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Abstract. This thesis explores the relationship between news-based and market-based
investor sentiment and the returns on corporate green bonds, focusing specifically on the S&P 500
firms. The study tests two hypotheses: (1) Market and news-based sentiment indicators positively
predict fluctuations in corporate green bond returns; and (2) Market-based sentiment more
accurately predicts these fluctuations compared to news-based sentiment. Using the S&P 500
Green Bond Index as the benchmark, three sentiment indicators are evaluated for their
effectiveness in forecasting green bond returns. Despite mainstream literature indicating
otherwise, the employed Ordinary Least Squares (OLS) regression models indicate a statistically
insignificant relationship between green bond returns and all of the sentiment indicators.News-
based sentiment indicators provided a marginally more consistent and stable prediction over the
studied period from 2014 to 2024. This research contributes to the temporal understanding of how
investor sentiment impacts green bond returns, among else highlighting the importance of robust
and representative data.
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1. Introduction

Though historically dominated by supranational organizations, the green bond market has seen
periods of substantial growth. According to the Climate bonds initiative (2024), 2021 saw the EU
and the U.S issue more than 800 million USD worth of Green Bonds. This decreased somewhat in
the following years, partially due to the increase in international tensions. The global cumulative
green bond issuance has reached over USD 3 trillion, and Morgan Stanley even refers to this
evolution as the green bond boom (Flammer, 2021). Green bonds are defined as “... any type of
bond instrument where the proceeds will be exclusively applied to finance or re-finance, in part or
in full, new and/or existing eligible green projects and which are aligned with the four core
components of the Green Bond Principles (GBP), namely, the use of proceeds, the process for
project evaluation and selection, the management of proceeds, and reporting” (Green Bond
Principles, 2021). Green bonds can be issued by anyone from private companies to government
agencies or large international organizations. This paper distinguishes between corporate (issued
by firms) and sovereign (issued by governments) green bonds, however other types of green bonds
do exist (e.g. Municipal) (Flammer, 2021). Even though it was not always the case, the integration
and sale of green bonds today can be seen worldwide (Pham and Cepni, 2022). In fact, green bonds
are one of the most influential financial tools in the relatively new sphere of impact investing
(Flammer, 2021). Impact investing can be understood as describing a new set of financial
instruments that are catered not only for financial return, but importantly also for environmental
impact (Barber et al, 2021; Flammer, 2021; Geczy et al., 2021). For example, Green corporate
bonds now account for almost 6% of global corporate bonds outstanding, as opposed to the 1% in
2014 (Caramichael & Rapp, 2024). The world’s first green bond was issued by the European

Investment Bank (EIB) in June of 2007 (Pifieiro-Chousa et al., 2021; Tang & Zhang, 2018). They



called it the Climate Awareness Bond (CAB), which provided novel clarity and accountability
through the dedicated use of proceeds (EIB, 2022). The first green sovereign bond was issued in
Poland followed by France in 2016 and 2017 respectively (Tang & Zhang, 2018). Malaysia on the
other hand, is credited to have issued the world’s first green Islamic bond, the green Sukuk, to
finance climate resilient growth in 2017 (Tang & Zhang, 2018). The EIB is credited to play a
foundational role in helping establish green bonds as a legitimate asset class, mainly through the
scale of CAB issuance and market standards (EIB, 2022). 2007 was also the year of the first AAA-
rated green bond, and the first corporate green bond was issued in 2013 (Pifieiro-Chousa et al.,
2021). The original and preserved role of green bonds is to aid combat the adverse effects of
climate change. However, according to Climate Bonds Initiative (CBI) estimates, for green bonds
to have a significant impact on climate targets set by the Paris Climate Agreement (2015), the
green bond market ought to have breached 1 trillion USD by 2020. According to the data from
CBI, green bond issuance plateaued somewhat after 2019, with 2020 yielding $300 billion in green
bond issuance, which is far below the $1 trillion goal. The issuance was much higher in 2021,
reaching over $550 billion and receding only somewhat in 2022, achieving almost $500 billion.
The first quarter of 2024 on the other hand, was a record-breaking quarter, with almost $200 billion
of Green Bonds issued (CBI, 2024). The Paris Climate Agreement was not only one of the most
famous climate pacts of its time but also the first legally binding international treaty on climate
change (A successor of the Kyoto Protocol (1997) & Marrakech Accords (2001)). According to
the United Nations (UN), 2015 was a landmark year, with multiple major international agreements
adopted. All 196 UN member countries agreed not only to reduce greenhouse gas (GHG) emissions

by 43% by 2030, but also committed to the new 2030 Agenda for Sustainable Development®. At

2 after the UN Sustainable Development Summit in New York
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the heart of this agenda are the 17 so-called Sustainable Development Goals (SDG’s) which
provide a shared blueprint for human and planetary prosperity. The SDG’s build on decades of
prior work among the UN members, concerning themselves with global poverty, health, education,
inequality and among others, also fighting climate change and promoting the preservation of
nature. Though work has been going on for decades, the Paris Climate Agreement became the
beacon of multilateral communication and collaboration in the fight against climate change, as for
the first-time nations stood united. The Agreement builds partially on the Copenhagen Accord
(2009) where financial markets were cemented as having a central role in the fight against climate
change through the mobilization of private investments for mitigation or adaptation projects
(Pifieiro-Chousa et al., 2021). This central role very much remained and is not uncommon practice,
for example, the European Commission introduced the so-called European Green Deal in 2019.
This deal legally commits all 27 EU member states under EU Climate Law, to actively engage in
transforming Europe into the first climate-neutral continent in the world by 2050 (EC, 2019).
Reboredo (2018) indicates that though climate risks are recognized as a global issue, green bonds
are mainly issued in EUR and USD denominated currencies covering approximately 80% of total

green bonds issued®.

For a corporate green bond, or any green bond for that matter, to be certified as green, it must
undergo third-party verification to establish that the proceeds are used for projects generating
environmental benefits (Flammer, 2021). According to Pifieiro-Chousa et al., (2021), green bonds
can be considered the main example of an innovative fixed-income investment product that could
gather enough capital to finance the fight against climate change. This is also what makes them

desirable for a wide range of investors who have environmental strategies or are socially conscious.

% Nowadays also China is among the leaders in Green Bond issuance (CBI, 2024)
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The rise in green assets and green bonds is a global trend, that follows an increase in corporate
focus towards building a “green image”, which can often translate into real value for firms
(Pifieiro-Chousa et al., 2021). This also provides room for many investors who hope to profit from
consumers willing to pay a premium for certified green products or business practices. Pifieiro-
Chousa et al., (2021) also discuss a strain of literature that focuses on the yield differential between
green and conventional bonds. Literature commonly refers to this as the green bond premium, or
the greenium (Pifieiro-Chousa et al., 2021; Gianfrate and Peri, 2019). The most common
explanation for the greenium is that disclosure and reporting requirements are often associated
with additional costs for the issuers of Green Bonds (Fatica et al., 2021). However, an alternative
explanation would simply be that the high demand for green bonds creates a mismatch between
supply and demand (Pifieiro-Chousa et al., 2021). Recently, Caramichael & Rapp (2024) find on
average a 3-8 basis point (bp) lower borrowing cost for corporate green bonds as opposed to regular
corporate bonds. This is in line with Zerbib (2019) who also shows a significant negative premium
for green bonds compared to conventional bonds. It seems that while green bond governance and
external review matter for the greenium, the relevance and credibility of the underyling projects
do not (Caramichael & Rapp, 2024). Though empirically seen since 2019, the greenium seems to
favor large investment-grade issuers®, which has implications for the real role that green bonds

play in globally incentivizing useful green investments (Caramichael & Rapp, 2024).

Globally recognized brands have unsurprisingly not shied away from issuing green bonds either.
In 2014, Toyota issued the largest corporate green bond (at the time) valued at $1.75 billion
(Moodie, 2016). In the same year, Unilever issued a £250 million green bond to reduce GHG

emissions from existing factories, and in 2017, Apple issued a $1 billion green bond to finance

4 mostly in developed economies and the banking sector (Caramichael & Rapp, 2024)
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sustainable practices at its facilities and in its supply chain (Flammer, 2021). Compared to the
global bond market, the green bond market is relatively small, however over time this discrepancy

is predicted to shrink (Pifieiro-Chousa, 2021).

In all the time that financial markets have operated, there have been many notable instances of
panic, crashes or simply mania that are difficult to explain using economic fundamentals alone
(Zhou, 2018). An event where a dramatic change in the level or prices seems to defy explanation
is defined as mania or crash (Baker & Wurgler, 2007). Some notable examples include the Great
Crash of 1929, the Black Monday Crash of October 1987, the Internet or Dot.com bubble of the
1990’s and the Financial Crisis in 2007-08 (Baker & Wurgler, 2007; Zhou, 2018). Historically
standard financial models, which often used rational investors and efficient markets as their
assumptions, had a very hard time accommodating these price patterns (Baker & Wurgler, 2007).
Therefore, researchers in behavioral finance tried to augment the standard models, by including
two basic yet important assumptions. The first being that investors are in fact influenced by
sentiment, where sentiment is simply defined as the belief about future cash flows or investment
risks that is not justified by the facts available (Baker & Wurgler, 2007). The second assumption
is that betting against sentimental investors is costly and risky. Empirical evidence at the time
pointed towards rational investors (or Arbitrageurs) not being as aggressive in forcing prices back
to their fundamental value as the standard models would like to suggest (Baker & Wurgler, 2007).
The first assumption was described by De Long et al., in 1990 and the second assumption was

commented on by Shleifer and Vishny in 1997 (Baker & Wurgler, 2007).

The paper by De Long et al. in 1990 is regarded as one of the first influential papers to contribute
to the concept commonly referred to as Investor Sentiment. They managed to show that the

unpredictability of noise traders’ beliefs (noisy trading risk) can be responsible for asset prices



diverging from their fundamental value (Zhou, 2018). This is strange, because it happens even in
the absence of fundamental risk. Since the introduction of Investor Sentiment, several models have
been developed to help clarify how sentiment evolves and impacts the financial markets. Due to
the inability to directly observe sentiment, it essentially depends on how accurately we can
estimate it in the market. Initially the best indicator was the closed-end fund discount®, but more
recently indexes comprised of multiple indicators have been used (Zhou, 2018). One of the most
famous such indexes formed was the Baker & Wurgler (BW) (2006) investor sentiment index
which incorporates 6 indicators including the closed-end fund discount (Zhou, 2018). This index
was influential because it was able to capture investor sentiment much better than any one of its
indicators could alone. This was initially described for the movement of stocks; however,
sentiment and bonds seem to work in a similar way as sentiment and stocks do (D’Hondt & Roger,
2018; De Long et al., 1990). Today, we recognize multiple sources from which academia extracts
investor sentiment. Historically most sentiment indexes were commonly based on market data
(Baker & Wurgler, 2006; Brown & Cliff, 2005; De Long et al., 1990), however over time survey
data emerged and recently more academics have also been using text and media data (Zhou, 2018;
Dong & Gil-Bazo, 2020; Pifieiro-Chousa et al., 2021). The use of investor sentiment indexes and

the major trends in literature will be discussed further in-text.

Sentiment being an intangible concept, it requires a broader scope to be explored in a quantitative
sense. Better said, it requires an understanding of consumer human rationale and consumer (or
investor) decision-making. Almost two decades ago, Baker and Wurgler (2007) discuss how
psychological factors significantly contribute to the understanding of investor behavior. They

challenged the notion that investors behave rationally and that markets are perfectly efficient.

® as explained by Lee, Shleifer & Thaler (1991)
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According to Baker and Wurgler (2007), emotions and cognitive biases play a critical role in the
functioning of financial markets. This is in-line with the development of behavioral finance, which
is focused on integrating insights from psychology into economic models. This integration helps
better explain market anomalies otherwise unjustified by traditional theories. Some commonly
discussed biases include overconfidence, herd behavior or risk aversion (Baker & Wurgler, 2007).
If common enough in the market, these biases can influence market trends or cause sentiment-
driven mispricings (Lopez-Cabarcos et al., 2017; Brown & Cliff, 2005). For Green bonds, we
commonly witness the greenium, which is simply a green bond priced away from its fundamental
value. If the greenium is in fact caused by the investors belief, then this kind of relationship should
be reflected in the mood of the green bond market as well (Caramichael & Rapp, 2024). This
relationship can be captured through investor sentiment, and help fully comprehend the dynamics

of the market (Pifieiro-Chousa et al., 2021; Caramichael & Rapp, 2024).

