dynamics. Investors are much more sensitive to

information about inflation and interest changes when rates are low.

In many cases, the impacts of the key macroeconomic variables on returns and volatility
tend to coincide across the observed period, which confirms the general hypothesis that
the same drivers influence return and risk. However, the absolute magnitude of impact
differs: only small-cap stocks and the S&P 500 index have an overall higher impact on
returns. In comparison, all remaining economic features have a higher impact on volatility.
This might be because small-cap and large-cap indices show immediate market reactions
that affect returns, while the other variables have a long-run impact and first affect the
perceived risk. The impact of interest rates on volatility precedes the impact on return by
roughly a year during crisis periods, likely because initial changes in interest rates quickly
increase market uncertainty and risk perceptions, which then affect REIT returns as the
broader economic implications and investor adjustments gradually unfold. Overall, while
there is a notable degree of co-movements between return and volatility impacts, the exact
timing and magnitude can vary, reflecting the complex dynamics of how these
macroeconomic variables interact with the REIT market. The average Spearman correlation

coefficient of all economic factors between return and volatility is 0.22.
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Figure 2.6 Time-Varying Feature Importance of Macroeconomic Variables
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Notes: The solid line denotes the return feature importance and the dashed line the volatility feature
importance.

Looking at REIT-specific drivers in Figure 2.7 reveals further valuable insights into the
dynamics between risk and return in the REIT market. In accordance with the subperiod
investigation, the market cap has become a vital factor for returns, driven by the significant
growth and consolidation of the market over the years. Investors may increasingly favor
larger REITS due to perceived liquidity, stability, and scale advantages. The impact of the
market cap on volatility peaks around periods of widespread market turmoil. During times
like this, investors seek safety in larger, more established companies with solid balance
sheets and stable cash flows. A REITs total assets reveal very similar patterns, while the

peaks may reflect the changing perception of asset quality and management effectiveness.

A company'’s outstanding debt was a significant return driver in 2018 and 2019 but not in
any other year. The surge in the impact of outstanding debt on REIT returns during 2018
and 2019 can be attributed to the interest rate hike following an extended period of near-
zero interest rates. This led to increased costs of debt, prompting REITs to make strategic
decisions such as debt restructuring or deleveraging initiatives. Giacomini et al. (2017) find
that highly-levered REITs perform worse on average than low-levered REITs. A REIT's funds
from operations usually do not impact the underlying volatility excessively, except for the
COVID-19 period. As a result of the disruptions caused by the pandemic, REITs faced
challenges such as rent deferrals, lease negotiations, and reduced occupancy rates. As a

result, investors reevaluated their investment strategies and risk tolerance levels and placed
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greater emphasis on FFO as a critical indicator, amplifying its impact on REIT volatility. An

overview of all remaining REIT-specific variables can be found in Appendix IV.

For REIT-specific variables, the deviation of impacts on return and volatility is generally
more severe, especially during crisis periods, compared to the economic impacts. In other
words, on the REIT financial side, the drivers for return and risk differ more significantly
compared to the economic features. The average Spearman coefficient is 0.07, which is
68% lower than the coefficient for the economic features. The significantly lower
correlation coefficient may be due to the broad and pervasive impact of economic
conditions on the overall market sentiment. Macroeconomic factors such as inflation,
interest rates, and market indices directly influence investor behavior, risk perceptions, and
capital flows, leading to a stronger and more immediate alignment between returns and
volatility. In contrast, REIT-specific financials, such as debt levels, asset valuations, and
operational metrics, affect individual REITs differently based on their specific financial
health and management strategies. This leads to more heterogeneous impacts on returns
and volatility, resulting in a lower overall correlation coefficient for REIT-related financial
variables. Hence, investors care less about individual REITs compared to the overall

economy when making investment decisions and assessing risk.

Since the time-varying effects of individual drivers on returns and risk are mostly volatile
and not trending, predictive models used by practitioners should be refitted regularly to
avoid prediction errors. This dynamic nature of factors underscores the need of continuous
monitoring and updating of predictive models to capture the latest market conditions and
investor behaviors. Additionally, investment strategies should be flexible and adaptive,
allowing for adjustments based on the most current data to effectively manage risk and

optimize returns.
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Figure 2.7 Time-Varying Feature Importance of REIT-Specific Variables
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2.6.3 Local Directional Feature Effects

We have seen in the SHAP subperiod analysis that the influence of most variables has
changed significantly over time. To gain a deeper understanding of the actual relationship
between predictors and returns and volatility, we use ALE plots to visualize feature effects.
Figure 2.8 displays the four overall most influential variables (i.e., small-caps, market cap,
dividend yield, and VIX) on REIT returns across all subperiods as identified through the
feature importance. The values on the y-axis show how much the return prediction
deviates from the average prediction when the variable takes on certain values indicated

on the x-axis.

The overall impact of the small-caps return is generally positive except for subperiod two,
indicating that an increase in the small-caps return is related to an increase in REIT returns.
Small-cap stocks are considered to be more closely linked to economic growth compared
to large caps, as outlined by Serrano and Hoesli (2010). In the case of market expansion,
smaller companies benefit from economic activity, which can also drive demand for real
estate, ultimately yielding higher REIT returns. In the second subperiod, a turning point can
be observed at around 0% small-cap return. Negative small-cap returns up to 0%
correspond to a decline in REIT returns, whereas positive small-cap returns beyond this
point are associated with an increase in REIT returns. The economic justification centers

around the dynamics of risk sentiment, investor preferences, and macroeconomic
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conditions. In periods of negative small-cap returns, REITs likely acted as a safer alternative.
However, as economic conditions improved and small-cap returns turned positive, both
asset classes benefitted from the broader recovery, leading to a positive relationship. The
turning point around 0% reflects this shift in investor behavior and market fundamentals.
We therefore add a more nuanced perspective in contrast to previous research on the
established co-movement relationship between small-caps and REITs (see, e.g., Liu and
Mei, 1992; Clayton and MacKinnon, 2003).

The relationship of market cap and REIT returns reveals a negative impact overall, meaning
that larger REITs tend to have lower returns and vice versa. Based on the risk-return
tradeoff, smaller REITs exhibit higher volatility than large REITs but also compensate
investors with higher returns. Another reason could be that growing REITs face increasing
operational inefficiencies, which is supported by Beracha et al. (2019), who find that higher
efficiency REITs outperform lower efficiency REITs in terms of risk-adjusted returns. Our
finding contrasts with Goebel et al. (2013), who see that large REITs outperform small
REITs in a restrictive environment. Moreover, we can detect that for very small REITs, there
is @ massive variation in the impact on company size on returns especially in subperiods of

economic uncertainty (i.e., subperiods 2 and 4).

Returns increase significantly when high dividend yields are paid to the investors. Since
REITs are required by law to distribute a large amount of their income to shareholders,
high dividend-paying REITs indicate strong income generation from their real estate
portfolio, driving up prices and returns for investors. Liu and Mei (1992), Brooks and
Tsolacos (1999) and Chiang (2015) also show a positive impact of dividend yields on REIT
returns. However, inferential assumptions are missing to determine the causal relationship

between these two variables.

The ALE plots for the VIX also show a negative slope across all subperiods, meaning that
higher market volatility is reflected in lower REIT returns, which generally is in line with
Anoruo and Murthy (2017). However, the visualization of the effect creates a more in-
depth picture of the actual relationship for different intervals. The shapes of the first three
subperiod graphs reveal a rather concave shape, meaning that the negative effect appears
softly until a certain level of volatility, from which the effect is intensified significantly. In
other words, moderate increases in overall market volatility result in only slight declines in
returns. Though, once the index value reaches approximately 25 to 40, further increases

in volatility have a significantly greater impact on REIT returns.
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Figure 2.8 ALE Plots for Return Drivers over the Subperiods
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While the overall impact of return drivers is mostly similar across all subperiods, the
volatility plots in Figure 2.9 show more significant time-variations. Regarding interest rates,
especially the values on the outer bounds seem to impact REIT volatility quite significantly.
Examining the lower bound, this aligns with our SHAP findings: when interest rates are
low, investors become much more sensitive to any changes. This heightened sensitivity

explains why return volatility spikes in both directions.

While the first and last subperiods of the S&P 500 reveal a negative slope, the second and
third show some sort of u-shape. If the general stock market is doing well, this also reflects
on the REIT market by decreasing volatility. During the 2000 to 2009 period, this
relationship shifts at the higher bounds, where the graph spikes again. This could be
attributed to stock overvaluation, as seen during the dot-com bubble and the GFC (both
periods characterized by overvalued markets) which may signal impending economic

distress.

Zhang (2013) shows for the general U.S. stock market that stocks with low book-to-
market ratios have significantly more volatility in their return distributions compared to
high book-to-market stocks. Our analysis reveals a u-shape across all subperiods, which
presents a more nuanced interpretation. REITs with low book-to-market values are growth
stocks. At very low book-to-market levels, volatility may be relatively high due to
speculative investments, but as the ratio increases, valuations may stabilize, reflecting
investor confidence in the firm’s fundamentals and growth prospects, leading to lower
volatility. High book-to-market values, on the contrary, can indicate potential investor
concerns about poor growth prospects, operational inefficiencies, or financial distress,

which can amplify return volatility.

Except for subperiod two, higher inflation levels are generally related to lower volatility.
REITs are often seen as natural inflation hedges since property values and rental income
tend to rise with inflation. This may reduce volatility compared to other asset classes that
may suffer in inflationary environments. This contrasts Li (2012), who finds that higher
unexpected inflation is related to higher volatility. During the second subperiod, the
relationship lacks a clear trend. Speculative housing markets and monetary policy
uncertainty amplified investor sensitivity to inflation shocks and created inconsistent

effects on return volatility.
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Figure 2.9 ALE Plots for Volatility Drivers over the Subperiods
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2.7 Conclusion

Global financial markets have recently been experiencing enormous turmoil amidst
unprecedented economic uncertainty and geopolitical tensions. The real estate market has
been massively impacted by factors such as fluctuating interest rates and high inflation,
which is reflected in the REIT market by the significant decline in the NAREIT index from
2021 to 2024. To navigate the challenges posed by periods with heightened economic
uncertainty, it is crucial for investors and policymakers to not only understand the main
determinants of REIT returns but also, from a risk management perspective, to concurrently

analyze characteristics that influence their associated volatility.

To address this issue, we analyze the time-varying constitution of REIT returns and REIT
volatility simultaneously, using a diverse set of REIT-specific financials and overall economic
indicators. Our results show that no variables exert the strongest influence on the estimates
over the entire period from 1996 to 2022 but that the impact of the variables changes
significantly over time in many cases. Therefore, stock prediction models should be refitted
regularly to incorporate the latest information on influential drivers in a certain period. The
predominant features in explaining REITs vary between market phases, while a few
overarching observations can be made. Macroeconomic factors were found to be
predominant drivers of REIT returns in the earlier years. At the same time, REIT-specific
variables have gained importance over time and make up almost two-thirds of the financial
returns for investors nowadays, highlighting that investors place greater emphasis on REIT-
specific factors such as property type or operational performance when evaluating
investment opportunities. Looking at the volatility, the weights of economic indicators and
REIT-specific data are rather equal, and constant compared to returns. However, the
macroeconomy was a stronger driver during the 2010s up until the COVID-19 crisis. This
effect is due to the increased sensitivity of investor sentiment coupled with investors’ focus

on the impact of regulatory changes after the GFC.

Crises cause substantial deviations of REIT drivers from otherwise long-run patterns for
both return and risk. However, our results reveal that the correlation between risk and
return drivers increases during periods of uncertainty. The heightened correlation indicates
that economic uncertainty strongly aligns risk and return drivers, underscoring the
importance of considering both risk and return in a unified framework, especially during

times of economic instability.

By isolating economic and REIT-related financials from each other, our results provide an
answer to the question of whether the same drivers can be used to explain return and risk.

On the economic side, individual risk and return drivers show stronger co-movements
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compared to the REIT-specific features, demonstrating that the same macroeconomic
indicators can be used more effectively than REIT indicators to simultaneously explain both
returns and risk. This is due to the broader and more uniform impact of macroeconomic
conditions on market sentiment and investor behavior, whereas REIT-specific factors
influence returns and volatility in a more heterogeneous manner based on individual

financial health and management strategies.

Lastly, we reveal substantial non-linearities in the way the features interact with REIT
returns and volatility. Traditional OLS models usually do not identify these relationships.
We apply two state-of-the-art XAl technique, SHAP and ALE, to conduct a comprehensive
analysis of the model’s estimates, and thus open the black box. This approach enables a

more profound understanding of real estate market dynamics.

Our results increase transparency and help investors, risk managers, and policymakers
better understand REIT market dynamics and make more informed decisions. This can lead
to a more efficient capital allocation and ultimately contributes to the overall stability and
growth of the market. Risk managers can incorporate novel insights about the dynamic
relationships between different risk and return factors to help create more robust
portfolios. Lastly, policymakers can use our findings to support the real estate sector by
implementing effective financial policies based on the market cycle analysis and tracking

the impact of existing policies.
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2.8 Appendix

2.8.1 Appendix | - Chosen Variables and Related Literature

Table 2.5 Chosen Variables and Related Literature

Variable Related Literature
Real Estate Variables
REIT Type Anderson et al. (2015)

Accounting Variables
Market Capitalization
Total Assets

Return on Asset

Funds From Operations
Normalized EBITDA
Total Debt Outstanding
Cash and short-term Investments
Interest Expense

Total Revenue

Capex

Dividends

Dividend Yield
Retained Earnings
Operating Income
Book-to-market ratio
Macroeconomic Variables
S&P 500

Fed Funds Rate

GS10

CPI

Sentiment Index

VIX

Small Cap Return

Goebel et al. (2013)
Beracha et al. (2019)

Bond and Xue (2017)
Graham and Knight (2000)
Beracha et al. (2019)
Chung et al. (2016)

Hung and Glasscock (2010)
Beracha et al. (2019)
Beracha et al. (2019)
Suzuki et al. (2023)
Akinsomi et al. (2016)
Brooks and Tscolacos (2003)
Giacomini et al. (2017)
Bond and Xue (2017)
Goebel et al. (2013)

Asteriou and Begiazi (2013)
Chen et al. (2014)

Liu and Mei (1992)

Li and Wang (1995)

Akinsomi et al. (2016)

Anoruo and Murthy (2017)
Clayton and Mackinnon (2003)

Notes: This table shows related literature that examines the factors used in this paper that were found to
drive REIT performance (i.e., returns or volatility). For each variable, only one related paper is presented in
this table for simplicity reasons. The variable “Property, Plant & Equipment” have not been investigated so

far.

2.8.2 Appendix Il - Model Performance Comparison

The evaluation metrics in Table 2.6 show the average annual performance of the XGBoost

compared to the LASSO regression. XGBoost consistently outperforms LASSO regression

across all samples and metrics for return estimation, demonstrating its capability to detect

non-linearities and interactions between predictors and the target variable. The relatively

low R? values are common for stock return prediction due to the noise in the market, see

Gu et al. (2020).
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Table 2.6 Evaluation of XGBoost and LASSO

Models R? MSE MAE
Return

XGB0OStin sample 0.15 11.26 2.26
XGBoOStout of sample 0.09 12.07 2.31

LASSOin sample 0.01 13.35 2.39
LASSOout of sample 0.01 13.34 2.39
Volatility

XGBoOStin sample -1.79 3.16 1.43

XGBoOstout of sample -1.81 3.19 1.44

Figure 2.10 (a) displays the evolution of the in-sample and out-of-sample R? over time.
Following the GFC, a notable structural break in model performance is evident, particularly
with a substantial increase observed in out-of-sample variation post-GFC. Possible reasons
for this increase are the post-GFC market stability, which led to more stable relationships
between predictors and REIT returns. Moreover, financial policy interventions like the
Dodd-Frank Act, the FSOC, and SEC regulations helped stabilize the REIT market, making
it easier for models to explain return variations. The remaining performance metrics plots

can be found in Figure 2.11 and Figure 2.12.

Figure 2.10 R?Evolution over Time
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Figure 2.11 MSE Evolution over Time
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2.8.3 Appendix lll - Feature Importance of Macroeconomic Variables

Figure 2.13 Time-Varying Feature Importance of Macroeconomic Variables
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2.8.4 Appendix IV - Feature Importance of REIT-Specific Variables

Figure 2.14 Time-Varying Feature Importance of REIT-Specific Variables
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3 Location Matters: Local Real Estate Market
Risk and Geographic Diversification in REIT
Public Debt

3.1 Abstract

Purpose: This study examines the impact of location-based risk factors, specifically, local
real estate market risk and geographic diversification, on the bond risk premia of U.S. Real
Estate Investment Trusts (REITs). It addresses a gap in the literature on how locational

factors influence REIT debt pricing.

Design/ methodology/ approach: We quantify local real estate market risk via a REIT-
specific local beta, capturing sensitivity of local real estate markets to national real estate
shocks. Geographic diversification is measured using the Herfindahl-Hirschman-Index
(HHI). Using over 30,000 monthly REIT bond yield spreads from 2010 to 2023, we combine
machine learning methods (artificial neural network and accumulated local effect plots)

and ordinary least squares regression with polynomial terms.

Findings: We find a local real estate market risk premium for REIT bonds, indicating that
investors seek compensation for the additional risk. Furthermore, we uncover a non-linear
relationship between geographic diversification and bond risk premia. While moderate
diversification lowers risk premia, strong diversification increases them. The optimal point

of diversification is found at an HHI of 0.25, where REITs face the lowest public debt cost.

Practical implications: REIT managers can reduce borrowing costs by optimizing
geographic diversification and avoiding overexposure to volatile markets. Bond investors

can better price credit risk using REITs" local beta and diversification metrics.

Originality/value: To the best of the authors’ knowledge, this study is the first to show
that REIT bondholders price location risk, expanding prior equity-based findings. It
uncovers a non-linear relationship between diversification and the cost of public debt. It
further highlights how combining machine learning methods with traditional regression

methods can enhance model interpretability and performance.

Keywords: REIT Bond, Local Beta, Real Estate Market Risk, Geographic Diversification,

Machine Learning
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3.2 Introduction

Location is one of the most important value drivers for real estate. A growing body of
literature examines the impact of geographic characteristics on the risk and return profiles
of both private and public real estate equity investments (Fisher et al., 2022; Zhu and Lizieri,
2022). However, there is limited research on how location risks influence REIT debt. This
is a notable gap, given that U.S. REITs rely heavily on bond financing to support their
operations, with bond issuances remaining robust in recent years despite rising interest
rates." In addition, bondholders may price risk differently than equity holders because they
have a higher claim priority and face primarily downside risk, as their upside potential is
limited to fixed coupon payments and principal repayment.? Our study aims to fill this gap

by investigating how location-based risk characteristics influence the pricing of REIT bonds.

Our analysis is motivated by the intuition underlying the structural credit risk model of
Merton (1974), which implies that a firm’s asset volatility increases its probability of
default, thereby raising the required risk premium on debt. For REITs, whose assets largely
consist of property holdings, local real estate market volatility affects asset value volatility,

thereby raising their required risk premium on debt.

On the other hand, geographic diversification may reduce asset volatility by offsetting local
shocks across different real estate markets. While prior studies modeled the effect of
geographic diversification linearly, we argue (drawing on modern portfolio theory) that the
benefits of diversification diminish as exposure becomes more widespread. Accordingly,
we assume a non-linear relationship between geographic diversification and debt risk

premia.

Building on this theoretical premise, we examine the relationship between these two
location-based characteristics (local real estate market risk and geographic diversification)
with REIT bond risk premia. Based on Zhu and Lizieri (2022), we construct a local beta
factor to measure an individual REIT's sensitivity to local real estate market risk. This beta
reflects the sensitivity of each local real estate market's total return in which a REIT holds
assets to shocks in the aggregated national real estate market total return, thereby
capturing the REIT's exposure to higher-risk markets. Our local beta is calculated at the

granular level of U.S. Core-Based Statistical Areas (CBSA) to account for the heterogeneity

"In 2020, a record-setting year with historically low interest rates, REITs issued $81.55 billion in bonds.
However, with the rise in interest rates, this figure stabilised to $48.1 billion by 2024, slightly above the ten-
year average of approximately $40 billion prior to 2020.

