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ABSTRACT: 
 
Green bond pricing and the greenium remains unsettled, and most evidence comes from sec-
ondary markets where liquidity and trading frictions complicate interpretation. This thesis fo-
cuses on the primary market and asks two practical questions: whether the green label is asso-
ciated with an issuance G-spread differential once standard spread determinants are con-
trolled for, and whether machine-learning models improve out-of-sample prediction. The da-
taset consists of corporate bonds issued between 2023 and 2025 and totals 3654 bonds. Issu-
ance G-spread is used as the dependent variable and controls include bond characteristics and 
market conditions, such as broad credit spreads and volatility proxies. Issuance G-spreads are 
estimated with a nested OLS ladder to track how the green coefficient behaves as control 
blocks are introduced. Predictive performance is benchmarked across OLS, LASSO, and Ran-
dom Forest and evaluated on a held-out test set, across 100 repeated random splits and in an 
out-of-time setting that trains on earlier years and tests on a later period. The results show 
that green labelled issues are associated with a spread difference of about +16.4 bps at the 
representative spread level. Random Forest provides a large improvement in predictive accu-
racy relative to linear benchmarks. On the held-out test set, RMSE decreases from 0.251 to 
0.152 and test R² increases from 0.858 to 0.948. In out-of-time evaluation, performance falls 
for all models but Random Forest remains most accurate. State splits indicate that implied 
green differential is larger in tight conditions at 28–31 bps and smaller and less precise in 
stressed regimes at 9–10 bps. Issuance spreads are dominated by conventional drivers such as 
credit quality, deal structure, and issuance-time market conditions. The green label adds sec-
ondary but sometimes economically meaningful information, and the magnitude is regime de-
pendent.  

KEYWORDS: Corporate Bond, Greenium, OLS, Random Forest, Machine Learning, Primary 
Market, Issuance 
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1 Introduction 

1.1 Purpose of the Study 

In this thesis the objective is to investigate what drives corporate bond pricing at issu-

ance and if machine learning models can predict the issuance G-spreads better than lin-

ear econometric models. The focus is on primary bond market, which is where new 

bonds are issued and the initial yield is set through underwriting and bookbuilding pro-

cesses. The issuance G-Spread is the difference between issue yield and benchmark rate, 

it measures the cost of debt financing and reflects how investors evaluate for example 

risk, liquidity, and market conditions that are available when the bond is priced (Benven-

iste & Spindt, 1989; Cornelli & Goldreich, 2003). Understanding this process is important 

because it affects the issuer’s cost of capital and gives an insight on how information is 

transmitted in financial markets. 

 

Historically, the fixed-income market (that bonds are part of) has changed due to envi-

ronmental and social aspects becoming more important and as such are more included 

in capital allocation. For this reason, this thesis studies the green bond market, which 

has grown rapidly since the European Investment Bank issued the first Climate Aware-

ness Bond back in 2007. The market for green bonds is also supported by policy frame-

works like the Paris Agreement and the European Union Green Deal, and by investor 

demand for sustainable instruments (Baker et al., 2018). 

 

While a lot of studies have focused on the pricing dynamics of the green bond market, 

they are still unclear. Some studies show that green bonds trade at a premium, which is 

referred to as a “greenium”, when they are compared with similar non-green bonds 

(Fatica et al., 2021; Flammer, 2021). These studies show that investors may accept lower 

yields for bonds that are labelled as green, perhaps due to environmental benefits or 

transparency. Other studies don’t find a greenium when credit risk and liquidity among 

other factors are controlled for (Larcker & Watts, 2020; Pástor et al., 2021). Most prior 
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research focuses on secondary-market pricing, but the primary market, where infor-

mation asymmetries might be more impactful, are less researched. 

 

There are a lot of variables that determine issuance G-spreads, and those are further 

affected by both risk factors and informational elements. Information asymmetry theory 

suggests that issuers may have private information which the investors do not. To fight 

this, investors commonly demand compensation for this kind of uncertainty, which re-

sults in a higher spread if information is incomplete or not available (Akerlof, 1970; Myers 

& Majluf, 1984).  

 

Signaling theory then argues that certification, external reviews, or adhering to stand-

ards can act as credible signals that reduce required yields (Spence, 1973; Ross, 1977). 

In the case of green bonds, there are green bond standards that must be fulfilled for a 

bond to be labelled “green”. Investor-preference models suggest that investors gain non-

financial utility from holding environmentally positive assets and then accept lower re-

turns (Heinkel et al., 2001; Pástor et al., 2021). This shows that bond pricing can depend 

not only on financial risk, but also on information disclosure and preferences. 

 

In the bond literature, traditional econometric models such as ordinary least squares 

(OLS) are commonly used, but G-spreads can be affected by nonlinearities and interac-

tion effects between bond characteristics (Hastie et al., 2009). Due to this a machine 

learning model, Random Forest, is incorporated. The motivation for this is simple, recent 

studies have shown that machine learning models outperform traditional models in pre-

dicting asset returns, credit spreads, and default probabilities (Varian, 2014).  

 

The main objective for this thesis is to identify the main determinants of issuance stage 

bond G-spreads and to examine if the “green label” affects pricing of bonds. After this, I 

introduce a machine learning model to test if it can improve predictive performance and 

if its diagnostics provide additional information. By combining the beforementioned the-

ories and modern modelling of data, the aim is to improve understanding of how green 
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label and advanced quantitative techniques can influence the pricing of bonds in the 

primary market. 

 

In this study, green bonds are classified as green if they are given a “green” tag by LSEG. 

LSEG assigns green bond tags based on issuer labelling in public documents, review of 

the issuer’s sustainability framework and verification of the use of proceeds to ensure 

that the classification is justified (London Stock Exchange Group, 2024). Below are the 

specific inclusion and exclusion criteria. 

 

 

1.2 Research Problem and Hypotheses 

As the research on corporate bonds and their pricing has concentrated on secondary-

market yields and often analyzes spreads after issuance, the primary market has re-

ceived less attention. In the green bond context empirical evidence is mixed: some stud-

ies report a “greenium” (Bachelet, et al., 2019), while others report no significant differ-

ences once standard determinants are controlled for (Larcker & Watts, 2020; Flammer, 

2021). More recently, Caramichael and Rapp (2024) researched green bonds in the pri-

mary market and document that green bonds price at lower issuance G-spreads and link 

this advantage to demand pressure at issuance (Caramichael & Rapp, 2024). 

 

What remains less understood is whether the green label carries incremental infor-

mation in more recent issuance windows and if the green label contributes beyond 

standard determinants out-of-sample and out-of-time. This thesis addresses these gaps 

by studying USD-denominated non-financial corporate bonds issued between 5 January 

Inclusions 

Currency: USD 

Issuer Sector: non-financial corporates 

Timing: 5 Jan 2023 – 21 Aug 2025 

Credit rating: all rating levels included 

Callability: only callable 

Exclusions 

Financial sector and non-USD issues 

Observations with missing credit rating 

Rare SIC categories with 2 or less observations 

Total excluded: 27 observations 
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2023 and 21 August 2025, using issuance G-spreads to focus on primary-market pricing. 

This thesis further incorporates 3 complementary methods: a nested OLS “ladder”, 

LASSO regression, and a Random Forest model. Doing so allows to track how the esti-

mated green coefficient evolves as controls are introduced and if any green label signal 

improves out-of-sample and out-of-time predictions, when more complex interactions 

and nonlinearities are allowed. 

 

Specifically, this thesis addresses the following research questions: 

 

Does a Random Forest model predict issuance G-spreads more accurately than a nested 

OLS ladder out-of-sample? 

 

Which variables, including bond characteristics, credit quality, sector composition, and 

issuance-time market conditions, are most important in explaining issuance G-spreads 

according to model-based importance measures?  

 

Does the inclusion of a green label variable provide explanatory and predictive content, 

and is the green label associated with a statistically significant G-spread differential once 

conventional determinants are controlled for? 

 

Based on these questions, three hypotheses are formulated: 

 

H1: A Random Forest model predicts corporate bond issuance G-spreads more accu-

rately than ordinary least squares out-of-sample. 

 

H2: Credit quality, maturity, issue size, and issuance-time market conditions are among 

the most important determinants of issuance G-spreads. 

 

H3: The green label is associated with a statistically significant conditional issuance G-
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spread differential after controlling for bond characteristics, credit quality, sector com-

position, and issuance-time market conditions. 

 

1.3 Contribution 

This thesis contributes to the green bond literature by focusing explicitly on primary mar-

ket issuance pricing. Building on the results of Caramichael and Rapp (2024), who 

showed that green bonds price at lower issuance spreads, the aim is to show if a green 

bond differential is also present in a later US market sample.  

 

Methodologically the contribution is separating two questions that are often conflated 

in the greenium debate: conditional association and incremental predictability. The OLS 

ladder adds control blocks stepwise to show transparently how the green coefficient 

changes as bond characteristics, credit quality and issuance-time market conditions are 

introduced. At the same time the Random Forest benchmark tests if the green label in-

creases out-of-sample predictive accuracy, once the same determinants are added to the 

model. To show that results are robust, the models are also evaluated out-of-time. Het-

erogeneity is also addressed by dissecting the green bond issuances based on credit rat-

ings, market states (tight vs. stressed).  

 

Last, the aim is to offer a unified interpretation that helps understand the mixed findings 

in the greenium debate. Basically, do the standard determinants explain most variation, 

or does the green label add value after the fundamentals are already included. 

 

1.4 Structure of the Thesis 

Chapter 1 motivates the research problem, defines the research questions and hypoth-

eses. Chapter 2 sets out the theoretical mechanisms relevant for issuance pricing and 

motivates the use of machine-learning models in this setting. Chapter 3 reviews the em-

pirical evidence on corporate bond spreads, green bond premia, and predictive model-

ling in finance, and positions the study relative to existing work. Chapter 4 describes the 
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empirical framework: the OLS ladder used for conditional inference on the green label 

and the Random Forest model used for prediction. Chapter 5 describes the data sources, 

sample construction, and variable definitions. Chapter 6 presents the results from ap-

proaches and compares what the models imply. Chapter 7 concludes and discusses prac-

tical implications, limitations, and directions for future research. 
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2 Theoretical Background 

This section includes the theoretical background for green and non-green bonds and 

their pricing. It also includes the background for machine learning models, the Random 

Forest. Since green bonds are simply just labelled corporate bonds, the issuance pricing 

of normal corporate bonds is the starting point. Following this, green bonds are intro-

duced.  

 

2.1 Bonds 

Corporate bonds are debt instruments that are issued by companies to raise capital. They 

provide regular interest payments, which is known as the coupon, and then the principal 

is repaid at maturity. This offers issuers a reliable funding source and investors gain an-

ticipated returns (Fabozzi, 2012). Although considered stable and fixed-income, bonds 

carry risks such as inflation, interest rate changes and issuers creditworthiness. Hull 

(2018) shows that bonds are diverse and come in different forms such as treasury, mu-

nicipal, and corporate bonds, furthermore different types of bonds offer different risk 

and return profiles. To start off, bond fundamentals, the risks associated, pricing mech-

anism, and the central role of credit rating agencies are examined. 

 

2.1.1 Key Characteristics 

Bonds are financial instruments with defined characteristics that determine how they 

are structured, priced, and perceived by investors. These characteristics define the rights 

and obligations of issuers and investors (bondholders) and form the bond’s risk-return 

profile. The par value is the amount repaid at maturity and provides the basis for calcu-

lating interest. The coupon rate is the annual interest rate as a percentage of par value, 

and it can be fixed or floating. Fixed coupons offer stability for investors, whereas floating 

coupons adjust to a benchmark like SOFR periodically (Hull, 2018). Bonds maturity date 

is when the principal is repaid and it can range from under one year (short-term) to over 
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10 years (long-term). Bodie et al. (2018) note that longer maturities often include higher 

risks, such as inflation and interest rate risks, but they come with higher yields. 

 

Bonds also have additional features like embedded options, such as puttable or callable 

bonds, which permit early repayment under strict conditions. Issuers can call back calla-

ble bonds, benefiting them and puttable bonds offer some protection for investors by 

allowing resale back to the issuer at a fixed price (Fabozzi, 2012). Bondholders with con-

vertible bonds have the possibility to convert their bonds into shares. As can be seen, 

bonds come with a diverse set of features which serve different types of investors mak-

ing them a flexible financial instrument.  

 

2.1.2 Risks of Bonds 

Bonds are often considered as safe or stable investments, they still are subject to several 

risks that can influence their value and appeal. As bonds are very sensitive to interest 

rate fluctuations, the most visible is interest rate risk. When interest rates increase, ex-

isting bond prices tend to decline, and this effect is worse for bonds with long maturities 

(Hull, 2018). Credit risk is another major risk that concerns corporate bonds because 

they depend on issuers financial health. Corporate bonds also involve a higher default 

risk, which makes the role of credit rating such as Moody’s crucial (Fabozzi, 2012). 

 

When prices rise fixed coupon payments lose purchasing power. This is known as infla-

tion risk, which is especially important to consider for longer rated bonds (Tuckman & 

Serrat, 2011). If markets become illiquid, liquidity risk becomes a major concern that 

forces investors to sell at discount if bonds must be sold off quickly. Liquidity risk is es-

pecially prominent with less frequently traded bonds or lesser-known issuers (Hull, 

2018). Callable bonds add further risks such as reinvestment risk. 
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2.1.3 Bond Pricing 

Bond pricing is easiest to describe through the price-yield relationship. For a given set of 

predetermined cash flows, an increase in the required yield lowers the present value of 

those cash flows reducing the bond’s price. Conversely, if the required yield falls, the 

present value rises (Tuckman & Serrat, 2012). In this sense yields summarize the discount 

rate investors use to calculate future cash flows into a market price. The most commonly 

used yield metric is the yield to maturity (YTM), which is defined by Fabozzi (2012) as 

the single constant discount rate that equates the present value of the bond’s predeter-

mined cash flows to its current market price.  

 

In fixed-income markets yields are useful but incomplete as the sole basis of comparison. 

Yield does not only reflect issuer-specific risks but also the prevailing level of risk-free 

interest rates and term structure at any given point. The underlying benchmark curve 

can shift over time and differs across maturities, yields alone do not isolate compensa-

tion that investors demand for holding bonds. Spreads are defined as the yield premium 

of a bond over a determined reference rate or curve (Fabozzi, 2012). They capture the 

required excess compensation investors demand for friction and risk that the benchmark 

does not carry. For corporate bonds the most important risks are credit and liquidity risks.  

 

In this thesis the specific spread used is the G-spread at issuance. G-spread is the bond’s 

yield premium in basis points (bps) over a government yield curve of similar maturity. It 

measures how much additional yield investors demand on top of the government curve 

for holding the corporate bond. The G-spread is widely used and easy to interpret making 

it practical when comparing bonds with different maturities and are issued in different 

conditions.  

 

There are several alternative spread measures that are commonly used. Z-spread is dif-

ferent from the G-spread as it is defined as a constant spread added to each point of the 

benchmark curve in a way that the discounted cashflows match the current price 
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(Tuckman & Serrat, 2012). I-spreads use interest rate swap curves rather than govern-

ment curves.  

 

2.1.4 Primary vs Secondary Market Pricing 

Corporate bonds are priced in two distinct settings: the primary market where new is-

sues are sold to investors and the secondary market, where already existing bonds trade. 

Bond prices reflect the same underlying building blocks, but the pricing process differs. 

For this reason issuance pricing should be treated as its own objective, which is the focus 

of this thesis. 

 

In the primary market, pricing is the outcome of a placement process. The issuer ap-

points a syndicate of banks to arrange the transaction, market it to investors and build 

an order book. During bookbuilding, investors indicate demand at different spread levels 

and the price is adjusted as the demand develops. The final issuance spread is set so that 

the deal can be placed in full at intended size and maturity. This differs from “trading” 

drastically, because the underwriters manage information and the end goal is a success-

ful placement (Dick-Nielsen, 2021).  

 

After issuance the bond’s price is determined through trading, and this is known as the 

secondary market. Secondary-market prices react to new information continuously and 

they are also affected by liquidity conditions. Transaction costs and dealer intermedia-

tion affect the observed prices, especially when it comes to corporate bonds because 

trading can be intermittent and bid-ask spreads are economically meaningful (Edward et 

al., 2007; Bao et al., 2011). 

