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Abstract

Low-carbon economy transition has elevated green bonds to become essential for mobilizing private
capital towards sustainable investments. However, their role in financial market stability, especially
during periods of systemic stress, remains an open question. We examine the connectedness between
green and conventional bonds across three major latent factors of the yield curve using a paired bond
approach that matches green and conventional securities from the same issuers. Given the dynamic
Nelson-Siegel model within a time-varying vector autoregression framework, we analyse how green
bonds respond to financial shocks under stable and turbulent conditions. Including a perspective on the
Russia-Ukraine war, our results indicate that green bonds increasingly act as shock transmitters,
particularly in response to energy insecurity and climate-related pressures, while German conventional
sovereign bonds retain their safe-haven status. Heightened risk sensitivity of green bonds during periods
of stress suggests that their integration into European financial markets introduces a new dimension of
systemic risk. We argue that green finance can serve as a driver of sustainable investment, but also as a
channel for amplifying economic and geopolitical shocks.

Keywords: climate finance, connectedness analysis, economic uncertainty, European financial
markets financial stability, geopolitical risk, green bonds, market stress, sustainable finance, yield
curve dynamics.
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Green versus conventional bonds during market stress:
Threats to financial stability?

1. Introduction

As the urgency to combat climate change grows, financial markets are turning to green bonds
as a tool to mobilise private capital for sustainable development. Despite their rising popularity,
their role in financial stability remains uncertain, especially during crisis periods.! While green
bonds have often been associated with stable, low-risk investments, the dynamic nature of
interest rates, geopolitical shocks, and market volatility call for a deeper analysis of how they
behave relative to conventional securities across the yield curve. Understanding not just price
differences, but the yield curve dynamics and connectedness patterns between green and
conventional bonds is increasingly relevant. This study examines the yield curve interactions
between green and conventional bonds to assess whether green bonds act as risk diversifiers,
safe havens, or shock transmitters.

We analyse the dynamics of green bonds and their paired conventional counterparts issued by
the European Investment Bank, the German government, and German banks. Focusing on two
major global shocks, namely the Covid-19 pandemic and the Russia-Ukraine war, we find that
that during crisis periods, the transmission dynamics tend to shift. Interestingly, green bonds
thereby emerge as key transmitters of shocks. In other words, while traditional sovereign bonds
tend to serve as safe havens, green bonds in contrast are more sensitive to economic uncertainty.
This finding underlines the view that green assets do not mirror conventional bonds but react
differently during periods of market stress. Given this interaction between green finance and
financial stability, regulators and central banks should adapt their risk management frameworks
accordingly.

The paper makes three main contributions to the performance of green as compared to
conventional bonds in the Eurozone during May 2021 to December 2024. First is the
connectedness between green investments and financial markets, which offers more insight into
the interest rate risk of sustainable portfolios. Second are the differing risk-return profiles of
green and conventional bonds. Specifically, we observe that conventional bonds act as receivers
of shocks, responding to broader market disruptions, such as geopolitical events or financial
crises, reflecting their role as a safe-haven asset. Finally, given the long-term nature of green

! The transition to a low-carbon economy requires significant financial resources which are often assumed to
exceed the capacity of public budgets. Climate change mitigation and adaptation efforts promote the mobilization
of private capital, making green bonds a key instrument of sustainable finance. Issued by sovereigns, corporations,
and supranational institutions, these bonds specifically finance environmentally friendly projects while potentially
offering returns comparable to conventional bonds. Their growing popularity raises key questions about their
relationship with traditional bonds and their role in financial stability.



investments, we investigate whether they respond differently to short-term, medium-term and
long-term changes in interest rates. While some bonds exhibit stabilising characteristics at
longer maturities, others demonstrate greater volatility in the short and medium term, especially
during stress times. This let us confirm that green bonds do not play the role of safe-haven
assets, but their performance is affected by changing geopolitical circumstances.

Green bonds exhibit distinct characteristics as compared to conventional fixed-income
securities. Although they often trade at a premium (so-called “greenium’) due to investor
demand, their yield curve dynamics and volatility behaviour are influenced by broader market
conditions. Understanding how green bonds interact with traditional bonds: as risk diversifiers,
safe-haven assets, or transmitters of financial shocks, is crucial to assess their market function.
To study these interactions, we employ the Dynamic Nelson-Siegel (DNS) yield curve model
and the Time-Varying Parameter Vector Autoregression (TVP-VAR) framework. The DNS
model allows us to extract the three major latent factors: level, slope, and curvature, that
represent yield structures over time (Litterman & Scheinkman, 1991; Diebold et al., 2006;
Diebold & Li, 2006). We then employ the TVP-VAR model to assess the dynamic
connectedness between green and conventional bonds, capturing how financial shocks spread
across markets (Diebold & Yilmaz, 2023).