2 Indeed, recent studies on empirical asset pricing (i.e., Gospodinov and Robotti, 2021) suggest that robust
evidence for common factors in pricing across equities and bonds remains elusive.
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of real estate markets. Additionally, to capture geographic diversification of a REIT's

property portfolio, we calculate the Herfindahl-Hirschman-Index (HHI).

We employ a dataset of 30,186 monthly bond yield spreads from 2010 to 2023, along
with 27 explanatory variables. The data includes REIT bond information, property location
data, REIT-specific accounting measures, equity market data and macroeconomic
indicators. In our empirical analysis, we combine machine learning and traditional
econometric methods, leveraging the former's ability to capture complex, non-linear
patterns while retaining the interpretability offered by the latter, as demonstrated in prior
studies (see, e.g., Kraemer et al., 2023b; Lorenz et al., 2023). Specifically, we employ an
artificial neural network (ANN) model to predict REIT bond yield spreads. The data patterns
are then visualized using the eXplainable Artificial Intelligence (XAl) method, Accumulated
Local Effect (ALE) plots. These visualizations guide the selection of model specifications for
the final step, where we apply a traditional ordinary least squares (OLS) regression with
polynomial transformations based on the inflections identified in the ALE plots, to provide

clear measures of statistical significance.

The results show a local real estate market risk premium for REIT bonds. Investors demand
higher compensation for holding bonds from REITs with property portfolios in locations
that are more sensitive to real estate market shocks. This effect is consistently observed
across all REITs, regardless of whether they operate in more volatile or more stable
markets. Consistent with our hypothesis, the effect is less pronounced than the findings
for REIT equities by Zhu and Lizieri (2022), likely due to the differing priority of claims, as
bondholders have higher priority than equity holders and are therefore less sensitive to

geographic risks.

Additionally, the results reveal a more nuanced, non-linear relationship between
geographic diversification and REIT bond risk premia than previously reported in the
literature. For REITs with more concentrated portfolios, increasing geographic
diversification leads to a decrease in bond risk premia, reflecting that the benefits of
diversification, such as reduced cash flow volatility and lower exposure to local economic
shocks, outweigh the potential increased costs associated with managing a dispersed
property portfolio. However, for REITs that are already well-diversified, further
diversification results in higher bond risk premia, suggesting that the costs of additional
diversification exceed its benefits. This pattern aligns with modern portfolio theory, which
posits that diversification initially reduces risk, but its marginal benefits diminish as portfolio
diversification increases (Markowitz, 1952). The turning point occurs at an HHI value of

0.25, where we identify a structural break in the data that marks a shift in how investors
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price the risks of further diversification. This point can be seen as the optimal portfolio
diversification for minimizing the cost of public debt from a REIT perspective. When
interacting local beta with HHI, we find that for REITs operating in more volatile markets,
the effect of geographic concentration on bond risk premia is amplified, resulting in a

disproportionately larger increase in risk premia as concentration rises.

This study makes several contributions to the literature on REIT bond pricing and
geographic diversification. Firstly, we add to Zhu and Lizieri (2022) as well as Fisher et al.
(2022) by showing that local real estate market risk affects REIT public debt, which
constitutes a major funding source for REITs. Secondly, we refine the notion of the
previously documented geographic diversification discount, contrasting with prior works
that model geographic diversification effects linearly (see, e.g., Feng et al., 2021; Hartzell
et al., 2014, Ibrahim and Falkenbach, 2024; Ro and Ziobrowski, 2011). Thirdly, we show
that the cost of concentration rises non-linearly in high-risk markets, amplifying bond risk
premia beyond what either factor would suggest in isolation. Taken together, our findings
enhance the understanding of how REIT bondholders price risk and underscore the
importance of considering both real estate market conditions and portfolio structure when
evaluating debt costs. Lastly, we demonstrate how combining machine learning and

traditional models can enhance economic interpretations and model accuracy.

Overall, this study offers practical insights for REIT managers, investors, and bond portfolio
managers. REIT managers can use these findings to optimize their real estate market
allocations and reduce their cost of public debt. For bond portfolio managers and
investors, our analysis of local beta provides a valuable tool for assessing REITs' sensitivity

to local market shocks when making investment and hedging decisions.

The remainder of this paper is organized as follows. The next section provides an overview
of the related literature and derives the research hypotheses. The “Data and Variable
Construction” section outlines the dataset, data processing steps and the construction of
the key variables. The “Methodology” section details the applied methods, followed by the
empirical findings presented in the “Results” section. Finally, the paper concludes with a

summary of insights and implications.
3.3 Literature Review and Hypotheses Development

This study touches on two strands of literature: (1) the impact of location-specific risks on
firm performance and asset pricing and (2) the role of diversification, particularly

geographic diversification, in shaping REIT value, performance, and debt costs
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3.3.1 Location and Firm Risk

A growing body of finance literature emphasizes the role of firm location in determining
risk exposure and financial outcomes. Several studies develop local beta factors to capture
sensitivity to geographic-specific shocks. Tuzel and Zhang (2017), for example, measure
the sensitivity of local industrial production to national GDP shocks, showing that high-
beta metropolitan areas experience greater cyclicality in both wages and real estate prices.
Fisher et al. (2022) apply a similar approach in the REIT context, linking location density

and systematic stock risk exposure to rental growth and cap rates.

Zhu and Lizieri (2022) introduce a real estate-specific local beta, measuring the sensitivity
of local property market returns to national real estate market returns. Their findings
indicate that REITs with high local beta, particularly those with geographically
concentrated portfolios, exhibit higher equity returns, reflecting compensation for greater

location-based risk.
3.3.2 Diversification and REIT Equity Performance and Debt Costs

A second body of literature analyzes the effect of property-type and geographic
diversification on REIT equity performance, valuations, and debt costs. While Ro and
Ziobrowski (2011) find no significant difference between specialized and diversified REITs
in terms of equity excess returns, Benefield et al. (2009) document outperformance for
diversified REITs during favorable market conditions. In contrast, European real estate
companies, Haran et al. (2020) show that property-type diversification is associated with
lower equity returns, underscoring regional differences in outcomes. Taken together, the
mixed findings highlight the challenges of isolating diversification effects and their

influence on equity performance.

In terms of valuations, several U.S. focused studies report a “diversification discount” for
geographically diversified REITs (Feng et al.,, 2021; Hartzell et al., 2014; Huerta and
Mothorpe, 2024). However, this effect is moderated by institutional ownership and
transparency. Huerta and Mothorpe (2024) further argue that moderate geographic

clustering can enhance operational efficiency.

Evidence on debt costs is more limited but similarly nuanced. Capozza and Seguin (1999)
find that REITs with diversified property types face higher bank borrowing costs, potentially
due to increased information asymmetries. This is echoed by Cheok et al. (2011) for the
Asian property markets, by showing that regionally diversified REITs face higher interest
expenses. Demirci et al. (2020) refine this notion by showing that property-type

diversification is associated with higher spreads on bank loans and mortgages, whereas
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geographic diversification leads to lower spreads. Their findings suggest that, overall,
diversification can reduce the cost of debt by enhancing creditworthiness through risk
dispersion. On the public debt side, Ibrahim and Falkenbach (2024) provide evidence that
geographic diversification is associated with higher REIT bond spreads, though they do not
consider non-linearities or interactions with location-specific risk. However, from a modern
portfolio theory perspective, the relationship between diversification and risk is inherently
non-linear (Markowitz, 1952). Early diversification reduces idiosyncratic risk, while the
benefits taper off at higher levels due to increasing correlations among assets. In the
context of our study, higher correlations among regions and rising operational complexity

may induce the diminishing effect of geographic diversification.

Taken together, these strands reveal that diversification effects differ depending on type
(property vs. geography), outcome (equity returns, firm valuations or private vs. public debt
costs) and geography (U.S., Europe and Asia). Yet, the role of geographic diversification in
REIT bond pricing, particularly its potential non-linearities and interaction with local market
risk, remains underexplored. Our study addresses this gap by adopting a granular, asset-

level approach and a machine learning framework to detect non-linear patterns.
3.3.3 Hypotheses Development

Our research is conceptually grounded in the structural credit risk model of Merton (1974),
which posits that a firm defaults when the value of its assets falls below the face value of
its liabilities at maturity. A key implication of the model is that asset volatility increases
default probability, as it raises the likelihood that asset values will breach the default
threshold. In the case of REITs, whose asset base largely consists of commercial real estate,
this volatility is closely tied to fluctuations in the value of their property portfolios. We
capture this through a local beta factor, which measures a REIT’s exposure to volatility in
local real estate markets and thus serves as a proxy for location-based asset risk. A higher
local beta implies greater exposure to volatile markets, increasing asset value uncertainty
and, by extension, the likelihood of default. Accordingly, bondholders should demand a
higher risk premium to compensate for this increased credit risk. At the same time, such
volatility may offer upside potential for equity holders through higher returns, highlighting
the asymmetry between debt and equity financing. This reasoning supports our hypothesis
that REITs with greater exposure to local real estate market risk will face higher bond yield

spreads. Therefore, we formulate the following research question:

. Is there a local real estate market risk premium in REIT bonds, i.e., do
investors demand higher compensation for REITs exposed to more volatile

property markets?
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In addition, we argue that geographic diversification of a REIT's property portfolio may
lower asset volatility and default risk by mitigating location-specific exposures. However,
in line with modern portfolio theory, we expect this effect to be non-linear, with
diminishing or even adverse impacts at higher diversification levels. Based on this, we state

the second research question:

Il.  Does the relationship between geographic diversification and REIT bond risk

premia exhibit non-linearities?

Finally, if both local market risk and portfolio concentration affect bond risk premia, their
interaction could be particularly relevant. For example, REITs operating in volatile markets
may benefit more from diversification, while concentration in such markets could amplify

default risk. This motivates our third research question:

Ill. ~ What is the interaction effect between local real estate market risk and

geographic diversification on REIT bond risk premia?

3.4 Data and Variable Construction

The sample used in this study consists of 30,186 monthly bond yield spreads of 60 U.S.
equity REITs that are constituents of the FTSE NAREIT Index from January 2010 to
December 2023.2 The observation period starts in 2010 due to very limited REIT bond
transaction data prior to this year, as noted by Freybote (2016). Therefore, the study
excludes 2002 to 2009 and focuses on the post-crisis years. The dataset is based on
different data types, namely (1) REIT bond data, (2) REIT property data, (3) REIT-specific

accounting/market data and (4) macroeconomic data.
3.4.1 REIT Bond Risk Premium

Data on REIT bond yields come from the Trade Reporting and Compliance Engine (TRACE)
database by FINRA, which has required broker-dealers to self-report their over-the-counter
(OTC) bond transactions since 2002.* We calculate monthly yield spreads by averaging the
volume-weighted yields of all transactions in a month of a REIT bond and then subtracting
the yield on U.S. Treasuries with corresponding maturities. U.S. Treasury data come from

the Liu and Wu (2021) dataset. Since TRACE does not offer bond characteristics such as

3 To prevent survivorship bias, our analysis includes all REITs that issued bonds during the study period,
regardless of whether they were present for the entire duration of the sample.

4 As bonds are trades over-the-counter (OTC), data collection on bond transactions is limited compared to
equity trading data. TRACE is the most relevant database for researching bond transactions in the U.S..
However, its nature of self-reporting can lead to erroneous entries. By winsorising our data, we try to ensure
that such errors do not distort the data.
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the bond maturity date, call features, or coupon rate, this data was manually collected
from the FINRA website, which is based on the TRACE database. Bond transactions with
missing data are excluded. Also, bonds with maturities under one month and above 360
months are excluded since no Treasury matching was feasible. Following Bessembinder et
al. (2009), TRACE data entries marked as canceled are removed from the dataset, while
corrected entries are kept. Furthermore, bond and firm liquidity metrics are included in the

sample.
3.4.2 Local Real Estate Market Risk

Our primary research objective is to document the relationship between the systematic risk
of local property markets and the risk premium of REIT bonds. Therefore, we use NCREIF
NPI total returns of 136 CBSA divisions as well as REIT property portfolio data from S&P
Capital 1Q to construct our local market risk factor, called local beta. Firstly, we calculate
B¢, which denotes the sensitivity of local commercial real estate prices in each CBSA to

systematic real estate shocks and is calculated as follows:

= 1 = ac + Be(MKTNP! — rf,t) + £t (3.1)

where r¥F! is the NCREIF real estate total return in CBSA ¢ in month t and 7y the risk-

free rate, measured by the yield on the 1-month Treasury bill. MKTNP! is the mean NPI
across all CBSAs in month t and represents the national real estate market total return. We
compute the monthly total return of each CBSA and across all CBSAs, in excess of the risk-
free rate.> We then regress the CBSA-specific excess return on the overall market excess
return to estimate f., which captures the sensitivity of the monthly excess return on a
given CBSA portfolio to fluctuations in the overall market's excess return. Even though the
NCREIF return data is available for different property types, we opt to use the aggregate
total return to circumvent issues with sparse data, which could potentially lead to

unreliable results.

Next, we calculate local beta for REIT i at time ¢, representing the mean systematic risk

across all CBSAs where the REITS' properties are located, as follows:

it = Z Wict X Be, (3.2)

where . is the CBSA beta, and w; . is the weight assigned to each CBSA, measured as

the exposure of REIT i in CBSA ¢ in month t. We calculate this exposure as the number of

> While the NCREIF total return index is only published on a quarterly basis, the risk-free rate is at monthly
frequency and hence we can derive a varying monthly difference between these two.
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properties held by REIT i in CBSA ¢ in month t divided by the number of total properties
held by REIT i at time t across all C CBSAs.
REIT
it

Although B, is constant over time, ;3" adjusts whenever there are changes in a REIT'

property portfolio. The variable B%F'" represents a REIT's exposure to the cyclical behavior
of the local real estate markets across the various CBSAs where it holds commercial
property investments. For robustness reasons, we additionally calculate a rolling . based
on a 12-month window. The construction and OLS results can be found in Appendix I. Zhu
and Lizieri (2022) prove that the local real estate market risk, as defined in this study, is
non-diversifiable. Hence, it should be priced in the bond yield spread even for investors

with diversified REIT bond portfolios.

The distribution of B, and BFRE'™ are displayed in Figure 3.1. Table 3.1 reports the five
highest and lowest B.'s as well as the five highest and lowest BF'T’s. Looking at the
histograms, we can observe that most S.'s lie between 0.5 and 1.5, with only a few
observations on the outer bounds. On the contrary, the relatively narrow range of REIT-
specific betas, BRE'T, suggests that REITs typically maintain geographically diversified
portfolios, which helps smooth out exposure to high- or low-beta CBSAs and manage
overall risk more effectively. Peoria, IL and Albany-Schenectady-Troy, NY, are the only
CBSAs with a negative beta, indicating that the commercial property markets in these areas
move inversely to the national market. As a result, they can provide a hedge against
national market trends. On the other side of the spectrum, California-Lexington Park, MD,
Wilmington, NC and Cleveland-Elyria-Mentor, OH, have betas exceeding two. This
suggests that these areas are highly sensitive to aggregate real estate shocks. For example,
the B, of Wilmington can be interpreted as follows: if the overall market total return
increases by 1 percentage point, the return in the specific CBSA increases by 2.362
percentage points. Hence, the real estate market in Wilmington is overly reactive to

changes in the aggregate real estate market.

On the BfF'™ side, the three REITs with the lowest beta are Diversified REITs. For example,

the BFF'T of Alexander & Baldwin, Inc. can be interpreted as follows: if the overall market
total return increases by 1 percentage point, the property-weighted total return of all
CBSAs where this REIT holds assets increases by 0.728 percentage points. Therefore, this

REIT is less sensitive to aggregate real estate market shocks.
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Figure 3.1 Distribution of Betas
(a) Histogram B, (b) Histogram BRET
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Notes: The figure plots the distribution of the CBSA beta . and the average REIT-specific local beta BRE'T,
which is based on the REITs property portfolio. The mean CBSA beta is 1.045 and the mean REIT-specific local
beta is 1.012. The number of observations for 8. corresponds to the total number of CBSAs and the number

of observations for BRE'T corresponds to the total number of REITs in the study.

Table 3.1 Highest and Lowest Beta CBSAs and REITs

CBSA Name B
Lowest 3. CBSAs

Peoria, IL -1.796
Albany-Schenectady-Troy, NY -0.899
Palm Bay-Melbourne-Titusville, FL 0.015
Barnstable Town, MA 0.490
New Haven-Milford, CT 0.539
Highest . CBSAs

California-Lexington Park, MD 6.276
Wilmington, NC 2.362
Cleveland-Elyria-Mentor, OH 2.077
Rockingham County-Strafford County, NH 1.873
Warren-Troy-Farmington Hills, Ml 1.641
REIT Name REIT
Lowest BRF'T REITs

Alexander & Baldwin, Inc. 0.728
Essential Properties Realty Trust, Inc. 0.811
Broadstone Net Lease, Inc. 0.910
Innovative Industrial Properties, Inc. 0.936
Office Properties Income Trust 0.944
Highest BFF'T REITs

Sun Communities, Inc. 1.135
Sotherly Hotels Inc. 1.121
Kimco Realty Corporation 1.121
Retail Opportunity Investments Corp. 1.116
Rayonier Inc. 1.110

Figure 3.2 illustrates the S, distribution across the U.S., with each circle denoting one
CBSA. The size of each circle is proportional to the absolute value of the respective S, (i.e.,
the higher S, the larger the circle on the map), while the two negative values have dashed
frames. Coastal CBSAs, especially those on the East Coast, are more sensitive to aggregate

real estate shocks than inland CBSAs. The average beta of all coastal CBSAs is 1.12, while
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the average beta for all inland CBSAs is 0.97 (coastal is defined as <100 km from the coast).
Zhu and Lizieri (2022) show that there is a significant positive relationship between local
beta and measures of land regulatory strictness, while the most restricted markets are
located along the northeast coast (from Boston through Washington D.C.) and the west

coast (Seattle, San Francisco and Los Angeles).

Figure 3.2 Geographic Distribution of CBSA Beta

)
O >
p ©

Notes: The figure plots the geographic distribution of CBSA betas. The size of the circles proportionally
coincides with the absolute value of the betas. Negative betas have a dashed frame. Obviously, the circles only
cover a small area of the U.S. However, these are the most populated areas and, therefore, contain a large
share of the commercial real estate. Only those CBSAs for which a NCREIF NPI total return value exists for at
least two years are included in the analysis.

3.4.3 Geographic Diversification

In addition, following Ibrahim and Falkenbach (2024), who established a negative, linear
relationship between regional concentration and REIT bond risk premia, we also account
for market concentration using the HHI. It measures the geographic concentration of a

REITS" property portfolio at month t and is calculated as:

C

P, 2
HHI;, = Z < A}”) : (3.3)
it

c=1

where P; ., is the number of properties of REIT i in CBSA c at time t, and N, is the total
number of properties of REIT i at time t. HHI values can range from zero to one, with
higher values indicating greater portfolio concentration. A value of one signifies that all
properties are situated within a single CBSA. Figure 3.3 shows the histogram for HHI.
Generally, REIT portfolios tend to be well diversified across the U.S., with a mean value of

0.0822 and most observations below 0.2. The correlation coefficient between HHI and
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FEIT is 0.038, indicating a slightly positive relationship, suggesting that REITs with more

concentrated portfolios may be more exposed to market risks due to missing

diversification.

Figure 3.3 Distribution of HHI
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Notes: The figure plots the distribution of the independent variable HHI. For each REIT, the mean HHI value is
reported. Therefore, the total number of observations corresponds to the total number of REIT in this study.
The histogram reveals a right-skewed distribution, as most values are close to zero, indicating property
diversification.

3.4.4 REIT-Specific and Macroeconomic Control Variables

Monthly REIT market and quarterly REIT accounting data come from Refinitiv Eikon and
comprise various relevant firm characteristics. Since not all REITs in the NAREIT index have
debt offerings, we only draw REIT-specific data for those REITs that have been issuing
bonds over the sample period, i.e., matching the bond data. Moreover, a REIT property
sector dummy is also included, with “Diversified” as the reference category. Of the 174
REITs that were NAREIT constituents at any time between 2010 and 2023, 89 REITS have
been issuing bonds. Due to missing property data reports of some REITs, we end up with

a sample of 60 REITs.