 

The main difference between the two markets is that at issuance secondary trading fric-

tions do not exist. At issuance the bond has no trading history and investors cannot ob-

serve where the bond might trade once it hits the market. This creates an uncertainty 

component in primary-market pricing and understandably, investors may demand addi-

tional compensation for committing their capital to a new unknown security. This idea is 
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consistent with evidence that newly issued corporate bonds tend to offer slightly better 

terms than comparable bonds that are already trading (Cai et al., 2007). 

 

For these reasons issuance pricing should not be treated as just secondary-market pric-

ing but “one step earlier”. The mechanisms that affect issuance pricing differ from the 

forces that drive secondary prices.  

 

2.1.5 Underwriting, Bookbuilding and the New-issue Concession 

Issuance G-spreads are set through a process that is run by underwriters. As explained 

before, demand is gathered and this is then translated into pricing guidance and then 

the final G-spread is arrived at. The process typically starts with an initial price talk (IPT), 

after which the order book is opened, and revisions are made until demand is high 

enough and issuers agree with the spread. In other words, underwriters are the inter-

mediaries between issuers and investors. If demand is low, new-issue concessions (dis-

cussed later) can be offered to increase it and vice versa, if the orderbook is oversub-

scribed spreads tend to be tighter (Benveniste & Spindt, 1989; Cornelli & Goldreich, 

2003). Thus, the process of bookbuilding is akin to walking a tightrope, issuers cost of 

capital and the likelihood of successful placement must be balanced or the bond may 

become illiquid. 

 

The core mechanism that produces information for the issuers and underwriters is the 

bookbuilding process. Investors indicate demand at different spread levels and this in-

formation is used to either widen or tighten them (ICMA, 2018). Investors may try not 

to show their indications and underwriters on the other hand have incentives to manage 

the entire process in a way that the bond is issued and performs well in the aftermarket. 

This is why primary market pricing is quite commonly discussed in terms of information 

revelation.  

 

New-issue concession or new-issue premium is the extra yield that a new bond offers in 

comparison to similar bonds already in the market. It works as a placement tool, if 
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demand is uncertain the issuer needs to offer better terms to make sure the orderbook 

is filled (Hillebrand, 2021). The concession also indicates placement risk from the under-

writer’s side. If the book is weak it could be priced poorly or trading badly in the after-

market, which can become a reputational problem for underwriters. For this reason, un-

derwriters commonly offer new-issue premia, which tends to be small in normal markets. 

However, in highly volatile markets this cushion is larger. Boyarchenko (2022) showed 

this clearly for March 2020: issuance G-spreads were more than 50 bps higher than com-

parable secondary market bonds. The logic is simple, if uncertainty is high the gap be-

tween primary and secondary pricing increases even more. 

 

2.2 Green Bonds and the Greenium 

Green bonds are bonds that are earmarked to finance projects that offer environmental 

benefits, such as renewable energy, energy efficiency etc. (Tang & Zhang, 2020). Green 

bonds are structured the same way as any other bonds and they offer coupons, have 

maturities and seniorities. The difference comes from the use of proceeds, which must 

be allocated only to projects offering environmental benefits. 

 

The first green bond was issued by the European Investment Bank in 2007, since then 

the market has grown quickly. This reflects demand from institutional and retail investors 

who may have ESG mandates or targets for climate or environmental exposure. On the 

issuer side, green bonds are a way to communicate environmental strategy in a concrete 

way. To support the growing green bond market frameworks such as the Green Bond 

Principles (GBP), developed by the International Capital Market Association (ICMA) have 

increased transparency and standardization which reinforces the market’s credibility. EU 

has also introduced the European Green Bond Label (EuGB) which sets requirements 

around disclosures, external review and the use of proceeds (European Union, 2023).  

 

The pricing concept that follows from this is the “greenium”, which is the main topic of 

this thesis. Greenium is used to describe a pricing advantage for green bonds, meaning 

that investors may accept a lower yield compared to a similar non-green bond. At 



19 

issuance this means a tighter G-spread. In this thesis the dependent variable is the issu-

ance G-spread, so greenium at issuance means a lower issue G-spread for a green bond. 

In short, if two bonds are comparable but the green one is priced tighter, that differential 

is the greenium. 

 

Greenium cannot be identified from simple “green” versus “non-green” averages with-

out carefully planned controls. This is because issuance G-spreads are sensitive to other 

factors such as bond characteristics and market conditions. Even within academic litera-

ture the evidence on a greenium is mixed across samples, time periods and continents. 

For example, ECB’s work on green bond pricing notes that results depend on how com-

parability and liquidity are handled (ECB, 2022). Due to this, it is important to distinguish 

between a greenium that is real and one that is only apparent. A real greenium would 

mean that investors price the green label and its framework. An apparent greenium 

would emerge when green bonds differ from their comparison group in practical ways, 

for example in credit rating, issue size and market conditions.  

 

2.3 Information Asymmetry and Signaling 

At issuance the issuer and syndicate tend to know more about the security than outside 

investors. This includes soft information about the issuer’s current situation, motivation 

for issuing and how the deal is expected to trade. Investors are limited to the public in-

formation, but they can still face uncertainty about the quality of the bond and the pric-

ing after issuance. This imbalance of information is known as information asymmetry 

(Akerlof, 1970; Stiglitz, 2000). 

 

In finance, investors typically demand compensation for uncertainty, meaning that issu-

ance G-spreads typically widen due to asymmetric information. This resembles the clas-

sic “lemons” logic: when quality can’t be verified the price has to reflect the risk of ad-

verse selection (Akerlof, 1970). Even when underwriters try to reduce this uncertainty, it 

cannot be fully removed because the bond has not established trading history at all, and 

the demand is still just developing (Benveniste & Spindt, 1989). 
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For green bonds there is an added layer of uncertainty. Beyond the standard credit and 

liquidity, investors must be certain that the issuer will use the proceeds as described and 

that financed projects are genuinely green and not subject to greenwashing. Greenwash-

ing is not always about intentional deception, it can also reflect weak reporting, unclear 

criteria and other factors that make environmental claims difficult to verify (Delmas & 

Burbano, 2011). This means that green label can controversially increase uncertainty, if 

the issuer’s commitments or monitoring are not credible.  

 

To decrease this uncertainty, signaling theory suggests that credible signals can resolve 

problems around informational uncertainty. Spence (1973) shows that the idea is sepa-

ration: if high-quality issuers can send a signal at a lower cost than low-quality ones, then 

that signal helps investors distinguish between credible and non-credible ones. When 

the signal is easy to copy, it does not carry much weight (Spence, 1973). In finance a 

similar logic can be applied, when firms use actions such as allowing external monitoring 

or issuing claims that can be scrutinized, they can reduce adverse selection (Leland & 

Pyle, 1977).  

 

In the context of green bonds, the “signal” is the green label and credibility around it. 

Green bonds are issued under the GBP, which emphasizes clear use of proceeds, man-

agement of proceeds and reporting (ICMA, 2021). By giving issuers and investors a 

shared framework, they make green issues easier to compare and track, which in turn 

reduces information gaps between issuers and investors. This standardization has re-

sulted in wider participation, especially from institutional investors (Tang & Zhang, 2020). 

Following the GBP also benefits issuers reputation, because it is a visible commitment to 

standard practices and disclosure. 

 

2.4 From Theory to Prediction 

To move from theory to the testable predictions the green coefficient and greenium are 

discussed in this subchapter. 



21 

 

Under investor-preference models some investors are willing to accept a lower expected 

return in exchange for holding securities that satisfy some non-financial preferences or 

mandate constraints (Heinkel et al., 2001; Hong & Kacperczyk, 2009). In bond markets 

this implies that holding risk, cash-flow and bond characteristics constant, green bonds 

can be issued at tighter G-spreads than comparable non-green ones. The core prediction 

from investor-preference therefore is a negative green coefficient. Another prediction 

under these models is state dependence, the green discount should be larger when de-

mand for green assets is stronger (Pástor et al., 2021; Pedersen et al., 2021). In this thesis 

direct demand is not observed, therefore this is evaluated indirectly. If a negative green 

coefficient emerges only after controlling for fundamentals and is more pronounced in 

specific market states (e.g., lower volatility or easier funding conditions), this pattern 

would be associated with preference driven pricing. 

 

Under signaling models issuing a green bond can serve as a signal of a firm’s environ-

mental commitment or lower long-run transition risk, but this signal is only informative 

when it is credible (Spence, 1973). The prediction is not that green bonds are cheaper, 

but that any G-spread advantage should be stronger for bonds with credible verification 

(Bachelet et al., 2019). In other words, the sign is expected to be negative conditional on 

credibility. Green classification relies on LSEG’s green label in this thesis, and the analysis 

does not split bonds by certification or second-party opinions. As a result signaling pre-

dictions are only assessed at a high level: if the green coefficient is weak or unstable in 

the full sample, signaling theory suggests that the sample averages over heterogenous 

green credibility and dilutes the effect. 

 

Third explanation is that green pricing differences arise mechanically because green and 

non-green bonds differ in characteristics such as maturity, ratings, issue size etc. or on 

unobservable traits. The tested prediction is attenuation: the green coefficient should 

shrink in size as controls are added (Tang & Zhang, 2020; Zerbib, 2019). This is directly 

addressed with the OLS ladder, if the green coefficient is large in the univariate model 
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but collapses towards zero as controls are added, the evidence supports composition/se-

lection effects rather than a pure label effect. However, if the coefficient remains stable 

after all controls are introduced, the result is less consistent with selection and compo-

sition. 

 

2.5 Machine Learning in Financial Modelling 

Since this thesis relies on a machine learning (ML) algorithm to study the determinants 

and G-spread prediction of corporate (green) bonds at issuance, it only makes sense to 

examine machine learning as a whole in detail. This chapter explains what ML is, digs 

into history of ML, its usage and then the methods used in this thesis. 

 

2.5.1 Definitions of Machine Learning 

Machine learning is a rapidly developing field of computational algorithms that aim to 

mimic human intelligence by learning from their surroundings and experiences. One of 

the hallmark features of ML is its ability to learn from training data or a past experience 

and then to solve a given task. ML models are an essential part of modern commercial 

and scientific environments due to the emergence of big data and where probability 

predictions play a key role. ML techniques have been used in multiple different fields, 

such as pattern recognition, engineering, finance, and even medical applications (El 

Naqa & Murphy, 2015). 

 

Zhou (2021) emphasizes that one of the most important objectives of ML is to develop 

algorithms that learn by using data to build models. Simply put, the algorithm is fed with 

data after which the model makes predictions on new observations. Mohri et al. (2018) 

claim that ML can be defined as computational methods that make accurate predictions 

based on learned experiences from data. Alzubi et al. (2018) say that ML tries to improve 

actions of computers from experiences, and this leads to obtaining higher accuracy. They 

further define that the measure of accuracy is the number of times the chosen actions 

lead to the right outcomes. 
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2.5.2 History of Machine Learning 

The background of ML goes all the way back to the 1950’s and 1960’s, when a team led 

by Alan Turing developed the “Turing test” (Turing, 1950) to see if a computer could think 

like a human being. The first paper on artificial intelligence was written by McCarthy et 

al. (1955) and following this paper, a conference was held in Darthmouth in 1956. Per-

haps the first ML algorithm was developed by Rosenblatt in 1958, when he developed 

the “Percepton” which was based on biological neurons. Alzubi et al. (2018) claim that 

Arthur Samuel popularized the entire “Machine Learning” term in 1959.  

 

ML entered a new age in the 1970’s, coined as the “knowledge age” (Zhou, 2021). During 

the 1970s a massive amount of different algorithms and systems were developed across 

multiple different fields. Moving on to 1986, the first journal solely dedicated to ML was 

created in 1986, creatively the journal was named “Machine Learning”. Since then, ML 

has become a bread-and-butter research field, that works independently and not only 

as a tool to solve a problem from a different field. The “modern” ML can be rooted to 

the 1990s, when a shift towards statistical learning techniques emerged alongside neural 

networks. In the world of today, companies and organizations among others have col-

lected huge amounts of data that affect multiple aspects of our lives, ML methods are in 

an important position to process and use this data. 

 

2.5.3 Machine Learning in General 

Simply put, ML always contains six components no matter which algorithm is used. First 

phase in the whole ML process is the collection and preparing of data that is usable for 

the algorithm as an input. Essentially this is cleaning and pre-processing of the data to 

make it structured, usable, and relevant for the model. 

 

Once the data is prepared, the data comprises of multiple features, of which not all are 

relevant for the specific learning process. This differs from task to task. Naturally, the 
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next step is then to remove those features that are irrelevant and only select those that 

are relevant. 

 

As different ML algorithms are suited for different tasks and problems, selecting the best 

suited one is the next step. This is perhaps the most critical step, as choosing the wrong 

model may not yield good results. Following the model choice are the next two steps 

that are embedded in modern ML models already: selection of models and parameters 

and training. Training means splitting the data into a train and test sets, because the 

model needs to be trained on data so that it can make accurate predictions.  

 

After these steps, the final step is to evaluate its performance. This step involves the test 

subset created in an earlier step, in short the model is tested on unseen data to evaluate 

how it performs and whether performance parameters are suited for the specific prob-

lem (Alzubi et al., 2018). 

 

Mahesh (2020) decomposed ML into multiple different areas based on the type of model 

and its objectives. 

 

 

Figure 1. Decomposition of ML branches and models (Mahesh, 2020) 

 

In this thesis the focus is on ensemble and supervised learning techniques, as the objec-

tive is to predict a predetermined objective. To effectively use a supervised ML algorithm, 

the data is split into training and test splits, where the training dataset includes the 
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output variable that I am trying to predict. As the name suggests, during training the 

algorithm will attempt to learn patterns from the training dataset, after this the patterns 

are tested on the unseen test split for prediction (Mahesh, 2020). This thesis more spe-

cifically uses a random forest (RF) algorithm which is included in the ensemble learning 

models. RF is an extension of Classification and Regression Trees (CART), and as the name 

suggests it includes multiple CARTs to create a “forest”, simply put the CARTs are put 

together by using bootstrap aggregating. 

 

2.5.4 Random Forest for Regression 

In this chapter the focus is on providing background information on regression and tree-

based models. First, it discusses decision trees in general and concludes with the random 

forest that incorporates multiple decision trees. 

 

Linear models have certain limitations, for this thesis the most important one is that it 

constricts the relationships between variables to be linear, which I believe may not be 

the case when using real-world data. Decision trees are able to catch non-linear depend-

encies by creating a decision function, furthermore this does not require significant fea-

ture engineering. Wilkinson (1992) showed that decision trees can handle datasets with 

categorical variables, which is important for this thesis as some of the predictors are 

categorical. 

 

There are multiple ways to build a decision tree. Boehmke and Greenwell (2019) stated 

that the most common and recognized way is the CART algorithm. This type of a decision 

tree comprises nodes that form a “rooted tree”. What this means is that the tree has 

direction and a root node that has no incoming branches. All of the other nodes have 

specifically one incoming branch and are called internal or test nodes. Terminal nodes 

are called leaf nodes.  

 

Borrowing from Maimon and Rokach (2005) each node has a logical statement, in the 

form of 2 [𝑥𝑖 ≤ 𝑡], where 𝑥𝑖 is a value of the 𝑖𝑡ℎ feature variable, 𝑡 is a threshold that was 
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chosen during fitting of the decision tree. The next nodes are then evaluated until a leaf 

node is reached. 

 

CART on the other hand uses a different procedure. At every node the task is to identify 

the optimal feature (xᵢ) that can split the remaining data into two regions (R1 and R2) in 

a way that the overall error between actual response (yᵢ) and the constant being pre-

dicted (cᵢ) is minimized. In regression the goal is to reach the minimum total sum of 

squared errors (SSE):  

 

𝑆𝑆𝐸 = ∑ (𝑦𝑖 − 𝑐1)2

𝑖∈𝑅1

+ ∑ (𝑦𝑖 − 𝑐2)2

𝑖∈𝑅2

 

 

As explained by Boehmke and Greenwell (2019), once the optimal feature and split com-

bination is found, the data is split into two regions and the splitting is repeated on both 

of these regions. This process continues until either the tree becomes too complex, or a 

stopping criterion such as reaching the maximum depth is met. 

 

Decision trees can be used to solve regression and classification tasks, but relying on just 

one decision tree can be unreliable. One of the main issues with decision trees is that 

they are susceptible to overfitting the data, meaning that the model learns patterns in 

the training subset too closely leading to inaccurate predictions on the unseen data.  