A key feature of our study is the use of “paired bonds”, i.e. green and conventional securities
issued by the same entity. This approach allows for a cleaner comparison between green and
conventional bond performance by fixing issuer-specific credit risk and issuer-specific market
liquidity as a constant. It also reduces potential confounding factors and enables the
construction of parallel yield curves, a methodology that is not yet widely applied in the green
bond literature. By analysing static and dynamic connectedness, we check whether green bonds
amplify or absorb financial shocks compared to their conventional pairs and examine their role
in the broader context of financial stability.

Our dataset consists of bond prices from the European market. We choose green and
conventional securities issued by the European Investment Bank (EIB), a supranational
institution issuing so called “Climate Awareness Bonds” (Griffith-Jones & Carreras, 2024).
Further, we include green-conventional bond pairs issued by German government and by
German banks. In sum, our data set involves six different bonds: (i) conventional and (ii) green
issued by the EIB, (iii) German government and (iv) green government securities, and German
banks’ bonds, which are (v) conventional or (vi) green. The data cover the period from May
2021 to December 2024, which coincides with the launch of the Deutsche Bundesbank green
bond (Green Federal Securities) and captures the period of heightened geopolitical tension
related to the Russia-Ukraine war. To extend our study to another stress event, we additionally
focus on the period covering Covid-19 pandemic.

The remainder of the paper is as follows. Section 2 presents the literature review; Section 3
describes the research methodology and Section 4 defines the data and estimation of the DNS
model. Section 5 presents the empirical results and Section 6 completes with key observations
and conclusions.



2. Literature review

Growing awareness of climate change intensifies efforts to implement sustainable financial
mechanisms (Campiglio et al., 2018; D’Orazio & Popoyan, 2019; Lamperti et al., 2021).
However, all these proactive actions related to both mitigation and adaptation to climate change
are very expensive Tolliver et al., 2020 ; Vela Almeida et al., 2023). One important tool in this
transformation are green bonds, designed to finance sustainable initiatives. These securities
serve a dual purpose: they channel investments into projects focused on climate change
mitigation while offering investors relatively stable returns (Fatica & Panzica, 2021). The
International Capital Markets Association (ICMA) defines them as debt instruments used
exclusively to finance or refinance green initiatives (ICMA, 2018). The concept of green bonds
emerged in the early 2000s as part of the broader initiative to support sustainable development.
The European Investment Bank (EIB) issued the first green bond in 2007 (EIB, 2022), followed
by the World Bank in 2008 (World Bank, 2019). Initially considered as a niche product, green
bonds have seen significant growth, particularly since the adoption of the Paris Agreement in
2015 (Kanamura, 2020). However, despite their environmental focus, a widely accepted
definition of what qualifies as “green” remains unclear (Hu et al., 2023). In response, voluntary
frameworks such as the Green Bond Principles (GBP) established by ICMA in 2014, provide
guidance to issuers, emphasizing transparency in project selection, use of proceeds, and impact
reporting (ICMA, 2018). In addition to environmental concerns, green bonds also influence
financial markets by affecting the cost of capital and debt structure. Investors, recognizing the
long-term value of sustainable assets are often willing to accept slightly lower returns in
exchange for greening their asset portfolio and improving their market image (Wu, 2022;
Zerbib, 2019). This green-conventional difference phenomenon, known as the ‘“green
premium” or “greenium”, reflects increasing market demand for sustainable financial
instruments (Alessi et al., 2023).

The term structure of interest rates has been extensively studied, leading to two main
approaches to its modelling: static and time-varying forecasts (Choi & Kang, 2023). Much of
the literature assumes that the yield curve can be described by latent factors, as shown in the
work of Litterman & Scheinkman, (1991), Duffie & Kan (1996), Dai & Singleton (2000),
Diebold & Li (2006), Diebold et al., (2008), Lange, (2013), and Badics et al., (2023). The
growing financial integration of global markets and the repeated occurrence of financial crises
have shifted the focus from narrow, single-country models toward broader, international
analyses of time-connectedness in financial markets.

As markets become more integrated, the relationships between cross-border yield curves and
cross-asset classes receive significant research attention, particularly in assessing how financial
shocks spread and affect different markets. The time-varying connectedness among yield curve
from different countries is shown by Antonakakis & Vergos, (2013), and Sowmya et al., (2016),
who investigate the linkages among various government bond markets and their responses to
changes in global financial conditions. Similarly, Umar et al., (2022, 2023) and Huang et al.,
(2023) analyse how term structure connectedness evolves, especially during times of crisis.