Whether the rising demand for green assets is a temporary trend, or a real response to imminent
danger will likely be long debated between ideologically diverse groups (Pifieiro-Chousa, 2021).
The consensus among researchers seems to be that green bonds are the result of an increase in
environmental risks and concerns (Pifieiro-Chousa et al., 2021). Following this train of thought, it
is easy to believe that the demand for green bonds will continue to increase. With rising
investments in green bonds, the more key it becomes to understand how green bonds and financial
markets co-move. Reboredo (2018) argues to this point that this is important information for many
interested parties (Investors, Researchers, Policy makers...etc.), as it highlights important
relationships. Good examples would include (but are not limited to): the diversification benefit of
allocating green bonds into portfolios or the impact of price fluctuations (in the financial market)

on green bond prices (Reboredo, 2018). Pham and Huynh (2020) also discreetly underline the



importance of green bonds as an environmentally oriented financial instrument. They highlight
two important points, the first being that empirical evidence highlights how the green bond market
is correlated with the fixed-income currency markets (Reboredo & Ugolini, 2020; Tang & Zhang,
2018), even though it is weakly correlated to stock, energy and high-yield corporate bond markets
(Pham & Huynh, 2020). Therefore, offering some diversification benefits for their investors.
Secondly, with concerns over climate change ever present, more investors search for explicitly
environmentally friendly investments (Pham & Huynh, 2020). Put together, understanding the
complex interdependencies between investor sentiment and the green bond market can promote

more adequate implementations of policy for green finance (Pham & Huynh, 2020).

The extension of current literature and focus of this paper will be the following. One market-based
sentiment indicator will be used in a model with Green Bond returns. This model will be placed
against two sentiment indicators® constructed and based on news articles respectively. I hope to
see whether news sentiment can be plausibly used to proxy investor sentiment for corporate green
bond returns as well as other (market based) sentiment indicators can. I will focus on the S&P 500
firms because most green bonds are still issued by large brands, and the S&P 500 provides a great
index to work on. Therefore, I consider corporate bonds, or ones issued by firms. It is important
to understand how and to what extent our knowledge of bond markets can be applied as is, when
considering the complex and novel workings of the green bond market. Seeing that green bonds
are a response to a globally acknowledged climate trend, it is not unwise to assume that news

sentiment could potentially prove useful in predicting investors’ green bond sentiment (Dong &

® Using the same base model



Gil-Bazo, 2020; Piiieiro-Chousa et al., 2021). For the purposes of this paper the research question

(RQ) is as follows:

RQ: Is news sentiment better suited to predict fluctuations in U.S corporate green bond returns?

1. Literature Review

In 2002, Daniel Kahneman, an American psychologist, received the Nobel Prize in economics for
his work illuminating the role psychology plays in the decisions economic agents make under
uncertainty (KVA, 2002). Influential works such as these showcase the importance of
understanding the complex nature of interdisciplinary relationships. In Kahneman’s case, the result
was the role of psychology being cemented into our core understanding of economic rationale
(Phuong and Nhung, 2021). More recently, Phuong and Nhung (2021) indicate that psychology
can possibly provide an additional perspective in explaining stock price changes in the stock
market other than the traditional Fama’s 1970 efficient market hypothesis (EMH) and standard
asset pricing models. The efficient market hypothesis, as presented by Eugene Fama (1970),
conveys a simple idea that it should be impossible to consistently outperform the market. In other
words, if anyone could consistently outperform the market, then everyone would, and soon it
would not yield any above-market results. Fama believed that all publicly available stock
information must be reflected in the price of the stock, one reason for this belief was the vast
volume of trades occurring in the market. He made the distinction between 3 types of the EMH,
namely: Weak form, Semi strong form and Strong form EMH (Fama, 2017). According to Fama

(2017), Weak form market efficiency describes the situation in which current market prices reflect
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historical information (i.e. prices). Semi strong form extends this notion to include all publicly
available information at the time. Lastly, the Strong form goes even further to assume that accessed
insider (Monopolistic) information is reflected in the market. All these forms reflect an instance of
an efficient market (Fama, 2017). If markets are efficient then the simple conclusion is that if
stocks trade at a fair value, it is impossible to arbitrage them consistently for abnormal profits (thus
outperforming the market as well). Even though this relationship seemed to hold, there are
documented instances where prices fluctuate away from their fundamental values. One great
example is the premium for green bonds, or in other words, the greenium. Fama, according to his
EMH, would only attribute the outperformance to blind luck, but this seems far from reality as the
trend is visible over long periods of time. Furthermore, alternative views on the EMH point out
there are times of high pessimism or optimism, which correspond to the prices of stocks or bonds
to be respectively underpriced or overpriced, which goes directly against the conclusions of the

EMH.

2.1 Investor Sentiment

This type of mispricing based on excessive optimism or pessimism known as investor sentiment
was visited by Baker and Wurgler (2006), who defined it as mentioned above: “a belief about
future cash flows and investment risks that is not justified by the facts at hand”. There were
pioneering studies conducted already in the 1980’s on sentiment and bond returns, however the
role of sentiment was implicit and the empirical evidence far from strong (Baker and Wurgler,
2007). This resulted in weak statistical inferences or ones with limited economic interpretation
(Baker and Wurgler, 2007). Studies in the early 2000’s therefore quickly adopted novel methods
to estimate the effects of sentiment (Pifieiro-Chousa et al., 2021). Most of the time the advances
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came from behavioral finance theory, however the roots can be traced to the 1990°s behavioral
models by DeLong, Shleifer, Summers and Waldmann (Baker and Wurgler, 2007). They describe
the basic setup for investor sentiment, which distinguishes between two types of investors. The so-
called rational arbitrageurs, who are sentiment-free, and the irrational traders who can be prone

to exogenous sentiment (Baker and Wurgler, 2007).

Rational arbitrageurs are also further limited compared to irrational traders, as they have much
shorter time horizons and stricter trading constraints —also known as Short Sale Constraints (Baker
and Wurgler, 2007). Due to the nature of rational arbitrageurs, prices are not always considered as
part of their fundamental values, as they are mostly focused on arbitrage opportunities. The two
types of investors naturally differ and compete in the market to set the prices. Mispricing arising
from both investor types can be modelled out of two factors: arbitrage restrictions for rational
investors and a change in sentiment for irrational investors (Baker and Wurgler, 2007). With
respect to the second factor, which can also be called the uninformed demand shock, Brown and
CIliff (2005) point to sentiment being a very persistent effect, which can cause consecutive demand
shocks of uninformed noise traders to correlate over long periods of time. This can ultimately cause
persistent mispricings. Additionally, if mass groups of irrational sentiment investors (the second
factor) trade in unison, they may generate a sizeable proportion of total trading. This in turn
increases the risk and cost for rational arbitrageurs to bet against them (Shleifer and Vishny, 1997),
because it is unclear how persistent the overall sentiment pressure in the market will remain.
Theory and empirical data however also show that mispricings are eventually always corrected, so
it is common to see periods of high/positive optimism/sentiment followed by periods of consistent

low returns, and vice versa (Schmeling, 2009).
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Because it is impossible to measure investor sentiment directly, the construction of the most
appropriate sentiment indicator has been a topic amongst academics for decades. In 1991, Lee et
al., first used the discount rate of closed-end funds as an indicator, however studies have since

proposed three main categories for investor sentiment proxies’.

The first category comprises of subjective indicators created through investigation (e.g. Surveys),
an example is the American Association of Individual Investors (AAII). It is good to note here that
though sentiment indicators can directly reflect investors’ psychological predispositions, the

resulting transactions made by said investors might not consistently reflect expectations.

The second type of sentiment indicators are objective indicators, which are constructed from
transaction data (for instance mutual fund flows). These can indirectly reflect investor sentiment
(Frazzini and Lamont, 2008). Sentiment is a complex concept, one indicator is usually not enough
to fully grasp the effect, therefore a composite investor sentiment index combining various
indicators is necessary (Gao et al., 2022). Baker and Wurgler (2006) made the BW index
(constructed using principal component analysis — PCA) which uses 6 different market trading
indicators to reflect market sentiment. They include the closed-end fund discount rate, turnover
rate, initial public offering (IPO) number, IPO first-day earnings, share ratio in newly issued
bonds and stocks, and the dividend premium. It is also important to note that market sentiment
indicators do not reflect the sentiment of specific stocks, for that a more specific metric should be

used.

The third and last kind of investor sentiment indicators as described by Gao et al. (2022) are

internet/media indicators (e.g. News). With vast amounts of data online becoming more accessible,

’ As described by Gao et al. (2022)
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often complex machine learning methods are tailored to search for trends online. One of the first
papers to fully utilize the potential of this method was Antweiler and Frank (2004), who using

investor postings on Yahoo finance, applied the naive Bayes method to classify text sentiment.

Additional sentiment indicators include technical analysis indicators that showcase investor
sentiment daily. One such indicator could be the commonly used CBOE implied volatility index
(VIX), which uses real time data to average the weighted prices of puts and calls over a wide range
of strike prices. It’s then possible to imply the expected market volatility, and infer the predicted
movement in, for example, the S&P 500 index. Other studies, however, combine separate
indicators into a general sentiment indicator. One such paper was written by Phuong and Nhung
(2021), where a general sentiment variable was used, measured by first component extraction when
applying PCA to individual technical analysis indicators (Relative Strength Index, Psychological
Line Index). The results indicated that investor sentiment positively influences stock returns,
meaning that higher sentiment likely increases stock returns, ceteris paribus. This result was
significant even when controlling for factors such as firm size, cash flow per share, CAPM beta
and even stock price volatility (Phuong and Nhung, 2021). Similarly, Borovkova and Zhang (2022)
note that they find a statistically significant negative relationship between news sentiment and
bond yields. With bond yields and returns having an inverse relationship, we can infer a positive
relationship between news sentiment and bond returns. However, this relationship seems to be
asymmetric, with a decrease in sentiment having a larger impact on bond returns than an increase

(Borovkova & Zhang, 2022).
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2.2 Background literature on Green Bonds

The Paris Agreement (2015) was a big step towards a global effort to mitigate the effects of climate
change (UNCC, 2021). However, global financial efforts to combat the adverse effects of climate
change began decades before then through the (at the time) influential concept of Corporate Social
Responsibility (CSR) (Jamali & Mirshak, 2006). CSR stems from the global need for transparency
in business, as governments are no longer able (or eligible) to provide all goods and services for
their population (Jamali & Mirshak, 2006). Progressive companies promote the role of business in
society through engagement in CSR. The concept promotes maximizing the positive impact of
company operations on society (Jamali & Mirshak, 2006). However, nowadays we talk mostly in
the plane of Environmental, Social and Governance (ESG) metrics in finance, as they have gained
major traction in the last decade (Halbritter & Dorfleitner, 2015). ESG metrics (score or
performance) rate the sustainable practices and environmental impact of a business. They can act

as a proxy to indicate how environmentally aligned a company is (Halbritter & Dorfleitner, 2015).

Indicators such as CSR or ESG serve a valuable purpose, but they are not enough to make an
(environmentally) tangible difference. To this accord, several major economies managed to agree
on the best approach to increase current investments (Pifieiro-Chousa et al., 2021). These
investments were primarily to aid in preventionary, and transitional® measures targeted at
mitigating the adverse effects of climate change. The consensus was to create and promote
financial products catered to the tastes of investors with a substantial asset base (Pifieiro-Chousa

etal., 2021). Green bonds, seemingly perfect for the occasion, are a good example of an innovative

8 Transitional towards more sustainable or environmentally friendly products and practices
(Pifieiro-Chousa et al., 2021)
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fixed-income investment product, that can attract large amounts of capital to finance the battle

against climate change (Pineiro-Chousa et al., 2021).

Reichelt (2010), defines green bonds in the Euromoney Handbook simply as “... a ‘plain vanilla’
fixed income product that offers investors the opportunity to participate in the financing of ‘green’
projects that help mitigate climate change and help countries adapt to the effects of climate
change”. Green bonds are in many ways very similar to regular bonds, for example they include
credit risk and size. What does differentiate them is their unique characteristic that any proceeds
from the sale of such bonds must be invested in projects with a net positive environmental impact
(Reichelt, 2010). A key feature of green bonds is also the due diligence® process on the side of the
issuer. They are expected (mainly by the bond holders) to continuously identify and monitor

currently active or potential projects.

Pifieiro-Chousa et al. (2021) regard green bonds as being extremely effective in battling climate
change, mainly due to their standard financial characteristics in tandem with their dedication
towards environmental issues. To a large degree this is the reason they grew in popularity so rapidly
from 0.6% of all bonds issued in the European Union (EU) in 2014, to 8.9% in 2022. Even though
(partially attributable to COVID-19) there has been a significant plateau in the increase in green
bond issuance between 2021 - 2023 (EEA, 2023). From the various types of green bonds that can
be issued, green corporate bonds have seen one of the most remarkable increases in the recent past.
From 4.7% of total corporate bonds issued in 2020, to 11% in 2022. In Europe, these past and
predicted future increases in the use of green bonds can be attributed partially to the ambitious

environmental and climate objectives of the European Green Deal (EEA, 2023). These inherent

% Regulatory Compliance in this case
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features of green bonds make them attractive to a wide range of investors. Pifieiro-Chousa et al.
(2021) describe investors as including (but not limited to) retail and high net worth investors,
institutional investors looking for climate-oriented investments or socially conscious investors
with specific climate-related strategies. The growth of national green bond markets has been
substantial, however, it depends on different variables. Some important factors according to the
EEA (2023) are policy and regulatory factors, market conditions or financing trends. Not only in
Europe, but globally, the growth of green bond markets faces several challenges. The EEA (2023)
name a few, including underdeveloped national bond markets, insufficient stock of standardized
green projects (ready for funding through green bonds), lack of universally accepted green bond
standards (and definitions) and lastly a discrepancy between small-scale projects and large-scale

institutional investors.