Macroeconomic data are from the Federal Reserve Economic (FRED) monthly database, as
presented by McCracken and Ng (2016). These measures include overall economic
indicators such as GDP and unemployment rate, as well as equity and debt market metrics.
Debt market metrics include the term spread and default risk spread, which serve as bond
market risk exposure indicators. On the equity side, the S&P 500 index and CBOE volatility
index are utilized. A comprehensive overview of all variables used in this study can be

found in Table 3.2.
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Table 3.2 Variable Description

Variable

Description

Dependent Variable
Bond Risk Premium

Bond Variables
Coupon Rate
Bond Price

Transaction volume
Bond Yield

Time to Maturity

Credit Rating Dummy
Call Status Dummy
Liquidity Variables
Bond Zero Trading Days
Firm Zero Trading Days

Bid-Ask Spread

REIT-Specific Variables
Local Beta

HHI

Property Type Dummy

Market Capitalization

Return

Return on Asset

Funds From Operations
Leverage

Dividends
Market-to-Book

Equity Market Variables
S&P 500

VIX

Macroeconomic Variables
Term Spread

Default Risk Spread

Interest Rate Volatility

Unemployment Rate
GDP

Difference between the volume-weighted yield to maturity of the REIT
bond and the maturity-matched Treasury yield to maturity

Coupon rate on bond in percent

Bond price inclusive of any commission, mark-ups, and/or mark-
downs

Volume reported on the trade

Effective rate of return to maturity weighted by volume

Difference in month between maturity date and transaction date

1 if investment grade bond, 0 if high yield bond

1 if callable, 0 if not

Percentage of days in the month that the bond was not traded
Percentage of days in @ month on which no outstanding bond of a
REIT was traded

Monthly mean of the difference in the average daily bid and ask prices
of each bond

Local real estate market risk of a REIT based on its property portfolio
Geographic concentration of REIT properties across the CBSAs

8 REIT sectors based on property portfolio, defined by NAREIT,
reference category is Diversified

Measure of company size, expressed as total dollar market value of a
REIT’s outstanding shares of stock (in million USD)

Expressed as the current adjusted price of the REIT stock minus the
original adjusted price of the stock (month t-1) divided by the original
adjusted price

Net Income divided by total assets

Cash flow from operations

Total debt outstanding divided by total assets

Distribution of a REIT's earnings to its shareholders

Market capitalization divided by total assets minus total outstanding
debt

Return of the S&P 500 composite index
CBOE volatility index

10-Year Treasury rate minus 3-Month Treasury Bill

Moody’s Baa corporate bond yield minus Moody's Aaa corporate
bond yield

Standard deviation of monthly 3-month constant maturity Treasury
rate over a 12-month period prior to bond transaction date
Unemployment rate in percent

Real gross domestic product (in billions of Chained 2017 USD)
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Various steps are undertaken to preprocess the combined dataset. The B and HHI are
lagged as we want to use the current information to predict the following month. To
address potential reverse causality, we perform Granger-causality tests, which show that
local beta and HHI affect bond risk premia (at lags 3 to 5 and 4 to 5, respectively), while
bond risk premia have no significant impact on them. We handle missing values by
imputing data for up to one year, meaning that an existent value is being perpetuated until
a new value occurs or a year has passed. The bond data in TRACE include manually
reported information from broker-dealers, which can be prone to input errors, potentially
leading to inaccurate data and outliers. Therefore, the yield spreads and REIT-level
accounting data are winsorized at the 5% and 95% percentile to prevent outliers from
distorting the results. This process is conducted monthly to ensure that future data points
or REITs not included in the sample at a specific time are not incorporated. Finally, we
standardize the features on a scale from -1 to 1 before feeding them into the model for
training and testing. This is to ensure that importance weights are not biased by variable
magnitudes. An overview of the summary statistics of the utilized variables is provided in

Table 3.3.
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Table 3.3 Descriptive Statistics
Variable Unit Mean SD Min Max
Dependent Variable
Bond Risk Premium Percentage 0.0149 0.0092 -0.143 0.0637
Bond Variables
Coupon Rate Percentage 0.039 0.0114 0.0075 0.0975
Bond Price U.S.-Dollar 100.21 10.8518 10.1375 176.504
Transaction volume U.S.-Dollar 477,288 523,365 1,000 5,000,000
Bond Yield Percentage 0.038 0.0271 -1.8324 0.8897
Time to Maturity Months 98 81 2 359
Credit Rating Dummy Percentage 0.6077 0.4883 0 1
Call Status Dummy Percentage 0.9608 0.194 0 1
Liquidity Variables
Bond Zero Trading Days Percentage 0.5952 0.2013 0.2581 0.9677
Firm Zero Trading Days Percentage 0.3531 0.0902 0.2258 0.9
Bid-Ask Spread Percentage 0.0091 0.0092 0.0006 0.1305
REIT-Specific Variables
Local Beta Integer 1.0172 0.0422 0.7357 1.296
HHI Integer 0.0822 0.0887 0.0155 0.7921
Market Capitalization Mil. S (log) 23.2652 0.9565 20.2933 25.53
Return Percentage 0.003 0.0768 -0.6003 0.4559
Return on Asset Percentage 0.0081 0.0073 -0.0163 0.1681
Funds From Operations Integer 5.1158 3.601 0.436 16.542
Leverage Percentage 0.4843 0.1164 0.2716 0.8075
Dividends us.-b 3.263 2.2666 0.04 11
Market-to-Book Integer 2.232 1.3562 0.3581 8.2112
Health Care REIT Percentage 0.1169 0.1169 0
Hotel REIT Percentage 0.0253 0.1571 0 1
Industrial REIT Percentage 0.0385 0.0385 0 1
Office REIT Percentage 0.1612 0.3677 0 1
Residential REIT Percentage 0.2288 0.4201 0 1
Retail REIT Percentage 0.2792 0.4486 0 1
Specialized REIT Percentage 0.131 0.3374 0 1
Diversified REIT Percentage 0.019 0.0467 0 1
Equity Market Variables
S&P 500 Integer 3,295 925.593 1,079 4,685
VIX Integer 19.1419 6.8775 10.0785 58.0813
Macroeconomic Variables
Term Spread Percentage -0.0082 0.0275 -0.0662 0.0356
Default Risk Spread Percentage 0.0094 0.0021 0.0055 0.017
Interest Rate Volatility Percentage 0.0041 0.0043 0.0001 0.0157
Unemployment Rate Percentage 0.0485 0.0196 0.034 0.148
GDP Integer 20,661 1,342 16,582 22,679

3.5 Methodology

The methodological approach of this study is based on a combination of machine learning
methods and traditional econometric models, motivated by the need to uncover complex,
non-linear relationships in the data while retaining interpretability and statistical rigor. Prior
studies have shown that such hybrid approaches, particularly when combined with XAl

methods like ALE plots, can enhance both predictive accuracy and theoretical insight by
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linking flexible model structures with transparent, hypothesis-driven inference (see, e.g.,
Kraemer et al., 2023b; Lorenz et al., 2023).

Therefore, we first employ an ANN with an expanding window scheme to derive
predictions based on the preprocessed data. Subsequently, we make use of ALE plots to
allow for an interpretation of the potential non-linear impacts of the variables on the
average REIT bond risk premium prediction. We then specify an OLS regression with

polynomial transformations based on the insights of the ALE plots.
3.5.1 Artificial Neural Network

Prior studies on REITs have shown the superior performance of ANNs over traditional
regression methods due to their ability to address the non-linearity and non-stationary data
properties (see, e.g., Loo, 2020; Serrano and Hoesli, 2007). We chose an ANN over simpler
non-linear models, such as Generalized Additive Models, because its structure is even more
flexible and allows us to capture complex interactions and inflection points without
imposing restrictive functional assumptions. Prior studies suggest that such machine
learning approaches yield more meaningful and accurate predictions compared to both

linear and semi-parametric alternatives (Kraemer et al., 2023b; Lorenz et al., 2023).

The structure of an ANN consists of three types of layers: an input layer, a variable number
of computational layers called hidden layers, and an output layer. In the input layer, each
node represents one independent variable. In the hidden layers, the variables are
transformed non-linearly and passed onto the next layer. Eventually, the output layer
contains the predicted bond risk premium. Figure 3.4 illustrates a simplified ANN used in

the study.

Figure 3.4 Exemplary ANN Architecture
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Additionally, a number of hyperparameters are defined and tuned by a hyperparameter
search procedure. In this study, we use a randomized hyperparameter search method
where the search space spans a distribution, allowing us to identify the most optimal
hyperparameter combination. Appendix Il shows the hyperparameter search spaces in

detail.

To prevent overfitting of the ANN models to the training data this study employs four
regularization techniques. Firstly, a dropout layer is added after every hidden layer.
Srivastava et al. (2014) prove that randomly dropping neurons along with their connections
during training significantly reduces the overfitting of ANNs. Secondly, an L2 kernel
regularization is used in the hidden layers, allowing weight penalties during the
optimization process. Thirdly, an early stopping parameter is added to the training process,
terminating the optimization when the validation loss fails to show improvement over 50
consecutive iterations. Fourthly, for each month in the prediction process, 20 ANNs are
fitted, and the 10 instances exhibiting the lowest validation loss are chosen for the out-of-
sample predictions. The models’ predictions are averaged and reported for this study.
Using the mentioned regularization tools simultaneously can improve model performance,

as shown by Gu et al. (2020).
3.5.2 Model Setup

An expanding window approach based on Gu et al. (2020) is used to deal with the time-
series nature of the data. The expanding window process is illustrated in Figure 3.5. During
the first iteration, 70% of the data from the first five years is utilized for training, 10% for
validation, and the remaining 20% is reserved for testing. The model's hyperparameter
search is done at the beginning of each year using the training and validation data. With
every iteration, the dataset expands by one year to account for the time variation of the
input features. Fixed time effects are included to control for heterogeneity over time. The
advantage of this approach is that the algorithm tests on data it has not seen before and

can provide robust, unbiased results.
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Figure 3.5 Cross-Sectional Expanding Window Approach
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3.5.3 Accumulated Local Effect (ALE) Plots

ANNSs are often referred to as "black boxes" because it is not readily apparent how the
model learns the relationships between input and output data. The branch of research that
focuses on making ANNs and other machine learning methods interpretable is called XAl.
The global model-agnostic method of ALE plots provides insights into how an independent
variable influences the average prediction of the dependent variable across all its values in
the dataset. A drawback of other methods, such as Shapley Additive Explanations (SHAP)
by Lundberg and Lee (2017) and Partial Dependency Plots (PDP) by Friedman (2001), is
that they assume that variables are uncorrelated, which is uncommon finance and real
estate applications. ALE plots address this issue by allowing for correlated features (Apley
and Zhu, 2020). As a result, they offer a more reliable approach to understanding the
effects of independent features on predictions. ALE plots are gaining increasing attention
in the real estate literature, as evidenced by studies such as Lorenz et al. (2023) or Kraemer
et al. (2023a, 2023b).

The total range of observed values for each independent feature x,, € RN*! is split into K

bins. We define Z,., as the % quantile of its empirical distribution with Z,. , being the

minimum and Z,. x the maximum of Z,.. Moreover, assume that S, defines the array of
values within the left open interval from Z, ,_; to Z,, with n,, being the number of
observations within the interval S, ,. We define k(x,) as an index returning the bin for a

value of x,.. Consequently, the uncentred accumulated local effect can be stated as:

k(xy)
e C) = Y nik O [F(ZrioXors) = F i X)) (3.4
k=1 LESy K
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where x,, € RV~ represents the set of all features except for feature r among the total
P variables, and f(.) denotes the model’s prediction function. The expression within the
squared brackets captures the prediction of f(.) when the observation i is replaced with
Zyk in the minuend and the prediction with Z,. ,_; instead of the true value i in the
subtrahend. These differences are then summed over all observations contained in S, .
Since this procedure is repeated for every bin k, the term g4, 5(x,) represents the total
sum of these inner differences, weighted by the number of observations in each bin (Apley
and Zhu, 2020). The centered ALE main effect is normalized to have a zero mean with

respect to the marginal distribution of x,., and can be expressed as:

N
Oare () = Garp(x) — N1 Z Gare (1) (3.5)

=1
To ensure that the final ALE plots remain interpretable, they are being centered. In this
way, the plot consistently illustrates the impact of a feature as a function of the average
prediction of the ANN across the entire feature space. The visual analysis of ALE plots
allows us to detect any non-linear relationships between the independent variables and

the predicted bond risk premium.
3.5.4 Ordinary Least Squares Regression

A crucial limitation of machine learning methods such as ANNs is their lack of
interpretability regarding statistical significance, which motivates the complementary use
of an OLS regression. In this regression, all variables for which non-linear relationships
were found in the ALE plots are modeled as the n™ degree polynomial based on the
inflection points observed in the data. The OLS is set up on a cross-sectional basis with an
expanding window and time-fixed and property-fixed effects. We estimate the following

linear regression model using monthly REIT bond yield spreads:

7
rfET — r.’TTeaS”ry = co + By BEE'™ + B HHI + Z x:Bond Controls

Lt
i=1

3 8
+ Z xiLiquidity Controls + XiREIT Controls
= = (3.6)
2 5
+ Z xiEquity Market Controls + Z xiMacroeconomic Controls
i=1 i=1
+ yg“ime + yg’roperty Type + €ir
T . . .
where rfFT — 7. "*®*Y is the monthly REIT bond yield spread as the difference between

the monthly REIT bond yield of REIT i at time t and the U.S. Treasury yield with matched

maturity i at time ¢. BRE'T is the local real estate market beta of REIT i at time t. ¥/ ™ is
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the year-fixed effects, y,"°P"™ T¥P¢ are property type-fixed effects and ¢; is the residual.

Table 3.4 shows the different performance metrics used to evaluate the ANN and OLS.

Table 3.4 Employed Performance Metrics

Error Metric Formula
Coefficient of Determination (R?) R =1 > — 9)?
XL ()?

Mean Squared Error (MSE) 1Ion o
9 MSE= > (=50

=1

Mean Absolute Error (MAE) 1
MAE = =3 Jy,= 3,
n L, Vil

3.6 Results

The following section provides the results of our empirical analysis. Firstly, we analyze the
ALE plots (specifically for local beta and HHI) to assess non-linear relationships between
these variables and the REIT bond risk premium. Secondly, we specify an optimized OLS
based on the uncovered non-linear data patterns in the ALE plots including all control
variables. We then assess the drivers of REIT bond risk premia, focusing on local real estate

market risk, geographic concentration and their interplay.
3.6.1 Results ALE Plots

To better understand the influence of a single feature on the ANN model’s predictions, we
turn to the ALE plots, visualizing the data patterns uncovered by the ANN. The ALE plots
show how a feature interacts with the target variable REIT bond risk premia. The values
on the y-axis show how much the risk premia prediction deviates from the average
prediction when the variable takes on certain values indicated on the x-axis. The results of
the ALE plots can be used to improve the performance of other parametric or semi-
parametric models by specifying the functional form for each feature. To assess the
presence of non-linearities in the data, we display a univariate OLS fitted line in red
alongside the effect direction of the ANN as shown in the ALE plot. We can then conclude
whether the OLS can capture the functional form of the variables well or whether it should

be specified manually based on the uncovered patterns of the ALE plots.

In general, for most variables, the ANN is able to pick up non-linear relationships in the
data. Only two variables, namely volume and bid-ask-spread, have a linear relationship
with REIT bond risk premia. In addition, with the ALE plots, we can assess whether there

is a positive or negative relationship across all variable values or whether the relationships
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are changing. It is evident that an ANN, together with ALE plots, can uncover non-
linearities that help to specify a stronger OLS in the next step. Appendix Il and Appendix

IV show the ALE plots of all control variables and the corresponding univariate OLS.

Figure 3.6 (a) shows the effect of the local beta factor, i.e., the risk of the local real estate
market, on the risk premium prediction of REIT bonds. The relationship between the local
beta and the REIT bond risk premia indicates that higher local real estate market risk is
reflected in higher risk premia for the REIT bonds. We assume that this is because investors
want to be compensated for the additional risk they take on when holding REIT bonds
exposed to more volatile real estate markets, which could result in less predictable cash

flows and asset values.

Figure 3.6 (b) shows the effect of geographic concentration measured as HHI on the risk
premia prediction of REIT bonds. In line with modern portfolio theory, which posits
diminishing benefits from diversification, the relationship exhibits a clear non-linear
pattern. Starting from high concentration levels (i.e., high HHI), increased geographic
diversification (moving from right to left along the graph) reduces predicted bond risk
premia up to an HHI of around 0.25. Beyond this point, however, further diversification is
associated with rising risk premia, suggesting that the costs of managing highly dispersed
portfolios, such as increased complexity or reduced transparency, may outweigh the risk-

reducing benefits.

Figure 3.6 ALE Plot and Univariate Regression of Local Beta and HHI
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3.6.2 Optimized Regression Results

Based on the observed patterns, the baseline variables are transformed to higher degree
terms. These polynomial transformations of all control variables in the OLS based on the
inflections of the ALE plots can be seen in Appendix V. Table 3.5 shows the regression
summary for all model specifications. The coefficients are mostly in line with the shown
relationship in the ALE plots in Figure 3.6 and Appendix Il and Appendix IV. Also, the
control variables are in line with previous literature (e.g., default risk captured by market

capitalization, see Lui (2021) and liquidity risk see Longstaff et al. (2005)).

The results of Model 1 (the optimized OLS based on inflections in the ALE plots) show that
local real estate market risk, i.e., the local beta, is statistically significant in all model
specifications. It becomes evident that with an increase in real estate market risk, there is
an increase in REIT bond risk premia. Thus, we can confirm that investors require higher
bond risk premia to be adequately compensated for higher exposure to riskier local real
estate markets. However, the magnitude of the local beta coefficient is smaller than that
observed in the study of Zhu and Lizieri (2022) concerning REIT equity returns. This aligns
with our theoretical argument that bondholders, due to their higher priority of claims are

less sensitive to geographic risks compared to equity holders.

For robustness reasons, Model 2 shows that this positive relation between local real estate
market risk and REIT bond risk premia is consistent across all REITs, irrespective of their
exposure to riskier local real estate markets (high beta REITs, i.e., local beta above median)
or more stable local real estate markets (low beta REITs, i.e., local beta below median). In
monetary terms, for a typical $500 million bond issuance for REITs in the high local beta
group, an increase in local beta from the 25th to the 75th percentile translates into
approximately $295,711 to $583,999 in additional annual interest costs, illustrating the

tangible financial impact of local real estate market risk on REIT debt financing.

The analysis of Models 1 and 2 reveals a statistically significant negative relationship
between the HHI and REIT bond risk premia, suggesting that greater geographic
concentration (or lower diversification) corresponds with reduced risk premia across the
entire dataset. However, the ALE plot in Figure 3.6 (b) shows a structural break in the data
around the value of an HHI of 0.25. To account for this observed change in the data, we
specify Model 3, where the sample is divided into REITs with high geographic
concentration (HHI above 0.25), and those with low geographic concentration (HHI below
0.25). The results show that increased geographic concentration for REITs with higher HHI
relates to higher bond risk premia. Conversely, for REITs with lower HHI, increased

geographic concentration is associated with reduced bond risk premia. This suggests that
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for more concentrated REITs, the advantages of geographic diversification, such as
reduced earnings volatility, outweigh the associated information and monitoring costs,
leading investors to require lower risk premia. In contrast, for more diversified REITs, the
additional costs of further geographic diversification surpass its benefits, leading to higher
required bond risk premia. This adds a public debt perspective to the discussion on the
coined “diversification discount” found in previous literature for REIT value and other
operating metrics (see, e.g., Feng et al., 2021; Hartzell et al., 2014; Huerta and Mothorpe,
2024; Ibrahim and Falkenbach, 2024). Ibrahim and Falkenbach (2024) find a REIT bond
risk premium for geographic diversification, regardless of the REIT’s level of diversification.
Our finding that the effect of diversification depends on the given diversification level of a
REIT is consistent with modern portfolio theory, which suggests that the benefits of
diversification diminish as diversification increases (Markowitz, 1952). This non-linear
pattern may have been overlooked in prior studies on geographic diversification. To further
validate the structural break in HHI, we perform a Chow test, which confirms a significant

break at the HHI level of 0.25.