Jotikasthira et al., (2015) investigate the drivers of co-movement of term structures across
currencies, while Badics et al., (2023) examine the impact of central bank decisions (such as
the Federal Reserve and the European Central Bank) on the sovereign yield curves network
during both stable and crisis periods. The global financial landscape is also influenced by
various external factors, such as international monetary policy and geopolitical concerns.
Cavaca & Meurer, (2021) analyse the spillover effects of US monetary policy on South
American yield curves, illustrating the international dimensions of monetary decisions.

At the same time, emerging concerns such as climate change introduce the need for a new
approach to understanding how these risks affect the connectedness of different asset classes.
Patel et al. (2023) study the spillover effects between green and brown cryptocurrencies during
the war in Ukraine. Lee et al. (2023), analyse the relationship between cryptocurrencies, green
bonds, and sustainable equity, while Goodell et al., (2022) examine the time-frequency
connectedness of green equity indices and cryptocurrencies such as Bitcoin. Other studies,
including those by Reboredo (2018), Naeem et al., (2021, 2024), and Tiwari et al., (2022),
investigate the spillover effects between green bonds and commodities with particular attention
to their asymmetric nature and their potential for portfolio diversification.

3. Methodology

This study uses a two-stage empirical approach to assess the connectedness between green and
conventional bonds through yield curve components. First, we construct latent factors that
represent the yield curve structure and then integrate them into a dynamic connectedness
framework, capturing both term structure dynamics and spillover effects between the two bond
segments.

In the first stage, we apply the Dynamic Nelson-Siegel (DNS) model proposed by Diebold &
L1, (2006), which extends the classic framework of Nelson & Siegel (1987). This model enables
us to estimate three unobservable but economically significant factors - level, slope, and
curvature - that describe the shape of the yield curve. Following Litterman & Scheinkman
(1991), each of these latent factors is associated with a different investment horizon: the slope
represents short-term expectations, the curvature captures medium-term dynamics, and the
level reflects long-term yield expectations, often linked to inflation or macroeconomic
fundamentals. We apply the DNS model on a daily basis to all six bond types in our dataset,
generating six time series for each of three latent factors, and forming the basis for the
connectedness analysis. As the green bonds issued by the Deutsche Bundesbank (DBB-G)
entered the market in May 2021, our analysis period begins at that point and lasts until
December 2024.

To focus on short-term dynamics and eliminate low-frequency trends from the estimated
factors, we apply first differencing to the latent factor series. This transformation ensures that
the input variables in the next modelling step are stationary and primarily reflect responses to
short-term market fluctuations, particularly relevant during periods of financial stress or policy
uncertainty.



In the second step, we estimate a Time-Varying Parameter Vector Autoregression (TVP-VAR)
model, as developed by Primiceri (2005), and apply to spillover analysis introduced by Diebold
& Yilmaz (2012, 2014, 2023). This approach allows us to capture the evolving nature of
relationships between green and conventional latent components of the yield curve. Using the
TVP-VAR, we derive generalized forecast error variance decompositions (GFEVDs), which
provide the basis for calculating directional and total connectedness measures. We estimate
TVP-VAR model with a lag length of one, a ten-day forecast horizon, and a rolling window of
100 observations. These specifications let us balance responsiveness to changing market
conditions with the stability required for reliable estimation. The connectedness measures
obtained from the model allow us to assess whether the latent factors absorb or transmit shocks
under different market regimes and thus verify whether green bonds act as risk amplifiers or
safe-haven assets, especially during turbulence periods such as the Russia-Ukraine war. Full
model specifications, estimation procedures, and mathematical details, including the DNS
formulation, Kalman filter estimation, and GFEVD derivation, are provided in the Appendix
A.

4. Data

We collect daily data from three paired-bond issuers: the European Investment Bank (EIB,
EIB-G), the German government (DBB, DBB-G), and commercial banks in Germany (GCB,
GCB-G). For EIB issues, we use the prices of EIB benchmark bonds, while for green bonds we
take the prices of the most liquid green papers. For German sovereign bonds, we use zero-
coupon prices, whereas for green pairs, we utilise prices of so-called Green Federal Securities.
In the commercial bond market, we select the most liquid AAA-rated bonds issued in the euro
area. To construct the green commercial yield, we use prices of green bonds issued by
Kreditanstalt fiir Wiederaufbau (KfW), Forderbank fiir Nordrhein-Westfalen (NRW Bank), and
Landwirtschaftliche Rentenbank (LR Bank).