Despite the growth in green bond issuance, a challenging aspect for furthering market growth and
investor confidence has come to light in past years. Mutarindwa et al., (2024) recommend issuing
green bond certifications in response to greenwashing, which has become a widespread issue
across various green markets. Greenwashing is the practice of making misleading or
unsubstantiated claims about a company’s commitment to the environment (Flammer, 2021). The
internationally recognized voluntary process guidelines, the Green Bond Principles, have been
used more often in recent years to battle greenwashing and diversify climate risk in financial
investment portfolios (Pham and Cepni, 2022). However, the Green Bond Principles are not
mandated or enforced, in fact they just promote the role that global debt capital markets have in
financing environmental and social sustainability (Pifeiro-Chousa et al., 2021; Green Bond
Principles, 2021). Though different certification standards have since emerged and been on the

rise, there is no single universally accepted standard for certification (Pifieiro-Chousa et al., 2021).
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Over time, however, a more user-friendly and unilateral approach to standardizing green bonds is

anticipated. This will also be necessary if the problem of greenwashing worsens in the future.

Due to different aspects of green bond certifications being internationally accepted over time?°, it
is natural to expect additional investment to appear alongside these developments. This is achieved
mainly indirectly through more readily available market data on green bonds and lower costs for
holders and issuers due to economies of scale (Flammer, 2021). And with more investors who
bring in more funds, the result is an environment which has seen a dramatic increase in research

over time.

Irrespective of the challenges, with annual investments in green bonds on the rise, it is important
to understand how investor sentiment translates into this environment (Reboredo, 2018;

Broadstock & Cheng, 2019).

Especially with the increasing importance of climate related issues in finance, the role and
relationship between news sentiment and green bonds should be analyzed. News sentiment
regarding green bonds can also be interpreted as the attitude of the public towards green bonds.
Both Reboredo (2018) as well as Reboredo and Ugolini (2020) indicate a link between green bonds
and corporate/treasury bond markets. Additionally, Broadstock and Cheng (2019) also indicated a
strong linkage between green bond news-based sentiment and green bonds. They indicate that the
connection between green and black!! bonds is sensitive to macroeconomic factors which included
among else also news-based sentiment towards green bonds. Ultimately, Pifieiro-Chousa et al.,

(2021) imply that the relationship between media sentiment and the green bond market has been

10 Such as a unified definition of green bonds or a standardized set of 3rd party certifications
(Flammer, 2021).
11 Black bonds are understood here as the aggregated US domestic bonds
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under researched, and since the news are a proven resource, this relationship should be analyzed

in depth (Broadstock & Cheng, 2019).

The lack of research underpinning the influence of investor sentiment on bond markets is the base
of this paper, which aims to compare the use of news sentiment indicators'? in order to determine

which is more suitable to reflect fluctuations in green bond returns.

2.3 Hypothesis Development

To address the simplified research question of this paper—whether news sentiment indicators can
be as effective as market sentiment indicators in predicting U.S corporate green bond returns—
several hypotheses must be formulated to reach a sound conclusion. The significant positive
relationship between Investor sentiment and returns on securities including green bonds has been
academically documented and well established over the years (Baker & Wurgler, 2007; Pham &
Cepni, 2022; Pifieiro-Chousa et al., 2021; Schmeling, 2009; Zerbib, 2019). To test not only the
computed news sentiment, but all of the indepent variables described in section 4.2, the following

initial hypothesis is formulated:

H1: Market and News based sentiment Indicators positively predict fluctuations in corporate

green bond returns.

12 type 3 (News) to type 2 (Market) indicators
19



Both the market and News sentiment Indicators have been discussed in literature as having their
own advantages and drawbacks. This paper focuses on the implementation of News articles as a
base for investor sentiment. News articles, being derived from real-time media coverage, can
provide immediate insights into market trends or reactions. In this way, news-based sentiment
indicators quickly adapt, capturing sudden changes in the market. To this effect, Huang et al.
(2019) show that news-based sentiment indicators can provide early warning before a market
downturn by capturing nuances market-based indicators might miss. It is important to note here
that though news-based sentiment is more agile when the mood in the market shifts, it is also more
susceptible to short-term fluctuations that might not reflect fundamental changes in price (Huang

etal., 2019).

Market-based sentiment indicators, however, have been commonly used for years, and they have
yielded significant results as well (Baker & Wurgler, 2006). These indicators tend to be more stable
considering sudden change, which (depending on the nature of the change) can be interpreted as
either a positive or a negative virtue. On the one hand they provide a more consistent measure of
overall market sentiment, but on the other they are also not able to include immediate market
updates. Thus, they provide an inherently lagged reflection of current market conditions (Huang

et al., 2019).

Considering that this paper focuses on a 10-year time period from 2014-24, the market-based
sentiment indicators should provide more consistent and stable predictions of investor sentiment

and long-term market trends. Therefore, the secondary hypothesis of this study is:

H2: Market-based sentiment will more accurately predict fluctuations in corporate green bond

returns compared to News-based sentiment.
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2. Data Collection and Methodology

The purpose of this paper is to provide further insights into how well different sentiment indicators
explain fluctuations in green bond returns. The geographic focus is on the U.S market, specifically
on the S&P 500 listed firms, because apart from the EU, the U.S is one of the largest issuers of
green bonds worldwide (CBI, 2024), and the S&P 500 provides a strong index to test the

hypothesis on (Baker & Wurgler, 2006).

4.1 Data Collection

Both financial and news data are collected and used in this paper. All the data used is in daily
frequencies. Financial data was collected from various sources, and several indices are used
throughout. The S&P 500 Green Bond Index, S&P 500 Bond Index as well as the S&P 500 Index
were downloaded through spglobal (S&P Dow Jones Indices LLC). The data is from April 2014,
until April 2024. There are 2607 daily observations in the datasets. Furthermore, the daily CBOE
Volatility Index (VIX) was acquired from Yahoo Finance, as a measure to control market volatility.
The market-based sentiment indicator used is the International Securities Exchange Sentiment

Index (ISEE), downloaded from Nasdagq.

In terms of non-financial data, or data on news sentiment, I downloaded 1647 news articles from

NexisUni (LexisNexis) for the period 2014-24. The articles were filtered to pertain to only U.S
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firms and with respect to green bonds®3. The data is daily, however not all the days are covered,
with most articles being in 2022 (464) and least articles in 2014 (51). The distribution of articles
in years can be seen in Appendix I. These articles were then used as the base to construct a
sentiment indicator using a natural language processing (NLP) technique in Python. This python
library is the FinBERT, which builds on the original vastly successful BERT (Bidirectional
Encoder Representations from Transformers). BERT builds on many different natural language
processing methods developed and is pre-trained so that limited computing power is necessary to
use it (Araci, 2019). FinBERT is a permutation of the classic BERT, which fine-tunes BERT on a
corpus of financial text, so that it is more well suited to handle investor sentiment analysis (Genc,
2020). Though FinBERT can evaluate text in a number of ways, for the purposes of this study only

the compounded sentiment score is used*.

Additionally, I obtained the Daily News Sentiment Index, which is a high frequency measure of
sentiment based on lexical analysis of news articles. It was first described by Buckman et al.
(2020). The index aggregates individual news article scores into a daily time-series measure of
sentiment, also including trailing weights that decline geometrically with time since publication
(FRBSF, 2023). This index, which is based on a lexicon specifically made for economic news
articles, performs better than traditional off-the shelf models by having higher predictive accuracy
(Shapiro et al., 2020). I will use it as a baseline to evaluate the FinBERT-constructed sentiment
indicator in this study. The index was downloaded from the Federal Reserve Bank of San Francisco

(FRBSF).

13 Searched filter: “Corporate Green Bonds”
1% This is the average of the Positive, Neutral and Negative
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Lastly, due to increase in global tension that affects the U.S markets (e.g. Russo-Ukrainian War,
Isracl- Hamas War), there is also a Geopolitical Risk Index (GPR) included in the model, to
account for the short-term impacts of conflict and international tension (Brune et al., 2011). This
is important to include, because although stocks don’t always underperform during the times of
conflict, bonds can drop below their historical averages during times of war (Armbruster, 2022;
Brune et al., 2011). The GPR Index is as described by Caldara and Iacoviello in 2022. The GPR

was downloaded from the website of Matteo lacoviello.

2.2 Variables

The Variables used in this paper are visualized below in Table 1. All the variables used in the
regressions apart from time component year are expressed in daily log-returns. There are 3 distinct

categories of variables, namely: Dependent Variable (DV), Independent Variables (IV) and the

Control variables (Controls).

Full Name Variable Name Definition Source
Dependent S&P 500 Green Daily log-returns
Variable Bond Index GBI on the Index SPGLOBAL
International
Securities Daily log-returns Nasdaq
Exchange ISSE Change on the Index
Sentiment Index
Daily log-
Independent | FinBERT News . difference of o
Variables Sentiment FinBERTsent computed news NexisUni
sentiment
Daily News Daily log-returns
Sentiment Index NewsSent on the Index FRBSE
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Control
Variables

Matteo

Geopolitical Daily log-returns .
Risk Index GPR on the Index lacoviello
S&P 500 Index SPI Daily log-retuns | - qp iy AL
on the Index
S&P 500 Bond BI Daily log-returns SPGLOBAL
Index on the Index
CBOE Volatility - Daily log-returns .
Index (VIX) Volatility (VIX) on the Index Yahoo Finance

(Table 1: Variable Descriptions and Source)

2.3 Ordinary Least Squares

Following the methodology of Dong and Gil-Bazo (2020), adjusted to determine the influence of

investor sentiment on corporate green bond returns, I will conduct a time-series analysis using the

Ordinary Least Squares Estimator (OLS). To ensure normality in the standard errors log-returns

for all variables are used as regression data®®. Furthermore, all regressions in STATA are run using

the ,robust command to ensure robust standard errors to account for heteroskedasticity of the

data®®. Lastly, the regressions are run using the i.year command which ensures fixed time effects

as the regression controls for time trends (Bell & Jones, 2015). The model, which is identical across

all IV’s (models), is as follows:

GBI, = By + f1Asent;s + f,Controls, + fsyear + €

15 For a more accurate estimation due to abnormal data distribution — see section 5.3.5)

16 See section 5.3.2
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Where GBI; represents the log returns for the S&P 500 Green Bond Index at time ¢, Asent;; is the
log-change in sentiment indicator i at time 7. The Controls consist of BI; which is the log-return
in the S&P 500 bond Index at time ¢. SPI; is the log-return on the S&P 500 Index at time ¢ used to
control for the effect of the S&P 500 as a whole. VIX; is the log-return on the CBOE Volatility
Index!’ at time #, and GPR; is the log-return on the Geopolitical index at time ¢. Variable year
provides data on the year to control for seasonality and &;; is the error term for model with

sentiment indicator 7 at time ¢.

Based on Pifieiro-Chousa et al. (2021), News sentiment sent for a given day ¢ is calculated as

follows:

sent, = Y4 Sit /¢ )

Where for news sentiment S;, is the sentiment of article i at time ¢ (constructed using FinBERT)!8,

And n; is the number of articles published on day «.

From this the log-change in sentiment for indicator i:

Asent;; = In (sent;;/ sent;;_q1) 3)

1" Measure of market volatility
18 For the indicators downloaded from the web, equation 2 is omitted as the data is provided
directly.
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Where sent;; (from equation 2) is the value of green bond investor sentiment using sentiment

indicator 7 at time ¢.

After running all OLS estimators using the different investor sentiment indicators, the regression
outputs are compared to ascertain which sentiment indicator better predicted the fluctuations in

green bond returns.

2.4 Limitations

The most impactful limitation that is clear from the data is the lack of days in the FinBERT
sentiment dataset. The sentiment analysis was conducted on all the articles available on any given
day, but not all the days in the trading year are covered each year. Due to the regressions using
daily observations, missing data creates jumps between days which can influence the daily effect
of news sentiment or any other sentiment indicator for that matter (Ahn et al., 2022). Furthermore,
the data range also includes the years of the COVID-19 pandemic, which heavily impacted global
financial markets, further skewing the data reliability (Wei & Han, 2021). Lastly, the market based
and news-based sentiment indicators chosen to proxy investor sentiment might not fully
encompass the mood in the Green Bond market. Green Bonds are inherently influenced by various
ESG factors, which are likely omitted in traditional sentiment measures (Friede et al., 2015). These

are considerations to have in mind before interpreting the results too closely.
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5. Empirical Analysis

5.1 Descriptive Statistics

Table 2 provides an overview of the variables used in the following regressions and their

characteristics. The variables are presented in percentage log-differences.

Variable Observations Mean Std. Dev Min Max
SP500 GreenBond 746 -0.011 0.797 -10.20 4.46
SP500 Bond 746 0.031 0.881 -14.63 11.53
SP500 Index 746 0.123 1.907 -20.99 14.42
Volatility 746 0.032 12.902 -56.70 92.09
GPR_Change 746 11.778 52.252 -188.06 255.09
FinBERTsent 738 0.112 227.255 -1615.228 1610.23
NewsSent 707 0.588 -369.319 -369.32 483.13
ISEE_Change 746 -0.371 -143.988 -143.99 121.64

(Table 2: Variable Summary Statistics)

5.2 Regression Analysis

To attempt and answer the hypotheses using 3 different IV’s, 3 separate models were constructed.
For every model described below, the regression was built up starting from a direct IV on DV
relationship’®, and then by continuously adding variables by one, 5 permutations are considered.