However, it is important to note that the effect size (0.48%) of geographic concentration
on risk premia for REITs with high HHI is less pronounced than the effect size for REITs
with lower HHI (1.71%). It seems that investors require a higher compensation for the
costs of additional geographic diversification for REITs that are already well diversified (i.e.,
REITs with an HHI <0.25) than they are willing to offer a REIT bond risk premia discount
for geographic diversification for concentrated REITs (i.e., REITs with an HHI >0.25). This
new perspective reinforces the benefits of combining machine learning and traditional

methods.

Since the effect of geographic diversification on risk premia appears to depend on the level
of concentration, it implies that for REITs exposed to more volatile markets, diversification
might influence bond costs differently than for REITs with a lower local beta. To explore
this relationship more formally, Model 4 includes an interaction term between local beta
and HHI. The interaction term yields a coefficient of 0.0191, indicating that the positive
impact of local beta on bond risk premia is amplified in more concentrated markets.
Contrary, this suggests that increased geographic diversification for REITs in high-risk
markets may lead to significantly lower bond risk premia, effectively mitigating volatility-
related concerns. This supports the hypothesis that REITs exposed to volatile markets
benefit more from diversification and concentrating in a few areas becomes costly in terms
of bond risk premia beyond a certain point. Conversely, in more stable markets, the same
level of diversification might incur additional management costs and operational

complexities, which could explain the inflection point for HHI at 0.25. In other words, while
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concentration alone might reduce risk premia initially, for REITs operating in more volatile
markets, concentration beyond a certain point is associated with increased risk premia.
This finding emphasizes the importance of maintaining an optimal balance in geographic

diversification and risk market strategies.
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Table 3.5 Regression Results
(1) Polynomial (2) Beta (3) HHI (4) Interaction
i’ffﬁ 0.0021*** 0.0022*** 0.0004*
(0.001) (0.001) (0.001)
High BRET 0.0323**
(0.001)
Low BREIT 0.0327%*
(0.001)
HHIt-1 -0.0015*** -0.0015*** -0.0205**
(0.001) (0.001) (0.008)
High HHI 1 0.0048**+
(0.001)
Low HHI -0.0171%*
(0.001)
BREIT * HHc-s 0.0191**
(0.008)
Volume 1.477e-10%* 1.469e-10%** 1.461e-10** -1.421e-10%*
(6.64e-11) (6.64e-11) (6.64e-11) (6.64e-11)
Bond Price -0.0003*** -0.0003*** -0.0003*** -0.0003***
(5.84e-06) (5.83e-06) (5.82e-06) (5.84e-10)
Coupon Rate 0.2421*** 0.2435*** 0.2407*** 0.2428***
(0.005) (0.005) (0.005) (0.005)
Volume Weighted Yield 0.0485*** 0.0485*** 0.0486*** 0.0485***
(0.001) (0.001) (0.001) (0.001)
Time to Maturity 5.849e-06*** 5.731e-06*** 5.929e-06*** 5.875e-06***
(5.26e-07) (5.25e-07) (5.26e-07) (5.26e-07)
Credit Rating 0.0013*** 0.0013*** 0.0013*** 0.0013***
(9.05e-05) (9.03e-05) (9.04e-05) (9.06e-05)
Call Status -0.0023*** -0.0023*** -0.0024*** -0.0023***
(0.000) (0.000) (0.000) (0.000)
Market Cap -0.0036*** -0.0037*** -0.0037*** -0.0036***
(6.03e-05) (6.07e-05) (6.03e-05) (6.03e-05)
Equity Return 0.0025*** 0.0025*** 0.0025*** 0.0025***
(0.000) (0.000) (0.000) (0.000)
Leverage 0.0073*** 0.0074*** 0.0073*** 0.0075***
(0.001) (0.000) (0.001) (0.001)
Return on Assets -0.0682*** -0.0694*** -0.0689*** -0.0679***
(0.005) (0.005) (0.005) (0.005)
Market-to-Book 8.17e-05 9.378e-05* 8.762e-05* 9.024e-05*
(5.05e-05) (5.06e-05) (5.04e-05) (5.07e-05)
Default Risk Spread 1.0788*** 1.0781*** 1.0803*** 1.0789***
(0.026) (0.026) (0.026) (0.026)
IVOL -0.1114%** -0.1112%** -0.1105%** -0.1114%**
(0.013) (0.013) (0.013) (0.013)
Bond Zero Trading Days -0.0049*** -0.0049*** -0.0049*** -0.0049***
(0.000) (0.000) (0.000) (0.000)
Firm Zero Trading Days -0.0041*** -0.0042*** -0.0042*** -0.0041***
(0.000) (0.000) (0.000) (0.000)
Bid-Ask Spread 0.0869*** 0.0868*** 0.0870*** 0.0864***
(0.004) (0.004) (0.004) (0.004)
Health Care 0.0019*** 0.00217*** 0.0019*** 0.0019***
(0.000) (0.000) (0.000) (0.000)
Hotel & Resort 0.0063*** 0.0063*** 0.0063*** 0.0061***
(0.000) (0.000) (0.000) (0.000)
Industrial 0.0021*** 0.0021*** 0.0020*** 0.0021***
(0.000) (0.000) (0.000) (0.000)
Office 0.0003 0.0003 0.0004 0.0001
(0.000) (0.000) (0.000) (0.000)
Residential -0.0003 -0.0002 1.791e-05 -0.0003
(0.000) (0.000) (0.000) (0.000)
Retail -0.0010*** -0.0009*** -0.0010*** -0.0010%**
(0.000) (0.000) (0.000) (0.000)
Specialized 0.0021*** 0.0022*** 0.0022*** 0.0021***
(0.000) (0.000) (0.000) (0.000)
R? 0.729 0.727 0.728 0.729

Notes: Dependent Variable: REIT bond vyield spread in decimals (e.g., 0.012 = 1.2%). Standard errors are reported in
parenthesis. ***, ** and * denote significance at the 1%, 5%, and 10% level, respectively. The variables Dividends, FFO,
VIX, S&P 500, Unemployment Rate, Term Spread, and GDP were excluded from the OLS for multicollinearity reasons (VIF
values exceeded 10). To further ensure that multicollinearity is not affecting the standard errors, we also estimate the
regressions without control variables while keeping the fixed effects. The results remain robust. All model specifications

are based on the polynomial regression with variable transformations reported in Appendix V.

82



Location Matters: Local Real Estate Market Risk and Geographic Diversification in REIT
Public Debt

3.6.3 Performance Evaluation of Applied Models

Table 3.6 illustrates the performance indicators of the ANN and the OLS over the entire
sample period. OLSgascine represents the regression without any variable transformations
(which is not displayed in Table 3.5 and used here solely for performance comparison),
while  OLSpoynomiai COrresponds to Model 1 in Table 3.5 and includes polynomial
transformations guided by the ALE plots. The results show that incorporating insights from
the ALE plots improves the OLS model’s fit, with R? increasing from 67.1% in the basic
model to 72.9% in the polynomial specification. The ANN displays the highest explanatory
power, with an R? value of 82.5%, reinforcing the value of using machine learning models

to inform and enhance traditional econometric models such as an OLS.

Table 3.6 Performance Comparison of All-Year Models

Metrics OLSgaseiine OLSpoynomial SL(;::::‘:""““" " AnN (A)S:'NI/
MSE 0.000026 0.000022 -15,4% 0.000015 -42,3%
MAE 0.0034 0.0032 -5,9% 0.0028 -17,6%
R? 0.671 0.729 +8,6% 0.825 +23,0%

3.7 Conclusion

To the best of our knowledge, this study is the first to examine the relationship between
local real estate market risk and REIT bond risk premia. The motivation behind our analysis
is that REITs exposed to more volatile local real estate markets (i.e., REITs with a local beta
above 1) should have more volatile asset values, thereby increasing default risk. As a result,
we hypothesize that bondholders will demand higher risk premia from REITs with greater
exposure to local market volatility, and that this effect may differ from what is observed
for equity holders, given bondholders’ limited upside, priority of claims, and heightened
sensitivity to downside risk. We investigate whether these local asset-level risks, as well as

geographic diversification, are reflected in the pricing of REIT bonds.

Our dataset includes 30,186 monthly observations of REIT bond risk premia from 2010 to
2023. To capture local market risk, we construct a local beta factor using REIT-level
property data, which measures the sensitivity of local real estate markets to aggregate
national real estate market shocks. Additionally, we quantify geographic concentration of

REIT portfolios by calculating HHI values for each REIT.

This study makes several contributions to the literature on geographic characteristics as

determinants of commercial real estate investment risk and return. Regarding our first
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research question, we find a local real estate market risk premium in REIT bonds. Investors
demand higher compensation for REITs that are exposed to more volatile local markets.
This positive relationship between local-market volatility and bond risk premia holds across
the entire sample, both for REITs concentrated in high-volatility areas and for those
operating mainly in more stable regions. This aligns with the notion of structural models
of credit risk, such as Merton (1974), where increased asset volatility elevates the default
risk perceived and priced by debt investors. As expected, the effect is less pronounced for
REIT bonds compared to REIT equity as shown by Zhu and Lizieri (2022) which can be
explained by the differences in risk-return profiles and claim order in the capital structure

between bondholders and shareholders.

Turning to our second research question, we reveal a more nuanced, non-linear impact of
geographic diversification on REIT bond risk premia, consistent with modern portfolio
theory’s assumption that diversification benefits only up to a certain threshold. For REITs
with more concentrated portfolios, increased diversification is associated with lower bond
risk premia, suggesting that the benefits of diversification, such as more stable cash flows,
outweigh the potential costs related to information and monitoring. However, for REITs
that are already well-diversified, further diversification leads to higher bond risk premia,
indicating that the additional costs of diversification outweigh its benefits. This finding
refines the concept of a geographic diversification discount in REIT bonds, as documented
in prior research. We identify a turning point at an HHI concentration value of around 0.25,
which marks the threshold where further diversification becomes less beneficial from a

REITs perspective.

Finally, addressing our third research question, we reveal an important interaction effect:
in more volatile markets (high local beta), higher geographic concentration (high HHI) leads
to a disproportionately larger increase in bond risk premia. This interaction suggests that
the combined effect of local market volatility and concentration amplifies risk, especially

in high-risk environments.

Methodologically, we demonstrate the value of integrating non-parametric machine
learning approaches, such as ANNs and ALE plots, to enhance traditional parametric
models like OLS. By using ALE plots to visualize non-linear relationships, we optimize the
OLS model and achieve improved predictive performance, offering a methodological
contribution that extends beyond the REIT bond literature and can be applied to other

asset classes or contexts.

Understanding the link between fundamental location characteristics of commercial real

estate and REIT bond risk premia provides valuable insights for REIT managers, investors,
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and bond portfolio managers. For REIT managers, these findings offer a framework for
optimizing geographic market allocations over the long term, with the aim of lowering the
cost of future public debt issuances. While short-term portfolio restructuring in response
to specific issuance conditions is generally not feasible due to asset illiquidity and
transaction costs, strategic adjustments in acquisition, development, and divestment
decisions over time can shape geographic exposure in ways that benefit future financing
costs. For investors, the results show that local real estate market risk is a material driver
of REIT bond risk premia in the secondary market, providing an additional lens for credit
risk assessment beyond firm-level financial metrics. Bond portfolio managers can leverage
these insights to refine pricing models, improve investment decisions, and enhance risk-

adjusted returns.
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3.8 Appendix

3.8.1 Appendix | — Rolling Local Beta Construction and OLS Results

For robustness reasons, we additionally calculate a rolling local beta, denoted as B&5'7,

which captures the local real estate market risk for CBSA ¢ in year y. This is achieved by
applying the regression specified Equation 3.1 annually, yielding time-varying local betas
for each CBSA:

NPI _ NPI
Tety-1y) ~ Try-19) = Ay t ﬁc,y(MKT(y—l.y) - rf,(y—l,y)) + &y 3.7)

Figure 3.7 displays the average rolling B&;'" for all CBSAs and for the ten top and bottom

10 CBSAs. While the average B25!T of all CBSAs is around 1 and therefore in line with the
average of B, the top, and bottom 10 CBSAs exhibit more extreme spreads (85" values
> 4 and < -3) compared to the histogram in Figure 3.1. This is likely because the fixed beta
(B:) smoothes out short-term property market volatility, leading to more stable
coefficients. Moreover, the top 10 and bottom 10 CBSAs show more fluctuations
compared to the overall average. The regression results are displayed in Table 3.7 below.

The results remain robust.

Figure 3.7 Rolling Betas over Time
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Table 3.7 Rolling Beta Regression Results

Variables Rolling Beta Coefficients
REIT 0.0021***
(0.001)
HHIe-1 -0.0015%**
(0.001)
Volume 1.477e-10**
(6.64e-11)
Bond Price -0.0003***
(5.84e-06)
Coupon Rate 0.2421***
(0.005)
Volume Weighted Yield 0.0485***
(0.001)
Time to Maturity 5.849¢-06***
(5.26e-07)
Credit Rating 0.0013***
(9.05e-05)
Call Status -0.0023***
(0.000)
Market Cap -0.0036***
(6.03e-05)
Equity Return 0.0025***
(0.000)
Leverage 0.0073***
(0.001)
Return on Assets -0.0682***
(0.005)
Market-to-Book 8.17e-05
(5.05e-05)
Default Risk Spread 1.0788***
(0.026)
IVOL -0.1114%**
(0.013)
Bond Zero Trading Days -0.0049***
(0.000)
Firm Zero Trading Days -0.0041***
(0.000)
Bid-Ask Spread 0.0869***
(0.004)
Health Care 0.0019***
(0.000)
Hotel & Resort 0.0063***
(0.000)
Industrial 0.0021***
(0.000)
Office 0.0003
(0.000)
Residential -0.0003
(0.000)
Retail -0.0010***
(0.000)
Specialized 0.0021***
(0.000)
R? 0.728

Notes: Dependent Variable: REIT bond yield spread in decimals (e.g., 0.012 = 1.2%). Standard errors are
reported in parenthesis. ***, ** and * denote significance at the 1%, 5%, and 10% level, respectively. The
variables Dividends, FFO, VIX, S&P 500, Unemployment Rate, Term Spread, and GDP were excluded from
the OLS for multicollinearity reasons (VIF values exceeded 10). To further ensure that multicollinearity is not
affecting the standard errors, we also estimate the regressions without control variables while keeping the

fixed effects.
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3.8.2 Appendix Il - ANN Hyperparameter Distribution

Turning the hyperparameters is a crucial aspect in setting up the right network
architecture, which are defined ex-ante and refer to the parameters regulating the model
design. Hyperparameters being tuned in this study include the learning rate, the dropout
rate, the number of hidden layers, lambda L2, and the multiple. Table 3.8 displays the
distribution of each hyperparameter. Every constellation of hyperparameters is fitted
annually on the training data and subsequently applied to the validation set. We chose not
to include the activation function in the hyperparameter search but use the ReLu function
for each hidden layer. This is because the ReLu function is less likely to create a vanishing
gradient problem and can be computed efficiently, which are major benefits compared to

other activation functions (Wang et al., 2020).

Table 3.8 Hyperparameter Distribution

Hyperparameter Distribution

Hidden Layer Ut ~[1,4]

Neuron Multiple Ul ~[1,6]

Lambda L2 U¢ ~[0.000001,0.01]
Learning Rate U°¢ ~[0.0001,0.01]
Dropout Rate U¢ ~[0.10,0.40]
Hidden Layer U4 ~[1,4]

Neuron Multiple Ut ~[1,6]
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3.8.3 Appendix Il — ALE Plots and Regressions of Continuous Variables

Figure 3.8 ALE Plots and Regressions of Continuous Variables
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3.8.4 Appendix IV — ALE Plots and Regressions of Categorial Variables

Figure 3.9 ALE Plots and Regressions of Categorial Variables
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3.8.5 Appendix V - Variable Transformation to Optimize Polynomial OLS

Table 3.9 Variable Transformations

Variable Transformation
i’ff” Squared (3)
Volume -
Bond Price Squared (3)
Coupon Rate Squared (3)
Volume Weighted Bond Yield Squared (%)
Time to Maturity Squared (3)
HHI Cubed ()
Market Cap Squared (%)
Equity Return Cubed ()
Leverage Squared (?)
Return on Assets Cubed ()
Market-to-Book Cubed (3)
Default Risk Spread Squared (?)
IVOL Cubed (3)
Bond Zero Trading Days Squared (%)
Firm Zero Trading Days Power of ()

Bid-Ask Spread -

Notes: This table illustrates the transformations of each variable of the OLS regression based on the shape
of the respective ALE plot. Dummy variables are not transformed due to their linear nature. The variables
Dividends, FFO, VIX, S&P 500, Unemployment Rate, Term Spread, and GDP were excluded from the OLS

for multicollinearity reasons (VIF values exceeded 10), therefore, were also not transformed.
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4 The Non-Linear Dynamics of Disclosure Tone

and REIT Bond Yields

4.1 Abstract

The tone in corporate disclosures represents a source of information for bond investors
that complements quantitative information, allows to predict a firm's default risk and
subsequently bond yields. However, previous studies investigating the predictive value of
disclosure tone for bond yields assume a linear relationship. We argue that linearity cannot
be assumed and hypothesize two dimensions of non-linearity in the tone-yield relationship.
In our empirical investigation, we employ a multi-method approach combining machine
learning methodologies and conventional regression analysis. Using a sample of 68 bond-
issuing equity REITs over the period of 2011 to 2024, we provide evidence that the
relationship of disclosure tone and bond yield spread is non-linear. Net positive tone, which
jointly accounts for positive and negative disclosure tone in REIT financial statements, has
a quadratic relationship with future REIT bond yield spread. The more positive or negative
disclosure tone is, the higher are future bond yield spreads. Additionally, net positive tone
explained by REIT fundamentals negatively predicts bond yield spread in the next month
while non-fundamental tone positively predicts it. Our findings suggest that the disclosure

tone-bond yield relationship is more complex than assumed by previous studies.

Keywords: Corporate Bonds, REITs, Corporate Disclosures, Textual Tone, Machine

Learning
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4.2 Introduction

When assessing the credit risk of a firm, bond market investors are faced with
informational asymmetries between themselves and firms issuing bonds, which can explain
bond yields (Han and Zhou, 2014; Duffie and Lando, 2001). One issue is that accounting
information provided by firms to bond investors and credit analysts to assess default risk
is incomplete and infrequent (Duffie and Lando, 2001). As a consequence, an emerging
literature investigates the informative value of soft or qualitative information in corporate

disclosures, as a complement to quantitative information, for bond market participants.

Previous research has shown that not only what information a firm’s management
discloses (Gupta et al., 2025; Lou, 2019), but also how information is disclosed matters for
bond market participants. In particular, the tone in corporate disclosures has been found
to predict the default risk of firms (Jin et al., 2024) and bond investor behavior (Cao et al.,
2025). This suggests that the tone in corporate disclosures signals risk-related information
to bond investors and represents a source of information improving the information
environment around a firm. Previous studies assume a linear relationship between
disclosure tone and bond yields (Schmeling and Wagner, 2025; Hirsch et al., 2024; Wang,
2020). However, the question arises as to whether the relationship is indeed linear for the

following reasons:

Corporate management has been found to prefer a positive tone over a neutral or negative
tone in disclosures (Brockman et al., 2015; Price et al., 2012; Schleicher and Walker, 2010;
Rutherford, 2005; Hyland, 1998; Hildebrandt and Snyder, 1981) and manage disclosure
tone (Davis and Tama-Sweet, 2012). The appeal of this positive framing is that it may yield
a positive stock market reaction (Davis et al.,, 2012; Henry, 2008), influence investor
perception (Huang et al., 2014) and offset the effects of poor earnings (Price et al., 2012).
An overly positive tone in disclosures, however, has been found to negatively predict
financial performance (liang et al., 2019; Huang et al.,, 2014) and positively predicts
litigation risk (Rogers et al., 2011). Furthermore, institutional stock market investors have
been found to penalize firms using an overly optimistic disclosure tone (Baganski et al.,

2018; Blau et al., 2015; Tan et al., 2014).