 

The issue of overfitting a single decision tree is easily fixed by using a Random Forest, 

because Random Forest trains multiple individual decision trees (hence the forest) and 

then computes the Random Forest prediction, which is the average prediction from the 

forest. Each tree in this ensemble is trained on a randomized split of the data via a boot-

strap aggregating. Breiman (2001) showed that this method reduces the model variance, 

limiting overfitting and increasing the random forest’s predictive accuracy. Two decades 

later, James et al. (2021) confirmed these findings and showed that random forests in-

crease robustness and performance of decision trees. 
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2.5.5 Bootstrap Aggregating 

A bootstrapped sample is created by drawing observations at random from the entire 

dataset with replacement. This means that any observation that gets picked can show 

up again later in the same sample. It is important to note that each bootstrapped sample 

is exactly same in size as the original dataset (Efron & Tibshirani, 1986). Figure 4 illus-

trates this: every bootstrapped sample contains exactly 12 observations, which matches 

the original dataset. Because the sampling is redone from the same pool of data, the 

bootstrap samples usually have similar overall distribution to the original data.  

 

 

Figure 2. Example of bootstrapping process (Boehmke & Greenwell, 2019) 

 

Because bootstrap samples are selected with replacement, the same observation can 

appear more than once in any given resample. As a rule of thumb, each bootstrap con-

tains about two-thirds of the unique observations from the original dataset. The obser-

vations that are left out of a particular resample are called out-of-bag (OOB). Boehmke 

and Greenwell (2019) show that in practice, it is possible to fit the model on the boot-

strap samples and then evaluate it on the OOB observations. This provides a “built-in” 

validation set and it is widely used for example in random forests. 

 

Bootstrap aggregating provides a general approach for building prediction models. It 

trains many models and combines their outputs into a single prediction. This method 

draws b number of bootstrapped samples of the original training set. Then a base learner 

which is a regression or classification algorithm is applied to all of the bootstrapped sam-

ples. Finally, the resulting predictions are averaged: 
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𝑓𝑏ag = 𝑓1(𝑥) + 𝑓2(𝑥) + ⋯ + 𝑓𝑏(𝑥) 

 

Where: 𝑏 = The number of bootstrap copies, 𝑥 = The record for which a prediction is 

required and 𝑓, (𝑥) = the predictions from the individual base learners.  

 

As explained before, bootstrap aggregating reduces the variance by averaging multiple 

predictions, Breiman (1996) states that this reduces the risk of overfitting the entire 

model. 

 

2.5.6 Random Forests 

As discussed before, the process of aggregating the predictions results in enhanced pre-

dictive performance. However, bootstrap aggregating does not come without its issues. 

One of the biggest problems with using only bootstrap aggregating is that it can lead to 

trees correlating with one another, limiting the usefulness of reduced variance. Bagged 

decision trees add randomness by fitting each tree on a different bootstrapped resample 

of the training data, but this alone may not decorrelate the trees enough. 

 

Random Forests are an upgrade to simply bootstrapping decision trees. The logic of Ran-

dom Forest is to choose a different subset of data and features it uses in each split. Doing 

this, the decision tree “forest” is more varied. Boehmke and Greenwell (2019) theorize 

that this reduces the correlation between individual trees compared to only bootstrap 

aggregating decision trees, resulting in significant improvement in predictive accuracy. 

Figure 5 shows the random forest algorithm in action. 
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Figure 3. Random Forest model (Makariou et al., 2021) 

 

2.5.6.1 Tuning Parameters of a Random Forest 

Random forests are a very commonly used ML model, partly because they offer great 

performance with very minimal configuration. Probst et al. (2018) showed that random 

forests have the lowest amount of variability in prediction accuracy between the base-

line configuration and a fully tuned version. Essentially, multiple hyperparameters can 

be tuned, but this is often not necessary for random forests. Regardless of the fact that 

the model performs well without tuning, Probst et al. (2018) further note that the fol-

lowing hyperparameters should still be tuned: 

 

Number of trees  

Number of trees in a forest is important for minimizing the error rates. As a starting point 

it is common to start with a number of trees that is ten times larger than the number of 

features used in the model. Notably, the time it takes to run the model (e.g., computa-

tional time) increases drastically with the number of trees. However, increasing the num-

ber of trees has a positive effect on the robustness and stability of error estimates and 

even variable importance metrics, so it typically is worth the extra time. 
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Number of Features to consider at splits (mtry) 

This hyperparameter controls how much randomness is introduced when selecting vari-

ables at each split. It has a central role in balancing the trade-off between increased 

predictive performance and low tree correlation. The default first value for mtry is often 

p/3 where p is the number of predictors. In this thesis best results were obtained with 

mtry = 8. If there are only a few relevant predictors or the data is noisy, a larger value 

could be more effective because it increases the likelihood of selecting features with 

more predictive power. Vice versa if there are many relevant predictors one should try 

using a lower value of mtry. 

 

Complexity of each tree 

The result of constructing a random forest from individual decision trees is that many 

random forest implementations (such as R packages: randomForest and ranger) provide 

hyperparameters that allow the user to fully control the depth and complexity of indi-

vidual trees. These typically include node size, maximum depth, maximum number of 

leaf nodes and minimum node size required for splitting any further. The latter is consid-

ered the most common hyperparameter to control tree complexity. In this thesis com-

plexity is controlled by tuning the minimum node size. Goldstein et al. (2011) found that 

most implementations use five as the default value for minimum nodes as it yields good 

results overall. 

 

Sampling 

As discussed before, bootstrapping is the common sampling scheme used with random 

forests, by default all the observations are sampled with replacement. There is however 

an option to change the sample size and decide whether sampling occurs with or without 

replacement. Boehmke and Greenwell (2019) demonstrated that if there are only a few 

dominating features, decreasing the sample size and altering the sampling scheme can 

reduce correlation between trees. 
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Grid search is a common approach for hyperparameter tuning, it involves assigning pre-

determined values or ranges to the selected tuning parameters. Hsu et al. (2003) demon-

strate that this method then trains new models for all parameter combinations using k-

fold cross-validation to reduce errors. Then the final models are evaluated based on error 

metrics and the best is chosen. In this thesis the chosen implementation (ranger) per-

forms grid search on its own and automatically selects the best performing model. 
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3 Literature Review 

When it comes to a natural starting point for the literature on primary market pricing, it 

is the bookbuilding model that was developed by Benveniste and Spindt in 1989. In their 

study they examined how investment banks set offer prices and allocate securities in 

new issues in scenarios where investors differ in the information they possess. The main 

point of the paper is that underwriters strategically use both pricing and allocation deci-

sions to encourage informed investors to reveal their true demand. From this perspec-

tive, underpricing and allocation discretion are not anomalies or mistakes, but deliberate 

tools designed to address information asymmetry between issuers and investors. The 

model also highlights the active role of investors in the pricing process, which shows that 

their behavior influences directly how securities are offered and distributed. Over time, 

this has become a cornerstone of the literature on new issue markets and it also contin-

ues to inform subsequent research on issuance pricing and investor behavior (Benven-

iste & Spindt, 1989). 

 

Cornelli and Goldreich (2003) examined how much information the order book contains. 

They showed that investors` orders provided important signals about demand, which 

then underwriters use to set prices and decide how to allocate shares. This suggests that 

pricing and allocation in the primary market are not random but responds to the infor-

mation that comes from investors. While the paper focuses on equity, the findings are 

also relevant for bonds, especially when thinking about how investor demand might 

shape the pricing and allocations in both conventional and green bond markets. (Cornelli 

& Goldreich, 2003). 

 

Building on earlier work, Gabbi and Sironi (2005) look at what drives pricing in the pri-

mary corporate bond market. Focusing on Eurobond issues, they explored how factors 

like market conditions, issuer characteristics, and the specific features of each bond 

could affect yield spreads at the time of issuance. The results show that credit risk vari-

ables, for example credit rating and maturity, play a central role in explaining primary 

market spreads, while factors that are related to market timing and liquidity also 
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contribute. The paper offers early empirical support for the view that bond pricing at 

issuance can reflect both prevailing market and issuer risk conditions. It is also the reason 

why it has become a reference point for subsequent research on corporate bond primary 

markets. This paper functions as the main guideline for variable selection in this thesis 

(Gabbi & Sironi, 2005). 

 

A widely cited contribution to the green bond literature is a paper by Ehlers and Packer 

in 2017. The study examines the role of certification in the emerging green bond market, 

which was still relatively small and heterogeneous at the time. Using market-level evi-

dence, Ehlers and Packer document that green bonds tend to be issued at slightly lower 

yields than comparable conventional bonds. This happens especially when third-party 

certification is present. The authors argue that certification helps to reduce investor un-

certainty about the environmental credibility of the bond. In this way, it lowers required 

returns at issuance. The whole paper highlights certification as a key institutional feature 

in green bond markets and establishes a link between credibility mechanisms and issu-

ance pricing. This has shaped much of the subsequent empirical work in this area (Ehlers 

& Packer, 2017). 

 

Table 1 below summarizes the findings and methods used in the most prominent recent 

green bond literature. 
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Table 1. Recent Green Bond Literature 
 

Study Market Method Liquidity Meas-
ure 

Green defini-
tion 

Key Finding 

Zerbib, 2019 Secondary Matching + FE 
panel, yield re-
gressions 

Bid-ask spread GBP alignment Lower yields for 
green (-1 to -2) 

Bachelet et al., 
2019 

Secondary Matching + FE  Bid-ask spread CBI alignment Higher yields for 
green (2-5bps) 

Larcker & Watts, 
2020 

Primary Matching Controlled via 
matching and li-
quidity tests 

Self-labelled 
(Bloomberg) 

No pricing differ-
ence 

Flammer, 2021 Primary Within-issuer 
Matching 

Controlled via 
matching 

Bloomberg in-
dicator + third-
party 

No pricing differ-
ence 

Caramichael & 
Rapp, 2024 

Primary FE regressions + 
matching for ro-
bustness 

Bond/market 
controls and FEs 

GBP alignment  Lower yields for 
green (-3 to -8) 

Gabbi & Sironi, 
2005 (not green) 

Primary Regression Log Amount is-
sued 

N/A Not applicable 

 

Caramichael and Rapp (2024) study pricing at the time of issuance and argue that a 

“green discount” shows up when demand for green bonds is strong. They find that green 

corporate bonds can be issued at lower yield spreads than comparable non-green bonds 

and link this difference to measures of demand pressure such as oversubscription and 

index-related demand. For example, more pronounced in euro-denominated deals and 

in USD deals by foreign issuers). This perspective explains why signs are different across 

papers: the green coefficient can move with investor base and issuance conditions. The 

research design they use helps substantially against selection and composition effects as 

they include extensive fixed effects and controls. Caramichael and Rapp (2024) further 

report heterogeneity and don’t report just a simple estimate. For this thesis, their results 

motivate the ladder’s market state block: if the green coefficient changes significantly 

once issuance-time market conditions are controlled for, that pattern is consistent with 

demand dependence. However, this thesis does not observe oversubscription, index in-

clusion, or holdings, the ladder cannot “close the mechanism” in the way Caramichael 

and Rapp were able to. The resulting green coefficient remains a reduced-form pricing 

effect for the 2023-2025 regime rather than a direct demand-pressure estimate. 
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Flammer (2021) studied the primary market issuance and compares green bonds to 

within issuer non-green bond with very tight matching rules. They find a mean difference 

of -1.9 bps and a median difference of zero. The methodological contribution here is not 

only the near-zero estimate, but the identification logic: by matching within issuer the 

“green issuers are systematically different” argument is neutralized and matching on is-

suance amount partly explains expected liquidity at issuance. Flammer’s paper is there-

fore especially strong on issuer-level composition and unobservables. In this thesis the 

ladder replicates the observable logic (bond characteristics and credit quality enter se-

quentially), but it does not replicate the within-issuer aspect to the same extent, issuer 

fixed effects are used, however. If the green coefficient remains positive in this thesis 

after the ladder, one interpretation is that the effect is not purely due to observable se-

lection.  

 

Larcker & Watts (2020) show that a green effect can disappear quickly once comparisons 

are made between nearly identical bonds. In the municipal market they compare green 

and non-green bonds issued by the same issuer on the same day with closely aligned 

terms and find extremely small pricing differences: 0.44 to 0.46 bps. They also test 

whether green bonds trade differently after issuance using turnover, number of trades 

and price dispersion. They find no meaningful liquidity differences in these matched 

samples. They interpret their results as economically negligible. This paper is central for 

explaining sign differences because it shows that when controls are tight the label effect 

can be very small. Larcker & Watts (2020) clarifies what the ladder used in this thesis can 

and cannot do: it provides transparency on how the coefficient changes with controls, 

but without tight matching it is more exposed to selection than their approach is. One 

key difference is that Larcker & Watts studied municipal bonds, not non-financial corpo-

rates that this thesis does. 

 

Zerbib (2019) studied greenium estimates in the secondary market and found that they 

depend heavily on liquidity controls. He builds a synthetic “non-green” comparator and 

then adds an explicit liquidity adjustment, because even close matching cannot perfectly 
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equalize that. He defines a bid-ask based liquidity proxy which is the green bond’s bid-

ask spread minus the distance weighted bid-ask spread of a matched conventional bond. 

The reason the study relies on this kind of liquidity measure is that the dataset does not 

allow for intraday liquidity indicators and lacks TRACE information. The paper shows that 

a green coefficient in secondary markets can reflect a liquidity premium unless handled 

carefully, mixed results can therefore occur when liquidity is handled differently. For this 

thesis this study is relevant as a contrast: using issuance G-spreads mitigates the most 

direct trading-liquidity channel, but the ladder cannot fully replicate expected secondary 

market liquidity. As such separating the preference driven pricing from expected liquidity 

effects is not fully possible. 

 

Bachelet et al. (2019) make heterogeneity and measurement explicit by pairing green 

and brown “twins,” constructing synthetic matches when needed, and then examining 

not only yield/return differentials but also liquidity (bid–ask spread) and trading inactiv-

ity (a zero-trading-day indicator). They find that green bonds are, on average, more liquid 

than their matched twins (around 5 bps in their liquidity metric), and they show that the 

sign of the “premium” depends on issuer type and credibility. This directly supports a 

reconciliation narrative: the sign can flip when “green” interacts with asymmetric infor-

mation, credibility, and liquidity in different issuer segments, rather than reflecting a real 

discount. The ladder addresses these partly, the sector and credit quality blocks reduce 

composition driven sign flips that come from mixing issuer types. Furthermore, as the 

thesis uses a single vendor green label and does not split external review or different 

certifications, it cannot test whether any estimated effects concentrate in “more credible” 

subsets, due to all bonds having the same credibility label. 

 

MacSkill et al. (2021) conducted a systematic review and showed that disagreement is 

systematic. They report that a green premium is found in 56% of primary market studies 

and 70% of secondary market studies, and that the average reported greenium is often 

in the range of -1 to -9 bps in the secondary market, primary market studies report higher 

variation. This supports the idea of treating the green coefficient as contingent on 
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market, sample and methodology, and justifies why a ladder is valuable. Rather than 

presenting just a single “best” specification, the ladder shows which blocks account for 

the changes in the coefficient.  

 

A key recent contribution to the heterogeneity narrative is Pietsch (2025), who studies 

euro-area greenium dynamics from 2016–2023 using a matched panel approach. They 

report that retail investors’ demand partly drives the greenium, with the greenium evolv-

ing across market conditions such as the post-pandemic inflation shock and subsequent 

tightening. This result helps to interpret a green coefficient in any single window: the 

coefficient is not only a function of fundamentals and label definition; it also depends 

on who the marginal buyer is in that regime. For this thesis, the implication is that a 

positive green coefficient in 2023–2025 USD issuance can be consistent with a regime 

where demand pressure is weaker even if earlier periods or other markets produced a 

negative premium. The ladder’s market-state controls can absorb broad risk conditions 

correlated with demand regimes, but without holdings or bookbuilding data the thesis 

cannot frame any greenium found as a universal construct, but only representative of 

the sample.  