Both Hypotheses 1 and 2 are evaluated in section 5.2.4.

19 Sentiment Indicator i on green bond returns
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5.2.1 International Securities Exchange Sentiment Index (ISSE). Model 1 consists of
the market-based sentiment indicator modelled together with the specified controls and green bond
returns. The regression results of all 5 permutations (a - €) and their significance levels are listed.

The model consists of 746 unique datapoints.

Traditional market-based sentiment Indexes report a positive significant relationship (Baker and
Wurgler, 2006; Pifieiro-Chousa et al., 2021), however, in this model this was not the case. Results
showcase an insignificant negative relationship across all 5 specifications between ISEE and Green
Bond Returns. Contrary to what majority of academic literature reports, no statistically significant
relationship has been found between investor sentiment and the returns on Green Bonds. The
coefficients are all negative, and very close to 0. Furthermore, we also notice no significant
relationship between green bond returns and Geopolitical Risk (GPR), as well as Volatility/ VIX.
All coefticients on both controls for the S&P 500 Index and the S&P 500 Bond Index are positive
and highly significant at the 1% level. This is unsurprising as they all track the S&P 500 in some
way, so they are highly linked (Zerbib, 2019). The insignificant relationship between the S&P 500
Green Bond Index and the ISEE sentiment can also be viewed from the rather small R? from model
la, at only 2.3%. This R? increases drastically with the introduction of control variables, which
could indicate abnormal multicollinearity (Dormann et al., 2012; O’brien, 2007). The mean VIF
(Variance Inflation Factor) around 2.5 for all model specifications does not further substantiate
this risk and indicates only low to moderate multicollinearity?®. More on robustness checks in

section 5.3.

20 VIF > 10 is considered high multicollinearity
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Model 1: ISEE Sentiment Regressions

(a) (b) (c) (d) (e)
VARIABLES SP500_GreenBond SP500 GreenBond SP500 GreenBond SP500 GreenBond SP500_ GreenBond
ISEE_Change -0.00140 -3.15e-05 -0.000294 -0.000262 -0.000268
(0.00126) (0.000790) (0.000792) (0.000790) (0.000792)
SP500_Bond 0.668*** 0.619*** 0.603*** 0.603***
(0.0798) (0.0790) (0.0808) (0.0809)
SP500_Index 0.0472*** 0.0768*** 0.0773***
(0.0161) (0.0232) (0.0233)
Volatility 0.00517 0.00528
(0.00328) (0.00330)
GPR_Change -0.000320
(0.000328)
2015.year -0.0101 0.0603 0.0737 0.0828 0.0789
(0.152) (0.141) (0.143) (0.144) (0.144)
2016.year 0.138 0.134 0.143 0.150 0.151
(0.155) (0.122) (0.124) (0.124) (0.124)
2017.year 0.258** 0.273*** 0.276*** 0.280*** 0.283***
(0.125) (0.0985) (0.100) (0.102) (0.102)
2018.year 0.0661 0.167* 0.174* 0.176* 0.180*
(0.114) (0.0982) (0.0988) (0.101) (0.101)
2019.year 0.204* 0.144 0.154* 0.162* 0.163*
(0.112) (0.0889) (0.0910) (0.0932) (0.0933)
2020.year 0.286 0.260** 0.268** 0.268** 0.267**
(0.206) (0.114) (0.116) (0.118) (0.117)
2021.year 0.0699 0.143 0.145 0.149 0.150
(0.109) (0.0905) (0.0920) (0.0944) (0.0945)
2022.year -0.0634 0.0912 0.105 0.117 0.118
(0.137) (0.103) (0.104) (0.106) (0.106)
2023.year 0.169 0.221** 0.222** 0.226** 0.228**
(0.135) (0.103) (0.104) (0.106) (0.106)
2024.year 0.262* 0.253** 0.262** 0.264** 0.263**
(0.143) (0.104) (0.106) (0.108) (0.108)
Constant -0.116 -0.187** -0.198** -0.207** -0.204**
(0.102) (0.0839) (0.0860) (0.0881) (0.0882)
Observations 746 746 746 746 746
R-squared 0.023 0.560 0.570 0.573 0.573
TIME FE YES YES YES YES YES
Mean VIF 2.66 2.53 2.46 2.59 2.49

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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Seasonality and time trends are also controlled for in this model, with time fixed effects yielding
significant positive coefficients?* for years 2017, 2020, 2023 and 2024. These significant and
positive coefficients indicate that the average green bond returns were higher in these years
compared to 2014 levels by about 0.25%, ceteris paribus. This could be due to various reasons,
one being the COVID-19 pandemic, which increased awareness of social and environmental issues
(Wei & Han, 2021). Alternatively, temporal spikes in demand could be the result of policy or larger

institutional changes.

5.2.2 FinBERT News Sentiment. Model 2 has 738 observations and utilizes the
constructed news-based investor sentiment indicator using FinBERT. As mentioned, the
compounded sentiment for every trading day was accumulated from news article texts regarding
Corporate Green Bonds published on the day and analyzed using the NLP library FinBERT in
Python. The results of the regressions coincide with the ones in Model 1, apart from the change in
I'V. The regression results show a positive coefficient between FinBERT sentiment and the S&P
500 Green Bond returns across all model specifications. A positive relationship is also what we
expected to find (Baker & Wurgler, 2007; Brown & CIliff, 2005; Da et al., 2014; Gao et al., 2022).
These results and this trend are insignificant however, with no coefficient even at a 10%
significance level. This is contrary to what most literature reports (Pifieiro-Chousa et al., 2021;
Reboredo & Ugolini, 2020). Similarly to Model 1, the control variables for Volatility as well as

Geopolitical Risk are insignificant.

21 Significance levels for 2017 at 1%, and 2022, 2023 & 2024 at 5%, all coefficients around 0.25
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Model 2: FInBERT Sentiment Regressions

(a) (b) (c) (d) (e)
VARIABLES SP500 GreenBond SP500 GreenBond SP500 GreenBond SP500 GreenBond SP500 GreenBond
FInBERTsent 9.29e-05 2.44e-05 1.90e-05 2.03e-05 1.91e-05
(0.000103) (7.96e-05) (7.86e-05) (7.83e-05) (7.79e-05)
SP500_Bond 0.662*** 0.617*** 0.601*** 0.601***
(0.0796) (0.0785) (0.0807) (0.0807)
SP500_Index 0.0438*** 0.0720*** 0.0725***
(0.0164) (0.0240) (0.0242)
Volatility 0.00483 0.00494
(0.00332) (0.00334)
GPR_Change -0.000309
(0.000327)
2015.year -0.0231 0.0592 0.0695 0.0783 0.0745
(0.152) (0.140) (0.142) (0.144) (0.144)
2016.year 0.106 0.136 0.143 0.149 0.151
(0.162) (0.128) (0.130) (0.130) (0.129)
2017.year 0.248** 0.272*** 0.273*** 0.278*** 0.280***
(0.126) (0.0987) (0.100) (0.102) (0.102)
2018.year 0.0590 0.165* 0.171* 0.173* 0.177*
(0.116) (0.0984) (0.0991) (0.101) (0.101)
2019.year 0.198* 0.144 0.152* 0.161* 0.162*
(0.114) (0.0889) (0.0910) (0.0930) (0.0931)
2020.year 0.275 0.260** 0.266** 0.266** 0.264**
(0.212) (0.115) (0.116) (0.118) (0.118)
2021.year 0.0571 0.142 0.142 0.145 0.146
(0.110) (0.0903) (0.0919) (0.0940) (0.0941)
2022.year -0.107 0.0647 0.0800 0.0923 0.0934
(0.137) (0.104) (0.105) (0.106) (0.106)
2023.year 0.157 0.220** 0.219** 0.223** 0.225**
(0.135) (0.103) (0.104) (0.106) (0.106)
2024 .year 0.248* 0.253** 0.258** 0.260** 0.260**
(0.146) (0.104) (0.106) (0.108) (0.107)
Constant -0.106 -0.186** -0.195** -0.203** -0.200**
(0.103) (0.0839) (0.0861) (0.0879) (0.0880)
Observations 738 738 738 738 738
R-squared 0.025 0.558 0.566 0.569 0.569
TIME FE YES YES YES YES YES
Mean VIF 2.64 2.50 2.43 2.58 2.48

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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The coefficients for both the S&P 500 controls are very positive and significant at the 1% level,
which is in line with what we expect due to the nature of their construction being like that of the
DV (Zerbib, 2019). The R? is also very small in specification 2.a at 2.5%, which infers low
explanatory power from FinBERT sentiment on Green Bond returns. The R? spikes in the latter
specifications, reaching 56.9% in both 2.d and 2.e. The mean VIF fluctuates around 2.5, which

would indicate low to moderate multicollinearity between the IV’s.

This model also controls for time fixed effects using a year dummy, which is significant in
specifications b — e for years 2017, 2020, 2023 and 2024. The positive coefficients indicate that
for these years, the average Green Bond returns were higher than the reference group (2014),

ceteris paribus. These results are also the same as what occurred in Model 1.

5.2.3 Daily News Sentiment Index Model 3 was included to showcase that investor
sentiment constructed from news articles can in fact predict green bond return fluctuations at a
significant level. The role was to have a baseline to compare and assess the effectiveness of the
constructed sentiment index (FinBERT) from Model 2. The regression results from Model 3 stem
from 707 observations and 5 permutations of the established basic model from equation 1.
Contrary to the results of Model 2 using FInBERT news sentiment, the Daily news sentiment
(NewsSent) reports consistently negative coefficients across all model specifications a — e.?? The
results, however, are also mostly insignificant even at the 10% level, and the coefficients are

consistently close to 0 so the implications are limited.

22 similarly to model 1
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Model 3: Daily News Sentiment Regressions

(a) (b) (c) (d) (e)
VARIABLES  SP500 GreenBond SP500 GreenBond SP500 GreenBond SP500 GreenBond SP500 GreenBond
NewsSent -0.000847* -0.000445 -0.000491 -0.000471 -0.000467
(0.000495) (0.000335) (0.000341) (0.000333) (0.000334)
SP500_Bond 0.663*** 0.607*** 0.584*** 0.583***
(0.0800) (0.0791) (0.0805) (0.0805)
SP500_Index 0.0529*** 0.0920*** 0.0932***
(0.0162) (0.0222) (0.0222)
Volatility 0.00660** 0.00677**
(0.00323) (0.00326)
GPR_Change -0.000393
(0.000338)
2015.year 0.0393 0.130 0.144 0.154 0.149
(0.153) (0.142) (0.145) (0.146) (0.146)
2016.year 0.0515 0.0846 0.0880 0.0967 0.0986
(0.165) (0.122) (0.127) (0.127) (0.127)
2017.year 0.259** 0.300*** 0.297*** 0.303*** 0.305***
(0.127) (0.0970) (0.101) (0.104) (0.104)
2018.year 0.0846 0.196* 0.198* 0.198* 0.204*
(0.119) (0.100) (0.102) (0.105) (0.105)
2019.year 0.165 0.152* 0.152* 0.159* 0.160*
(0.112) (0.0862) (0.0899) (0.0930) (0.0934)
2020.year 0.280 0.285** 0.287** 0.287** 0.284**
(0.216) (0.116) (0.119) (0.121) (0.121)
2021.year 0.0752 0.171* 0.167* 0.171* 0.171*
(0.112) (0.0893) (0.0929) (0.0962) (0.0966)
2022.year -0.0600 0.117 0.127 0.141 0.142
(0.140) (0.103) (0.106) (0.108) (0.108)
2023.year 0.178 0.247** 0.240** 0.244** 0.246**
(0.137) (0.101) (0.104) (0.108) (0.108)
2024.year 0.261* 0.281*** 0.284*** 0.286*** 0.285***
(0.146) (0.103) (0.107) (0.109) (0.109)
Constant -0.117 -0.213*** -0.220** -0.231** -0.227**
(0.105) (0.0824) (0.0867) (0.0898) (0.0904)
Observations 707 707 707 707 707
R-squared 0.024 0.570 0.582 0.586 0.587
TIME FE YES YES YES YES YES
Mean VIF 2.67 2.53 2.47 2.62 2.51

Robust standard errors in parentheses
*** p<0.01, ** p<0.05, * p<0.1
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The model does indicate one significant relationship in specification 3.a however, where albeit
negative, the coefficient on NewsSent is significant at the 10% level. Even though 10% is the bare
minimum for any interpretations, it’s clear that the effect is minimal. With a 1% increase in
NewsSent in a day, the daily returns on Green Bonds decrease by 0.000847%. This means that
even a large percentual increase in NewsSent will likely have limited impact on Green Bond

Returns, ceteris paribus.?

Similarly to models 1 and 2, both S&P 500 controls are positive and significant at the 1% level
across all specifications. Unlike the previous 2 models, here there is clearly a positive and
significant (at 5%) relationship between Volatility and Green Bond returns. The Geopolitical Risk
Index remains insignificant in this model as well, with a coefficient slightly negative but close to

0.