Considering their focus on assessing a firm’s default risk and the limited upside potential
of fixed income securities, bond investors, who are predominantly institutional investors,
have been found to have a greater demand for negative information (DeFranco et al.,
2009) and are more sensitive to the negative or pessimistic tone in corporate disclosures
(Jin et al., 2024). Consequently, bond investors may appreciate a mildly negative tone in

financial statements as it indicates a managerial dedication to transparency and higher
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disclosure quality, which in turn is expected to lead to lower bond yields. This expectation
is in line with previous findings for the stock market, where a change to a more pessimistic
disclosure language has been found to predict lower cost of equity (latridis, 2016).
However, as negative tone in financial statements increases, bond investors may consider
it as a signal of an increased default risk, which is expected to result in higher bond yields.
Similarly, an overly optimistic tone may signal risk-related information to bond investors
with regards to a firm’s litigation risk, future performance, and managerial disclosure

practices.

Furthermore, previous studies use aggregated tone measures, which ignores that tone can
be either based on firm-fundamentals or not. An optimistic or pessimistic tone that is
explained by firm fundamentals may signal information to bond investors about a firm’s
dedication to transparency and disclosure quality and reduce their required yield. An overly
negative or positive disclosure tone not explained by fundamentals may signal information
about a firm to bond investors that increases their risk perception and required yield.
Furthermore, the informative value of disclosure tone based on, amongst others, a firm’s
leverage, operating performance, or growth opportunities to bond investors may be
limited considering the availability of quantitative information capturing this information.
Tone that is not based on firm-fundamentals, however, may capture new information for

bond investors and thus have more informative value.

The purpose of this study is to investigate these two dimensions of non-linearity in the
relationship of disclosure tone and bond yield spread. We focus on net positive tone, which
jointly accounts for positive and negative disclosure tone. With regards to the first
dimension of non-linearity, we hypothesize a quadratic tone-bond yield relationship. In
particular, we expect a mildly negative or neutral tone to reduce the bond yield spread,
and an overly positive or negative tone to increase it. With regards to the second dimension
of non-linearity, we expect the fundamentals-based net positive tone to reduce bond
yields, and the non-fundamental tone to increase it. Additionally, we hypothesize non-
fundamental tone to have more predictive value for the bond yield than fundamentals-

based tone.

For our empirical analysis, we follow Kozak et al. (2025) and use publicly traded equity real
estate investment trusts (REITs) that issue bonds as a laboratory for the following reasons:
First, equity REITs represent companies that focus on the investment in, development, and
management of income-producing real estate. The property portfolios owned by REITs
generate more stable cash flows compared to firms focused on products and services as

well as allow bond investors to assess the credit risk of REITs more easily. Thus, the
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homogeneity of equity REITs in terms of business model allows eliminating the effects of,
for example, differing levels of cash flow uncertainty, fixed assets or business focus among
firms in an industry on bond yields. Secondly, while covenants are uncommon in the
investment grade bond market for non-REIT firms, covenants relating to, amongst others,
secured and overall debt ratios, unencumbered assets, and debt service coverage ratios
are standard for all REIT bonds (see, e.g., Riddiough and Steiner, 2018; Deng et al., 2016).
Riddiough and Steiner (2018) provide evidence for the value of bond covenants to alleviate
agency conflicts between REIT management and shareholders. The presence of
standardized bond covenants across the REIT industry allows us to mitigate any effects on
bond yields that stem from variations in bond covenants or their absence across firms as
well as agency conflicts. Thirdly, REITs are limited in their ability to retain earnings due to
their high dividend payout requirement, which in turn results in a higher reliance on
external financing than non-REIT firms (Ott et al., 2005), a higher transparency in terms of
disclosure (Danielsen et al., 2014) and higher monitoring by external sources. Additionally,
equity REITs have a comparatively higher institutional ownership (see, e.g., Devos et al.,
2012; Ciochetti et al., 2002), which enhances corporate governance (Hartzell et al., 2014,
Chung et al. 2012; Feng et al., 2010; Hartzell et al., 2006) and the informativeness of
disclosure tone (Jain et al., 2023). Thus, the institutional characteristics of equity REITs
ensure a certain industry-level baseline of disclosure quality that is less likely present in

other industries.

We use a multi-method approach combining machine learning and conventional
regression approaches in our analysis. First, we employ a large language model approach
(ROBERTa) to extract tone measures from the financial statements (10-Q and 10-K) for 68
equity REITs over the period of 2011 to 2024. In particular, we extract quarterly positive
(optimistic) and negative (pessimistic) measures to calculate a net positive tone measure
for each REIT in our sample. Next, we use a two-way fixed effects regression to analyze
the first dimension of non-linearity. To investigate the presence of a quadratic term in the
tone-yield relationship, we employ an eXtreme Gradient Boosting (XGBoost) algorithm in
combination with Accumulated Local Effects (ALE) plots. To assess the second dimension
of non-linearity, we disaggregate our tone measures by regressing them on firm
fundamentals and retaining fitted values (fundamentals-based tone) and residuals (non-
fundamental tone). We then use disaggregated tone measures in our two-way fixed effects

regression.

We find the tone-yield relationship to be non-linear across the two dimensions
investigated: First, we provide evidence that net positive tone has a quadratic relationship

with the REIT bond yield spread in the next month. Second, fundamental and non-
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fundamental net positive tone predict future REIT bond yield spread in different directions.
While fundamentals-based net positive tone negatively predicts the REIT bond yield, the
non-fundamental net positive tone positively predicts it. Furthermore, we show that the
non-fundamental component of disclosure tone has a higher informative value to bond

investors than the fundamentals-based component.

Our study contributes to the literature in several ways: We contribute to a larger finance
and accounting literature that investigates the informative value of tone in corporate
disclosures for corporate and sovereign bond markets (Cao et al., 2025; Schmeling and
Wagner, 2025; Hirsch et al., 2024; Jin et al., 2023; Liang et al., 2023; Wang, 2020) by
showing that the tone-bond yield relationship is not linear. To our knowledge this is the
first study to investigate the assumption of linearity made by previous studies by 1)
separating tone into a fundamental and non-fundamental component and 2) accounting

for a quadratic relationship.

Additionally, we contribute to the REIT bond literature, which compared to REIT stocks, is
relatively small and has focused on factors such as commercial real estate market sentiment
(Freybote, 2016), environmental performance (Eichholtz et al., 2019), ownership structure
(Gilstrap et al., 2021), debt covenants (Deng et al., 2016), debt capital structure decisions
(Allen and Letdin, 2020), and real estate-specific factors (Kozak et al., 2025) in the context
of REIT bonds.

Last, our study contributes to an emerging literature on textual analysis in the context of
commercial real estate (see, e.g., Carstens and Freybote, 2021; Beracha et al., 2019;
Hausler et al., 2018), REITs (see, e.g., Paulus et al., 2023; Kim et al., 2021; Hausler et al.,
2018) and housing markets (see, e.g., Aroul et al., 2025; Shen and Ross, 2021; Nowak et
al., 2019; Nowak and Smith, 2017). To our knowledge, this is the first study that employs

textual analysis in the context of REIT bond markets.

Our findings have implications for REIT management and bond investors. Our results
suggest that the tone in REIT financial statements can be used as an additional source of
information by bond investors to predict yields, irrespective of whether it is based on
fundamentals or not. Our findings for non-fundamental tone suggests that REIT
management should pay particular attention to align their disclosure tone with firm
fundamentals. Furthermore, the quadratic relationship identified for net positive tone
suggests that overly positive or negative tone in disclosures should be avoided by

management.

The remainder of this study is structured as follows. Next, we review relevant studies on

corporate disclosures and bond markets to develop our theoretical framework and
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hypotheses. It is followed by a discussion of our data, tone measure derivation and

methodology. Then, we present our results and a conclusion.
4.3 Literature Review and Hypothesis Development

4.3.1 Disclosure and Bond Markets

An emerging literature investigates the informative value of qualitative or soft information
in disclosures for sovereign and corporate bond markets. Some studies focus on what
information is revealed in textual disclosures such as the use of derivatives (Gupta et al.,
2025) or pending lawsuits (Lou, 2019). For example, Bozanic et al. (2023) use textual
analysis to investigate how credit analysts use qualitative information in corporate financial
statements to assess credit risk. They find evidence that credit analysts account for
qualitative (soft) information in their credit ratings. In particular, they make soft
adjustments when companies provide more disclosure that reflect increases in credit risk
(e.g., credit risk and debt) or decreases in credit risk (profitability and managerial outlook).
The authors conclude that textual sections in annual reports provide complementary
information to the private information credit analysts already have. Other studies focus on
how information is disclosed, i.e., readability and textual sentiment/tone. With regards to

our study, this latter stream of literature is most relevant.

Several studies have investigated readability in corporate disclosures as a dimension of how
firms provide bond market participants with information: Chen and Tseng (2021) analyze
the readability of the narrative “Notes to Consolidated Financial Statements” and its impact
on corporate bond yields. They show that a lower readability predicts greater corporate
bond yield spreads, particularly for firms in certain industries (high-tech) and with a higher
equity volatility. Bonsall and Miller (2017) show that corporate disclosures with a lower
readability are associated with a lower credit rating, higher disagreement between bond
rating agencies and cost of debt. Chen et al. (2024) further investigate the impact of
disclosure readability on corporate bond yields. The authors focus on narrative pension
disclosures by firms and its association with credit risk. They find supportive evidence that
a lower readability predicts higher bond yield spreads. Farrell et al. (2024) focus on the
municipal bond market and show that the complexity of disclosures impact cost of debt
for municipalities. It is noteworthy that the authors find the positive relationship for
complexity and borrowing costs to be particularly strong for municipalities with a poorer

information environment due to less complementary information from rating agencies.

Another stream of literature focuses on the impact of tone in news or disclosures by firms

or governmental agencies on bond markets. Consoli et al. (2021) investigate emotions in
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macroeconomic news and show that they have predictive power for sovereign bond yield
spreads. In particular, they find that negative emotions in the news can predict yield
spreads in periods of distress. Hirsch et al. (2024) provide evidence that the tonality of
television news impacts sovereign debt spreads. Hereby, positive (negative) news predict

a lower (higher) spread.

Wang (2020) uses textual analysis to analyze the impact of the tone in risk disclosures in
financial statements on Credit Default Swaps (CDS). The author finds a change in CDS
spreads that is positively associated with the pessimistic tone in risk disclosures. Tone
hereby is distinct from the amount of disclosures. However, the market reaction to
disclosure tone is stronger for entities closer to default, i.e., a higher concern of downside
risk, and with weaker information environment. Overall, the author concludes that the
tone in MD&A risk disclosures has informative value for debt and CDS market investors.
Liang et al. (2023) show that a more pessimistic managerial tone in financial statements

predicts the hedging behavior of investors in the CDS market.

Jin et al. (2024) investigate the informative value of the tone, besides length and content,
of risk disclosures in financial statement for a firm’s default risk. They provide evidence for
the predictive power of tone for a firm’s default risk, particularly in the post-GFC period.
Precisely, negative tone positively predicts default risk. The relationship is stronger for firms
that, for example, are undergoing shifts in default risk, face financial distress or have a
heightened scrutiny from external monitors. The authors conclude that the tone in risk
disclosures in annual report have informative value for bond investors to assess default
risk. Cao et al. (2025) investigate whether insurance companies, which are the largest
investor type in investment-grade corporate bonds, use the tone of earnings calls as a
source of information in their trading of BBB-rated bonds. The authors find that negatively
toned earnings calls have predictive power for the selling behavior of insurance companies.
Schmeling and Wagner (2025) find that the tone used by the Central Bank in its
communications can predict equity and capital market outcomes. They find positive tone
to predict, amongst others, lower credit risk spreads. Rich et al. (2021) investigate
disclosure tone in the context of municipal bonds and find the negative tone in the MD&A

section to positively predict cost of debt and disagreements between bond rating agencies.
4.3.2 Hypotheses Development

While some studies investigating disclosure tone in the context of bond markets find
positive and negative tone to have predictive value (Schmeling and Wagner, 2025; Hirsch
etal., 2024), previous studies on bond markets in general and corporate bonds in particular

emphasizes the importance of negative or pessimistic tone for bond market participants
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(Cao et al., 2025; Jin et al., 2024, Liang et al., 2023; Consoli et al., 2021; Wang, 2020).
The higher sensitivity to negative tone in corporate disclosures and a greater demand for
negative information (De Franco et al., 2009) results from the limited upside potential of

corporate bonds and need of bond investors to assess risks to predict a firm’s default risk.

The focus of bond investors on negative or pessimistic tone differs from the focus of
corporate management, which has been found to prefer a positive disclosure tone over a
neutral or negative (Brockman et al., 2015; Price et al., 2012; Schleicher and Walker, 2010;
Rutherford, 2005; Hyland, 1998; Hildebrandt and Snyder, 1981). The managerial positivity
bias results from the ability of positive framing to influence the reaction and perception of

stock market investors (see, e.g., Huang et al., 2014; Davis et al., 2012; Henry, 2008).

However, institutional stock market investors have been found to penalize firms for an
overly optimistic tone in disclosures (Baganski et al., 2018; Blau et al., 2015; Tan et al,,
2014). These sophisticated stock market investors can identify when the tone in corporate
disclosures fails to match the quantitative information about a firm’s performance and
firms use tone management. Another explanation is that an overly optimistic tone signals
information about firm risks as it has been found to negatively predict a firm’s financial
performance (Jiang et al., 2019; Huang et al., 2014) as well as positively predict litigation
risk (Roger et al., 2011). Therefore, latridis (2016) shows that a change in reporting
language to a more pessimistic or unexpectedly pessimistic language predicts lower cost

of equity.

Considering the findings of previous studies on institutional investors, who are the
predominant type of investor in the bond market (DeFranco et al., 2019) and disclosure
tone, we expect the negative tone in REIT financial statements to have a higher predictive
value for bond vyield spreads than the positive tone. However, previous studies
investigating tone and bond yield or CDS spreads (Schmeling and Wagner, 2025; Hirsch et
al., 2024; Wang, 2020) assume a linear relationship. We argue that two dimensions of
non-linearity exist in the relationship of tone, defined as net positive tone, and bond yield

spread:

First, considering that institutional investors are aware of the managerial positivity bias,
they may consider a mildly negative or neutral tone in REIT disclosures a signal of a firm'’s
commitment to a high level of transparency and absence of tone management.
Consequently, they may require a lower yield, which is in line with the findings of latridis
(2016) for the stock market. An increase in negative or positive disclosure tone, however,

is likely to signal an increase in risks to bond investors and increases their yield
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requirements. Thus, we expect a quadratic relationship between net positive tone and REIT

bond yield spread.

Second, the tone in REIT financial statements has two components: The first component
can be explained with firm fundamentals such as operating performance, firm size,
leverage, stock market performance, or growth opportunities. The second component
cannot be explained with firm fundamentals, but other factors such as managerial
sentiment or private information not captured by firm fundamentals. Previous studies on
disclosure tone in the context of bond markets (Cao et al., 2025; Schmeling and Wagner,
2025; Hirsch et al., 2024, Jin et al., 2024; Liang et al., 2023; Wang, 2020) fail to make this

distinction in their analysis.

Fundamentals-based net positive tone is expected to reduce bond investor risk perceptions
and negatively predict the bond yield spread, while a net positive tone that is not explained
by firm fundamentals may signal information to bond investors about managerial
disclosure practices (e.g., tone management, transparency) and increase their risk
perception. This expectation is in line with previous studies on institutional investors in the
stock market, who penalize firms for an overly positive tone in their disclosures (Baganski
etal., 2018; Blau et al., 2015; Tan et al., 2014). Therefore, we expect a positive relationship

of non-fundamental tone and REIT bond yield spread.

Furthermore, non-fundamental tone may represent new information and thus have a
higher informative value for REIT bond investors as it is not captured by fundamental
variables, for which quantitative data commonly exists. Therefore, we hypothesize that
tone not explained by fundamental variables has a higher predictive value for REIT bond

yields than the fundamentals-based negative tone.

4.4 Data

4.4.1 Derivation of Tone Measures

We obtain the quarterly financial statements (10-Q and 10-K) for publicly traded equity
REITs over the period of 2011 to 2024. The beginning of our sample period is due to
limited REIT bond transaction data prior to 2011 (Freybote, 2016). Considering not all
equity REITs access the bond market, we only focus on equity REITs that issued publicly
traded bonds over the sample period. Of the 174 REITs that were NAREIT index
constituents at any time between 2011 and 2024, 89 REITs issued bonds. Due to missing

financial statements for some REITs, our final sample consists of 68 REITSs.
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We focus on the Management and Discussion Analysis (MD&A) section of financial
statements in line with previous studies (see, e.g., Wang, 2020; Koelbl, 2020) to extract
our tone measures. In this section, REITs are required to discuss their financial condition,
results of operations, liquidity, and known trends or uncertainties that could impact future
performance. As a robustness check, we also obtain our tone measures based on all textual

sections in financial reports.

We derive our tone measures using the RoBERTa (Robustly Optimized BERT Pretraining
Approach) model by Liu et al. (2019), an improved version of BERT (Bidirectional Encoder
Representations from Transformers) introduced by Devlin et al. (2019). These models are
Large Language Models and represent a state-of-the-art approach in natural language
processing (Karanikola et al., 2023). The use of the RoBERTa model minimizes the need for
an adequate training dataset, as the model comes pre-trained and is only optimized for an
individual case (Liu et al., 2019). In our case, the model is optimized using the SEntFiN 1.0

dataset by Sinha et al. (2022).

The preprocessing of financial statements is crucial, as the model requires clean tokens to
accurately classify tone. Therefore, we employed techniques commonly used in the
literature, such as segmenting the report into smaller paragraphs, converting all words to
lowercase, and removing numbers and punctuation. The final pre-processing step is
lemmatization, where words are transformed into their root forms to reduce the

complexity and size of the vocabulary of the textual data (Paulus et al., 2024).

Our approach to using RoBERTa for tone classification results in a probabilistic output with
values ranging from 0 to 1, where values close to 0 indicate a low probability of a message
being positive and vice versa. To achieve a three-way classification, we deploy a decision

rule in line with Paulus et al. (2024) given as:
P = 0.667 — positive tone
0.333 < P < 0.667 - neutral tone

P < 0.333 — negative tone

After classifying the tone of the segments in the financial reports, we aggregate it monthly
to construct our three tone measures. The first measure, the Optimism Indicator (OJ), is
based on Antweiler and Frank (2004) and captures the positive disclosure tone as shown

in Equation 4.1:

! positive segments;

01, 4.1)

~ Y total number of segments,’
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where i denotes the number of segments of a financial report and t denotes the quarter

the report was published.

The second measure is called Pessimism Indicator (P/), captures negative disclosure tone
and measures the number of negative segments in relation to the total number of

segments as shown in Equation 4.2:

! negative segments;

PI, 4.2)

~ Y total number of segments,’

To derive a tone measure that jointly accounts for positive and negative tone, we calculate
the Net Positive Tone (NVPT) in line with Doran et al. (2012) as shown in Equation 4.3. NPT
ranges from -1 to 1, where values below 0 indicate a tendency toward a generally negative

tone and values above 0 indicate a tendency toward a more positive overall tone.

_ (Xl positive segments; , — X.j negative segments; )

NPT, = (4.3)

(X! positive segments; . + X} negative segments; )’

Please note, our tone measures are in levels as opposed to changes to account for the fact
that bond market investors are expected to respond to the disclosure tone of the most
recent financial statement as opposed to the change in disclosure tone from the previous
quarter. Kravet and Muslu (2013) use changes in risk disclosure tone to account for
omitted variables and reverse causality resulting from repetitions in risk disclosures by firms
over multiple quarters. However, compared to risk factors discussed by firms, which are
more likely to remain constant over a certain amount of time, the content of MD&A
sections varies from quarter to quarter as it reflects the most recent operations, financial
conditions, and expectations for future performance. Furthermore, we address
endogeneity concerns due to omitted variables or reverse causality by using a fixed effects

regression and lagged tone variables in our empirical analysis.