 

Moving to the usage of machine learning in bond pricing context, Kim et al. explored in 

2021 how modern techniques, specifically machine learning, could be applied to fore-

casting corporate bond yield spreads. Even though the study focuses on corporate bonds 

in general rather than green bonds specifically, it offers useful insights into what drives 

pricing in both primary and secondary markets. They show that machine learning models 

can predict yield spreads better than traditional econometrics methods. This is because 

they can pick up on complex interactions between macroeconomic variables, issuer char-

acteristics, and market conditions. They also point out that which factors matter most 

can change depending on the model used and the time period considered. They show 

that these data-driven approaches can give us a clearer picture of what influences cor-

porate bond yields. They could be especially useful for marketing green bonds, where 

investor behavior is still developing and market conditions can be rather unpredictable.  
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Gu et al. (2020) showed that machine learning can uncover patterns in asset prices that 

traditional models often miss. They highlight that these methods are particularly good 

at spotting complex relationships between firm characteristics, macroeconomic condi-

tions, and asset returns. Even though the study is not focused on bonds specifically, it 

still offers useful lessons for fixed income markets, where investor behavior, market con-

ditions, and issuer traits all interact together. Bianchi et al. (2021) built on this idea in the 

context of corporate bonds. The authors found that risk premiums fluctuate over time 

and are shaped by a mix of visible and less obvious factors. Machine learning can detect 

these patterns more effectively than traditional methods. This can give a clearer picture 

of what drives bond returns. Taken together, these two studies suggest that data-driven 

approaches could be a valuable tool for improving both pricing and risk assessment in 

bond markets. 

 

Recently, machine learning has been used in financial research to complement the stand-

ard econometric approaches. Varian (2014) argued that machine learning enables econ-

omists to analyze high-dimensional data without prespecifying functional forms. Mul-

lainathan and Spiess (2017) emphasized that predictive modelling allows for more robust 

generalization when theoretical relationships are uncertain. Chen et al. (2024), found 

that nonparametric methods identify latent factors that improve interpretability and 

predictive accuracy, showing that flexible modelling can uncover relationships that tra-

ditional econometrics may overlook. 
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4 Methodology 

Issuance G-spreads at launch reflect how issuer risk, contractual bond features, sector 

composition, and market conditions translate into the risk premia investors demand at 

pricing relative to a government benchmark. Let 𝑦𝑖  denote the issuance spread (G-

spread, basis points) of bond 𝑖 at the pricing date and let 𝑋𝑖 be the information set ob-

servable at issuance. The task is to characterize the following: 

 

𝑦𝑖 = 𝑓(𝑋𝑖) + 𝜀𝑖 , 𝔼[ 𝜀𝑖 ∣∣ 𝑋𝑖 ] = 0 

 

where 𝑓 is the pricing function and 𝜀𝑖 captures pricing noise. Multiple estimators are im-

plemented to characterize 𝑓 from complementary perspectives: OLS and LASSO bench-

marks designed for inference and a Random Forest model designed for prediction 

(Breiman, 2001; Hastie et al., 2009). Combining inference-oriented and prediction-ori-

ented methods follows the view that linear models support transparent interpretation, 

while supervised learning can improve prediction when the dataset is complex (Varian, 

2014; Mullainathan & Spiess, 2017).  To compare the performance of the models they 

are evaluated on the same out-of-sample (OOS) test set and as an additional robustness 

check also out-of-time (OOT). 

 

4.1 Target Construction, Timing Alignment, and Preprocessing 

G-spreads can have heavy right tails, and extreme values can distort estimation and di-

agnostics. To combat this the dependent variable is winsorized at the upper 99.5th per-

centile. This replaces values above the cutoff with the cutoff value but does not remove 

any observations. 

 

Because maturity artefacts can in the same way distort relationships and fitted models, 

observations with life over 50 years are excluded. As the topic of interest is the primary 

market, all market-state variables are aligned to each bond’s pricing date. If a series is 

not observed on the exact pricing date due to, for example, non-trading days, the most 
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recent prior observation is used. Macro variables with lower frequency (e.g., CPI) are 

recorded from the publication month to the issuance date so that they reflect infor-

mation that is available at issuance date. These alignments are required so that the con-

trols represent information available at issuance, not after it. After this all at issuance 

macro variables are aligned to the pricing date. Rare sector categories are collapsed into 

“Other” as describe in section 5.5. After this the sample is split into training and test sets. 

 

 

4.2 Performance Metrics and Repeated Evaluation 

The performance of the OLS and RF in this thesis are measured by commonly used error 

metrics; Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and the Coeffi-

cient of Determination (R²). RMSE measures the average size of the errors of the regres-

sion models, MAE measures the average absolute differences between predicted and 

actual values and R² shows how much of the variance in the dependent variable is ex-

plained by the model.  

 

𝑅𝑀𝑆𝐸 = √
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4.3 OLS benchmark: Conditional Inference on the Green Label 

4.3.1 Baseline Regression  

The baseline OLS model is described below. Let 𝐺𝑟𝑒𝑒𝑛𝑖 ∈ (0,1) be an indicator equal to 

one if bond 𝑖 is green-labelled. The baseline model is 

 

𝑦𝑖 = 𝛼 + 𝛽 𝐺𝑟𝑒𝑒𝑛𝑖 + 𝑋𝑖
′𝛾 + 𝑢𝑖  
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where 𝑋𝑖  contains issuance-date controls, and 𝛽  is interpreted as the conditional- 

spread differential associated with the green label. The model is conditioned on deter-

minants in blocks, added one after another to create a “ladder” structure. This is im-

portant because unconditional differences between green and non-green bonds can re-

sult from factors other than the green label. 

 

4.4 OLS Ladder  

As explained prior, controls are added one after another to the OLS model to create a 

“ladder”. This is done to track how the estimated green coefficient changes as more con-

trols are introduced. This offers a transparent way to see if a greenium exists and if it 

survives controls and remains stable. Basically, this offers a way to separate the green 

label from other factors. 

 

Let 𝑖 index bond issues and 𝑦𝑖 denote the issuance G-spread measured in basis points. 

The baseline regression is: 

 

𝑦𝑖 = 𝛼 + 𝛽 Green𝑖 + 𝑢𝑖  (0) 

 

where 𝛼 is a constant, Green𝑖 is an indicator equal to 1 if issue 𝑖 is green-labelled. 𝛽 is 

the coefficient of interest capturing the association between the green label and G-

spreads, and 𝑢𝑖  is an error term. 

 

After this bond characteristics are added to the model: 

 

𝑦𝑖 = 𝛼 + 𝛽 Green𝑖 + 𝐵𝑖
′𝛾 + 𝑢𝑖  (1) 

 

where 𝐵𝑖 is a vector of bond characteristics measured at issuance and 𝛾is the associated 

coefficient vector. In this thesis, 𝐵𝑖 includes maturity (life), log issue size (log amount is-

sued), and coupon terms (coupon level and coupon frequency). 
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Credit quality is then introduced for issuer risk: 

 

 𝑦𝑖 = 𝛼 + 𝛽 Green𝑖 + 𝐵𝑖
′𝛾 + 𝐶𝑖

′𝜃 + 𝑢𝑖  (2) 

 

where 𝐶𝑖 denotes credit quality observed at issuance and 𝜃 is the associated coefficient 

vector. 

 

After this sector composition controls are added: 

 

 𝑦𝑖 = 𝛼 + 𝛽 Green𝑖 + 𝐵𝑖
′𝛾 + 𝐶𝑖

′𝜃 + 𝑆𝑖
′𝜓 + 𝑢𝑖  (3) 

 

where 𝑆𝑖 is two-digit industry indicator variable and 𝜓 is the corresponding coefficient 

vector. 

 

Next, issuance-time conditions aligned to the pricing date are included: 

 

𝑦𝑖 = 𝛼 + 𝛽 Green𝑖 + 𝐵𝑖
′𝛾 + 𝐶𝑖

′𝜃 + 𝑆𝑖
′𝜓 + 𝑀𝑖

′𝜂 + 𝜆𝐿𝑖 + 𝑢𝑖  (4) 

 

where 𝑀𝑖  is a vector of market controls aligned to the issuance date and 𝜂 is the associ-

ated coefficient vector. 𝑀𝑖   includes a term slope measure, an interest-rate volatility 

proxy, an inflation measure, and a broad credit conditions proxy. The scalar 𝐿𝑖  is a fund-

ing/liquidity proxy aligned to the issuance date, and 𝜆 is its coefficient. 

 

And finally, as a robustness check, issuance-year fixed effects are estimated as an alter-

native to the observed market-state block: 

 

𝑦𝑖 = 𝛼 + 𝛽 Green𝑖 + 𝐵𝑖
′𝛾 + 𝐶𝑖

′𝜃 + 𝑆𝑖
′𝜓 + 𝛿𝑡(𝑖) + 𝑢𝑖  (5) 
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where 𝛿𝑡(𝑖) denotes a full set of issuance-year indicators derived from the pricing date, 

and 𝑡(𝑖) maps issue 𝑖 to its issuance year. Model M5 is treated as a robustness check for 

model M4, as it shows if the chosen macro variables capture issuance conditions. 

 

Put simply, in M0 𝛽 is an unconditional mean difference in G-spreads. In M1 𝛽 is condi-

tioned on bond structure. M2 uses credit quality to rule out the possibility that green 

bonds are disproportionately issued by safer issuers. M3 includes sector and addresses 

the concern that green bonds are issued only in specific sectors. M4 considers market 

conditions at the time of issuance, addressing the possibility that green bonds are issued 

only in favorable conditions.  

 

4.4.1 Inference: Robust Standard Errors and Estimator Choice 

Cross-sectional issuance data may exhibit heteroskedasticity, since the G-spread residu-

als can naturally be more dispersed for some bonds than others across ratings, market 

environments etc. To account for this the standard errors reported are heteroskedastic-

ity-robust standard errors that use the HC1 correction (White, 1980; MacKinnon & White, 

1985). This adjustment relaxes the assumption of constant error variance and makes in-

ference more reliable when residual variance is not constant. Furthermore, as there are 

multiple issues in the same day, day clustering is also done. 

 

4.5 Diagnostics 

Diagnostics are used to make sure the results are interpretable and not being driven by 

artefacts. In the best performing OLS specification, that is compared with the RF, a 

Breusch-Pagan test is used to check for heteroskedasticity. Multicollinearity among the 

continuous covariates is checked using variance inflation factors (VIF). Fixed effects and 

dummy variables can render VIFs misleading, VIFs are computed on the same covariates 

without fixed effects.  
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4.6 Random Forest 

In this thesis the Random Forest uses issuance time G-spread as the dependent variable 

and bond characteristics, market conditions and the green label as independent ones. 

The actual Random Forest algorithm used is the ranger implementation implemented in 

R. This implementation follows the classic Random Forest theorem by Breiman (Breiman, 

2001), where each tree is built from a bootstrapped resample of the training set. 

 

4.6.1 Training, Split and Hyperparameters 

To evaluate the out-of-sample (OOS) performance the dataset is partitioned into a train-

ing and test splits where 75% of the data belongs to the training set and 25% to the test 

set. A time-based split is commonly used when the goal is forecasting forward, but in 

this thesis the objective is cross-sectional pricing that depends on issuance-time condi-

tions, so the split is not time-based. To verify that the OLS-RF performance comparison 

is not an artefact of one particular split, repeated stratified random splits are used. This 

is standard practice when evaluating supervised learning (Hastie et al., 2009; Varian, 

2014). 

 

There are multiple ways to tune a Random Forest model in addition to manual trial-and-

error. Most used ones are Grid Search, Random Search and Bayesian Optimization. Ran-

dom Search requires the user to define number of trials, and the model randomly tests 

that number of different combinations. Grid Search on the other hand tries all possible 

combinations of hyperparameters and their values, which can be quite heavy computa-

tionally. Bayesian optimization works differently, in that it tries to constantly improve its 

performance using past performances. However, if the earlier estimates are noisy, it can 

overfit random fluctuations. As such, this thesis uses Grid Search as the safest option, 

despite the heavy computational power required. 

 

Following the suggestions of Probst et al. (2018) the hyperparameters that are tuned are 

the mtry which is the number of candidate predictions considered at each split and 
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min.node.size which is the required minimum number of observations in a leaf node. 

The grid evaluates min.node.size in 5,10,20 and 40  

 

Hyperparameter tuning is performed through grid search combined with 5-fold cross-

validation within the training set, with folds stratified by the green label.  

 

The grid evaluates min.node.size in 5,10,20 and 40 and a practical set of mtry candidates 

spanning from low to high feature-subsampling regimes (implemented as evenly spaced 

candidates between 2 and the full predictor count, in this application the grid spans 2 to 

13). The number of trees is fixed at 500 to keep the tuning computationally feasible, as 

the power required increases linearly. This also ensures that the differences in error met-

rics used for validation do not result from changes in forest size. After the hyperparam-

eters that minimizes error are selected, the final RF model is trained on the full training 

data using 1000 trees. 

 

4.6.2 Handling Categorical Sector Identification 

Sector composition enters RF as a categorical two-digit industry classification (SIC2). Rare 

levels can cause two problems: factor levels that appear only in the test split lead to out-

of-sample prediction failures, and unordered factors can exceed feasibility limits under 

unrestricted partition-based splitting. To avoid these issues, any SIC2 category with 

fewer than 20 observations in the full sample is collapsed into “Other” category. 

 

4.6.3 Permutation Importance and Partial Dependence 

Interpreting the RF model focuses on which variables are the most important predictors 

for issuance G-spread and how much the green label contributes. Variable importance is 

assessed using permutation importance, where a predictor is randomly permutated in 

the training data and the effect it has on prediction error. This increase in prediction error 

measures how much predictive information is attributed to that predictor while holding 

rest of the model constant (Fisher et al., 2019). 
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Partial dependence plots (PDP) are used to complement the importance by showing the 

relationship between selected predictors and predicted G-spreads. PDPs visualize a fea-

ture’s average impact on the model’s prediction which shows how the output changes 

as that specific feature varies (Hastie et al., 2009).  

 

4.7 LASSO regression 

To complement OLS and Random Forest, this thesis also includes the Least Absolute 

Shrinkage and Selection Operator (LASSO) as an additional predictive benchmark. LASSO 

is a linear regression model with an 𝐿1 penalty on coefficients, which encourages spar-

sity by shrinking some coefficients exactly to zero. In practice, this provides a simple 

transparent benchmark that can improve out-of-sample prediction when the covariate 

set is high-dimensional or when multicollinearity makes OLS estimates unstable. Unlike 

Random Forest, LASSO does not model nonlinearities or interactions unless they are ex-

plicitly engineered, so it helps separate “gains from regularization” from “gains from non-

linearity.” 

 

Formally, given outcome 𝑦𝑖 = log (G-spread𝑖)and predictor vector 𝑥𝑖, LASSO estimates 

coefficients (𝛼, 𝛽)by solving 

(𝛼̂, 𝛽̂) = arg min 
𝛼,𝛽

{
1

𝑛
∑(

𝑛

𝑖=1

𝑦𝑖 − 𝛼 − 𝑥𝑖
′𝛽)2 + 𝜆 ∑ ∣

𝑝

𝑗=1

𝛽𝑗 ∣} 

 

where 𝜆 ≥ 0 governs the strength of shrinkage. As 𝜆 increases coefficients are increas-

ingly shrunk toward zero and some are set exactly to zero. The penalty therefore trades 

a small increase in bias for a potentially large reduction in variance, which can improve 

predictive performance out of sample (Tibshirani, 1996; Hastie et al., 2009). 
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LASSO provides an additional benchmark for this thesis. If LASSO improves over OLS the 

data benefits from linear shrinkage. If Random Forest improves further, the gains are 

consistent with nonlinearities and interactions. 

 

4.8 Linking Inference and Prediction: The Green Label Across Models 

One of the most important distinctions to make is that OLS (and LASSO) and RF address 

different empirical questions. OLS and LASSO are mainly an inference tool: they estimate 

the coefficient on the green label (𝛽), which is the conditional difference in issuance G-

spreads between green and non-green bonds. RF on the other hand is mainly a predic-

tion tool: it focuses on out-of-sample accuracy with less assumptions than linear models. 

It is also used to evaluate the role and importance of the green label by showing if it 

improves performance and appears as an important factor in the model. 

 

The best way to interpret the findings is to use the approaches together. If the linear 

models produce a stable negative 𝛽 across all specifications and the RF results show that 

the green label ranks as an important feature support for a greenium is found. However, 

if the green coefficient does not stay stable and negative (e.g., survive controls) or it adds 

little predictive performance, then the existence of a greenium in this sample cannot be 

supported. Together these approaches offer a unified assessment if the green label mat-

ters for primary-market issuance G-spreads. 
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5 Data 

In this chapter the data used in this thesis is presented. First, the data collection process 

is explained, including final sample formation and filtering criteria. Then the data limita-

tions encountered are discussed. This is followed by the variable definition table. In this 

thesis some variables are constructed and aligned to issuance dates, this process is then 

reported. The chapter concludes with descriptive statistics for both green and non-green 

samples. 