The time fixed effects are mostly insignificant in 3.a (except for 2017), however specifications b
— e yield significant time trends in years 2017, 2020, 2023 and 2024. 2017 was significant at 1%,
while the rest of the mentioned years came out at 5%. This would indicate that like in all models,
also here the average returns on Green Bonds were higher in these years compared to 2014, ceteris

paribus.

Model 3.a showcases the simple relationship between NewsSent and Green Bond returns, however
the model R? is still very small at only 2.4%. This is also indicative of the 10% significance of the

coefficient. The value of R? jumps to almost 60% in specifications b — e, but with a mean VIF of

221000% increase in NewsSent is only about a 0.847% decrease in Green Bond Returns, ceteris paribus.
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around 2.5 for all specifications, we can only infer low or moderate multicollinearity (Dormann et

al., 2012; O’brien, 2007).

5.2.4 Hypotheses Evaluation. Hypothesis 1 tests for the significant relationship between
investor sentiment®* and Green Bond returns. All 3 models developed and evaluated (except for
model 3.a) show an insignificant relationship, thus challenging the notion and results of most
academic literature which posits a significant positive relationship (Baker & Wurgler, 2007; Brown
& CIliff, 2005; Da et al., 2014; Gao et al., 2022). This paper finds no significant relationship
between investor sentiment (both market and news based) and Green Bond returns. Furthermore,
our models yield both positive (FinBERT) and negative (NewsSent, ISEE) coefficients in the
regressions. Therefore, we fail to accept the hypothesis that investor sentiment and green bond

returns have a statistically significant relationship.

Hypothesis 2 dives into the long-term viability of using Investor sentiment to proxy Green Bond
returns. Based on literature we expected to find that a market-based sentiment indicator (ISEE)
will perform better than the news-based sentiment indicator (FinBERT or NewsSent) over a time
span of 10 years (Huang et al., 2019). Looking at the R? of specification a, model 1 using the ISEE
as its indicator reports 2.3%, which is the lowest of all models. Models 2 and 3 using the news-
based indicators report an R* of 2.5% and 2.4% respectively. Considering the full model,
specification e yields the following R? values for models 1, 2 and 3 respectively: 57.3%, 56.9%
and 58.7%. This would be indicative that though by a small margin, the news-based models

perform better than the market based model in predicting fluctuations in Green Bond returns for

24 proxied by NewsSent, FinBERT and ISEE
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all specifications. This would reject our hypothesis that market-based sentiment indicators perform
better, however due to the vastly insignificant results, that conclusion is not crystal clear from the
data. Furthermore, these results also challenge the notion of investor sentiment having any sort of
predictive ability when used as a proxy for Green Bond returns. Considering other literature
however (Baker & Wurgler, 2007; Brown & Cliff, 2005; Da et al., 2014; Gao et al., 2022), the
more likely option is an oddly specified model that incorrectly attempts to explain Green Bonds

with lacking data or imperfect explanatory variables. More on this in Section 6.

5.3 Robustness Check

In order to support or question the results of the regressions, we need to conduct a robustness check
to identify any potential shortcomings of the models. These shortcomings might influence the
reliability of the results; therefore it is very important to identify any shortcomings or OLS

assumptions that are unsatisfied.

5.3.1 Autocorrelation. To test for model autocorrelation, we opt for the Durbin-Watson
test for first-order autocorrelation in the residuals. In OLS time series regressions, a problem
occurs when successive data observations are serially correlated, which goes against the OLS
assumption of independent error terms (Durbin & Watson, 1950). Table 3 showcases the results of
the Durbin Watson Test for each of the 3 models, and the STATA outputs can be viewed in appendix

II.
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Model 1: ISEE Model 2: FinBERT Model 3: NewsSent

Nr. Gaps in sample 745 737 706

Durbin — Watson

d-statistic 0.0000 0.0000 0.0000

(Table 3: Durbin — Watson Test for Autocorrelation)

The Durbin — Watson d — statistic showcases the level of autocorrelation in the regression’s error
term. A value of 2 showcases no autocorrelation, and values 4 or 0 indicate strong negative or
positive autocorrelation respectively (Durbin & Watson, 1950). From Table 3 it’s clear, with all 3
models yielding a d-statistic of 0, that there is in fact strong positive autocorrelation in the error
term present in every model tested. This means that our model is a biased estimator® and the
standard errors produced are inaccurate. Furthermore, the R? for every model has likely been
inflated due to the presence of positive autocorrelation, also explaining the spikes in R? when

adding more variables to each of the models.

5.3.2 Heteroskedasticity. This paper uses White’s test for Heteroskedasticity developed
by Halbert White (1980). It is used to determine if the variation of the error term is constant over
observations. For every model, the results of the test are presented in Table 4. Two other measures
are given by this test, namely Skewness and Kurtosis. Skewness is a measure which indicates
whether the data Is skewed to either the right (positive) or left (negative) tail. Kurtosis is the
measure which indicates how well the data follows the normal distribution. The null hypotheses
for the Heteroskedasticity, Skewness and Kurtosis tests are: Homoskedasticity, symmetrical

distribution and Mesokurtic distribution respectively. In terms of Heteroskedasticity, all models

25 challenging the notion that we can accurately answer the hypotheses
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yield a significant p-value at 1%, rejecting the null hypothesis of homoskedasticity, indicating
heteroskedastic standard errors. In order to counteract this, we run the STATA regressions using

the ,robust command for robust standard errors.

Model 1: ISSE Model 2: FinBERT Model 3: NewsSent

Source Chi? p-value Chi? p-value Chi? p-value
Heteroskedasticity 445.14 0.0000 434.06 0.0000 430.95 0.0000
Skewness 144.49 0.0000 141.26 0.0000 142.25 0.0000
Kurtosis 3.29 0.0696 3.45 0.0632 2.94 0.0864

(Table 4: Heteroskedasticity, Skewness and Kurtosis in all models)

All models also report a significant p-value (at 1%) for skewness, and with a large positive Chi?,
this could only mean that the distribution is heavily positively skewed (Williams, 2020). Kurtosis
is the only test condition that does not yield any significant results, thus here we fail to reject the
null hypothesis and accept that we have a mesokurtic distribution with moderate tails and peak

(Williams, 2020).

5.3.3 Stationarity. To test for the presence of a stationary series, or a series whose
statistical properties do not change over time, the augmented Dickey-Fuller test was used. The full
output for our model can be found in Appendix IV. The Test Statistic is much larger than the 5%
or 1% critical values while having a p-value of 0.000. Thus, the null hypothesis of stationarity is
rejected, and this series seems to have a unit root (Enders & Lee, 2012). This will yield lower
accuracy of results and can tamper with the magnitude and direction of the relationships regressed
in OLS. A unit root indicates that the statistical properties (mean, variance...etc.) are not constant
over time. This can lead to a spurious regression which can also explain the high R? values in the

models (Enders & Lee, 2012).
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5.3.4 Multicollinearity. Even though all 3 models yielded acceptable VIF results®®, further
analysis was conducted, nonetheless. Figure 1 showcases a correlation matrix between all the
variables in the models, to pinpoint the cause of the drastic increases in R2. We can see that the
significant correlations are between the various S&P 500 Index derivatives?’, the CBOE volatility
index and Green Bond returns. The correlations are significant at 1%, and some are very high at
above 50% correlation which indicates multicollinearity in the regressions (Dormann et al., 2012;
O’brien, 2007). It is good however to see the low correlations between the various I'V’s introduced
in the models. Furthermore, Geopolitical risk is uncorrelated and insignificant (here and in all
models), thus we can assume that it does not influence our model. These results highlight that the
control variables used are highly collinear, thus decreasing the overall accuracy of the model and

interpretability of the coefficients (O’brien, 2007).

Figure 1 ; Correlation Matrix : Variables

SP5~x SP5.. S~G~d Vol~y GPR~e Fin~t New~t ISE~e
SP500 In~x 1.00
SP500 Bond 0.51*** 1.00
SP500 Gr~d 0.47%** (.75%** 1.00
Volatility -0.74*** -0.20%** -0.18*** 1.00
GPR _Change 0.01 -0.01 -0.03 0.03 1.00
FinBERTs~t 0.04 0.03 0.03 -0.04 -0.02 1.00
NewsSent 0.01 -0.04 -0.06 -0.03 0.02 0.01 1.00
ISEE Cha~e 0.04 -0.06 -0.04 -0.06 -0.00 0.01 -0.00 1.00

%6 see Models 1-3 in section 5.2

27 S&P 500 Index and S&P 500 Bond Index
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5.3.5 Normality of Residuals. To check the normality of the error term, residuals were
computed in STATA under each model?®. The Shapiro-Wilk test was performed to check whether

they are normally distributed. The resulting p-values for every model are displayed in Table 6.

Shapiro- Wilk p-value

Model 1: ISSE Model 2: FinBERT Model 3: NewsSent

Residuals 0.0000 0.0000 0.0000
(Table 6: Shapiro — Wilk Normality test)

It is clear from the table that all models are significant at 1%, and we reject the null hypothesis of
normal distribution. This indicates that our data distribution might not be well suited for OLS
29

regression, thus influencing the regression results and the applicability of the conclusions drawn

(Mohd & Wah, 2011).

6. Discussion

The primary findings of this paper challenge the established notion that sentiment significantly
influences financial markets including green bonds (Baker & Wurgler, 2006; Da et al., 2014; Gao
et al., 2022; Pifieiro-Chousa et al., 2021). Despite extensive analysis, the results did not indicate a
statistically significant relationship between the sentiment indicators studied and the Green Bond
index returns. This kind of result inherently raises a question as to why this is the case, and what

are the implications for further research.

28 This test is done prior to the log-returns transformation
29 The full output for the test and each model can be found in Appendix I11
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6.1 Contrasting Sentiment Effects

According to the mainstream literature on investor sentiment (Baker & Wurgler, 2006; Brown &
Clift, 2005), there is a significant positive relationship between sentiment and the returns on stocks
and bonds. Our results, however, showcase a different story. Not only do we not yield a single
significant sentiment indicator in our regressions, Models 1 & 3 also show negative coefficients.
This result is the opposite of what research predicts, and there are some reasons why this may be
the case. One of the reasons can be that the Green Bond market does not operate with the same
dynamics as a traditional stock or bond market would (Friede et al., 2015; Reboredo, 2018). One
clear indication of this is the largely environmental focus of Green Bond investors (Pifieiro-Chousa
et al., 2021). This also opens an avenue for further analysis, to see whether green bonds behave

differently based on sentiment driven market fluctuations.

6.2 Validity of Approach

Another large reason for the contradictory results is the approach taken to answer the developed
hypotheses. First and foremost this paper set out to study a timespan of 10 years, however with
less than 800 observations, not even 30% of all trading days in those 10 years are covered. When
trying to establish whether sentiment influences the returns on a daily basis, coverage of most if
not all days is important. Due to the lack of news articles used, and consequently sentiment for

many days, the rest of the variables were also similarly contracted because of it. It is not unwise
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then to believe that the effects of investor sentiment on any given day were likely lost due to the

absence of data for the following day/s.

The python library used to generate compound daily sentiment scores (FinBERT) is free to use
and can be applied to a plethora of different texts for which sentiment analysis can be useful. In
simple terms, this library is not specifically trained or built for news article analysis, therefore
there may be more advanced or appropriate methods to use instead (Devlin et al., 2019; Yang et
al., 2020). Machine learning algorithms or simply curated code that is tailored for news article

sentiment would be the most appropriate choice.

Furthermore, only the highly correlated S&P derived control variables were significant, indicating
a possibly badly designed model where the indicators were not well matched to the specific nature
of the Green Bond market (Friede et al., 2015). This is clearly seen from the drastic and consistent
jumps in R?. Geopolitical risk seems to yield no impact on our model as well, which would indicate
that investments in green bonds are likely immune to sudden rises in international tensions. This
is probably because the goals of green bonds (ESG related) supersede the most immediate market
shock mechanisms (Reboredo, 2018). This is supported by the fact that also Volatility is
insignificant in Models 1 & 2. Model 3 however displays significant positive coefficients on
volatility, indicating that an increase in market volatility does in fact increase the returns on green
bonds, however marginally. This significant result, being contrary to the Volatility results in the
other models, raises some questions. It is plausible, that in Model 3, NewsSent has decreased
collinearity with Volatility, therefore leading to increased statistical significance. Even though the
VIFs do not entirely support this notion. Alternatively, NewsSent might implicitly account for

certain factors that the other models do not. If these factors are omitted, and they happen to
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correlate with VIX, it could cause deflated significance levels in Models 1 & 2. These could

potentially explain why seemingly similar models yield opposing results.

Lastly we see a common time trend in the regressions, where apart from specification a for each
model, there were significant positive coefficients on various years in the other specifications.
Most significance was seen during the years 2017, 2020, 2023 and 2024. This indicates that the
average returns on the S&P 500 Green Bond Index were higher during those years compared to
2014 returns, ceteris paribus. There is no clear indication why these years would stand out among

the rest, but here is the best estimate of why it may be so.