Figure 4.1 shows our tone measures, averaged per year across REITs in our sample, for the
period of 2011 to 2024. The Ol is above the P/ for all periods until 2020, which can be
explained by factors such as favorable economic conditions and/or a positivity bias in
financial statements (Schleicher and Walker, 2010). Since 2020, the P/ exceeded the O/
due to events such as COVID-19 pandemic and shift interest rate regime. The Figure
emphasizes the importance of jointly assessing positive and negative tone in form of the
net positive tone (NVPT) measure and motivates our focus on this tone measure. While the
average positive and negative scores appear to be relatively leveled over time, the NPT
shows considerable variability: Since 2015, the average annual net positive tone has been
decreasing, i.e., became less positive, and in 2019 fell below 0, which means it became

negative. For the remainder of our sample period, it remained in the negative range.
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Figure 4.1 Positive, Negative, and Net Positive Tone Measures over Time
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4.4.2 Dependent Variable and Control Variables

Our dependent variable is the spread of REIT bond yields over U.S. Treasuries of the same
maturity. Data on REIT bond yields are sourced from the Trade Reporting and Compliance
Engine (TRACE) database by FINRA, which has required broker-dealers to self-report their
over-the-counter bond transactions since 2002.° We calculate monthly yield spreads by
averaging the volume-weighted yields of all transactions in a month of a given REIT bond
and then subtracting the yield on U.S. Treasuries with corresponding maturities. We obtain
U.S. Treasury data from the Liu and Wu (2021) dataset. Our final sample consists of 31,812
monthly bond yield spreads of U.S. equity REITs that were constituents of the FTSE NAREIT

Index at some point between January 2011 and December 20247

While our tone measures are our independent variables of interest, we control for several
variables that impact bond yields: First, we control for the features of REIT bond issues.
Since TRACE does not offer bond characteristics such as the bond maturity date, call
features, or coupon rate, this data was manually collected from the FINRA website, which
is based on the TRACE database. In particular, we control for bond features such as the
coupon rate, bond price, transaction volume, time to maturity, call option and credit rating
of the issuing REIT. Bond transactions with missing data are excluded. Additionally, bonds
with maturities of less than one month and those with maturities of more than 360 months

are excluded, as no Treasury matching was feasible. Based on Bessembinder et al. (2009),

6 Since bonds are traded over-the-counter (OTC), collecting data on bond transactions is limited compared to
equity data. TRACE is the largest database for researching bond transactions in the US. However, its nature of
self-reporting can lead to false entries. By preprocessing and winsorizing our data, we try to ensure that such
errors do not distort the predictions.

7 To prevent survivorship bias, the analysis includes all REITs that issued bonds during the entire period,
regardless of whether they were present for the entire duration of the sample or not.
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TRACE data entries marked as canceled are removed from the dataset, while corrected

entries are kept.

Furthermore, we control for variables capturing the liquidity of REIT bonds by including
the percentage of days in the month that the bond was not traded (Bond Zero Trading
Days), the percentage of days in a month on which no outstanding bond a REIT was traded
(Firm Zero Trading Days) and the monthly mean of the difference in the average daily bid

and ask prices of each bond (Bid-Ask Spread).

In addition to bond issue and market variables, we control for REIT characteristics: We
control for REIT size measured as the log of market capitalization, stock market
performance measured by a REIT's stock market return, operating performance captured
by Funds from Operations (FFO), leverage defined as total debt divided by total assets,
dividends per share, and growth opportunities as measured by the market to book ratio.
We control for the property type specialization of REITs using binary variables with
diversified REITs being the reference group. Monthly REIT market and quarterly REIT

accounting data are obtained from Compustat and Refinitiv Eikon.

Last, we control for stock market, bond market and macro-economic conditions that
impact bond yields: We control for stock market conditions by including the return on the
S&P 500 index as well as the CBOE volatility index (VIX). Bond market conditions are
controlled for with the term structure defined as spread between the 10-year U.S. Treasury
and 3-month Treasury Bill as well as the credit risk defined as the spread between
corporate bonds rated Baa and Aaa by Moody’s. Macroeconomic conditions are controlled
for with the interest rate volatility defined as the standard deviation of the monthly 3-
month constant maturity Treasury rate over a 12-month period prior to a bond’s
transaction date, the unemployment rate, and gross domestic product (GPD).
Macroeconomic data are from the Federal Reserve Economic (FRED) monthly database, as
presented by McCracken and Ng (2016). Table 4.1 present an overview and description

for our variables.
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Table 4.1 Variable Description

Variable

Description

Dependent Variable
Bond Yield Spread

Tone Variables
Optimism Indicator

Pessimism Indicator
Net Positive Tone

Bond Variables
Coupon Rate
Bond Price

Transaction volume
Time to Maturity

Credit Rating Dummy
Call Status Dummy
Liquidity Variables
Bond Zero Trading Days
Firm Zero Trading Days

Bid-Ask Spread

REIT-Specific Variables
Property Type Dummy

Market Capitalization

Return

Funds From Operations
Leverage

Dividends per Share
Market-to-Book

Equity Market Variables
S&P 500
VIX

Macroeconomic Variables

Term Spread
Default Risk Spread

Interest Rate Volatility

Unemployment Rate
GDP

Difference between the volume-weighted yield to maturity of the REIT
bond and the maturity-matched Treasury yield to maturity

Number of positive segments in a 10-Q/K report divided by total
segments

Number of negative segments in a 10-Q/K report divided by total
segments

Number of positive minus negative segments in a 10-Q/K report
divided by the total number of positive and negative segments

Coupon rate on bond in percent

Bond price inclusive of any commission, mark-ups, and/or mark-
downs

Volume reported on the trade

Difference in months between maturity date and transaction date

1 if investment grade bond, 0 if high yield bond

1 if callable, 0 if not

Percentage of days in the month that the bond was not traded
Percentage of days in @ month on which no outstanding bond of a
REIT was traded

Monthly mean of the difference in the average daily bid and ask prices
of each bond

8 REIT sectors based on property portfolio, defined by NAREIT,
reference category is Diversified

Measure of company size, expressed as total dollar market value of a
REIT's outstanding shares of stock (in million USD), as log

Expressed as the current adjusted price of the REIT stock minus the
original adjusted price of the stock (month t-1) divided by the original
adjusted price

Cash flow from operations

Total debt outstanding divided by total assets

Distribution of a REIT’s earnings per share to its shareholders

Market capitalization divided by total assets minus total outstanding
debt

Return of the S&P 500 composite index
CBOE volatility index

10-Year Treasury rate minus 3-Month Treasury Bill

Moody’s Baa corporate bond yield minus Moody's Aaa corporate
bond yield

Standard deviation of monthly 3-month constant maturity Treasury
rate over a 12-month period prior to bond transaction date
Unemployment rate in percent

Real gross domestic product (in billions of Chained 2017 USD)
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Various steps are undertaken to preprocess the combined dataset. We handle missing
values by imputing data for up to one year, meaning that an existing value is perpetuated
until a new value is recorded or 52 weeks have passed. The TRACE bond data includes
manually reported information from broker-dealers, which can be prone to input errors,
potentially leading to inaccurate results. Therefore, the yield spreads and REIT-level
accounting data are winsorized at the 5% and 95% percentiles to prevent outliers from
distorting the results (Gu et al., 2020). This process is conducted on a monthly basis to
ensure that future data points or REITs not included in the sample at a specific time are
not incorporated. Table 4.2 presents the summary statistics for our variables. It is
noteworthy that the mean and standard deviations for O/ and P/ are relatively similar,
however, NPT is on average negative and exhibits a high variability. This is in line with
Figure 4.1. Table 4.3 presents the pair-wise correlations for variables in our dataset. The
Ol and NPT are negatively correlated with bond yield spreads, whereas the Pl is positively

correlated.

Table 4.2 Descriptive Statistics

Variable Unit Mean SD Min Max
Bond Yield Spread Percentage 0.0144 0.0090 -0.0365 0.0587
Optimism Indicator (Ol) Integer 0.0635 0.0393 0 0.2551
Pessimism Indicator (PI) Integer 0.0653 0.0354 0 0.2474
Net Positive Tone (NPT) Integer -0.0385 0.3406 -1 1
Coupon Rate Percentage 0.0388 0.0102 0.0170 0.0775
Bond Price U.S.-Dollar 98.85 10.23 64.14 127.79
Transaction volume U.S.-Dollar 420,592 391,948 10,083 2,989,666
Time to Maturity Months 92.53 79.61 2 359
Credit Rating Dummy Percentage 0.6580 0.4744 0 1

Call Status Dummy Percentage 0.9274 0.2594 0 1

Bond Zero Trading Days Percentage 0.5871 0.2070 0.2581 0.9677
Firm Zero Trading Days Percentage 0.3493 0.0836 0.2333 0.9000
Bid-Ask Spread Percentage 0.0083 0.0009 0.0006 0.0710
Market Capitalization Mil $ (log) 9.4392 0.9954 6.7476 11.7325
Return Percentage 0.0038 0.0776 -0.5274 0.5940
Funds From Operations Integer 129.72 151.00 -792.30 839.70
Leverage Percentage 0.5420 0.1230 0.3615 0.9304
Dividends per Share U.S.-Dollar 0.7963 0.6032 0 3
Market-to-Book Integer 2.6007 1.8808 0.4246 10.3505
S&P 500 Integer 3,662 984.3 1,173 5,621
VIX Integer 19.13 6.89 10.08 58.08
Term Spread Percentage -0.0166 0.0307 -0.0662 0.0304
Default Risk Spread Percentage 0.0092 0.0021 0.0055 0.017
Interest Rate Volatility Percentage 0.0040 0.0043 0.0001 0.0157
Unemployment Rate Percentage 0.0467 0.0191 0.034 0.148
GDP Integer 21,168 1,328 17,031 23,400

Notes: This table presents the summary statistics for a sample of 68 equity REITs over the period of 2011 to
2024. Variable definitions are in Table 4.1.
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Table 4.3 Pairwise Correlations

Variable ol Pl NPT

ol 1.000*** 0.287*** 0.683***
PI 0.287*** 1.000*** -0.423%**
Bond Variables

Bond Yield Spread -0.024*** 0.013*** -0.043%**
Coupon Rate 0.009 0.014** -0.016***
Bond Price -0.01* 0.027*** -0.012**
Transaction volume 0.039*** -0.033*** 0.075***
Time to Maturity 0.048*** -0.018*** 0.083***
Liquidity Variables

Bond Zero Trading Days 0.047*** 0.106*** 0.012**
Firm Zero Trading Days 0.028*** 0.015%** 0.020***
Bid-Ask Spread 0.015*** 0.049*** 0.010*
REIT-Specific Variables

Market Capitalization 0.177*** -0.125%** 0.260***
Return -0.023*** 0.055%** -0.060***
Funds From Operations 0.096*** -0.173*** 0.2711%**
Leverage 0.230*** 0.055*** 0.060***
Dividends per Share 0.213*** -0.006 0.146***
Market-to-Book 0.376*** 0.081*** 0.233%**
Equity Market Variables

S&P 500 -0.040*** 0.108*** -0.127***
VIX -0.001 0.097*** -0.046***
Macroeconomic Variables

Term Spread 0.000 0.023*** -0.005
Default Risk Spread 0.0271*** -0.022*** 0.059***
Interest Rate Volatility 0.022%** 0.038*** 0.003
Unemployment Rate -0.054*** 0.104*** -0.093***
GDP -0.022*** 0.071*** -0.085***

Notes: This Table presents the pair-wise correlations between the tone measures and other variables for a
sample of 68 equity REITs over the period of 2011 to 2024. Variable definitions are in Table 4.1, "***' "**"
and "' denote significance at the 1%, 5%, and 10% level respectively.

To disaggregate our tone measures, we follow previous studies (see, e.g., Ling et al., 2014
Huang et al., 2014) and use an orthogonalization approach: We first regress each of the
tone measures on firm fundamentals (Equity Return, Market Cap, Leverage, Dividends per
Share, FFO, Market-to-book) and retain the fitted values. The fitted values represent the
component of disclosure tone that can be explained with firm fundamentals
(Tonerundamental). The residuals from this regression represent the component of disclosure

tone that cannot be explained by REIT fundamentals (Toneyon-rundamentar)-
4.5 Methodology

To assess the two dimensions of non-linearity in the relationship of disclosure tone and
REIT bond yield spread, we employ a combination of machine learning and conventional
regression approaches. Previous studies provide evidence for a superior performance of

machine learning algorithms over conventional regression methods due to their ability to
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address the non-linearity and non-stationary data properties (see, e.g., Jenett et al., 2025;
Loo, 2020). However, a crucial limitation of these machine learning approaches is the lack
of interpretability of statistical significance. Therefore, we combine both approaches to
ensure ideal outputs and an enhancement over an isolated application of either method.
In particular, we employ two-way fixed effects regression and XGBoost algorithm in

combination with ALE plots.
4.5.1 Fixed Effects Regression

We employ a panel regression with time-fixed and property-type fixed effects to assess the
predictive value of aggregated and disaggregated tone measures for REIT bond yield
spreads. To address endogeneity concerns and focus on prediction, we use lagged tone
variables in our analysis. Control variables are contemporaneous. Our model is shown in

Equation 4.4.

6

rREIT — ri_Ttreaswy = co + B10I + B,PI + BsNPT + Z xiBond Controls
=

3 7
+ Z xiLiquidity Controls + Z XiREIT Controls
= = (4.4)
2 5
+ Z xiEquity Market Controls + Z xiMacroeconomic Controls
i=1 i=1
+ y;[‘nne + ytProperty Type + Ei't,
T . . .
where rfEIT — 3 "4 s the monthly REIT bond yield spread as the difference between

the monthly REIT bond yield of REIT i at time t and the U.S. Treasury yield with the same
maturity i at time t. Y7 are year-fixed effects, ¥, 7" T¥P¢ are property type-fixed
effects and ¢; , is the residual component (error term). Our analysis using the disaggregated
tone measures is based on Equation 4.4, however, REIT fundamentals are accounted for

in the fundamentals-based tone measures and are not included in the model.
4.5.2 eXtreme Gradient Boosting (XGBoost)

While fixed effects regression assumes a linear relationship between the independent and
dependent variables, we hypothesize that the tone-yield relationship is quadratic. One
approach to assess linearity of a relationship is the eXtreme Gradient Boosting (XGBoost)
algorithm, which is a tree-based ensemble learning method. The origin of XGBoost can be
attributed to Chen and Guestrin (2016), who introduced this algorithm to address the bias-
variance trade-off commonly encountered in single decision trees. XGBoost has since
demonstrated strong performance in tackling complex issues such as classifications,

pattern recognition, and regression-based tasks, often surpassing traditional methods and
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alternative machine learning approaches in the field of REITs (see, e.g., Jenett et al., 2025;
Habbab et al., 2023).

Tree-based ensemble learning algorithms improve predictive accuracy by aggregating the
outcomes of multiple individual decision trees rather than relying on a single one. The basic
idea of ensemble learning is that multiple weak learners, in our case, single decision trees,
can be combined to form one strong learner. In the case of XGBoost, this relationship can

be expressed as:

M

RO = ) tmlim O13), @5)

i=1
where h denotes the strong learner, h,, are the weak learners, u,,are their respective
weights, M is the number of single trees, x presents the full features space and y is the
response variable. In boosting, weak learners h,, are trained sequentially, with every new
model focusing on improving the errors made by the previous ones. Gradient boosting
extends this principle by iteratively adding trees that minimize the model’s loss function
using gradient descent. Extreme Gradient Boosting is a computationally efficient and highly
scalable version of gradient boosting. Compared with parametric or semi-parametric
models, XGBoost is capable of identifying complex, non-linear relationships and higher-
order interactions within large datasets. This significantly reduces the need for manual

optimization. Moreover, it requires less manual optimization than traditional models.?
4.5.3 Accumulated Local Effects (ALE)

However, XGBoost is frequently described as a "black box" model because the internal
mechanisms through which it learns the relationships between inputs and outputs are not
immediately observable. An emerging branch of research that focuses on making XGBoost
and other machine learning methods interpretable is called eXplainable Artificial
Intelligence (XAl). To evaluate how a feature influences the model’s predictions, one
feature is varied while holding everything else constant, and the resulting change in the

model’s prediction is observed.

The global model-agnostic technique of Accumulated Local Effect (ALE) plots provides
valuable insights into how an independent variable affects the model’s average prediction
of the dependent variable across its entire range of observed values. Alternative
approaches, such as Shapley Additive Explanations (SHAP) by Lundberg and Lee (2017)
and Partial Dependency Plots (PDP) by Friedman (2001), assume that variables are

& For more information about tree-based methods, ensemble learning, and gradient boosting, see Hastie et al.
(2009).
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uncorrelated, which is rarely the case in real-world finance and real estate applications.
ALE plots, introduced by Apley and Zhu (2020), overcome this limitation by explicitly
accounting for correlated features, making them more robust in understanding the effects
of features on predictions. Recent real estate studies, including Kraemer et al. (2023) and

Lorenz et al. (2023), have highlighted the growing relevance of ALE plots.

To construct ALE plots for our tone measures and dependent variable, the full range of
each independent variable x, € RM*1, is divided into K bins. Let Z,. denote the%quantile
of the empirical distribution with Z,. y and Z, . being the minimum and maximum values,
respectively. The set S, contains all observations that fall within the left open interval
from Z,. ,_4 to Z, , with n,., being the number of observations within that bin. We define

k(x,) as an index that identifies the bin corresponding to a given value of x,.

Consequently, the uncentered accumulated local effect is then given by:

k(xy)
gALE(xr) = Z n;llc Z [f(Zr,k'X\r,i) - f(Zr,k—l'X\r,i)]: (4.6)
k=1 LESy Kk

where x,, € R¥*P~1 is the set of features without the feature r of P variables and f(.)
the network’s prediction formula. The quantity in the squared brackets delineates the
prediction of f(.) when observation i is replaced with Z, ; in the minuend and the
prediction with Z,. ,_, instead of the true value i in the subtrahend. These differences are
aggregated for all observations within each bin S, . Since this computation is repeated
across all bins k, ga g(x,) represents the sum of these local effects weighted by the
number of observations in each bin (Apley and Zhu, 2020). The centered ALE main effect

has a zero mean with respect to the marginal distribution of x,- and can be written as:

N
Oare () = Gap(e) —N7! Z Gare (Xri)- 4.7)

=1
Centering the ALE functions ensures that the resulting plots are interpretable. Specifically,
the ALE plot consistently illustrates the impact of a feature as a function of the average
prediction of the neural network across the entire feature space. Examining these ALE plots
allows us to detect any non-linear relationships between the independent variables and

the predicted bond yield spread.
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4.6 Results

4.6.1 First Dimension of Non-Linearity

While our independent variable of interest is net positive tone (NPT), we also provide the
results for positive or optimistic tone (O/) and negative or pessimistic tone (P/) to give more
context. The results of our fixed effects regression for REIT bond yield spread and the
aggregated tone measures are presented in Table 4.4. The negative or pessimistic tone in
REIT financial statements (P/) positively predicts the bond yield spread in the next month.
Thus, a negative disclosure tone predicts higher cost of debt for REITs. The positive and
net positive tone in REIT financial statements have a negative relationship with the bond
yield spread in the next month, however, coefficients are only significant at the 10% level.
Our findings for the aggregated tone measures are in line with previous studies (Cao et al.,
2025; Jin et al., 2023; Liang et al., 2023; Consoli et al., 2021; Wang, 2020) that find
negative disclosure tone to have the highest informative value for bond investors.