 

5.1 Data Collection 

The data used in this thesis was collected from LSEG using the LSEG DataStream applica-

tion. The data covers both green and non-green bonds issued between 5 January 2023 

and 21 August 2025, all bonds used in this study are USD-denominated US-market non-

financial corporate bonds. The sample includes both first-time and subsequent green 

and non-green bond issuances. To ensure comparability, only bonds with fixed coupon 

rates are included and all bonds in this dataset are callable. As such, no dummy for calla-

bility is needed. 

 

For each bond the dataset includes the issuer name and ticker, issue date, amount issued, 

coupon rate, amount of coupons per year, Moody’s credit rating at issuance, green label, 

and sector classification. Furthermore issuance-time macro variables collected include 

the 10-year U.S. Treasury yield, 2-year U.S. Treasury yield, MOVE index, U.S. CPI, Corpo-

rate OAS index and the 3-month financial commercial paper rate and the 3-month Treas-

ury bill rate. Variable construction and transformations are reported later. 

 

Green-labelled bonds are identified using the LSEG DataStream green label classification 

that each green bond carries. The indicator equals one if the bond is classified as green 

and zero otherwise. This reduces false positives and is in line with the definition used in 

prior literature, only bonds that are credibly labelled green are treated as such (Gianfrate 

& Peri, 2019; Flammer, 2021). LSEG identifies green bonds using Climate Bonds Initiative 
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(CBI) data for “use of proceeds” and checks that this aligns with the GBP, as such the 

label is considered credible in this thesis. 

 

5.2 Variable Selection and Construction 

The variables used in this thesis are anchored to the Eurobond issuance spread frame-

work in Gabbi and Sironi (2005). They included maturity, coupon structure, issue size, 

credit quality, sector composition, and issuance-time conditions. This thesis adopts that 

structure but extends the measurement of issuance conditions: rather than relying only 

on time dummies to proxy the pricing environment, issuance-time conditions are meas-

ured using observed macro variables aligned to the pricing date. Notably, Gabbi and Si-

roni used the natural logarithm of amount issued as a proxy for liquidity, in this thesis a 

secondary liquidity proxy is constructed. 

 

The dependent variable is the issuance G-spread measured in basis points. Conceptually 

G-spread is the difference between the yield offered and a matched government bench-

mark yield. The central explanatory variable is the green label, this thesis asks whether 

a greenium exists once the models control for standard spread determinants. In litera-

ture green premium is commonly defined as a yield or spread differential between green 

bonds and conventional ones (Zerbib, 2019; Flammer, 2021). G-spread is modelled as 

log(g-spread) rather than G-spread in basis points because issuance G-spreads are posi-

tive and as such right-skewed. Log-transforming the variable means that the results must 

be interpreted as approximate percentage effects on G-spreads. 

 

The bond characteristics and market variables that are used in the final dataset are ex-

plained below. 

 

Amount Issued 

Amount issued is expressed as the natural logarithm of the amount in millions of euros 

to control for outliers and reduce skewness. Wang et al. (2020) report that issue size in-

creases credibility in the context of green finance. Issue size also directly relates to the 
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bond’s liquidity, which is priced. Bao et al. (2011) also link trading frictions and illiquid-

ity to yields and spreads. 

 

Coupon  

Coupon is the fixed interest rate attached to each bond. Coupon levels reflect issuer’s 

risk profile and investor demand (Fabozzi, 2012). Hull (2018) notes that higher coupon 

rates can signal higher perceived risk. 

 

Coupon Amount  

Similarly to coupon, increasing the payment frequency can play a role in issuance pric-

ing. 

 

Life 

As the life of bond increases, so does the uncertainty: rates can move, credit conditions 

shift and issuer’s situation can weaken (Elton et al., 2001). G-spreads at issuance can 

differ with maturity, by including maturity this thesis addresses that term structure mat-

ters and that the investment horizon is priced. 

 

Credit rating 

Credit quality captures expected default risk at issuance. Controlling credit quality is nec-

essary because rating differences can dominate G-spread differences (Gabbi & Sironi, 

2005). Issuers with better credit quality may also issue more green bonds, as such credit 

rating is commonly considered as one of the most important factors to include. In this 

thesis Moody’s credit rating at issuance is transformed into an ordinal numeric scale 

where higher values indicate worse credit quality. Pietsch & Salakhova (2025) also show 

that default risk dominates spreads across ratings even when the non-default compo-

nents change over time. 

 

 

 



51 

Sector (SIC2) 

Sector is included to capture industry differences related to risk and issuance premia, it 

also addresses composition effects because green bond may not be issued evenly across 

sectors. SIC2 categories with fewer than 20 observations are collapsed into “Other” cat-

egory. 

 

Unlike Gabbi & Sironi (2006), this thesis uses issuance-time market conditions instead of 

dummy variables. The variables introduced below are included because G-spreads re-

spond to changing market conditions. Collin-Dufresne et al. (2001) show that corporate 

credit spread changes are highly correlated across bonds, and that there is strong co-

movement between the bond spreads. Gilchrist and Zakrajšek (2012) identify excess 

bond premium, that captures the market-wide and time-varying credit risk premium. 

Furthermore, Brunnermeier and Pedersen (2009) show that funding constraints can in-

crease market illiquidity, which motivates the addition of a funding/liquidity proxy. 

 

Term Slope  

Term slope is constructed as the 10-year U.S. Treasury yield minus the 2-year U.S. Treas-

ury yield at the pricing date and then expressed in basis points. This captures the yield-

curve slope and macro-state. The slope can also relate to risk appetite. 

 

MOVE index 

MOVE captures interest rate uncertainty and volatility conditions. Volatility tends to be 

associated with wider credit spreads via risk-bearing capacity. MOVE is considered as a 

rate volatility proxy. 

 

U.S. CPI 

This variable captures the inflation environment that can influence yields, policy expec-

tations and risk premia. 
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OAS 

Corporate OAS is considered as a broad credit condition proxy. It captures the market-

wide compensation for credit risk at issuance and is intended to absorb the common 

component related to credit risk premia.  

 

Funding/Liquidity Proxy 

A funding/liquidity proxy is used to capture short-term liquidity stress that can spill over 

to issuance pricing through balance sheet constraints.  The proxy is constructed as: 

 

𝐿𝑖 = (𝐶𝑃3𝑀 − 𝑇𝐵𝑖𝑙𝑙3𝑀) × 100 

 

where 𝐶𝑃3𝑀 is the 3-month financial commercial paper rate and 𝑇𝐵𝑖𝑙𝑙3𝑀 is the 3-month 

Treasury bill rate. It is then multiplied by 100 to express it in basis points.  

 

Issuance-year fixed effects (year dummies) 

Issuance-year fixed effects are used to capture year-level common shocks and shifts in 

regimes. These are only used in the last OLS model where macro controls are excluded. 

Below is the variable definition table, reported for full transparency. 
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Table 2. Variable definitions, sources, units, transformations, and timing alignment 
 

Variable Unit Transformation Timing alignment 

 G-spread bps 
Winsorized at upper 
99.5th %, Log-transformed 

 At issuance  

Green label  0/1 None Observed at issuance 

Life years Exclude if > 50 years at issuance 

Issue size USD Log (amount issued) at issuance 

Coupon rate % None at issuance 

Coupon Amount ordinal None at issuance 

Credit Rating ordinal AAA =1,..., C = 21 at issuance 

Industry classification 
(SIC2) 

categorical Rare levels grouped “Other” Fixed security attribute 

SLOPE (10-2) bps 10Y − 2Y Aligned to issuance date 

MOVE index  None 
Aligned to issuance date 
last  

U.S. CPI index None 
Monthly value mapped to 
issuance month 

OAS bps bps None Aligned to issuance date  

Funding/liquidity 
proxy 

bps (𝐷𝐶𝑃𝐹3𝑀 − 𝐷𝑇𝐵3) × 100 Aligned to issuance date 

Notes: when the series is not reported on the exact issuance date (e.g., non-trading days), the most recent prior 
value is used to avoid look-ahead. CPI is aligned at monthly frequency, so the value corresponds to information avail-
able at issuance month, rather than ex-post revisions. For full credit rating transformation see Appendix 3. 

 

5.3 Final Dataset 

Before arriving at the final dataset, two cleaning rules are applied (as briefly explained 

earlier). Observations with implausibly long life are excluded by restricting life to 50 years 

or less. After this issuance G-spread is winsorized at the upper 99.5th percentile to avoid 

a handful of extreme values or artefacts influencing the results. Winsorizing changes the 

values in the extreme tail but does not reduce the number of observations. After these 

cleaning rules are applied the final sample contains no missing observations. For cases 

removed at each filtering step, see appendix 1. 
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Table 3. Sample composition by issuance year and green label 
 

Issue year Non-green Green Total Green (%) 

2023 1031 47 1078 4.36 % 

2024 1453 46 1499 3.07 % 

2025 1061 16 1077 1.49 % 

Total 3545 109 3654 2.98 % 

 

The final dataset contains 3654 bonds of which 109 (2.98%) are labelled as green. Im-

portantly, massively imbalanced samples can be an issue for random forest because the 

green label is rarely seen by the model, which can distort its prediction. To address this, 

random forest models are estimated using weights. Each green bond is assigned a weight 

which is the same as the ratio of non-green to green bonds in the full sample (31). This 

is done to ensure that prediction errors for green bonds contribute similarly as non-

green ones to the Mean Squared Error (MSE). The weighting is only applied to random 

forests, OLS results are estimated with robust standard errors. 

 

5.4 Descriptive Statistics 

The descriptive statistics for the overall and the split green vs. non-green samples are 

reported. Appendix 2 shows the full sample descriptive statistics for the dependent var-

iable and all the numeric covariates. Table 4 compares green and non-green issues. With-

out including controls it is evident that green bonds are issued at tighter G-spreads than 

non-green ones (184 vs 207 bps) and offer slightly lower coupons. Green bonds also tend 

to be larger deals as seen by the amount issued and have better credit ratings on average.  

 

When green bonds are issued, the MOVE index is slightly higher, indicating more interest 

rate fluctuation and that the outlook is more uncertain. Likewise, OAS is also higher, 

meaning that investors demand slightly more compensation for holding corporate bonds 

overall. On green issuance dates the gap between long- and short-term yields is smaller 

and the funding/liquidity proxy is lower pointing to somewhat easier funding conditions.  
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Table 4. Green vs non-green summary statistics with mean-difference tests (bps) 
 

Variable 
  

Green 
M (SD) 

Not Green 
M (SD) 

Green – Not Green 
  

p  
  

G-spread 183.72 (112.51) 206.87 (167.46) -23.14 0.040* 

Life 10.24 (8.01) 11.11 (25.04) -0.87 0.323 

Log Amount Issued 13.18 (0.38) 12.87 (1.97) 0.31 <.001** 

Coupon 5.85 (1.15) 6.01 (1.57) -0.16 0.159 

Coupons Amount 2 (0) 2.01 (0.122) -0.01 0.009** 

Credit Rating 8.05 (2.99) 9.54 (3.51) -1.49 <.001** 

Slope BPS -0.87 (21.91) -11.94 (23.42) 11.07 <.001** 

MOVE 111.08 (14.20) 105.96 (16.59) 5.12 <.001** 

US CPI 0.03 (0.01) 0.03 (0.01) 0.00 0.007** 

OAS bps 137.51 (24.14) 127.25 (24.45) 10.26 0.001*** 

Liq./funding Proxy 10.92 (6.90) 12.56 (7.37) -1.64 0.0158* 
 * p < 0.05, ** p < 0.01, *** p < 0.001 
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6 Empirical Results  

This chapter reports the empirical evidence on whether green-labelled corporate bonds 

are associated with different issuance G-spreads in the USD primary market, and 

whether any such difference remains once standard determinants of corporate credit 

spreads are controlled for.  

 

The results are presented using two approaches that complement each other. First is a 

stepwise OLS ladder that is used to estimate how the effect of green label changes as 

more controls are introduced. In literature this is common practice when the stability of 

a coefficient itself is informative (Hachenberg & Schiereck, 2018). After the OLS a Ran-

dom Forest (RF) model is used to evaluate predictive performance and to report which 

variables the model relies on. As an additional benchmark LASSO is also used. The best 

performing OLS model and LASSO are then compared with the RF out-of-sample using 

multiple training/test splits to show that the results are robust and not due to a “lucky” 

split. As further robustness check the models are also evaluated out-of-time.  

 

6.1 Evidence on Issuance G-Spreads and Log-Transform 

Before moving to the models the distribution of issuance-time G-spreads is inspected. 

Alongside the issuance G-spreads, some bivariate relationships are also shown. Figure 4 

shows that G-spreads in this sample are strongly right-skewed, meaning that most bonds 

price at relatively low spreads and a smaller amount of bonds with high G-spreads cre-

ates a long upper tail even after winsorization. This is consistent with literature where 

spreads are found to vary widely across credit risk and market conditions, as such tail 

observations remain economically meaningful and not just noise (Collin-Dufresne et al., 

2001).  
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Figure 4. Distribution of issuance G-spread (winsorized).  
 

Figure 5 compares green and non-green bonds without any controls. The plots show that 

the distributions have substantial overlap and that the G-spread distribution is wider 

with higher spreads. This hints that variance of G-spreads is not constant across the sam-

ple.  

 

 

Figure 5. Distribution of issuance G-spread green vs. non-green (winsorized). 
 

Figure 6 shows how issuance G-spreads vary across key covariates. The main takeaway 

is dispersion, spreads are much more variable at higher levels. In short, this reinforces 
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what is already evident: G-spreads are right-tailed and show variance that depends on 

the level of DV.  

 

 

Figure 6. Issuance G-spread vs. Life and Amount Issued (log) 

 

These descriptives motivate log transforming the dependent variable. The distribution is 

clearly right-tailed, and the scatterplots show that variance increases with the level of 

the G-spread. A log-transform is the standard response to this. It compresses the upper 

tail, reduces the influence of extreme observations. Wooldridge (2020) explicitly notes 

that using a log functional form for the dependent variable is a common fix when heter-

oscedasticity rises with the level of DV.  

 

Following this, the OLS and RF use log-transformed version of G-spread as the dependent 

variable, which is not an uncommon practice (Gilchrist & Zakrajšek, 2012). This is done 

because logging the DV makes error variance more stable and this improves fit and in-

ference for regressions (Wooldridge, 2020). Once the DV is logged, coefficients are inter-

preted as follows: for a one-unit increase in a regressor the expected spread changes by 

approximately 100 × 𝛽 percent, holding other covariates fixed. To express this effect in 

basis points, the implied proportional change is back-transformed as exp (𝛽Δ𝑥) − 1 and 

then multiplied by a representative baseline spread level 𝑆0, so Δbps = 𝑆0(exp (𝛽Δ𝑥) −

1) (for a dummy regressor, Δ𝑥 = 1); in this thesis 𝑆0 is set to 147.5 bps. 
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Figure 7. Correlation heatmap of key continuous predictors 
 

Figure 7 reports pairwise correlations between the continuous predictors (and the DV 

for reference). The strongest correlations with issuance G-spreads are observed for cou-

pon and credit rating, which is consistent with the view that terms and default risk dom-

inate (Gabbi & Sironi, 2005); Elton et al., 2001). The heatmap also shows that several 

issuance-time market proxies covary, which is expected when multiple variables are used 

to capture market conditions. 

 

6.2 OLS Ladder Results: The Green Coefficient Across Specifications  

This section reports how the associations between green label and issuance G-spreads 

changes as common determinants are introduced in blocks. Elton et al. (2001) and 

Gilchrist & Zakrajšek (2012) showed that cross-sectional spreads are related to 
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contractual terms and credit risk and the greenium debate raises the question if green 

issuance differs systematically from non-green one. 