In 2017, just shortly after the Paris Climate Agreement, there was an upswing in global economic
growth, which could have stimulated financial markets. According to the World Bank (2017), the
United States along with other developed nations were expected to gain momentum in 2017. This
was in part due to improving global financing conditions at the time. Low market volatility despite
elevated policy uncertainty could have also further contributed to this effect. On the other hand,
the global narrowing of corporate bond spreads (World Bank, 2017) would counteract this claim,
but we can posit that the Green Bond market might act separately from the bond market as a whole

(Reboredo, 2018).

In 2020, amidst the COVID-19 pandemic, many economies including the U.S documented
economic contraction rather than expansion (Nam, 2020). This was mainly due to the chaos
surrounding pandemic regulations and overall increase in market volatility and uncertainty.
Keeping this in mind, the indicated higher returns on green bonds support the notion that the green
bond market does not comply the same way to outside stimuli as a conventional bond or stock

market might (Reboredo, 2018). In this way, green bonds can provide a safe haven for investors
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through otherwise tumultuous times. Further research into this concept would need to be

undertaken to identify the cause more accurately.

In 2023, and until April 2024 there are also significant trends between the regression models. This
is the period which indicates the end of the COVID-19 pandemic, and the recovery of global trade.
According to Bloomberg (2024), one major step forward was the increase in corporate and
sovereign green bond issuance, which totaled $575 billion in 2023. These higher returns are despite
an increase in inflation and worsened market conditions, which strongly suggests global
commitment to the climate goals set by international agreements. This also supports the notion of

green bonds being a means to a sustainable end.

Continuing from the discussion of the results, the robustness checks indicated more about the
appropriateness of the chosen approach.®® The Durbin — Watson autocorrelation test yielded
indications of autocorrelation in the error term in each of our models (Durbin & Watson, 1950).
White’s test for Heteroskedasticity pointed towards high levels of both heteroskedasticity in the
error term as well as a positively skewed distribution (Williams, 2020). To account for this, the
regressions are run using robust standard errors. No evidence was found however, to support any
presence of Kurtosis. Furthermore, the Dickey — Fuller test for Unit root also indicated that all
models might be running spurious regressions, which indicates that our series are non-stationary
(Enders & Lee, 2012). The models also showcased relatively healthy values of VIF®!, however
further analysis of the correlation matrix showcases high levels of correlations between

explanatory variables which inflates the R? in our models (Dormann et al., 2012; O’brien, 2007).

30 See section 5.3
31VIF consistently around 2.5 for all models and specifications
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Lastly, the Shapiro-Wilk test for the normality of residuals further indicates that our dataset is
abnormally distributed, which influences our resulting OLS regressions (Mohd & Wah, 2011). To

correct for the normality of residuals, the regressions are run in log-returns.

Most of the robustness tests indicate that the models presented do not satisfy the OLS assumptions
for an unbiased estimator. It is likely that I have built biased models that do not reflect the
relationships occurring in the financial markets entirely. Therefore, further analysis of these
relationships is necessary to confirm to what extent the results presented here deviate from the

truth.

7. Conclusion

In conclusion, this paper sought out to contribute to the already growing literature on corporate
green bonds. The aim was to evaluate the effectiveness of various sentiment indicators in
explaining the fluctuations in corporate green bond returns. Differentiation between market-based
and news-based sentiment data would aid in gauging their relative accuracy in predicting the S&P
500 Green Bond Index. Our findings yield several implications and practical considerations for

future research.

In summary, the results did not support the notion of either one of the hypotheses including the
positive relationship between Green Bond returns and investor sentiment as presented in literature
(Baker & Wurgler, 2007; Brown & Cliff, 2005; Da et al., 2014; Gao et al., 2022). No significant
relationship between Green Bond index returns and any of the independent variables was
established (see section 5.2). All models, (ISEE, FInBERT and NewsSent) failed to provide any

substantial predictive power in the fluctuations of Green Bond returns.
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The main reason quoted to be the cause of the seemingly opposite relationship is data quality.
Though daily frequency is used, FinBERT sentiment data is not complete for all the days in the
time range, thus the daily influence of news on the market can be skewed with missing days (Ahn
et al., 2022). Furthermore, the Robustness checks conducted in section 5.3 point to several
problems with the data and regressions. First, we find strong positive autocorrelation of the error
term in every model, this goes against OLS assumption®® making the estimated results biased
(Durbin & Watson, 1950). Furthermore, using the White’s test for Heteroskedasticity, we find
strong evidence of heteroskedastic standard errors, as well as the data being heavily positively
skewed (Williams, 2020). This is amended in STATA via robust standard errors. Furthermore,
using the Dickey Fuller unit root test, we found that all models are likely non-stationary, leading
to spurious regressions and an inflated R? (Enders & Lee, 2012). Tests for Multicollinearity also
indicate a significant correlation between the control variables, which can lead to an inflated model
fit (Dormann et al., 2012; O’brien, 2007). Lastly, using a Shapiro-Wilk test, the data distribution
seems to not follow the normal distribution, thus making it unfit to an extent for use in OLS

regressions (Mohd & Wah, 2011). The log returns were taken then to counteract for this issue.

Despite this paper not finding any significant relationship between Investor sentiment and Green
bond returns, it still sheds light on the issues and pitfalls of traditional sentiment analysis. For
further development or research, we recommend using more robust sentiment data that covers at
least most of the days in the time period investigated. Furthermore, the choice of sentiment
indicators matters a lot, as is clear by the vastly insignificant results presented. It is possible that
common sentiment indicators are not all well suited to capture the intricate and new field of green

finance and corporate green bonds within it (Friede et al., 2015). An alternative approach to

32 Assumption of no Autocorrelation in the Error Term
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constructing investor sentiment would be advisable, the suggestion made here is using indicators
that are tailored to ESG factors or to other measures of corporate sustainability performance. These
could fare better than the market/ news-based indicators presented here. Furthermore, the FiInBERT
sentiment calculated in this paper was based on a albeit financial, but readily available python
library. Machine learning methods can be implemented instead to garner a more realistic sentiment
score per day (Devlin et al., 2019; Yang et al., 2020). Other approaches can also be implemented

to regress using panel data instead of time-series to yield a more accurate regression between firms.

Even though the results were limited, with any luck, this study can still promote the importance of
continuously researching the ever-evolving green finance market. Important temporal trends were
established, and various explanatory variables evaluated for the purpose of this paper. The data
presented contributes to the growing body of literature on Green Bonds and the analysis of Investor

Sentiment, providing foundational work for future studies to build on.

47



8. References

Ahn, H., Sun, K., & Kwanghoon Pio Kim. (2022). Comparison of Missing Data Imputation
Methods in Time Series Forecasting. Computers, Materials & Continua/Computers,
Materials & Continua (Print), 70(1), 767—779. https://doi.org/10.32604/cmc.2022.019369

Antweiler, W., & Frank, M. Z. (2004). Is all that talk just noise? the information content of
internet stock message boards. The Journal of Finance, 59(3), 1259-1294.
https://doi.org/10.1111/j.1540-6261.2004.00662.x

Araci, D. (2019). FinBERT: Financial Sentiment Analysis with Pre-trained Language Models
FinBERT: Financial Sentiment Analysis with Pre-trained Language Models.
https://arxiv.org/pdf/1908.10063

Arellano, M., & Bond, S. (1991). Some tests of specification for panel data: Monte Carlo
Evidence and an application to employment equations. The Review of Economic Studies,
58(2), 277. https://doi.org/10.2307/2297968

Armbruster, M. (2022). What Happens to the Market if America Goes to War? CFA Institute
Enterprising Investor. https://blogs.cfainstitute.org/investor/2017/08/29/u-s-capital-market-
returns-during-periods-of-war/

Baker, M., & Waurgler, J. (2006). Investor sentiment and the cross-section of stock returns. The
Journal of Finance, 61(4), 1645-1680. https://doi.org/10.1111/].1540-6261.2006.00885.x

Baker, M., & Wurgler, J. (2007). Investor sentiment in the stock market. Journal of Economic
Perspectives, 21(2), 129-151. https://doi.org/10.3386/w13189

Barber, B. M., Odean, T., & Zhu, N. (2009). Systematic noise. Journal of Financial Markets,
12(4), 547-569. https://doi.org/10.1016/j.finmar.2009.03.003

Barber, B. M., Morse, A., & Yasuda, A. (2021). Impact investing. Journal of Financial
Economics, 139(1), 162-185. https://doi.org/10.1016/].jfineco.2020.07.008

Bastos, R., & Pindado, J. (2013). Trade credit during a financial crisis: A panel data analysis.
Journal of Business Research, 66(5), 614—620.
https://doi.org/10.1016/j.jbusres.2012.03.015

Bell, A., & Jones, K. (2015). Explaining Fixed Effects: Random Effects Modeling of Time-
Series Cross-Sectional and Panel Data. Political Science Research and Methods, 3(1),
133-153. https://d0i:10.1017/psrm.2014.7

Bessec, M., & Fouquau, J. (2020). Green sentiment in Financial Markets: A global warning.
SSRN Electronic Journal. https://doi.org/10.2139/ssrn.3710489

48


https://doi.org/10.32604/cmc.2022.019369
https://doi.org/10.1111/j.1540-6261.2004.00662.x
https://arxiv.org/pdf/1908.10063
https://doi.org/10.2307/2297968
https://blogs.cfainstitute.org/investor/2017/08/29/u-s-capital-market-returns-during-periods-of-war/
https://blogs.cfainstitute.org/investor/2017/08/29/u-s-capital-market-returns-during-periods-of-war/
https://doi.org/10.1111/j.1540-6261.2006.00885.x
https://doi.org/10.3386/w13189
https://doi.org/10.1016/j.finmar.2009.03.003
https://doi.org/10.1016/j.jfineco.2020.07.008
https://doi.org/10.1016/j.jbusres.2012.03.015
https://doi:10.1017/psrm.2014.7
https://doi.org/10.2139/ssrn.3710489

Bhutta, U. S., Tariq, A., Farrukh, M., Raza, A., & Igbal, M. K. (2022). Green bonds for
sustainable development: Review of literature on development and impact of Green Bonds.
Technological Forecasting and Social Change, 175, 121378.
https://doi.org/10.1016/j.techfore.2021.121378

Bloomberg (2024, February 8) Green bonds reached new heights in 2023.
https://www.bloomberg.com/professional/insights/trading/green-bonds-reached-new-
heights-in-
2023/#.~:text=Issuance%200f%20impact%20bonds%20(i.e.,when%?20issuance%20reache
d%20%241.1%20trillion

Borovkova, S., Zhang, Z. (2022). News Sentiment and Corporate Bond yields. Retrieved from
https://probability.nl/wp-content/uploads/2022/10/News-Sentiment-and-Corporate-Bond-

PP.pdf

Broadstock, D. C., & Cheng, L. T. W. (2019). Time-varying relation between black and green
bond price benchmarks: Macroeconomic determinants for the first decade. Finance
Research Letters, 29, 17-22. https://doi.org/10.1016/.fr[.2019.02.006

Brown, G. W., & Cliff, M. T. (2005). Investor sentiment and asset valuation. The Journal of
Business, 78(2), 405-440. https://doi.org/10.1086/427633

Brune, A., Hens, T., Marc Oliver Rieger, & Wang, M. (2011). The War Puzzle: Contradictory
Effects of International Conflicts on Stock Markets. Social Science Research Network.
https://doi.org/10.2139/ssrn. 1855895

Buckman, S.R. et al. (2020) FRBSF, Federal Reserve Bank of San Francisco. Available at:
https://www.frbsf.org/wp-content/uploads/el2020-08.pdf

Cao Mai Phuong, L., & Cam Nhung, V. (2021). Investor sentiment measurement based on
technical analysis indicators affecting stock returns: Empirical evidence on VN100.
Investment Management and Financial Innovations, 18(4), 297-308.
https://doi.org/10.21511/imfi.18(4).2021.25

Caldara, Dario and Matteo Iacoviello (2022), “Measuring Geopolitical Risk,” American
Economic Review, April, 112(4), pp.1194-1225.