Our results for the control variables are in line with previous studies on, for example, the
positive co-movement of REIT bond yields and stock returns (Alexander et al., 2000),
implied stock market volatility (Collin-Dufresne et al., 2000), default risk captured by
market capitalization (Becker and Ivashina, 2015), liquidity risk (Longstaff et al., 2005) as
well as credit rating and time to maturity (Nayak, 2010). Please note, S&P 500, Term
Spread, and GDP were excluded from the fixed effects regression due to multicollinearity,
i.e., VIF values exceeding the critical value of 10. To ensure that multicollinearity is not
affecting standard errors, we also estimate the regressions without control variables while

keeping the fixed effects. Our results remain robust.
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Table 4.4 Regression Results for Aggregated Tone Measures

Ol

Pl

NPT

Tonet

Volume

Bond Price

Coupon Rate

Time to Maturity
Credit Rating

Call Status

Market Cap
Dividends per Share
FFO

Equity Return
Leverage

VIX
Market-to-Book
Default Risk Spread
IVOL
Unemployment Rate

Bond Zero Trading Days
Firm Zero Trading Days

Bid-Ask Spread

-0.0008 (0.0004)*

-0.0008 (0.0001)***
-0.0123 (0.0002)***
0.0086 (0.00071)***
0.0015 (0.0001)***
0.0009 (0.0000)***
0.0018 (0.0001)***
-0.0085 (0.0001)***
0.0004 (0.00071)***
-0.0000 (0.0002)

0.0034 (0.0003)***
0.0011 (0.00071)***
0.0038 (0.0002)***
-0.0033 (0.0003)***
0.0036 (0.0002)***
-0.0006 (0.0001)***
0.0018 (0.0002)***
-0.0031 (0.0001)***
-0.0006 (0.0002)***
0.0017 (0.0002)***

0.0021 (0.0001)***
-0.0008 (0.0001)***
-0.0123 (0.0002)***
0.0086 (0.0001)***
0.0015 (0.0007)***
0.0009 (0.0000)***
0.0018 (0.0001)***
-0.0085 (0.0001)***
0.0006 (0.00071)***
-0.0003 (0.0003)

0.0034 (0.0003)***
0.0014 (0.0007)***
0.0039 (0.0002)***
-0.0029 (0.0003)***
0.0036 (0.0002)***
-0.0005 (0.0001)***
0.0016 (0.0002)***
-0.0030 (0.0001)***
-0.0005 (0.0002)***
0.0016 (0.0002)***

-0.0007 (0.0004)*

-0.0008 (0.0001)***
-0.0123 (0.0002)***
0.0086 (0.0001)***
0.0015 (0.00071)***
0.0009 (0.0000)***
0.0017 (0.0007)***
-0.0088 (0.0001)***
0.0007 (0.00071)***
-0.0004 (0.0002)*

0.0036 (0.0003)***
0.0012 (0.0007)***
0.0038 (0.0002)***
-0.0030 (0.0003)***
0.0035 (0.0002)***
-0.0005 (0.0001)***
0.0018 (0.0002)***
-0.0030 (0.0001)***
-0.0006 (0.0002)***
0.0016 (0.0002)***

Time FE
Property Type FE
Adjusted R?
Observations

Yes
Yes
0.602
31,812

Yes
Yes
0.598
31,812

Yes
Yes
0.602
31,812

Notes: This Table presents the fixed effects regression results for the three tone measures and REIT bond
yield spread. REIT bond yield spread are in decimals (e.g., 0.012 = 1.2%). Standard errors are reported in
brackets. Variable definitions are in Table 4.1. ***', "**' and "*" denote significance at the 1%, 5%, and 10%
level respectively.

Next, we present the results of our investigation into whether the relationships of OI, P,
and NPT with bond yields spreads are linear or not using ALE plots derived from an
XGBoost model. The ALE plots as shown in Figure 4.2 visualize how individual features
influence the model’s predictions beyond simple linear dependencies. Specifically, the ALE
plots illustrate how changes in a feature’s value impact the predicted bond yield spread,
as shown by deviations from the average prediction along the y-axis for different values

on the x-axis.

The ALE plots for the aggregative positive and negative tone measures (O/ and PI) reveal
non-linear patterns, suggesting that the impact of sentiment on REIT bond yield spreads is
marked by reversals and saturation points rather than a consistent linear relationship. In
particular, the ALE plot for O/ shows a general negative relationship with bond yield
spreads. However, this relationship flattens out at higher levels of optimism (around
0I=0.15), indicating a saturation point beyond which further increases in optimism no
longer reduce the perceived credit risk. This finding suggests that while moderate optimism
signals financial health and reduces borrowing costs, an overly positive disclosure tone

may be viewed with suspicion by institutional bond investors, which is in line with previous
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studies on institutional investors in the stock market (Baganski et al., 2018; Blau, Delisle

and Price, 2015; Tan, Wang and Zhou, 2014).

The effect of PI on bond yield spreads is positive. However, the relationship exhibits even
more non-linearity than the O/-bond yield relationship. Initially, increases in pessimism
sharply raise yield spreads, but this effect flattens beyond a threshold (around Pl = 0.15).
The diminishing marginal impact suggests that once a certain level of negative disclosure
tone is reached, additional negativity does not substantially change investor perceptions

of risk.

The ALE plot pattern for net positive tone measure (NVPT) differs noticeably from O/ and PI:
At very negative tone levels (NPT between -1 and -0.5), the ALE plot shows a flat response
in bond yield spreads, suggesting that a highly negative disclosure tone has a limited effect
on bond yield spreads. As NPT increases from around -0.5 toward moderately positive
values, yield spreads decline, consistent with the idea that a somewhat negative to neutral
to somewhat positive tone signals lower risk. However, beyond the threshold of NPT >

0.5, the trend reverses. An overly positive tone is associated with increasing yield spreads.

While the ALE graphs for O/ and Pl suggest a somewhat linear relationship with the bond
yield spread, the ALE graph for NPT suggests a quadratic relationship in which overly
negative and positive disclosure tone increase the bond yield spread while mildly negative
to neutral to mildly positive disclosure tone decreases it. Our findings for NPT are in line
with our expectation that the tone-bond yield relationship is quadratic: A mildly
negative/neutral/mildly positive disclosure tone might signal a REIT's commitment to a high
level of transparency and absence of tone management, which reduces the risk perception
of bond investors and their required yield. However, a higher negative disclosure tone is
likely to signal an increasing default risk to bond investors and increases their yield
requirements. Similarly, a higher positive disclosure tone may signal higher risks
considering that an overly positive disclosure tone has been found to negatively predict
firm’s financial performance (Jiang et al., 2019; Huang, Teoh and Zhang, 2014) as well as
positively predict litigation risk (Rogers, Van Buskirk and Zechman, 2011). Additional, firms
have been found to use a more positive disclosure language if they experience, for
example, decreases in operating performance (Schleicher and Walker, 2010). Thus, an
overly positive disclosure tone increases the risk perception of REIT bond investors and

their required yield.
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Figure 4.2 ALE Plots for Tone Measures

0.010

0.005

0.000 1

—0.005

—0.010

[ 1A A | v vt

0.00 0.05 0.10 0.15 0.20 0.25
Ol

0.0125 1

0.0100

0.0075

0.0050

0.0025 1

0.0000 1

—0.0025

—0.0050 1

a0 LT
0.00 0.05 0.10 0.15 0.20 0.25
PI

0.010

0.0051

0.000

—0.005

—0.0101

—1.00 —-0.75 —0.50 —-0.25 0.00 0.25 0.50 0.75 1.00
NPT

121



The Non-Linear Dynamics of Disclosure Tone and REIT Bond Yields

Considering our findings for NPT based on the ALE plots in Figure 4.2, we estimate our
model in Equation 4.4 by including a quadratic term for NPT. Our results are presented in
Table 4.5 and provide additional evidence for a quadratic relationship: While the
coefficient on NPT is significantly negative, in line with Table 4.4, the coefficient on NPT?
is significantly positive. Overall, our multi-methods approach using a combination of
machine learning and conventional regression approaches suggest that the relationship of
aggregated net positive tone and REIT bond yield spread is non-linear (quadratic) with
overly negative and positive tone predicting a higher bond yields spread in the next month

while a mildly negative to positive tone predict a lower spread.

Table 4.5 Regression Results for NPT and Bond Yield Spread

Bond Yield Spread

NPT -0.0008 (0.0001) ***
NPT?1 0.001 (0.0001)***
Volume -0.0008 (0.0001)***
Bond Price -0.0123 (0.0002)***
Coupon Rate 0.009 (0.0001)***
Time to Maturity 0.0015 (<0.0001)***
Credit Rating 0.0009 (<0.0001)***
Call Status 0.0002 (<0.0001)***
Market Cap -0.0088 (0.0001)***
Dividends per Share 0.0007 (0.0001)***
FFO -0.0004 (0.0002)*
Equity Return 0.0036 (0.0003)***
Leverage 0.0013 (0.0001)***
VIX 0.0038 (0.0002)***
Market-to-Book -0.003 (0.0003)***
Default Risk Spread 0.0035 (0.0002)***
IVOL -0.0005 (0.0001)***
Unemployment Rate 0.0017 (0.0002)***
Bond Zero Trading Days -0.0031 (<0.0001)***
Firm Zero Trading Days -0.0007 (0.0002)***
Bid-Ask Spread 0.0016 (0.0002)***
Time FE Yes

Property Type FE Yes

Adjusted R? 0.602

Observations 31,812

Notes: This table presents the results of a two-way fixed effects regression for REIT bond yield spreads. NPT?
is the quadratic term of the net positive tone measure (NPT). Standard errors reported in brackets. Variables
are defined in Table 4.1. "***', "**' and "*" denote significance at the 1%, 5%, and 10% level respectively.

4.6.2 Second Dimension of Non-Linearity

Next, we present the results of our analysis the disaggregated tone measures in Table 4.6.
In line with our expectations, the fundamental and non-fundamental negative disclosure
tone in REIT financial statements (P/) positively predict bond yield spread in the next month.

Hereby, it is noteworthy that the coefficient on the non-fundamental tone component is
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larger than the fundamentals-based tone component. This is in line with our expectation
that the information in the fundamentals-based negative tone component is not as novel
to investors as it is captured in fundamental variables such as FFO, size, and growth
opportunities. The negative tone not explained by firm fundamentals on the other hand

has a higher informative value as it provides new information.

The fundamentals-based component of positive tone (O/) has no predictive power for bond
yield spread while the non-fundamental component positively predicts it. Or put
differently, an overly positive tone not explained by REIT fundamentals predicts a higher
bond yield spread in the next month. This is in line with our expectation that the risk
perception of bond investors increases if a firm uses an overly positive tone and previous
studies, which find that institutional investors penalize firms for using an overly positive
tone in the stock market (Baganski et al., 2018; Blau, Delisle and Price, 2015; Tan, Wang
and Zhou, 2014).

Last, the fundamentals-based component of net positive tone (NPT) negatively predicts
bond yield spread in the next month while the non-fundamental component positively
predicts it. Thus, while an increase in the net positive tone based on REIT fundamentals
reduces the bond yield spread in the next month, an increase in non-fundamental net
positive tone increases it. The results for O/ and P/ in Table 4.6 suggest that the relationship
of fundamentals-based net positive tone is driven by fundamental negative tone. On the
other hand, the relationship of non-fundamental net positive tone and bond yield spread

is driven by non-fundamental positive and negative tone.

Overall, our results in Table 4.6 provide evidence for the presence of a second dimension
of non-linearity in the tone-bond yield relationship when positive and negative disclosure
tone are jointly accounted for (NPT). Additionally, they suggest that non-fundamental
disclosure, irrespective of positive, negative or net positive, has a higher predictive value
for REIT bond yield spreads than fundamentals-based tone. This is in line with our
expectations that non-fundamental tone represents a new source of information to bond
investors signaling information about firm risks and improving the information

environment around a REIT.
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Table 4.6 Regression Results for Disaggregated Tone Measures

Ol

Pl

NPT

Fundamental Tone

Non-Fundamental Tonew

Volume

Bond Price

Coupon Rate

Time to Maturity
Credit Rating

Call Status

VIX

Default Risk Spread
IVOL

Unemployment Rate
Bond Zero Trading Days
Firm Zero Trading Days

Bid-Ask Spread

-0.0050 (0.0039)

0.0017 (0.0006)***
-0.0000 (0.0000)***
-0.0006 (0.0000)***
0.4201 (0.0048)***
-0.0000 (0.0000)***
0.0011 (0.0001)***
0.0050 (0.0002)***
0.0001 (0.0000)***
0.3966 (0.0399)***
-0.0720 (0.0144)***
0.0519 (0.0034)***
-0.0075 (0.0002)***
0.0066 (0.0005)***
0.0966 (0.0049)***

0.0071 (0.0025)***
0.0092(0.0034)***
-0.0000 (0.0000)***
-0.0005 (0.0000)***
0.3594 (0.0048)***
0.0000 (0.0000)***
0.0017 (0.0007)***
0.0037 (0.0002)***
0.0002 (0.0000)***
0.5684 (0.0385)***
-0.0670 (0.0139)***
0.0334 (0.0032)***
-0.0082 (0.0002)

-0.0004 (0.0006)***
0.0649 (0.0048)***

*k%k

-0.0026 (0.0010)***
0.0045 (0.0017)***
-0.0000 (0.0000)***
-0.0005 (0.0000)***
0.3328 (0.0048)***
0.0000 (0.0000)***
0.0011 (0.0007)***
0.0039 (0.00071)***
0.0002 (0.0000)***
0.4976 (0.0378)***
-0.0699 (0.0136)***
0.0297 (0.0032)***
-0.0088 (0.0002)

-0.0003 (0.0004)***
0.0611 (0.0047)***

*k%k

Time FE
Property Type FE
Adjusted R?
Observations

Yes
Yes
0.526
31,812

Yes
Yes
0.563
31,812

Yes
Yes
0.576
31,812

Notes: This Table presents the results of a two-way fixed effects regression of fundamental and non-
fundamental tone measures and bond yield spread. Fundamental tone is the fitted value of the regression
of the respective tone measure on the REIT fundamentals while non-fundamental tone is the residual.
Variable descriptions are in Table 4.1. Standard errors reported in brackets. ***', "**' and '*' denote
significance at the 1%, 5%, and 10% level respectively.

4.6.3 Robustness Checks

We conduct additional analyses to assess the robustness of our results. First, we derive our
tone measures based on the entire financial statement as opposed to only the MD&A
section. This robustness check accounts for the fact that REITs may disclose additional
information in other parts of financial statements (e.g., risk factors, legal proceedings,
regulatory disclosures). We estimate our model in Equation 4.4 for these alternative tone
measures and present the results in Table 4.7. The results are in line with Table 4.4, with
the exception of the coefficient of O/, which changes from significant at the 10% level to
insignificant. This robustness check suggests they are robust to which textual sections in a

REIT financial statement the tone measures are derived from.
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Table 4.7 Robustness Check — Tone Measures Based on Entire Financial Report

Ol

Pl

NPT

Tonet

Volume

Bond Price

Coupon Rate

Time to Maturity
Credit Rating

Call Status

Market Cap
Dividends per Share
FFO

Equity Return
Leverage

VIX
Market-to-Book
Default Risk Spread
IVOL
Unemployment Rate

Bond Zero Trading Days
Firm Zero Trading Days

Bid-Ask Spread

-0.0018 (0.0011)

-0.0008 (0.0001)***
-0.0125 (0.0002)***
0.0086 (0.00071)***
0.0015 (0.0001)***
0.0010 (0.0000)***
0.0017 (0.00071)***
-0.0084 (0.0001)***
0.0004 (0.00071)***
-0.0005 (0.0003)*

0.0033 (0.0003)***
0.0012 (0.0001)***
0.0037 (0.0002)***
-0.0035 (0.0003)***
0.0037 (0.0002)***
-0.0006 (0.0001)***
0.0018 (0.0002)***
-0.0028 (0.0001)***
-0.0007 (0.0002)***
0.0017 (0.0002)***

0.0014 (0.0001)***
-0.0009 (0.0000)***
-0.0124 (0.0000)***
0.0086 (0.0000)***
0.0016 (0.00071)***
0.0010 (0.0000)***
0.0016 (0.00071)***
-0.0082 (0.0000)***
0.0004 (0.0007)***
-0.0003 (0.0002)

0.0031 (0.0002)***
0.0014 (0.0007)***
0.0038 (0.0002)***
-0.0032 (0.0003)***
0.0038 (0.0002)***
-0.0006 (0.0001)***
0.0017 (0.0002)***
-0.0028 (0.0001)***
-0.0008 (0.0002)***
0.0017 (0.0002)***

-0.0009 (0.0003) **

-0.0009 (0.0000) ***
-0.0124 (0.0000) ***
0.0085 (0.0000) ***
0.0016 (0.0001) ***
0.0010 (0.0000) ***
0.0016 (0.0001) ***
-0.0084 (0.0000) ***
0.0005 (0.0001) ***
-0.0009 (0.0003) **

0.0033 (0.0002) ***
0.0013 (0.00071) ***
0.0038 (0.0002) ***
-0.0032 (0.0003) ***
0.0037 (0.0002) ***
-0.0006 (0.0001) ***
0.0018 (0.0002) ***
-0.0028 (0.0001) ***
-0.0009 (0.0002) ***
0.0016 (0.0002) ***

Time FE
Property Type FE
Adjusted R?
Observations

Yes
Yes
0.592
31,812

Yes
Yes
0.590
31,812

Yes
Yes
0.591
31,812

Notes: This Table presents the fixed effects regression results for the three tone measures derived from the
entire REIT financial statement and REIT bond yield spread. Standard errors are reported in brackets. Variable
definitions are in Table 4.1. ***', "** ‘and "*" denote significance at the 1%, 5%, and 10% level respectively.

Second, Wang (2020) shows that the response of investors in the CDS market to
pessimistic tone in the MD&A section of financial statements is stronger for firms closer to
default. Jin et al. (2024) find that the tone in financial statements has particularly strong
predictive power for a firm’s default risk if the firm is, amongst others, experiencing
financial distress. As a consequence, we assess whether a higher default risk of a REIT, as
proxied by a higher leverage and lower credit rating, further increases the predictive power

of negative tone for future bond yield spread.

In particular, we create interaction effects of the tone measures and 1) leverage and 2)
credit rating and estimate our model in Equation 4.4. Our results are presented in Table
4.8. The main effects and interaction term between P/ and leverage is significantly positive.
Thus, a more negative disclosure tone by higher leveraged REITs additionally increases the
bond yield spread. This is in line with Jin et al. (2024) and Wang (2020), who find the
informative value of disclosure tone to be particularly high for firms with higher financial

challenges.

The interaction effect between PI and the credit rating dummy is significantly negative

indicating that for investment-grade (non-investment grade) bonds, a negative tone in

125



The Non-Linear Dynamics of Disclosure Tone and REIT Bond Yields

financial disclosures is associated with a decrease (increase) in bond yield spreads. On the
other hand, the main and interaction effects for O/ and NPT are insignificant or only
significant at the 10% level. Overall, our results in Table 4.8 suggest that the informative
value of negative disclosure tone in REIT financial statements for bond investors increases

for REITs with a higher financial risk.

Table 4.8 Robustness Check - Interaction Effects

Ol

Pl

NPT

Tonew

Tonewr * Leverager
Tonetr * Credit Rating
Volume

Bond Price

Coupon Rate

Time to Maturity
Credit Rating

Call Status

Market Cap
Dividends per Share
FFO

Equity Return
Leveraget

VIX

Market-to-Book
Default Risk Spread
IVOL
Unemployment Rate

Bond Zero Trading Days
Firm Zero Trading Days

Bid-Ask Spread

-0.0005 (0.0004)
0.0079 (0.0071)
-0.0008 (0.0004)*
-0.0009 (0.0001)***
-0.0123 (0.0002)***
0.0086 (0.0001)***
0.0015 (0.0001)***
0.0006 (0.0001)***
0.0016 (0.0001)***
-0.0086 (0.0007)***
0.0004 (0.0001)***
-0.0001 (0.0003)
0.0036 (0.0003)***
-0.0006 (0.0002)***
0.0038 (0.0002)***
-0.0037 (0.0003)***
0.0036 (0.0002)***
-0.0006 (0.0001)***
0.0017 (0.0002)***
-0.0031 (0.0001)***
-0.0007 (0.0002)***
0.0017 (0.0002)***

0.0029 (0.0006)***
0.0056 (0.0008)***
-0.0008 (0.0002)***
-0.0008 (0.0001)***
-0.0124 (0.0002)***
0.0087 (0.00071)***
0.0015 (0.00071)***
0.0007 (0.00071)***
0.0018 (0.0001)***
-0.0085 (0.00017)***
0.0007 (0.00071)***
-0.0003 (0.0002)

0.0034 (0.0003)***
0.0024 (0.0002)***
0.0039 (0.0002)***
-0.0026 (0.0003)***
0.0036 (0.0002)***
-0.0005 (0.0001)***
0.0016 (0.0002)***
-0.0030 (0.0001)***
-0.0005 (0.0002)***
0.0017 (0.0002)***

-0.0010 (0.0006)*
0.0092 (0.0061)

-0.0000 (0.0002)

-0.0009 (0.00017)***
-0.0125 (0.0002)***
0.0087 (0.0001)***
0.0015 (0.0001)***
0.0009 (0.0000)***
0.0016 (0.0001)***
-0.0088 (0.0001)***
0.0007 (0.0001)***
-0.0005 (0.0002)**
0.0037 (0.0002)***
0.0011 (0.0001)***
0.0038 (0.0002)***
-0.0034 (0.0003)***
0.0035 (0.0002)***
-0.0006 (0.0001)***
0.0017 (0.0002)***
-0.0031 (0.0001)***
-0.0008 (0.0002)***
0.0017 (0.0002)***

Time FE
Property Type FE
Adjusted R?
Observations

Yes
Yes
0.604
31,812

Yes
Yes
0.599
31,812

Yes
Yes
0.605
31,812

Notes: This Table presents the fixed effects regression results for the three tone measures, its interaction
effects with leverage and credit rating, and REIT bond yield spread. Standard errors are reported in brackets.
Variable definitions are in Table 4.1. ***', "**' and "* denote significance at the 1%, 5%, and 10% level
respectively.