 

Table 5. OLS ladder estimates with HC1 robust standard errors (M0 to M5) 
 

 Model 0 Model 1 Model 2 Model 3 Model 4 Model 5 

Green Label −0.020 
(0.067) 

0.044 
(0.028) 

0.164*** 
(0.028) 

0.143*** 
(0.027) 

0.105*** 
(0.027) 

0.114*** 
(0.029) 

Life  0.003*** 
(0.001) 

0.011*** 
(0.001) 

0.011*** 
(0.001) 

0.011*** 
(0.001) 

0.011*** 
(0.001) 

Amount Issued 
(log) 

 −0.020*** 
(0.004) 

−0.009** 
(0.003) 

−0.010 
(0.005) 

−0.005 
(0.004) 

−0.002 
(0.004) 

Coupon  0.363*** 
(0.009) 

0.199*** 
(0.013) 

0.190*** 
(0.012) 

0.175*** 
(0.012) 

0.172*** 
(0.012) 

Coupons 
Amount 

 0.035 
(0.043) 

0.009 
(0.036) 

0.005 
(0.036) 

0.004 
(0.029) 

0.021 
(0.028) 

Credit Rat.   0.099*** 
(0.006) 

0.100*** 
(0.006) 

0.110*** 
(0.006) 

0.109*** 
(0.006) 

Slope bps     −0.000 
(0.000) 

 

MOVE     −0.000 
(0.001) 

 

US CPI     −0.979 
(1.171) 

 

OAS bps     0.006*** 
(0.000) 

 

Liquidity Proxy     0.001 
(0.001) 

 

FE 2024      −0.232*** 
(0.016) 

FE 2025      −0.260*** 
(0.019) 

N 3654 3654 3654 3654 3654 3654 
R² 0.000 0.719 0.826 0.837 0.875 0.864 
R² Adj. 0.000 0.718 0.826 0.834 0.873 0.861 

 * p < 0.05, ** p < 0.01, *** p < 0.001. 
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Figure 8. Green Label coefficient across specifications 
 

Table 5 reports the nested OLS ladder with log-transformed G-spread as the outcome 

variable. The point of the ladder is simple, it shows how the estimated association be-

tween the green label and G-spread changes as the typical control blocks are introduced. 

The first model (model 0) is the unconditional one, which shows if the green label with-

out controls determines G-spreads in a meaningful way. In model 0 the green coefficient 

is small and not statistically significant (𝛽 = -0.020, SE = 0.067), showing that without 

controls there is no clear difference in issuance spreads between green and non-green 

bonds in this sample. 

 

Adding bond characteristics turns the green coefficient positive, but it remains statisti-

cally insignificant (𝛽 = 0.044, SE = 0.028). This shows that unconditional comparisons 

between green and non-green bonds are not very informative, because spreads are 

linked to bond characteristics. Key shift occurs once credit rating is added to the mix 

(model 2). Once credit is added the green coefficient increases drastically and becomes 

strongly statistically significant (𝛽 = 0.164, SE = 0.028, p < .001). This corresponds to ap-

proximately an 18 % difference in issuance G-spreads for green labelled bonds, while 

holding bond characteristics and credit rating constant. Adding sector controls in model 

3 does not change the estimate much (𝛽 = 0.143, SE = 0.027, p = < .001).  
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Once issuance time market controls are included (model 4) the green coefficient declines 

but stays highly significant (𝛽 = 0.105, SE = 0.027, p < .001), which implies approximately 

11 % higher G-spreads for green-labelled issues in this sample. Switching from macro 

conditions to year-fixed effects produces very similar estimate (𝛽 = 0.114, SE = 0.029, p 

< 001), suggesting that the macro controls capture the issuance-time conditions rela-

tively well.  

 

The ladder shows that the sign and strength of the green label is very control dependent. 

With no conditions it does not robustly differ from zero yet becomes consistently and 

strongly positive once credit quality is accounted for. This aligns with prior literature, 

where it is found that the green premia are control dependent (Flammer, 2021; 

Hachenberg & Schiereck, 2018). 

 

Model fit also evolves as controls are introduced. Explanatory power jumps massively 

when bond characteristics are added. Once credit quality is controlled another jump oc-

curs to R² = 0.826 in model 2. Interestingly sector controls do not produce a large in-

crease, in model 3 R² = 0.837. The best overall fit is produced by model 4 that adds mar-

ket-wide conditions into the model, reaching R² = 0.875. Model 4 is therefore chosen for 

out-of-sample (OOS) comparison with Random Forest and LASSO. 

 

The ladder makes two points clear: most of the explanatory power comes from standard 

bond characteristics and credit quality. Conditional on those, the green label is associ-

ated with a statistically significant and economically meaningful spread premium in this 

sample. 

 

 

 

 



63 

6.3 Preferred OLS Specification: Coefficient Estimates and Model Fit 

Table 6. OLS coefficients (M4) with robust standard errors 
 

Coefficient Estimate SE t p 

Green Label 0.105 0.027 3.837 < .001*** 

Life 0.011 0.001 21.129 < .001*** 

Log Amount Issued -0.005 0.004 -1.140 0.254 

Coupon 0.175 0.012 14.761 < .001*** 

Coupons Amount 0.004 0.029 0.128 0.898 

Credit Rating 0.110 0.006 19.647 < .001*** 

Slope bps 0.000 0.000 -0.713 0.476 

MOVE 0.00 0.001 -0.355 0.723 

US CPI -0.098 0.117 -0.835 0.404 

OAS bps 0.006 0.000 13.102 <. 001*** 

Liq./funding Proxy -0.146 0.198 -0.736 0.462 
* p < 0.05, ** p < 0.01, *** p < 0.001. 

In model M4 the coefficient on the green label is 𝛽 = 0.105 (SE = 0.027, t = 3.84, p < .001) 

as reported earlier. Because the dependent variable is log(G-spread) this implies an ex-

pected spread differential of 𝑒0.105 − 1 ≈ 11.1% Using the thesis baseline S₀ = 147.5bps, 

this corresponds to approximately +16.4 bps, with a 95% confidence interval of 7.8, 25.4 

bps 

 

Table 6 shows the coefficients and they are analyzed in more detail. Life is also strongly 

related to G-spreads at issuance 𝛽 = 0.011 (SE = 0.001, t = 21.13, p < .001), which corre-

sponds to approximately a 1.1 % increase in G-spreads for each additional year of life 

(about 1.6 bps per year at S₀). Coupon is also positive and significant (𝛽 = 0.175, SE = 

0.012, t = 14.76, p < .001) suggesting that higher coupon is associated with significantly 

higher G-spreads, approximately 28.2 bps increase for each 1% increase in coupon. 

Credit quality, unsurprisingly, is one of the dominant estimators. Credit rating has a large 

positive coefficient (𝛽 = 0.110, SE = 0.006, t = 19.65, p <.001), showing that as credit 

rating worsens by 1 notch the required spread increases by 11 %, which corresponds to 

17.2 bps per notch at S₀ = 147.5 bps. This is consistent with prior literature (Gabbi & 

Sironi, 2005).  Overall, these bond characteristics are consistent with bond literature as 

they showcase that as credit rating worsens the spreads investors demand increases. 
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Similarly, as the heatmap showed, credit rating and coupon were correlated, indicating 

that lower-rated issuers typically must give higher coupons.  

 

The green label is interesting in this sample, because typically less credible issuers must 

offer higher spreads. Yet in this sample the descriptive statistics showed that green 

bonds enjoy slightly higher credit ratings, but the label is still associated with higher G-

spreads. This suggests that green labelled bonds even when they are issued by more 

credible issuers may have to offer a higher concession at issuance. 

 

Of the remaining controls only OAS in bps is positive and has a significant effect (𝛽 = 

0.006, SE = 0.000, t = 13.10, p < .001). Suggesting that market-wide credit conditions at 

issuance shift the G-spreads meaningfully (e.g., a 10 bps increase in OAS corresponds to 

𝑒0.006×10 − 1 ≈ 6.2% higher G-spreads, and a 100 bps increase to 𝑒0.006×100 − 1 ≈ 82% 

higher spreads). The rest of controls do not show a statistically significant effect. 

 

6.4 Regression Diagnostics and Robustness Checks 

Diagnostics are reported for two practical reasons. First, because cross-sectional issu-

ance G-spreads are rarely homoscedastic: pricing errors tend to be worse for issues that 

offer higher spreads and they can vary between bond types. Heteroscedasticity invali-

dates conventional standard errors; inference is based on HC1 standard errors that are 

clustered by issuance date. Breusch-Pagan test is used to report heteroscedasticity 

(Breusch & Pagan, 1979). Variance inflation factors (VIFs) are also reported to check that 

multicollinearity is not severe enough to make coefficient estimates unstable.  

 

Residual vs. fitted and scale-location plots are also reported to show that the log-trans-

formation reduces variance that is level-dependent and that there are less systematic 

patterns in residuals.  
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6.4.1 Heteroskedasticity 

Table 7. Breusch–Pagan test for heteroskedasticity (M4) 
 

Test Statistic df p 
Breusch-Pagan test χ² = 99.764 11 0.009 

 

 
 
Figure 9. OLS residuals versus fitted values and Scale-location 
 

Breusch-Pagan test shows that the residual variance is not constant, χ2 (11) = 99.76, p 

< .001, rejecting homoscedasticity. This means that the model’s errors are systematically 

larger for some parts of the sample. For this reason HC1 standard errors are used. Stand-

ard errors are also clustered by issue date to avoid treating same day observations as 

independent. This is standard practice when observations share common time-related 

shocks (Campbell & Taksler, 2003).  

 

Figure 9 shows that after log-transforming the DV, the residuals plot and scale-location 

show a flatter pattern of variance, around the center of the fitted range. Some curvature 

still remains, but log-transform greatly reduces the extremes. This makes the data closer 

to what linear models assume. 
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6.4.2 Multicollinearity 

Table 8. Variance inflation factors (VIF) for M4 predictors 
 

Variable VIF 

OAS bps 3.648 

Credit Rating 2.648 

MOVE 2.542 

Coupon 2.482 

Slope bps 2.114 

US CPI 1.922 

Liq./funding Proxy 1.218 

Life 1.118 

Log Amount Issued 1.063 

Coupons Amount 1.018 

Green Label 1.016 

 

VIFs are reported in table 8 above. Overall, the VIFs do not point to severe multicolline-

arity in the core regressors. As a common rule of thumb values between 1 and 2 indicate 

no issue with multicollinearity, and values between 2 and 5 indicate mild multicollinear-

ity. In this case mild multicollinearity is present, but as it is not extreme (VIF > 5) the 

results can be interpreted with confidence (O’Brien, 2007; Wooldridge, 2016). 

 

6.5 Heterogeneity 

In the baseline specification (M4) the coefficient of the green label is 𝛽 = 0.105 (SE = 

0.027, t = 3.84, p < .001), implying a +11.1% higher issuance G-spread for green-labelled 

bonds, conditional on the full control set. This subsection shows whether that spread 

differential is uniform, or if it varies in a way that that would be consistent with state-

dependent pricing and segmentation. Variation would not be surprising as G-spreads are 

known to be shaped by credit risk and market conditions (Collin-Dufresne et al., 2001). 

Likewise, the greenium itself is documented to be heterogeneous across bonds and over 

time rather than a single constant premium. (Zerbib, 2019; Fatica et al., 2021). 
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Two complementary checks are used. M4 is re-estimated with subsamples (rating buck-

ets, maturity and tight vs. stressed regimes). Then interaction models on the full sample 

are used to test whether green differs significantly across segmentations. 

 

6.5.1 Heterogeneity by ratings 

Table 9. Rating bucket estimates (green coefficient) 

 
   95% Confidence Interval    

Bucket β  SE Lower Upper t p n 

Low 0.061 0.055 -0.047 0.170 1.11 0.266 1038 
Mid 0.054 0.050 -0.044 0.153 1.09 0.277 1206 
High 0.078 0.031 0.018 0.139 2.53 0.011* 1410 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

Table 9 reports that the green coefficient remains positive in every rating bucket. For 

high quality issues the green estimate is 𝛽 = 0.078 (SE = 0.031, t = 2.53, p = .011), with a 

95% CI (0.018, 0.139). This corresponds to an 8.2% higher expected G-spread for green 

issues. Using the chosen representative spread level S₀ = 147.5 bps that translates to 

approximately 12 bps 95% CI (2.7, 20.6) for green bonds in the highest quality tercile. 

 

In the mid bucket, the estimate is smaller and statistically weak (𝛽 = 0.055, SE = 0.050, t 

= 1.09, p = .277). Interestingly, the CI crosses to slightly negative values 95% CI (-0.044, 

0.153). Transforming back to bps, on the representative spread this correspond to ap-

proximately 8.3 bps with 95% CI (-6.3, 24.4). In the low quality bucket the estimate is 

similar to the mid bucket, 𝛽 = 0.061, SE = 0.055, t = 1.11, p = 0.266) and 95% CI (-0.047, 

0.170). These imply 9.3 bps (-6.8, 27.3) higher spreads at the representative level; how-

ever, these estimates are not statistically significant. 
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Table 10. OLS interaction model: Green × Rating bucket 
 

Term β SE t p 

Intercept 2.983 0.096 31.10 < .001*** 
Green label (high) 0.112 0.034 3.29 .001** 
Rating bucket: Mid 0.329 0.019 17.04 < .001*** 
Rating bucket: Low 0.779 0.043 18.09 < .001*** 
Green × Mid −0.043 0.061 −0.70 .482 
Green × Low  −0.124 0.052 −2.40 .016* 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

Table 10 tests the same idea inside a pooled model, which allows the green effect to 

differ by rating bucket. The green coefficient in the baseline bucket (High quality) is 𝛽 = 

0.112, SE = 0.034, t = 3.29, p = .001. The interaction terms are negative, meaning the 

green differential is smaller outside the safest tercile: for Mid, the interaction is 𝛽  = 

−0.043, SE = 0.061, t = −0.703, p = .482 and for Low quality  𝛽 = −0.124, SE = 0.052, t = 

−2.40, p = .016.  

 

In the subsample estimates the green coefficient remains positive in each rating bucket, 

but the estimates for the mid and low buckets are imprecise and their confidence inter-

vals cross zero. In the pooled interaction specification, the baseline (high quality) green 

effect is clearly positive, while the interaction terms are negative. This implies that the 

green differential becomes much smaller for riskier issues and can turn slightly negative 

in the lowest quality tercile. Among the highest quality issuers, the green effect is clearly 

positive and economically meaningful, while for riskier issues the confidence intervals 

widen and cross across zero. A natural interpretation is that when credit risk is low, bonds 

are closer to substitutes and any pricing difference linked to the label is easier to detect. 

Once credit risk is high, the green component becomes harder to separate from the 

larger dispersion in G-spreads. 

 

6.5.2 Heterogeneity by Maturity 

Table 11 splits the sample into terciles based on life (short, medium, long) and re-esti-

mates the M4 model within each bucket. The green coefficient is clearly positive in 

shorter maturities and becomes small and insignificant at longer lives. 
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Table 11. Maturity bucket estimates (green coefficient) 
 

   95% Confidence Interval    

Bucket β SE Lower Upper t p n 

Short 0.213 0.056 0.103 0.323 3.80 < .001*** 1218 
Mid 0.111 0.046 0.020 0.202 2.39 0.017* 1315 
Long -0.002 0.041 -0.082 0.079 -0.04 0.970 1121 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

In the Short bucket, the green coefficient is 𝛽 = 0.213, SE = 0.056, t = 3.80, p < .001, 95% 

CI (0.103, 0.323). This corresponds to a 23.7% spread differential (95% CI [10.9%, 38.2%]). 

At a representative spread level of S₀ = 147.5 bps, that is approximately +35.0 bps (95% 

CI [16.1, 56.4]). In the Medium bucket, the estimate remains positive but is smaller: 𝛽 = 

0.111, SE = 0.046, t = 2.39, p = .017, 95% CI [0.020, 0.202]. This implies 11.8% (95% CI 

[2.0%, 22.4%]), or about 17.4 bps at S₀ (95% CI [3.0, 33.0]). In the Long bucket, the esti-

mate is essentially zero and imprecise: 𝛽 = −0.002, SE = 0.041, t = −0.04, p = .970, 95% CI 

(−0.082, 0.079). In percent terms that is −0.2% (95% CI [−7.9%, 8.2%]), and roughly −0.3 

bps at S₀ with interval of −11.6 to 12.4 bps. 

 

Table 12. OLS interaction model: Green × maturity bucket 
 

Term β SE t p 

Intercept 2.077 0.089 23.36 < .001*** 
Green label (short) 0.142 0.048 2.95 .003** 
Maturity bucket: Mid 0.131 0.012 10.50 < .001*** 
Maturity bucket: Long 0.249 0.012 19.99 < .001*** 
Green × Mid 0.006 0.063 0.088 .929 
Green × Long -0.122 0.061 −2.01 .045* 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

Using the interaction model, the green effect in the short bucket is 𝛽 = 0.142, SE = 0.048, 

t = 2.95, p = .003. The key results is the long interaction term: 𝛽 = −0.122, SE = 0.061, t = 

-2.01, p = .045. Showing that the green differential is statistically significantly smaller in 

long maturities compared to short maturities.  