Caramichael, J., & Rapp, A. C. (2024). The green corporate bond issuance premium. Journal of
Banking & Finance, 162, 107126. https://doi.org/10.1016/j.jbankfin.2024.107126

CBI. (2024). Market data. Climate Bonds Initiative. https://www.climatebonds.net/market/data/

Chouhan, N., & Harrison, C. (2024, June). Sustainable Debt Market Summary Q1 2024. Climate
Bond Initiative; Climate Bond Initiative.
https://www.climatebonds.net/files/reports/chi mr gl 2024 0le 1.pdf

49


https://doi.org/10.1016/j.techfore.2021.121378
https://www.bloomberg.com/professional/insights/trading/green-bonds-reached-new-heights-in-%202023/#:~:text=Issuance%20of%20impact%20bonds%20(i.e.,when%20issuance%20reached%20%241.1%20trillion
https://www.bloomberg.com/professional/insights/trading/green-bonds-reached-new-heights-in-%202023/#:~:text=Issuance%20of%20impact%20bonds%20(i.e.,when%20issuance%20reached%20%241.1%20trillion
https://www.bloomberg.com/professional/insights/trading/green-bonds-reached-new-heights-in-%202023/#:~:text=Issuance%20of%20impact%20bonds%20(i.e.,when%20issuance%20reached%20%241.1%20trillion
https://www.bloomberg.com/professional/insights/trading/green-bonds-reached-new-heights-in-%202023/#:~:text=Issuance%20of%20impact%20bonds%20(i.e.,when%20issuance%20reached%20%241.1%20trillion
https://probability.nl/wp-content/uploads/2022/10/News-Sentiment-and-Corporate-Bond-PP.pdf
https://probability.nl/wp-content/uploads/2022/10/News-Sentiment-and-Corporate-Bond-PP.pdf
https://doi.org/10.1016/j.frl.2019.02.006
https://doi.org/10.1086/427633
https://doi.org/10.2139/ssrn.1855895
https://doi.org/10.21511/imfi.18(4).2021.25
https://www.matteoiacoviello.com/gpr_files/GPR_PAPER.pdf
https://doi.org/10.1016/j.jbankfin.2024.107126
https://www.climatebonds.net/market/data/
https://www.climatebonds.net/files/reports/cbi_mr_q1_2024_01e_1.pdf

CFI Team. (2023, October 9). Efficient Markets hypothesis. Corporate Finance Institute.
https://corporatefinanceinstitute.com/resources/career-map/sell-side/capital-
markets/efficient-markets-
hypothesis/#:~:text=The%20Efficient%20Markets%20Hypothesis%20(EMH,impossible%
20t0%20consistently%20%E2%80%9Cheat%20the

Da, Z., Engelberg, J., & Gao, P. (2014). The sum of all fears investor sentiment and asset prices.
Review of Financial Studies, 28(1), 1-32. https://doi.org/10.1093/rfs/hhu072

De Long, J. B., Shleifer, A., Summers, L. H., & Waldmann, R. J. (1990). Noise trader risk in
financial markets. Journal of Political Economy, 98(4), 703—738.
https://doi.org/10.1086/261703

Devlin, J., Chang, M.-W., Lee, K., Google, K., & Language, A. (2019). BERT: Pre-training of
Deep Bidirectional Transformers for Language Understanding.
https://arxiv.org/pdf/1810.04805

D’Hondt, C., & Roger, P. (2018). Investor sentiment and stock return predictability: The power
of ignorance. Finance, Vol. 38(2), 7-37. https://doi.org/10.3917/fina.382.0007

Dong, H., & Gil-Bazo, J. (2020). Sentiment stocks. International Review of Financial Analysis
(Online)/International Review of Financial Analysis, 72, 101573—101573.
https://doi.org/10.1016/j.irfa.2020.101573

Dormann, C. F., Elith, J., Bacher, S., Buchmann, C., Carl, G., Carré, G., Garcia, J. R., Gruber,
B., Lafourcade, B., Leitdo, P. J., Miinkemiiller, T., McClean, C., Osborne, P. E.,
Reineking, B., Schroder, B., Skidmore, A. K., Zurell, D., & Lautenbach, S. (2012).
Collinearity: a review of methods to deal with it and a simulation study evaluating their
performance. Ecography, 36(1), 27-46. https://doi.org/10.1111/1.1600-0587.2012.07348.x

Durbin, J., & Watson, G. S. (1950). Testing for Serial Correlation in Least Squares Regression:
L. Biometrika, 37(3/4), 409—-428. https://doi.org/10.2307/2332391

EC. (2019). Delivering the European Green Deal. European Commission.
https://commission.europa.eu/strateqy-and-policy/priorities-2019-2024/european-green-
deal/delivering-european-green-deal en#documents

EEA. (2023, April 28). Green bonds. European Environment Agency.
https://www.eea.europa.eu/en/analysis/indicators/green-bonds-8th-eap

Enders, W., & Lee, J. (2012). The flexible Fourier form and Dickey—Fuller type unit root
tests. Economics Letters, 117(1), 196-199. https://doi.org/10.1016/].econlet.2012.04.081

European Investment Bank. (2024). Climate Awareness Bonds (CAB). European Investment
Bank. Retrieved June 14, 2024, from https://www.eib.org/en/investor-
relations/cab/index.htm

50


https://corporatefinanceinstitute.com/resources/career-map/sell-side/capital-markets/efficient-markets-hypothesis/#:~:text=The%20Efficient%20Markets%20Hypothesis%20(EMH,impossible%20to%20consistently%20%E2%80%9Cbeat%20the
https://corporatefinanceinstitute.com/resources/career-map/sell-side/capital-markets/efficient-markets-hypothesis/#:~:text=The%20Efficient%20Markets%20Hypothesis%20(EMH,impossible%20to%20consistently%20%E2%80%9Cbeat%20the
https://corporatefinanceinstitute.com/resources/career-map/sell-side/capital-markets/efficient-markets-hypothesis/#:~:text=The%20Efficient%20Markets%20Hypothesis%20(EMH,impossible%20to%20consistently%20%E2%80%9Cbeat%20the
https://corporatefinanceinstitute.com/resources/career-map/sell-side/capital-markets/efficient-markets-hypothesis/#:~:text=The%20Efficient%20Markets%20Hypothesis%20(EMH,impossible%20to%20consistently%20%E2%80%9Cbeat%20the
https://doi.org/10.1093/rfs/hhu072
https://doi.org/10.1086/261703
https://arxiv.org/pdf/1810.04805
https://doi.org/10.3917/fina.382.0007
https://doi.org/10.1016/j.irfa.2020.101573
https://doi.org/10.1111/j.1600-0587.2012.07348.x
https://doi.org/10.2307/2332391
https://commission.europa.eu/strategy-and-policy/priorities-2019-2024/european-green-deal/delivering-european-green-deal_en#documents
https://commission.europa.eu/strategy-and-policy/priorities-2019-2024/european-green-deal/delivering-european-green-deal_en#documents
https://www.eea.europa.eu/en/analysis/indicators/green-bonds-8th-eap
https://doi.org/10.1016/j.econlet.2012.04.081
https://www.eib.org/en/investor-relations/cab/index.htm
https://www.eib.org/en/investor-relations/cab/index.htm

European Investment Bank. (2022). Climate Awareness Bonds. European Investment Bank.
Retrieved May 28, 2024, from https://www.eib.org/en/investor-relations/cab/index.htm

Fama, E. (2017). Efficient Capital Markets A Review of Theory and Empirical Work. In J.
Cochrane & T. Moskowitz (Ed.), The Fama Portfolio: Selected Papers of Eugene F. Fama
(pp. 76-121). Chicago: University of Chicago Press.
https://doi.org/10.7208/9780226426983-007

Fatica, S., Panzica, R., & Rancan, M. (2021). The pricing of Green Bonds: Are Financial
Institutions Special? Journal of Financial Stability, 54, 100873.
https://doi.org/10.1016/j.jfs.2021.100873

Febi, W., Schéfer, D., Stephan, A., & Sun, C. (2018). The impact of liquidity risk on the yield
spread of Green Bonds. Finance Research Letters, 27, 53-59.
https://doi.org/10.1016/j.frl.2018.02.025

Flammer, C. (2021). Corporate green bonds. Journal of Financial Economics, 142(2), 499-516.
https://doi.org/10.1016/j.jfineco.2021.01.010

Frazzini, A., & Lamont, O. A. (2008). Dumb money: Mutual fund flows and the cross-section of
Stock returns. Journal of Financial Economics, 88(2), 299-322.
https://doi.org/10.1016/j.jfineco.2007.07.001

FRBSF. (2023, November 8). Daily News Sentiment Index. SF Fed; San Francisco Fed.
https://www.frbsf.org/research-and-insights/data-and-indicators/daily-news-sentiment-
index/

Friede, G., Busch, T., & Bassen, A. (2015). ESG and financial performance: aggregated
evidence from more than 2000 empirical studies. Journal of Sustainable Finance &
Investment, 5(4), 210-233. https://doi.org/10.1080/20430795.2015.1118917

Gao, Y., Zhao, C., Sun, B., & Zhao, W. (2022). Effects of investor sentiment on stock volatility:
New evidences from multi-source data in China’s Green Stock Markets. Financial
Innovation, 8(1). https://doi.org/10.1186/s40854-022-00381-2

Geczy, C., Jeffers, J. S., Musto, D. K., & Tucker, A. M. (2021). Contracts with (social) benefits:
The implementation of impact investing. Journal of Financial Economics, 142(2), 697—
718. https://doi.org/10.1016/j.jfineco.2021.01.006

Genc, Z. (2020, July 31). FinBERT: Financial Sentiment Analysis with BERT - Prosus Al Tech
Blog - Medium. Medium; Prosus Al Tech Blog. https://medium.com/prosus-ai-tech-
blog/finbert-financial-sentiment-analysis-with-bert-b277a3607101

51


https://www.eib.org/en/investor-relations/cab/index.htm
https://doi.org/10.7208/9780226426983-007
https://doi.org/10.1016/j.jfs.2021.100873
https://doi.org/10.1016/j.frl.2018.02.025
https://doi.org/10.1016/j.jfineco.2021.01.010
https://doi.org/10.1016/j.jfineco.2007.07.001
https://doi.org/10.1080/20430795.2015.1118917
https://doi.org/10.1186/s40854-022-00381-2
https://doi.org/10.1016/j.jfineco.2021.01.006
https://medium.com/prosus-ai-tech-blog/finbert-financial-sentiment-analysis-with-bert-b277a3607101
https://medium.com/prosus-ai-tech-blog/finbert-financial-sentiment-analysis-with-bert-b277a3607101

Gianfrate, G., & Peri, M. (2019). The Green Advantage: Exploring the convenience of issuing
Green Bonds. Journal of Cleaner Production, 219, 127-135.
https://doi.org/10.1016/j.jclepro.2019.02.022

Green Bond Principles. (2021, June). Green bond principles. ICMA.
https://www.icmagroup.org/assets/documents/Sustainable-finance/2022-updates/Green-
Bond-Principles-June-2022-060623.pdf

Halbritter, G., & Dorfleitner, G. (2015). The wages of social responsibility — where are they? A
critical review of ESG investing. Review of Financial Economics, 26(1), 25-35.
https://doi.org/10.1016/j.rfe.2015.03.004

Holtz-Eakin, D., Newey, W., & Rosen, H. S. (1988). Estimating vector autoregressions with
panel data. Econometrica, 56(6), 1371. https://doi.org/10.2307/1913103

Huang, C., Simpson, S., Ulybina, D., Roitman, A. (2019, December 6) News-based Sentiment
Indicators. IMF. https://www.imf.org/en/Publications/WP/Issues/2019/12/06/News-based-
Sentiment-Indicators-48740

Jamali, D., & Mirshak, R. (2006). Corporate Social Responsibility (CSR): Theory and practice in
a developing country context. Journal of Business Ethics, 72(3), 243-262.
https://doi.org/10.1007/s10551-006-9168-4

KVA. (2002, October 9). The Sveriges Riksbank Prize in Economic Sciences in memory of Alfred
Nobel 2002. NobelPrize.org. https://www.nobelprize.org/prizes/economic-
sciences/2002/summary/

Lee, C. M., Shleifer, A., & Thaler, R. H. (1991). Investor sentiment and the closed-End Fund
Puzzle. The Journal of Finance, 46(1), 75-109. https://doi.org/10.1111/].1540-
6261.1991.tb03746.x

Lopez-Cabarcos, M. A., Pifieiro-Chousa, J., & Ada Maria Pérez-Pico. (2017). The impact
technical and non-technical investors have on the stock market: Evidence from the

sentiment extracted from social networks. Journal of Behavioural and Experimental
Finance, 15, 15-20. https://doi.org/10.1016/].jbef.2017.07.003

Mohd, N., & Wah, Y. (2011). Power comparisons of Shapiro-Wilk, Kolmogorov-Smirnov,
Lilliefors and Anderson-Darling tests. Journal of Statistical Modeling and Analytics, 2(1),
21-33. https://www.nrc.gov/docs/ML1714/ML17143A100.pdf

Moodie, A. (2016, March 20). Can Apple’s $1.5bn green bond inspire more environmental
investments? The Guardian. https://www.theguardian.com/sustainable-
business/2016/mar/20/apple-green-bond-environment-energy-toyota-climate-change

Morgan Stanley. (2017). Behind the green bond boom. Morgan Stanley.
https://www.morganstanley.com/ideas/green-bond-boom

52


https://doi.org/10.1016/j.jclepro.2019.02.022
https://www.icmagroup.org/assets/documents/Sustainable-finance/2022-updates/Green-Bond-Principles-June-2022-060623.pdf
https://www.icmagroup.org/assets/documents/Sustainable-finance/2022-updates/Green-Bond-Principles-June-2022-060623.pdf
https://doi.org/10.1016/j.rfe.2015.03.004
https://doi.org/10.2307/1913103
https://doi.org/10.1007/s10551-006-9168-4
https://www.nobelprize.org/prizes/economic-sciences/2002/summary/
https://www.nobelprize.org/prizes/economic-sciences/2002/summary/
https://doi.org/10.1111/j.1540-6261.1991.tb03746.x
https://doi.org/10.1111/j.1540-6261.1991.tb03746.x
https://doi.org/10.1016/j.jbef.2017.07.003
https://www.nrc.gov/docs/ML1714/ML17143A100.pdf
https://www.theguardian.com/sustainable-business/2016/mar/20/apple-green-bond-environment-energy-toyota-climate-change
https://www.theguardian.com/sustainable-business/2016/mar/20/apple-green-bond-environment-energy-toyota-climate-change
https://www.morganstanley.com/ideas/green-bond-boom

Mutarindwa, S., Schafer, D., & Stephan, A. (2024). Certification against greenwashing in
nascent bond markets: lessons from African ESG bonds. Eurasian Economic Review,
14(1), 149-173. https://doi.org/10.1007/s40822-023-00257-5

Nam, C. (2020, June). World Economic Outlook for 2020 and 2021.
https://www.cesifo.org/en/publications/2020/article-journal/world-economic-outlook-
2020-and-2021

Nasdaq. (2024). ISSE Index. Nasdaq.com. https://www.nasdaqg.com/market-activity/isee-index

NEA. (2017, February 27). The Kyoto Protocol. Dutch Emissions Authority.
https://www.emissionsauthority.nl/topics/kyoto-
protocol#:~:text=The%20Kyot0%20Protocol%20was%20created,1 %20countries’%20unde
r%20the%20Protocol.