4.7 Conclusion

The qualitative or soft information in corporate disclosures has been found to improve the
information environment around firms for bond investors (Cao et al., 2025; Jin et al., 2024;
Gupta et al., 2025; Lou, 2019; Roberts and Zhang, 2018). Hereby, not only what a firm
discloses has informative value for bond investors, but also how it discloses information in
terms of tone or readability. We use the findings of previous studies on the relationship of
tone and bond yields (Schmeling and Wagner, 2025; Hirsch et al., 2024; Wang, 2020) as
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a starting point and investigate whether the assumption made by these studies about the

linearity of this relationship is appropriate.

We hypothesize that two dimensions of non-linearity exist in the tone-bond yield
relationship: First, we expect a quadratic relationship of tone, defined as net positive tone,
which jointly considers negative and positive tone in corporate disclosures, to have a
quadratic relationship with the bond yield spread. While a mildly negative or neutral tone
may signal information about a firm’s disclosure practices and credibility to investors,
which reduces their risk perception and yield requirements, a higher positive or negative
tone signals higher risks that impact a firm’s default risk and results in higher bond investor

risk perception and yield requirements.

Second, we disaggregate tone into a component that can be explained with firm
characteristics and a non-fundamental component. We hypothesize that these
components of net positive tone impact bond yield spreads differently. While we expect
the fundamentals-based tone to have a negative relationship with bond yield spread, we
expect the non-fundamental tone to have a positive relationship one. Additionally, the
non-fundamental tone is expected to have a higher predictive value for bond yield spread

as it contains new information for bond investors.

In our empirical analysis, we use equity REITs as a laboratory and apply a multi-method
approach. In particular, we use a large language model (ROBERTa) to extract tone measures
from the financial statements of 68 bond-issuing REITs over the period of 2011 to 2024
and employ an XGBoost algorithm in combination with ALE plots to assess the linearity of
the tone-bond yield relationship. We also use conventional fixed effects regression to
assess the relationships of aggregated and disaggregated tone measures with REIT bond

yields.

Our results provide evidence for the two dimensions of non-linearity in the tone-yield
relationship. We firstly show that net positive tone has a quadratic relationship with REIT
bond yield spread in the next month. We secondly find the fundamental and non-
fundamental net positive tone to predict the future REIT bond yield spread in different
directions. While fundamentals-based net positive tone negatively predicts the REIT bond
yield, the non-fundamental net positive tone positively predicts it. Our results suggest that
the non-fundamental component of disclosure tone has a higher informative value to bond
investors than the fundamentals-based component. Overall, our results suggest that the
relationship of disclosure tone and bond yield is more complex than assumed in previous
studies, and future investigations need to account for aspects of non-linearity identified in

this study.
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Practical implications arise for both REIT managers and bond investors. Managers should
avoid overly positive or negative tone and ensure alignment with fundamentals to limit
financing costs. For investors, disclosure tone, especially its non-fundamental component,

provides useful additional signals for predicting bond yield spreads.
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5 Conclusion

5.1 Executive Summary

This section provides a comprehensive summary of the three research papers that comprise
the cumulative thesis. It discusses the objectives of each study, the data and methodologies

used, as well as the main results and implications for science and practice.

Paper 1: Dynamics of REIT Returns and Volatility: Analyzing Time-Varying

Drivers Through an Explainable Machine Learning Approach

Problem and Objective

Understanding the determinants of REIT returns and the underlying volatility is crucial for
investors, policymakers, and academics, particularly in times of economic uncertainty.
Despite a large existing body of literature, most studies have analyzed REIT returns and
volatility separately, often relying on linear, cross-sectional frameworks that may overlook
their time-varying, dynamic, and interconnected nature (see, e.g., Letdin et al., 2019; Chui
et al., 2003; Clayton and MacKinnon, 2003). This separation creates a fragmented view,
limiting the ability to capture how risk and return evolve jointly across various market states
and crisis periods. In addition, linear models struggle to address the inherent non-
linearities, non-stationarity, and complex interactions typical of financial time series, raising

concerns about mis-specified models and underestimated risks (Loo, 2019).

To address these limitations of linear models, the objective of this paper is to
simultaneously analyze REIT returns and volatility over time using machine learning
algorithms. By combining REIT-specific financials with macroeconomic factors, the study
aims to determine how the importance of these drivers shifts across market cycles, with a
particular focus on crisis periods. Moreover, the study seeks to identify potential non-

linearities between predictors and REIT returns and volatility.
Methodology and Data

The sample for this study comprises 114,806 weekly return and volatility observations of
151 U.S. equity REITs that were constituents of the NAREIT index at any time during the
sample period from 1991 to 2022. This long horizon encompasses multiple crisis periods,

including the Asian financial crisis, the dot-com bubble, the Global Financial Crisis (GFC),
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and the COVID-19 pandemic, all of which were marked by heightened market uncertainty.
The study uses REIT-specific market and accounting data (from Eikon) as well as

macroeconomic data (from FRED).

To overcome the shortcomings of traditional linear models, this study employs a robust
methodology that combines machine learning models with explainable artificial
intelligence (XAl). Specifically, the eXtreme Gradient Boosting (XGBoost) algorithm is
employed to forecast REIT returns and volatility. This machine learning algorithm builds
predictive models by systematically combining weak predictive models (i.e., decision trees)
into a strong learner. To enhance transparency and interpretability and to overcome the
often-cited “black box” nature of machine learning models, Shapley Additive Explanations
(SHAP) and Accumulated Local Effects (ALE) are utilized to decode the internal processings

of the predictive model.
Results and their Contribution to Science and Practice

The results reveal that the characteristics influencing REIT returns and volatility display
time-varying properties, indicating that different factors dominate various market phases.
While macroeconomic indicators played a major role in explaining returns in earlier years,
in recent decades, REIT-specific fundamentals have become increasingly influential.
Volatility is more evenly driven by both macroeconomic and REIT-specific variables, yet
economic conditions were particularly influential during the 2010s. Importantly, crises lead
to substantial deviations from long-run patterns for both return and risk, while the
correlation between risk and return drivers increases during these periods. From a scientific
perspective, the analysis uncovers significant non-linearities that traditional models fail to
capture, underscoring the advantage machine learning methods. From a practical
perspective, the results enhance transparency, allowing investors to tailor portfolio
strategies to shifting market states, while policymakers can better assess the impact of

regulation on REITs.
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Paper 2: Location Matters: Local Real Estate Market Risk and Geographic
Diversification in REIT Public Debt

Problem and Objective

Corporate bond risk premia and their determinants have been widely studied in relation to
default risk, tax premium, liquidity risk premium, and equity volatility premium (Driessen,
2005; Huang and Huang, 2012; Bai et al., 2020). However, despite the increasing reliance
of REITs on public debt markets, relatively little is known about how real estate-specific
factors influence the pricing of REIT bonds. Unlike other firms that issue corporate bonds,
REITs derive their cash flows directly from income-generating properties, which makes
their credit risk inherently tied to spatial factors. While earlier research has investigated
investor sentiment (Freybote, 2016) and institutional ownership (Gilstrap et al., 2022) as
determinants of REIT bond pricing, the role of location-based risks remains underexplored.
Ibrahim and Falkenbach (2024) address geographic diversification of a REIT's property
portfolio within a linear framework, which may not adequately capture the complex and

potentially non-linear effects.

On the equity side, Zhu and Lizieri (2022) show that REITs with a high local beta earn
higher returns as compensation for location-based risk, whereas evidence on geographic
diversification remains inconclusive (Feng et al., 2021; Huerta and Mothorpe, 2024). This
raises the question of whether debt markets evaluate these factors differently, given

bondholders’ higher claim priority and their stronger focus on downside risks.

The objective of this paper is to analyze how two locational factors, namely local real estate
market risk and geographic diversification, influence REIT bond risk premia. Bondholders
are expected to price local real estate market risk differently from equity holders due to
their claim priority and limited upside potential. Accordingly, investors are expected to
demand higher compensation for holding bonds issued by REITs with property portfolios
in locations that are more sensitive to real estate market shocks. However, this effect is
expected to be weaker compared to the one found for stock returns, since bondholders
are repaid before equity holders in case of liquidation and therefore might be less sensitive
to geographic risks. Geographic diversification is assessed with a focus on potential non-
linear effects consistent with the diminishing marginal benefits suggested by Modern
Portfolio Theory. Additionally, the study examines how these two dimensions interact to

jointly influence the pricing of REIT bonds.
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Methodology and Data

The dataset covers 30,186 monthly bond observations of 60 U.S. REITs from 2010 to 2023,
along with 27 explanatory variables. These variables include bond information, property
location data, accounting data and macroeconomic indicators sourced from TRACE, S&P
Capital 1Q, Eikon, and FRED. Local real estate market risk is captured through a local beta,
following Zhu and Lizieri (2022), which measures each REIT’s sensitivity to local property
market fluctuations based on the NCREIF Total Return Index. Geographic diversification of

a REIT's property portfolio is quantified using the Herfindahl-Hirschman Index (HHI).

The methodological approach combines machine learning with traditional econometric
models, driven by the need to capture complex, non-linear relationships while maintaining
interpretability and statistical rigor. An artificial neural network (ANN) is employed to
model non-linearities and interactions that conventional linear specifications may not
capture. To address interpretability, ALE plots are applied, which provide systematic
insights into the marginal impacts of predictors on bond risk premia. Building on these
insights, a fixed effects regression with polynomial transformations is estimated to validate

the patterns identified by the ANN and ground them in an econometric setting.
Results and their Contribution to Science and Practice

The results indicate that both local real estate market risk and geographic diversification
significantly influence REIT bond risk premia. First, higher exposure to local market risk is
associated with higher bond risk premia, indicating that bondholders demand
compensation for REIT portfolios that are more sensitive to regional property market
shocks. Second, geographic diversification does not consistently reduce the cost of debt,
but rather exhibits a non-linear impact, where the benefits diminish as portfolios become
more widely dispersed. Finally, the interaction between local risk and diversification
indicates that REITs operating in more volatile markets benefit disproportionately from
diversification, as spreading assets across regions reduces bond risk premia.

From a scientific perspective, the paper contributes to the bond pricing literature by
incorporating real estate-specific locational factors and by demonstrating the added value
of combining machine learning with traditional regression methods to uncover non-linear
effects and interactions. From a practical perspective, the impact of geographic allocation
decisions on the cost of debt should motivate REIT managers to optimize long-term
financing strategies. For investors, the findings indicate that local market risk is a major

driver of bond premia, offering a valuable complement to firm-level financials.
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Paper 3: The Non-Linear Dynamics of Disclosure Tone and REIT Bond Yields

Problem and Objective

When evaluating corporate credit risk, bond investors face informational asymmetries with
issuing firms, which can translate into higher bond yields (Han and Zhou, 2014). A major
challenge is that accounting data is backward-looking and disclosed infrequently, leaving
gaps in assessing default risk (Duffie and Lando, 2001). These limitations have led to a
growing body of research on whether qualitative information can complement financial
indicators and enhance credit risk assessment (Lou, 2019). Evidence from the broader
finance literature shows that disclosure tone predicts default risk and bond pricing (Jin et
al., 2024), suggesting that tone carries important risk signals and improves the information
environment around a firm. Yet most studies assume a linear effect (Schmeling and
Wagner, 2025; Wang, 2020), potentially missing that both overly negative and overly
positive tone may increase risk perception. Bond investors, who are primarily institutional,
tend to weigh negative information more heavily, which may explain why a moderately
negative tone can lower yields by signaling transparency (latridis, 2016). In contrast,
excessive pessimism or optimism may instead raise concerns about default risk or the
potential for litigation. Moreover, most studies use aggregated tone measures, although
tone not tied to fundamentals may provide new information of greater value to bond
investors.

Therefore, the objective of this paper is to examine whether the relationship between
disclosure tone and REIT bond risk premia is non-linear. The first dimension addresses the
possibility of a quadratic relationship, where a mildly negative or neutral tone reduces risk
premia, while overly optimistic or pessimistic tone increases them. A second dimension
relates to the distinction between fundamentals-based and non-fundamental tone. The
former is expected to predict yields negatively, while the latter is expected to positively
predict them and provide greater informational value by capturing incremental signals

about managerial disclosure practices not contained in existing financial data.
Methodology and Data

The sample for this study consists of 31,812 monthly bond observations from 68 U.S.
equity REITs between 2011 and 2024. Disclosure tone is measured using the net positive
tone (VPT) derived from quarterly 10-Q/K filings. The tone measures are generated through
the RoBERTa model (Liu et al., 2019), a state-of-the-art large language model in natural

language processing, where NPT reflects the balance of positive and negative language.

140



Conclusion

Alongside the sentiment measures, the analysis incorporates bond, liquidity, accounting,
and macroeconomic variables from TRACE, Compustat, CRSP, and FRED. Following Ling et
al. (2014), an orthogonalization approach is used to separate tone grounded in firm
fundamentals from tone independent of fundamentals.

The methodological framework applies a multi-method design that integrates traditional
econometric techniques with machine learning. A fixed effects regression is estimated to
provide a linear baseline. To capture non-linearities, an XGBoost model is employed,
complemented by ALE plots. Finally, quadratic terms are incorporated into the regression

model to validate the non-linear patterns identified by the machine learning approach.
Results and their Contribution to Science and Practice

The results indicate a clear non-linear relationship between disclosure tone and REIT bond
yields across both dimensions. First, a quadratic pattern emerges for net positive tone
(NPT). A mildly negative to neutral tone is associated with lower bond risk premia, while
both highly optimistic and highly pessimistic tone predict higher premia. This suggests that
bond investors reward moderate transparency but interpret extreme sentiment as a signal
of increased risk. Second, a fundamentals-based tone negatively predicts risk premia, while
a non-fundamentals-based tone positively predicts them and exhibits stronger predictive
power. This indicates that non-fundamental tone captures incremental information not
embedded in standard financial indicators. Tone explained by fundamentals can signal
managerial dedication to transparency and disclosure quality, thereby reducing required
yields. In contrast, non-fundamental tone conveys additional information about
managerial sentiment or risk perception that is not captured by quantitative variables and

thus carries higher informational value for bond investors.

The study makes three key contributions to science. First, it challenges the prevailing
assumption of linearity in the tone-yield relationship by demonstrating that disclosure tone
operates in a quadratic manner, thereby enriching the finance and accounting literature
on sentiment in corporate disclosures. Second, it provides evidence that non-fundamental
tone carries more substantial informational value for bond investors than fundamentals-
based tone, extending existing research on disclosure analysis. Third, it applies textual tone
analysis to the REIT bond market, advancing the relatively small body of literature on REIT
debt and contributing to the broader field of real estate finance. From a practical
perspective, the findings highlight that bond investors can utilize disclosure tone,
particularly its non-fundamental component, as an additional risk signal. Meanwhile, REIT
managers should avoid excessively extreme tone and ensure alignment with fundamentals

to minimize financing costs.
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5.2 Final Remarks

The listed real estate universe is currently undergoing a profound shift as fluctuating
interest and inflation rates trigger tighter regulatory requirements that make capital more
selective. At the same time, the rapid growth of big data and the rise of digital tools,
especially machine learning algorithms, are offering new opportunities to study, monitor,
and ultimately price risk in REIT equity and debt markets. In this dynamic environment,
accurately pricing risk in listed real estate has become both more urgent and more complex
(Letdin et al., 2019). A key challenge is that REITs occupy a unique position at the interface
between physical property markets and financial markets, which makes their analysis
distinct from that of other firms. As listed vehicles, they channel property-level cash flows
into two distinct layers of the capital structure, equity and debt, each with its own
mechanisms of risk transmission and pricing. While the distinction between equity
investors (who are exposed to volatility and upside potential) and bondholders (who are
focused on downside protection and default risk) has been well established in the general

finance literature (Choi et al., 2022), systematic analysis in the REIT sector remains limited.

These gaps call for approaches that move beyond conventional frameworks and exploit
the growing availability of large-scale data and advanced methodologies (Breiman, 2001).
However, much of the existing finance and real estate research relies on linear regression
models, which implicitly assume proportional relationships between predictors and
outcomes. This is problematic, as financial time series are inherently non-linear, non-

stationary and dynamic (Gu et al., 2020; Bianchi et al., 2021).

Moreover, quantitative indicators alone do not fully capture the forward-looking and
qualitative dimensions of risk. Corporate disclosure, management tone, and sentiment
embedded in textual data transmit additional signals that shape investor perceptions and
financing costs (Lou, 2019). These soft signals are particularly relevant in the presence of
persistent information asymmetries, where investors lack the full understanding of a
company’s situation (Baker and Wurgler, 2007; Feng, 2021). Taken together, these
considerations necessitate an integrated approach to studying REIT equity and debt
markets that acknowledges their joint and distinct characteristics, accounts for non-

linearities, and incorporates both quantitative and qualitative sources of information.

This dissertation addresses these challenges by advancing the methodological and
informational toolkit available for studying REIT equity and debt markets. By applying
modern machine learning methods in combination with XA, this dissertation
demonstrates how advanced algorithms can uncover dynamics that remain hidden in

traditional linear frameworks. At the same time, XAl techniques help to open the “black
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box” of machine learning, making it possible to interpret model logic and connect

predictive patterns to economic reasoning (Mullainathan and Spiess, 2017).

A central insight is that relationships in REIT markets are not static but time-varying and
non-linear, requiring approaches that can capture threshold effects, regime shifts, and
interactions. Accounting for these dynamics is crucial for developing investment strategies
and assessing risk under various market conditions. At the same time, the thesis shows
that combining machine learning with econometric methods enhances predictive power
without losing theoretical clarity and interpretability. Moreover, the importance of spatial
factors in REIT pricing is demonstrated, as local market conditions and geographic
diversification shape how real estate shocks transmit into risk premia. Lastly, the
dissertation demonstrates that soft information from corporate disclosures can improve
the understanding of risk drivers beyond what is contained in financial and macroeconomic
data. Incorporating both quantitative and qualitative sources of information helps to
mitigate information asymmetries and reduces reliance on purely backward-looking
indicators. Collectively, these findings may reduce information frictions, and enable

investors, managers, and policymakers to make more informed decisions.

Nonetheless, several limitations and areas require further research to fully understand REIT
equity and debt markets using machine learning. From a methodological perspective,
machine learning methods lack the economic intuition and judgment necessary to
understand the problems they are solving. Their outputs must therefore be critically
assessed and guided by human expertise. XAl tools can enhance transparency and help
reveal model logic, but they also come with their own limitations, such as sensitivity to
collinearity or dependencies between features, which can bias interpretation (Aas et al.,
2021). Future research should therefore continue to explore the combination of machine
learning and traditional econometric approaches to ensure that predictive advances

translate into meaningful knowledge for both research and practice.

From a market and pricing perspective, future research could examine how risk premia
across the capital structure respond under different market cycles. Location-based risk
measures could be extended with more granular data on property exposures, climate risks,
or tenant structures to capture the channels through which location affects bond and
equity investors. Finally, disclosure analysis could benefit from incorporating other textual
sources, such as earnings calls, analyst reports, or sustainability disclosures to offer more
profound insights into how qualitative signals affect financing costs. While this dissertation
cannot provide final answers to the complexities of REITs, it marks a step forward in

understanding their dynamics and serves as a catalyst for future research in this area.
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