 

These results show that any conditional green effect that exists in the sample is concen-

trated in the short and medium maturities. The effect fades out at longer maturities 
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where duration and uncertainty related factors become more pronounced (Duffee, 1998; 

Collin-Dufresne et al., 2001).  

 

6.5.3 Heterogeneity in Tight vs. Stressed Markets 

To test whether the conditional green spread differential depends on broader market 

conditions, the sample is split into “tight” and “stressed” regimes using two standard 

issuance-time proxies: (i) OAS, which captures overall credit-risk pricing, and (ii) MOVE, 

capturing interest-rate uncertainty and volatility. Tight refers to below-median 

OAS/MOVE, while stressed refers to above-median OAS/MOVE.  

 

Table 13. Green coefficient by OAS state 
 

   95% Confidence Interval    

Group β SE Lower Upper t p n 

Stressed 0.060 0.035 -0.009 0.129 1.70 0.089 1823 
Tight 0.174 0.038 0.101 0.249 4.63 < .001*** 1831 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

Table 14. Green coefficient by MOVE state 
 

   95% Confidence Interval    

Group β SE Lower Upper t p n 

Stressed 0.064 0.034 -0.003  0.130 1.88 0.060 1816 
Tight 0.188 0.038 0.113 0.263 4.92 < .001*** 1838 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

Tables 13 and 14 show the same pattern across both proxies. Under tight regimes the 

estimated green effect is large and positive. Using OAS as the regime proxy the tight 

estimate is 𝛽 = 0.175, SE = 0.038, 95% CI (0.101, 0.249), p < .001. This corresponds to 

roughly 19.1% higher G-spreads for green-labelled issues, which transforms to approxi-

mately 28 bps at the S₀ level. Using MOVE as the proxy yields nearly identical results. 𝛽 

= 0.188, SE = 0.038, 95% CI (0.113, 0.263), p < .001, which is approximately 20.7% and 

31 bps at S₀ level. 

 

Under stressed regimes, the estimated green effect is noticeably smaller and statistically 
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weaker. Using OAS as the regime proxy the stressed estimate is 𝛽 = 0.060 (SE = 0.035, 

95% CI: -0.009 to 0.129, p = 0.090). This corresponds to roughly 6.2% higher spreads for 

green-labelled issues and translates to about 9 bps at the S₀ level, with a 95% CI of 

roughly -1.4 to 20.4 bps. Using MOVE as the proxy yields a very similar stressed-regime 

estimate: 𝛽 = 0.064 (SE = 0.034, 95% CI: -0.003 to 0.130, p = 0.060), which corresponds 

to approximately 6.6% and about 10 bps at the S₀ level, with a 95% CI of roughly -0.4 to 

20.5 bps. 

 

Table 15. OLS interaction model: Green × Tight market states  
 

 Term β SE t p 

OAS State Green (baseline = stressed) 0.074 0.035 2.12 .034* 
 Green × Tight (low OAS) 0.060 0.052 1.16 .246 
MOVE State Green (baseline = stressed) 0.084 0.035 2.41 .016* 
 Green × Tight (low OAS) 0.091 0.048 1.88 .060 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

In the pooled models the Green × Tight term is positive under both proxies, indicating a 

larger green differential in tight conditions. Notably, the estimates are not statistically 

significant at α = .05. 

 

The results are consistent with the idea that when markets are stressed, G-spreads are 

largely driven by economy-wide repricing of credit and liquidity risk rather than by other 

cross-sectional factors. A large share of the variation in these conditions reflects shifts in 

default-risk compensation and time-varying credit risk premia that move together across 

issuers (Gilchrist & Zakrajšek, 2012). In that setting, determinants that can matter in qui-

eter periods are harder to separate from the dominant component of G-spreads, con-

sistent with evidence that much of the variation is accounted for by systematic factors 

when spreads move sharply (Collin-Dufresne, Goldstein, & Martin, 2001). 

 

Under stress markets also tend to feature a pronounced liquidity dimension. Trading be-

comes more costly, immediacy is priced more highly, and dealers’ and investors’ balance-

sheet capacity tightens, all of which raises compensation for holding illiquid credit and 
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increases dispersion, especially in parts of the distribution where uncertainty is already 

high (Longstaff et al., 2005; Brunnermeier & Pedersen, 2009). Empirically, corporate 

bond illiquidity is related to transaction costs and spread levels, and liquidity deteriora-

tions are particularly visible in turbulent periods, which makes precise attribution of 

small “label” effects more difficult (Bao et al., 2011; Dick-Nielsen et al., 2012). 

 

This is also consistent with how the green bond literature interprets pricing differentials. 

The standard view is that any green premium (or discount) reflects investor demand, 

segmentation, and clientele effects rather than a mechanical change in expected default 

risk (Baker et al., 2018; Zerbib, 2019). If that demand channel varies over time, it is most 

likely to be detectable when aggregate spread movements are smaller and dispersion is 

lower (Ehlers & Packer, 2017). Recent work documenting that the greenium is not con-

stant and depends on market conditions and market structure is consistent with this in-

terpretation (Pietsch & Salakhova, 2024). Overall, the state splits are naturally read as: 

whatever green differential is present shows up primarily in normal conditions, while in 

stressed regimes the pricing of credit risk, liquidity, and intermediary constraints domi-

nates issuance G-spreads, and the green estimate becomes smaller and less precisely 

estimated (Gilchrist & Zakrajšek, 2012; Longstaff et al., 2005; Brunnermeier & Pedersen, 

2009). 

 

6.6 Predictive Performance: OLS vs. LASSO vs. Random Forest 

To compare the RF, the best performing OLS model (model 4) and LASSO, they are eval-

uated on the same OOS set. This is done by first splitting the data into 75/25 train-test 

split to train the models on the same data, after which the models are tested on the split 

that was “held-out” from the training. This shows how the models perform in a realistic 

setting, where data is not seen before. Because the models are estimated with log G-

spread as the DV, MAE and RMSE are reported in log points. Log-point errors are inter-

preted as multiplicative errors in the spread level: if the prediction error is 𝑒 = log(𝑆̂) −

log(𝑆) , then 𝑆̂ = 𝑆 𝑒𝑒 .  A MAE of m corresponds to error of approximately 100(𝑒𝑚 −
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1) % (and similarly for RMSE). The log-scale errors are reported because they match the 

estimation scale.  

 
Table 16. Test-set performance comparison for OLS and Random Forest 
 

Model RMSE MAE R² 

OLS (M4) 0.251 0.181 0.858 

LASSO 0.251 0.180 0.858 

Random Forest 0.152 0.099 0.948 

 

Table 16 presents the test-set results for OLS (M4), LASSO, and RF on the same OOS split. 

The result is clear: RF is substantially more accurate than the linear benchmarks. OLS 

(M4) achieves RMSE = 0.251 and MAE = 0.180 with test R² = 0.858. LASSO performs al-

most identically on this split (RMSE = 0.251, MAE = 0.180, R² = 0.858), suggesting that 

regularization adds little predictive value beyond the baseline linear specification given 

this covariate set. RF, on the other hand, reduces errors to RMSE = 0.152 and MAE = 

0.099 and increases test R² to 0.948. Relative to OLS, this corresponds to approximately 

a 39% reduction in RMSE and a 45% reduction in MAE. As the error metrics complement 

each other, the outcome is reassuring: the gains do not appear to be driven only by a 

small number of extremes. 

 

To be sure that these results do not result from a single “lucky” split, performance is 

measured across 100 repeated splits. Table 17 summarizes these results. Across the 100 

repetitions, OLS has mean RMSE = 0.279 (SD = 0.082), mean MAE = 0.180 (SD = 0.005) 

and mean test R² = 0.829 (SD = 0.077). LASSO performs very similarly with mean RMSE 

= 0.283 (SD = 0.080), mean MAE = 0.183 (SD = 0.008) and mean test R² = 0.826 (SD = 

0.075). RF remains clearly better on average with mean RMSE = 0.152 (SD = 0.017), mean 

MAE = 0.099 (SD = 0.004) and mean test R² = 0.947 (SD = 0.010). Overall, the repeated-

split results confirm that the predictive advantage of RF is not a one-off outcome, while 

LASSO does not materially improve on the baseline linear model. This result is consistent 

with Makariou et al. (2021) who found that Random Forest performs better in the catas-

trophe bond markets. Overall, these results align with the consensus that machine 
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learning approaches perform better than traditional models in financial research (Kim et 

al., 2021).  

 
Table 17. Repeated split summary 
 

Model RMSE 
M (SD) 

MAE 
M (SD) 

R² 
M (SD) 

OLS (M4) 0.279 (0.082) 0.1801 (0.005) 0.829 (0.077) 
LASSO 0.283 (0.080) 0.1831 (0.008) 0.826 (0.075) 
Random Forest 0.152 (0.017) 0.0990 (0.005) 0.947 (0.010) 

 

Table 18. Mean differences repeated splits 
 

   95 % Confidence Interval  

 Comparison Mean difference Lower Upper p 

RMSE RF – OLS  -0.127 -0.186 -0.068 < .001*** 
 LASSO – OLS 0.004 -0.002 0.010 0.201 
MAE RF – OLS  -0.081 -0.084 -0.078 < .001*** 
 LASSO – OLS 0.003 -0.002 0.008 0.228 
R² RF – OLS  0.119 0.064 0.174 < .001*** 
 LASSO – OLS  -0.002 -0.007 0.001 0.173 

* p < 0.05, ** p < 0.01, *** p < 0.001. 

To assess whether performance differences are systematic, paired differences in evalu-

ation metrics are computed across the 100 splits. RF significantly outperforms OLS: the 

mean paired difference in RMSE (RF − OLS) is −0.127 with a 95% CI (−0.186, −0.068), p 

< .001 and the mean paired difference in MAE is −0.081 with a 95% CI (−0.084, −0.078), 

p < .001. Likewise, predictive fit improves: the mean paired difference in test R² is 0.119 

with a 95% CI (0.064, 0.174), p < .001. In contrast, LASSO does not differ meaningfully 

from OLS across splits. Taken together, the evidence suggests that the main perfor-

mance gains come from RF’s ability to capture nonlinearities and interactions rather 

than from linear regularization alone. 

6.6.1 Out-of-time evaluation 

Out-of-time (OOT) evaluation is included as a robustness check, because when market 

data is time-ordered and regimes shift, randomly mixing observations can make a 

model look more stable than it in reality is. In forecasting, a standard recommendation 
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is to validate models OOT so each test period is predicted using only information availa-

ble earlier in time (Hyndman & Athanosopoulos, 2021). In finance this is even more im-

portant, because dependence on overlapping information creates leakage; OOT evalua-

tions are recommended to get a more credible estimate of the predictive performance 

(López de Prado, 2018; Bergmeir et al., 2018). In this thesis, the OOT train window is 

2023-2024 and test window is 2025. 

Table 19. Out-of-time test performance 
 

Model RMSE MAE R² 

OLS 0.281 0.203 0.855 
LASSO 0.323 0.234 0.846 
RF 0.229 0.163 0.895 

 
Table 20. Out-of-time performance in bps 
 

Model RMSE MAE R²  

OLS 47.9 33.2 0.855 
LASSO 56.2 38.9 0.846 
RF 38.0 26.1 0.895 

 

Table 19 shows the test performances for all three models OOT. Relative to the random 

splits OOS results, RF suffers drastic performance deterioration which is expected due 

to restricting leakage. 

In the OOT window, RF remains as the best performing model, but with higher errors: 

RMSE = 0.229, MAE = 0.163 and R² = 0.895. The OLS model (M4) also weakens OOT 

(RMSE = 0.281, MAE = 0.203, R² =0.855), while LASSO performs the worst (RMSE = 

0.323, MAE = 0.234, R² = 0.846). Table 19 shows the same performances but in bps at 

the S₀ level for interpretability. 

Overall, the OOT results show that machine learning methods can generalize better 

than linear benchmarks in this setting. However, the performance deterioration is 

harsher for them when evaluated OOT, suggesting leakage when evaluation is done 

purely OOS, not OOT. 
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6.7 Random Forest Tuning and Model Diagnostics 

Hyperparameters are chosen using cross-validation within the training sample as ex-

plained previously in the methods section. Therefore, the selected configuration reflects 

performance that is stable across multiple resamples and not resulting from a specific 

“lucky” partition (Stone, 1974). Cawley and Talbot (2010) note that this is important be-

cause tuning itself is a form of model selection: if the model is continuously recalibrated 

on limited data the reported accuracy would be biased. To see why these hyperparame-

ters were chosen to be tuned, see methods. 

 

Table 21 shows the tuning grid results. The best configuration is mtry = 8 and 

min.node.size = 5, with cross-validated RMSE = 0.168, MAE = 0.105, and R² = .934. The 

grid shows two important features: performance is not drive by a single “lucky” config-

uration. This is shown by multiple “neighboring” configurations delivering very similar 

accuracies, suggesting that the tuning results are not sensitive to small changes. The 

other important note is that increasing minimum node size worsens fit consistently, in 

practice this shows that issuance G-spreads are not linearly formed and they benefit 

from allowing more nonlinear structure. 

 

Cawley and Talbot (2010) emphasize that the best way to protect against overfitting is 

simply testing OOS and reporting final model performance on that held-out test data. In 

the present study this would show up as large deviations between cross-validated train-

ing performance and test performance or as instability between train-test splits. How-

ever, evaluation here shows that the RF’s advantage over OLS is not just a “one-off” out-

come, but persistent performance gain.  
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Table 21. Full cross-validation grid results for RF hyperparameters 
 

mtry min.node.size RMSE MAE R² 

2 5 0.193 0.126 0.921 

4 5 0.171 0.108 0.933 

5 5 0.168 0.106 0.934 

7 5 0.168 0.105 0.934 

8 5 0.168 0.105 0.934 

10 5 0.169 0.106 0.933 

11 5 0.170 0.106 0.932 

13 5 0.172 0.108 0.931 

2 10 0.200 0.133 0.916 

4 10 0.176 0.112 0.929 

5 10 0.173 0.110 0.931 

7 10 0.171 0.108 0.932 

8 10 0.171 0.109 0.931 

10 10 0.173 0.109 0.930 

11 10 0.174 0.109 0.929 

13 10 0.176 0.111 0.927 

2 20 0.213 0.143 0.907 

4 20 0.185 0.121 0.922 

5 20 0.181 0.117 0.925 

7 20 0.179 0.115 0.926 

8 20 0.178 0.115 0.926 

10 20 0.180 0.116 0.924 

11 20 0.181 0.116 0.923 

13 20 0.183 0.117 0.921 

2 40 0.230 0.156 0.893 

4 40 0.197 0.132 0.913 

5 40 0.192 0.128 0.916 

7 40 0.189 0.124 0.917 

8 40 0.189 0.124 0.917 

10 40 0.190 0.124 0.916 

11 40 0.190 0.125 0.915 

13 40 0.192 0.126 0.913 

 

To check that performance is uniform across the G-spread distribution, diagnostic plots 

complement RMSE and MAE. These are shown in Figures 10 and 11. Evidently the errors 

are much more pronounced when spreads get larger. Figures 10 and 11 use bps for ease 

of interpretation, these bps estimates are back transformed from the logarithmic esti-

mates.  



78 

 

 

Figure 10. Random Forest predicted versus actual issuance G-spreads. 
 
 

 
 
Figure 11. Random Forest residuals versus predicted values. 
 

To summarize this heterogeneity more compactly, the test sample is grouped into ma-

turity and credit-quality buckets and mean absolute error (MAE) is computed within 

each group. For the bucket based on Moody’s credit rating, the sample is split into the 

25th, 50th, 75th and 100th percentiles, the bonds with credit rating in the bottom 25 % 
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are labelled “Worst” and those with credit ratings above 75 % the “Best”. For figures 12 

and 13 MAE is back transformed from log(G-spread) to bps. 

 

 

Figure 12. Random Forest MAE by life bucket (test set) 
 

 

 

Figure 13. Random Forest MAE by Credit Rating bucket (test set) 
 

Figure 12 shows that MAE varies across maturity ranges, with the largest errors in the 3–

7-year bucket and the smallest errors in the longest maturities. Figure 13 shows that 

errors are low in the “Best” and “Mid” buckets, increase in the “Lower” bucket, and are 

substantially larger in the “Worst” bucket. These indicate that the model’s largest pre-

diction errors are concentrated among the lowest credit-quality issues where investors 

demand larger spreads. This is not unsurprising, prior evidence shows that credit spreads 
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become more volatile as credit quality drops making them inherently harder to predict 

(Heinke, 2006; Chung et al., 2019). 