O’brien, R. M. (2007). A Caution Regarding Rules of Thumb for Variance Inflation
Factors. Quality and Quantity, 41(5), 673-690. https://doi.org/10.1007/s11135-006-9018-6

Pham, L., & Cepni, O. (2022). Extreme directional spillovers between investor attention and
Green Bond Markets. International Review of Economics &amp; Finance, 80, 186-210.
https://doi.org/10.1016/j.iref.2022.02.069

Pham, L., & Luu Duc Huynh, T. (2020). How does investor attention influence the green bond
market? Finance Research Letters, 35, 101533. https://doi.org/10.1016/j.frl.2020.101533

Pindado, J., Requejo, I., & de la Torre, C. (2014). Family control, expropriation, and investor
protection: A panel data analysis of Western European corporations. Journal of Empirical
Finance, 27, 58-74. https://doi.org/10.1016/j.jempfin.2013.10.006

Pifieiro-Chousa, J., Lopez-Cabarcos, M. A., Caby, J., & Sevi¢, A. (2021). The influence of
investor sentiment on the Green Bond Market. Technological Forecasting and Social
Change, 162, 120351. https://doi.org/10.1016/j.techfore.2020.120351

Reboredo, J. C. (2018). Green bond and financial markets: Co-movement, diversification and
price spillover effects. Energy Economics, 74, 38-50.
https://doi.org/10.1016/j.enec0.2018.05.030

Reboredo, J. C., & Ugolini, A. (2020). Price connectedness between green bond and financial
markets. Economic Modelling, 88, 25-38. https://doi.org/10.1016/j.econmod.2019.09.004

Reichelt, H. (2010). THE EUROMONEY ENVIRONMENTAL FINANCE HANDBOOK 2010.
Worldbank. https://thedocs.worldbank.org/en/doc/468821507749574507 -
0340022017/original/euromoneyhandbook2010greenbonds.pdf

53


https://doi.org/10.1007/s40822-023-00257-5
https://www.cesifo.org/en/publications/2020/article-journal/world-economic-outlook-2020-and-2021
https://www.cesifo.org/en/publications/2020/article-journal/world-economic-outlook-2020-and-2021
https://www.nasdaq.com/market-activity/isee-index
https://www.emissionsauthority.nl/topics/kyoto-protocol#:~:text=The%20Kyoto%20Protocol%20was%20created,1%20countries’%20under%20the%20Protocol
https://www.emissionsauthority.nl/topics/kyoto-protocol#:~:text=The%20Kyoto%20Protocol%20was%20created,1%20countries’%20under%20the%20Protocol
https://www.emissionsauthority.nl/topics/kyoto-protocol#:~:text=The%20Kyoto%20Protocol%20was%20created,1%20countries’%20under%20the%20Protocol
https://doi.org/10.1007/s11135-006-9018-6
https://doi.org/10.1016/j.iref.2022.02.069
https://doi.org/10.1016/j.frl.2020.101533
https://doi.org/10.1016/j.jempfin.2013.10.006
https://doi.org/10.1016/j.techfore.2020.120351
https://doi.org/10.1016/j.eneco.2018.05.030
https://doi.org/10.1016/j.econmod.2019.09.004
https://thedocs.worldbank.org/en/doc/468821507749574507-0340022017/original/euromoneyhandbook2010greenbonds.pdf
https://thedocs.worldbank.org/en/doc/468821507749574507-0340022017/original/euromoneyhandbook2010greenbonds.pdf

Schmeling, M. (2009). Investor sentiment and stock returns: Some international evidence.
Journal of Empirical Finance, 16(3), 394-408.
https://doi.org/10.1016/j.jempfin.2009.01.002

Shapiro, Hale, A., Sudhof, M., Wilson, D. (2020). “Measuring News Sentiment,” Federal
Reserve Bank of San Francisco Working Paper 2017-01. https://doi.org/10.24148/wp2017-
01

Sheenan, L. (2023). Green bonds, conventional bonds and geopolitical risk. Finance Research
Letters, 58. https://doi.org/10.1016/j.frl.2023.104587

Shleifer, A., & Vishny, R. W. (1997). The Limits of Arbitrage. The Journal of Finance, L11(1).
https://doi.org/https://onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1540-
6261.1997.tb03807.x?casa_token=EjiWpNoFppwAAAAA:cpbBING5Iv6bXd6ckgOKHNh6
BUZ3c5VCvgoJMvCsgNsB-gCI1FwWJRwW2pWAG9rZ-CJBarilGrsmyvOnvce3

Stein, Z. (2024, April 10). Green stocks: Benefits, sectors, evaluation, Top Picks & Risks.
Carbon collective. https://www.carboncollective.co/sustainable-investing/green-
stocks#:~:text=Green%20stocks%20are%20shares%200f,t0%20a%20more%20sustainable
%?20future

Stock, J. H., & Watson, M. W. (2015). Introduction to econometrics. Pearson Education Limited.

Tang, D. Y., & Zhang, Y. (2018). Do shareholders benefit from green bonds? (SSRN Scholarly
Paper 3259555). https://doi.org/10.2139/ssrn.3259555

U-M. (2024). Tables and csvs—Surveys of consumers. University of Michigan; University of
Michigan. http://www.sca.isr.umich.edu/tables.html

United Nations. (2024). The 17 goals | sustainable development. Department of Economic and
Social Affairs; United Nations. https://sdgs.un.org/goals

United Nations. (2023). Transforming our world: The 2030 agenda for sustainable development |
department of economic and social affairs. UN 2023 Water Conference; United nations.
https://sdgs.un.org/2030agenda

UNCC. (2021). The Paris Agreement. Unfccc.int. https://unfccc.int/process-and-meetings/the-
paris-agreement

Wei, X., & Han, L. (2021). The impact of COVID-19 pandemic on transmission of monetary
policy to financial markets. International Review of Financial Analysis
(Online)/International Review of Financial Analysis, 74, 101705-101705.
https://doi.org/10.1016/j.irfa.2021.101705

54


https://doi.org/10.1016/j.jempfin.2009.01.002
https://doi.org/10.24148/wp2017-01
https://doi.org/10.24148/wp2017-01
https://doi.org/10.1016/j.frl.2023.104587
https://doi.org/https:/onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1540-6261.1997.tb03807.x?casa_token=EjiWpNoFppwAAAAA:cpbB9nG5lv6bXd6ckg0KHh6BUZ3c5VCvqoJMvCsqNsB-gCI1FwJRw2pWA69rZ-CJBari1GrsmyvOnvc3
https://doi.org/https:/onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1540-6261.1997.tb03807.x?casa_token=EjiWpNoFppwAAAAA:cpbB9nG5lv6bXd6ckg0KHh6BUZ3c5VCvqoJMvCsqNsB-gCI1FwJRw2pWA69rZ-CJBari1GrsmyvOnvc3
https://doi.org/https:/onlinelibrary.wiley.com/doi/pdfdirect/10.1111/j.1540-6261.1997.tb03807.x?casa_token=EjiWpNoFppwAAAAA:cpbB9nG5lv6bXd6ckg0KHh6BUZ3c5VCvqoJMvCsqNsB-gCI1FwJRw2pWA69rZ-CJBari1GrsmyvOnvc3
https://www.carboncollective.co/sustainable-investing/green-stocks#:~:text=Green%20stocks%20are%20shares%20of,to%20a%20more%20sustainable%20future
https://www.carboncollective.co/sustainable-investing/green-stocks#:~:text=Green%20stocks%20are%20shares%20of,to%20a%20more%20sustainable%20future
https://www.carboncollective.co/sustainable-investing/green-stocks#:~:text=Green%20stocks%20are%20shares%20of,to%20a%20more%20sustainable%20future
https://doi.org/10.2139/ssrn.3259555
http://www.sca.isr.umich.edu/tables.html
https://sdgs.un.org/goals
https://sdgs.un.org/2030agenda
https://unfccc.int/process-and-meetings/the-paris-agreement
https://unfccc.int/process-and-meetings/the-paris-agreement
https://doi.org/10.1016/j.irfa.2021.101705

Williams, R. (2020, January 10). Heteroskedasticity. from
https://www3.nd.edu/~rwilliam/stats2/125.pdf#:~:text=URL %3 A%20https%3A%2F%2Fw
ww3.nd.edu%2F~rwilliam%2Fstats2%2F125.pdf%0AVisible%3A%200%25%20

Wintoki, M. B., Linck, J. S., & Netter, J. M. (2012). Endogeneity and the dynamics of Internal
Corporate Governance. Journal of Financial Economics, 105(3), 581-606.
https://doi.org/10.1016/j.jfineco.2012.03.005

World Bank. (2017). Global economic prospects: June 2017 - Global outlook.
https://thedocs.worldbank.org/en/doc/216941493655495719-
0050022017/original/GlobalEconomicProspectsJune2017GlobalOutlook.pdf

Wurgler, J. (2024, May 31). Jeffrey Wurgler. Department of Finance.
https://pages.stern.nyu.edu/~jwurgler/

Yang, Y., Christopher, M., Uy, S., & Huang, A. (2020). FinBERT: A Pretrained Language
Model for Financial Communications. https://arxiv.org/pdf/2006.08097

Zerbib, O. (2019). The effect of pro-environmental preferences on bond prices: Evidence from
green bonds. Journal of Banking & Finance, 98, 39-60.
https://doi.org/10.1016/j.jbankfin.2018.10.012

Zhou, G. (2018). Measuring investor sentiment. Annual Review of Financial Economics, 10(1),
239-259. https://doi.org/10.1146/annurev-financial-110217-022725

55


https://www3.nd.edu/~rwilliam/stats2/l25.pdf#:~:text=URL%3A%20https%3A%2F%2Fwww3.nd.edu%2F~rwilliam%2Fstats2%2Fl25.pdf%0AVisible%3A%200%25%20
https://www3.nd.edu/~rwilliam/stats2/l25.pdf#:~:text=URL%3A%20https%3A%2F%2Fwww3.nd.edu%2F~rwilliam%2Fstats2%2Fl25.pdf%0AVisible%3A%200%25%20
https://doi.org/10.1016/j.jfineco.2012.03.005
https://thedocs.worldbank.org/en/doc/216941493655495719-0050022017/original/GlobalEconomicProspectsJune2017GlobalOutlook.pdf
https://thedocs.worldbank.org/en/doc/216941493655495719-0050022017/original/GlobalEconomicProspectsJune2017GlobalOutlook.pdf
https://pages.stern.nyu.edu/~jwurgler/
https://arxiv.org/pdf/2006.08097
https://doi.org/10.1016/j.jbankfin.2018.10.012
https://doi.org/10.1146/annurev-financial-110217-022725

I Sentiment Articles

9. Appendix

Year Number of Articles
2014 42
2015 63
2016 57
2017 76
2018 86
2019 90
2020 82
2021 145
2022 156
2023 138
2024 50
Total 1647

II Autocorrelation Test results

Model 1 (ISEE):

. estat dwatson
Mumber of gaps in sample:

Durbin-Watson d-statistic(

Model 2 (FinBERT):
. estat dwatson
Mumber of gaps in sample:

Durbin-Watson d-statistic(

Model 3 (NewsSent):

. estat dwatson
Mumber of gaps in sample:

Durbin-Watson d-statistic(

745

737

16,

76

746)

738)

707)
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III Shapiro Wilk Test

Model 1 (ISEE):

. swilk residuals

Shapiro-Wilk W test for normal data

Variable | Obs W v z Probzz
residuals 746 8.93149 33.160 8.561 8. 00000
Model 2 (FinBERT):
. swilk residuals
Shapiro-Wilk W test for normal data
Variable | Obs W W z Probrz
residuals 738 B8.93261 32.239 8.493 9. 0000
Model 3 (NewsSent):
. swilk residuals
Shapiro-Wilk W test for normal data
Variable | Obs W v z Probzz
residuals a7 8.93687 29.848 8.223 8. 00000
IV Dickey Fuller Unit Root
Dickey-Fuller test for unit root Number of obhs = 743

Interpoclated Dickey-Fuller

Test 1% Critical 5% Critical 18% Critical
Statistic Value Value Value
Z(t) -29.935 -3.438 -2.860 -2.578

MacKinneon approximate p-wvalue for Z(t) = 0.0000
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