 

6.8 Random Forest Drivers, Nonlinear Effects, and Prediction Errors 

To show what information the fitted RF uses, variable importance factors and partial de-

pendence plots (PDPs) are reported. Altmann et al. (2010) explains that importance fac-

tors measure the drop in predictive performance when the values of a single variable are 

randomly permutated. The larger the drop, the more the model relies on that variable.  

 

Table 22. Random Forest variable importance factors 
 

Variable Importance 

Credit Rating 0.3508 

Coupon 0.3069 

Green Label 0.1271 

Life 0.0364 

OAS in BPS 0.0277 

Amount Issued 0.0096 

Slope in BPS 0.0084 

Sector 0.0076 

U.S. CPI 0.0074 

MOVE 0.0060 

Liq./funding Proxy 0.0055 

Coupons Amount 0.0039 

 

Table 22 presents variable importance results. The picture is extremely clear; credit rat-

ing and coupon dominate the RF prediction with a clear gap to every other variable. This 

ranking is consistent with prior studies that show credit risk and pricing terms are the 

central correlates of G-spread levels (Collin-Dufresne et al., 2001; Gabbi & Sironi, 2005). 

After these, the green label provides the most predictive importance of the remaining 

variables.  

 

Two caveats are very important for interpretation. As the green bonds were assigned a 

weight of 31 (to account for the sample imbalances for RF), the label should be 
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considered more as a robustness-oriented adjustment. It makes the importance score 

more comparable despite the large sample size differences. The second is that variable 

importance is not the same as OLS coefficient. Importance asks if the variable improves 

prediction given everything else in the model, while OLS estimates a conditional mean 

difference holding other covariates fixed. In short, variable importance are not economic 

effect sizes and they should not be interpreted as such.  

 

Another important note is that importance values produced by ranger are not measured 

in basis points, they reflect the change in loss/accuracy criterion and should be inter-

preted as relative magnitudes. 

 

Beyond average accuracy, PDPs are used to show key nonlinearities. PDPs show how the 

model’s average predicted outcome changes as one variable changes (Hooker, 2007). 

The PDPs are used to support the conclusion from variable importance metrics, RFs pre-

dictive gains are not due to some exotic variables or opaque interactions alone. Most of 

the predictive power comes from the same fundamentals that drive linear models: con-

tractual terms and credit quality first and then maturity and market conditions and green 

label in the middle. 

 

 

Figure 14. Partial Dependence Plots for Coupon and Credit Rating 
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Figure 15. Partial Dependence Plots for Life and OAS 
 

6.9 Summary of Results 

In this subchapter the main findings of this thesis are discussed with focus on addressing 

the hypotheses formulated in chapter 1. The results are compared to earlier literature 

on green bonds, issuance G-spreads and machine learning in finance. 

 

Hypothesis H1 stated that a Random Forest (RF) model would predict corporate bond 

issuance G-spreads more accurately than OLS out-of-sample (OOS). The evidence from 

this study supports H1 very clearly. On the OOS test set, RF outperforms OLS (M4) on all 

metrics: RMSE declines from 0.251 to 0.152, MAE declines from 0.180 to 0.099 and test 

R² rises from 0.858 to 0.948. LASSO is included as an additional predictive benchmark 

but performs almost identically to OLS on this split (RMSE = 0.251; MAE = 0.180; R² = 

0.858), indicating that the main predictive gains come from RF’s ability to capture non-

linearities and interactions. This aligns with prior literature that models able to capture 

these often generalize better (Heger et al., 2024; Kim et al., 2021). Cabrol et al. (2024) 

similarly show that tree-based ML approaches and neural networks consistently outper-

form linear regression benchmarks on prediction tasks when using the same covariates. 

 

Evaluating performance across 100 repeated splits further solidifies this result. Across 

partitions, RF reports substantially lower error metrics and higher test R² on average. 



83 

While LASSO remains very close to OLS. Overall, it is safe to say that ML offers a very 

valuable method to complement traditional econometrics. 

 

Hypothesis H2 predicted that credit quality, maturity, issue size and issuance time mar-

ket conditions are among the most important determinants of issuance spreads. This is 

supported by both the OLS ladder and RF. RF variable importance rankings showed that 

credit rating and coupon dominate and there is a clear drop to the next best variable, 

green label. Collin-Dufresne et al. (2001) alongside Gabbi and Sironi (2005) found that 

credit risk and contractual terms are first-order correlates of corporate credit spreads 

and other forces explain smaller amounts of variation. Longstaff et al. (2005) similarly 

showed evidence from the CDS markets that default risk and non-default components 

both are important for spreads, but credit quality is “foundational” for spread levels. 

Non-trivial contribution of issuance-time conditions such as OAS also fits the view that 

broad credit conditions at time of issuance shifts corporate bond spreads (Gilchrist & 

Zakrajšek, 2012). 

 

One peculiarity is worth explaining further. For OLS the coupon explained the most var-

iance of all predictors. On the RF side however, credit quality overtook coupon as the 

most important variable. One possibility is that because spread formation is nonlinear in 

credit risk (Heger et al.,2024) and interacts with other predictors, RF is able to identify 

this whereas OLS compresses these effects. Similarly to Gu et al. (2020) the finding is 

therefore that RF can “reshuffle” variable importance due to nonlinearities. 

 

Hypothesis H3 stated that green label is associated with a statistically significant condi-

tional spread difference after controls are introduced. The OLS result supports H3 in the 

sense of statistical inference. In the model 4 (M4), the green label showed positive con-

ditional association between the label itself and issuance G-spreads in this sample. In 

literature the sign and magnitude of a greenium is not settled and the estimates vary 

across samples and strategies. For example, some work reports a modest negative 

greenium (Zerbib, 2019), while others find that effects are small, unstable and report 
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that overall green bonds provide higher yields than matched non-greens (Bachelet et al., 

2019). The difference is that previous studies investigated greenium in the secondary 

markets where trading frictions play a role. This study is therefore able to extend this 

further to the primary markets; in this sample the green label is associated with higher 

spreads while on average enjoying better credit ratings. 

 

In economic terms, the baseline M4 estimate implies a green-labelled issuance differ-

ential of about 16.4 bps at the representative spread level of S₀ =147.5 bps. Comparing 

this with typical primary-market concessions, this is economically meaningful: evidence 

from U.S. corporate bond primary markets shows that the “issuance premium” is typi-

cally positive but modest in normal times and rise sharply in stress periods (Siani, 

2022). The state splits in this thesis align with that broader primary-market pattern. In 

tight conditions the implied green differential rises to roughly 28–31 bps, while in 

stressed conditions it shrinks to about 9–10 bps and becomes statistically weaker. This 

supports the idea that any label-related difference is most detectable when aggregate 

spread movements and dispersion are lower. Whereas in stressed regimes the domi-

nant repricing of credit and liquidity risk makes it harder to isolate smaller effects. This 

interpretation is consistent with primary-market green bond evidence that issuance 

pricing differentials depend on demand conditions and vary over time. This includes 

work linking issuance outcomes to oversubscription and demand pressure (Cara-

michael & Rapp, 2024), and with evidence that green premia are time-varying rather 

than constant (D’Amico et al., 2023). 

 

Evidence from the RF suggests that the green label is not the main engine driving pre-

dictive accuracy, but its effects are not negligible either. Putting the RF importance rank-

ings together, it is important to remember that permutation importance can be con-

servative when predictors are correlated (Gregorutti et al., 2016), which can be the case 

with financial data. This study is no different in that sense, as shown by the correlation 

heatmap (figure 7). As such, the ranking should be interpreted descriptively.  
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The main question however is, why is the greenium seemingly not a penalty but a gain 

in this sample. There are a few possible explanations for this. First is that the label can 

be correlated with deal features and dynamics that are hard to observe and as such be 

omitted from the analysis (Gilchrist & Zakrajšek, 2012). Another possibility relates to 

segmentation and liquidity. Perhaps green bonds do not receive cheaper financing in 

every segment and the sign of the “green” flips with market conditions or investor de-

mand. Karpf & Mandel (2018) studied U.S. municipals and found that historically green 

bonds were penalized and that premium later turned positive. Finally, as shown by 

Zerbib (2019) and Flammer (2021) the green coefficient is sensitive to controls, meaning 

that selection and composition can have an effect in an observed effect. Flammer (2021) 

further notes that insufficient controls can mechanically generate an apparent greenium 

even when one “does not actually exist”. 

 

Taken together the results support all three hypotheses in their appropriate sense. RF 

predicts issuance spreads more accurately than OLS and LASSO out-of-sample. The dom-

inant predictive and explanatory drivers are conventional determinants. The green label 

is also statistically significant in the best configuration, but its predictive contribution is 

secondary to standard determinants. Last, it is important to note that the results must 

be interpreted with caution due to limitations discussed in the next chapter. 
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7 Conclusion 

This thesis studied whether USD-denominated corporate green bonds price differently 

at issuance than comparable non-green bonds, and whether issuance G-Spreads can be 

predicted reliably using information available at the time of issuance. The key takeaway 

is that most of the variance in the issuance spreads is explained by standard determi-

nants such as credit quality, coupon, maturity characteristics, and issuance-time market 

conditions, while the green label offers some predictive power. As expected, a large part 

of the cross-sectional variation in spreads remains tied to broader risk and liquidity con-

ditions that are difficult to capture perfectly with a finite set of proxies. However, by 

combining OLS “ladder” design with a RF model, this thesis shows that issuance spreads 

can be predicted with reasonable accuracy. 

 

For practical implications the results suggest that primary market pricing remains an-

chored in standard credit and deal fundamentals. The label adds secondary information 

that can matter at the margin and drastically changes depending on market conditions. 

Below are some actionable bullets for issuers, underwriters and investors suggested. 

 

Issuers 

• Treat green as an adjustment, not the main pricing lever. In this sample, issu-

ance spreads are mainly driven by conventional determinants, so a green 

framework should not substitute for any fundamentals. 

• Plan for state dependence. The green effect is not stable across market condi-

tions, expected pricing should be stress-tested under different regimes. The 

greenium or green “penalty” is not constant. 

• The label matters more when ESG demand is high and when credibility is per-

ceived as high. 
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Underwriters 

• Keep the pricing anchor in standard drivers. Models should continue to rely 

mainly on conventional G-spread drivers and not treat the green label as a pri-

mary input. 

• Regime check should be explicit in practice. Guidance should be conditioned on 

the credit-market state, since label-related differentials are easier to detect 

when aggregate spread movements are smaller. 

 

Investors 

• Do not assume that green implies cheaper entry at issuance. In this sample, 

green bonds can price at higher G-spreads even when issuers are, on average, 

slightly higher quality.  

• Unstable regime dependent differentials should be expected. In stressed re-

gimes, credit and liquidity drive pricing, but this can change in tight market con-

ditions. 

 

Interpreting the green label results remains constrained because green issuance is a 

choice that can be correlated with issuer-level traits and decisions that are difficult to 

observe in the dataset. Even with a rich set of controls a cross-sectional strategy cannot 

guarantee that a green coefficient isolates a pricing effect and not issuer selection or 

unobserved features. Larcker and Watts (2020) highlight this and emphasize that esti-

mates are sensitive to design and identification strategies.  

 

Data availability is a second limitation and considers liquidity and funding measurements 

especially. Because standard corporate bond liquidity measures often rely on transaction 

data (e.g., TRACE-based trading costs, turnover), prior research frequently faces a trade-

off between sample scale and “first-best” liquidity measurement (Edwards et al., 2007; 

Dick-Nielsen et al., 2012). Furthermore, demand proxies, different green indicators and 

debut green issuer indicators are necessary to show the mechanisms at play. As these 

were not available for this thesis, they are listed as important limitations. 
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Sample size is also constrained by access and download limits rather than by choices, 

which matters because power and stability are particularly important for effects that 

might be economically small. A larger sample would improve precision for the green-

label coefficient and make subgroup analyses (e.g., within-rating or within-sector heter-

ogeneity) less sensitive to a small number of observations, which is a standard concern.  

 

Even though the RF is tuned and evaluated using a clean separation of training and test 

data, the reported performance still reflects the chosen evaluation methods, and differ-

ent split designs can yield different results. The machine learning literature treats this as 

a feature of model assessment rather than a defect of any single model. Careful valida-

tion design is therefore central for credible performance reporting (Kohavi, 1995; Arlot 

& Celisse, 2010). 

 

Future research could improve on this study and make the interpretation of the “green” 

coefficient more convincing. The most direct improvement is to focus more on within-

issuer variation. An issuer fixed-effects model would remove all time-invariant issuer dif-

ferences and force the green estimate to come from comparisons within the same issuer. 

Another option is within-issuer matching: for each green bond a conventional bond from 

the same issuer issued within ±90 days. This would not only treat the comparison within 

issuer, but also within similar market conditions by default. A related design is to treat a 

firm’s first green issuance as an event. Comparing pricing between the first green issu-

ance and another nearby non-green issue (and ideally with similar issuers that never 

issue green) would help to separate the “who issues green” from “what happens when 

issuer starts issuing green”. Matching green bonds to non-greens is not a completely new 

approach, similar has been done in prior research (Flammer, 2021; Zerbib, 2019). 

 

Another extension is to treat the green label as more heterogeneous. If the mechanism 

it operates from is partly signaling or credibility, the effect should be stronger when the 

signal is more credible and harder to fake. Using a sample with green labels from 
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different sources would allow for comparisons between signals that vary in strength. On 

the market conditions side, the liquidity proxy in this thesis was a pragmatic solution. 

With TRACE type data it would be possible to measure liquidity directly and test if the 

estimated differential is compensation for liquidity related factors. 

 

Finally, regime dependence should be treated as a core feature. Recent evidence ties the 

green pricing to demand pressure at issuance, which makes it reasonable to include var-

iables for oversubscription and index inclusion (Caramichael & Rapp, 2024). And because 

sustainable bond markets are still evolving quickly, recent policy syntheses provide a rea-

son to expect that pricing differences may not be stable across time or across different 

settings (OECD, 2025). 
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Appendix 1 – Data Appendix 

Step Filter Removed Remaining Rationale 

0 Raw downloaded sample  3806 Initial extraction. 
1 Exclude missing credit rating 122 3684 Credit risk is core control. 

Required for compatibility. 
2 Exclude rare sectors (≤2 obs) 27 3657 Avoid unstable sector ef-

fects. 
3 Exclude >50 life 3 3654 Outliers with improbably 

long life. 
4 Final sample  3654  
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Appendix 2 – Full Sample Descriptive Statistics 

 

Note: Kurtosis is reported as excess kurtosis. Coupons amount is a discrete coupon frequency variable, 
so its kurtosis reflects a highly concentrated mass at 2 rather than continuous tail behaviour. 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 G-
Spread 

Life Log 
Amount 
Issued 

Cou-
pon 

Cou-
pons 
Amount 

Credit 
Rating 

Slope 
BPS 

MOVE US 
CPI 

OAS 
bps 

Liq./fund-
ing Proxy 

            
Mean 

205.92 10.54 12.88 6.00 
2.01 9.49 -

11.60 
106.10 0.03 127.57 12.51 

SD 165.79 8.72 1.94 1.56 0.12 3.50 23.46 16.54 0.01 24.50 7.35 
p25 

105.73 5.02 13.02 5.00 
2.00 7.00 -

34.00 
94.30 0.03 110.00 7.00 

p75 241.55 10.03 13.71 6.50 2.00 12.00 5.00 114.90 0.03 150.00 18.00 
Skewness 2.29 1.79 -2.83 1.52 14.17 0.40 -0.35 1.50 1.78 0.88 -0.04 
Kurtosis 
(Fisher) 6.20 2.07 7.31 

3.22 252.11 -0.11 -0.98 5.10 3.60 -0.29 0.82 

n 3654 3654 3654 3654 3654 3654 3654 3654 3654 3654 3654 
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8 Appendix 3 – Moody’s Credit Rating Transformation 

 

Moody’s Rating Transformed  

Aaa 1 
Aa1 2 
Aa2 3 
Aa3 4 
A1 5 
A2 6 
A3 7 
Baa1 8 
Baa2 9 
Baa3 10 
Ba1 11 
Ba2 12 
Ba3 13 
B1 14 
B2 15 
B3 16 
Caa1 17 
Caa2 18 
Caa3 19 
Ca 20 
C 21 
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