To obtain the level, slope, and curvature parameters for each yield curve, we rely on daily data
taken from LSEG (London Stock Exchange Group, former Refinitiv Eikon). However, for the
commercial bond market, we use yield curve parameters provided by the European Central
Bank (ECB). The data cover the period from May 2021 to December 2024, which coincides
with the launch of the Deutsche Bundesbank green bond (DBB-G) and captures the period of
heightened geopolitical tension related to the Russia-Ukraine war. A detailed description of the
bonds can be found in Appendix B.

Table 1. Overview of the overall sample: six bond series, conventional and green, as obtained from LSEG, ECB

Type Abbreviation Dataset Period Source
EIB conventional bonds EIB prices 11.05.2021 —31.12.2024 LSEG
EIB green bonds EIB-G prices 11.05.2021 —31.12.2024 LSEG
German sovereign conventional bonds DBB Zero-coupon prices 11.05.2021 —31.12.2024 LSEG
German sovereign green bonds DBB-G Zero-coupon prices 11.05.2021 — 31.12.2024 LSEG
German banks conventional bonds GCB yield parameters 11.05.2021 - 31.12.2024 ECB
German banks green bonds GCB-G prices 11.05.2021 — 31.12.2024 LSEG




In the first stage we use the DNS model to extract three latent yield curve factors (level, slope,
and curvature) for each of the six bond types: EIB, EIB-G, DBB, DBB-G, GCB, and GCB-G.
The analysis covers the period during which all six time series were available, allowing for a
consistent comparison across all pairs of green and conventional bonds in the next stage. Table
2 presents descriptive statistics for each extracted latent factors, including the mean, standard
deviation, minimum and maximum values, as well as Anderson-Darling (A-D) test statistic and
corresponding p-value to assess normality.

Across all bond categories, the level factor shows relatively stable mean values, while the slope
and curvature factors display greater variability. Green assets (EIB-G, DBB-G, and GCB-G)
tend to show more extreme values, especially in the curvature component, suggesting stronger
deviations from conventional yield curve dynamics. The A-D test rejects the null hypothesis of
normality for all factors, indicating that the extracted series are not normally distributed. This
has two implications: first, it highlights the need for further transformation before modelling
the time series. Second, it confirms that financial shocks in these markets are not normally
distributed, reinforcing the relevance of dynamic, nonlinear approach for connectedness
analysis (Diebold & Yilmaz, 2023).

Before proceeding to the connectedness analysis, we evaluate the suitability of the latent factor
series for TVP-VAR modelling. Unit root tests show that the extracted latent factors are non-
stationary. To focus on short-term dynamics and meet the stationarity requirement of the TVP-
VAR model, we apply first differencing. The differenced series are confirmed to be stationary,
and their descriptive statistics are presented in Appendix C.

Table 2. Descriptive statistics for latent factors

Factor Mean Std. dev. Minimum Maximum A-D t-stat p-value
EIB

Level 1,878 1,102 0,000 3,937 67,69 0,000%**

Slope 2,720 3,648 -2,540 12,676 53,51 0,000%**

Curvature -7,398 5,516 -21,771 2,359 45,12 0,000%**
EIB-G

Level 1,859 1,174 0,000 3,960 69,17 0,000%**

Slope 1,199 2,371 -2,859 8,627 52,53 0,000%**

Curvature -5,834 4,249 -18,006 1,414 85,03 0,000%**
DBB

Level 1,286 1,044 -0,464 3,250 59,65 0,000%**

Slope -0,269 1,102 -2,581 2,240 30,33 0,000%**

Curvature -2,743 1,558 -5,540 2,239 28,81 0,000%**
DBB-G

Level 1,841 0,936 0,000 3,243 58,29 0,000%**

Slope 2,219 2,509 -2,095 9,484 29,05 0,000%**

Curvature -4,434 3,820 -15,917 2,891 62,52 0,000%**
GCB

Level 1,215 1,051 -0,447 3,163 60,67 0,000%**

Slope -0,472 1,088 -2,832 2,048 29,08 0,000%**

Curvature -1,962 1,449 -4,386 2,566 37,47 0,000%**
GCB-G

Level 1,820 1,050 0,000 3,659 78,46 0,000%**

Slope 4,148 7,240 -2,803 45,576 172,77 0,000%**




Curvature -8,388 10,424 -60,358 1,928 139,90 0,000%**

Notes: The table presents summary statistics of the latent factors extracted from the Dynamic Nelson-Siegel (DNS) and the
Anderson-Darling (A-D) test for normality. Rejection of the null hypothesis at the 10%, 5%, and 1% significance levels is
indicated by *, **, and ***, respectively.

5. Empirical results and discussion

5.1 Static full-sample connectedness analysis

We present results of the TVP-VAR model, following the methodology of Antonakakis and
Vergos (2013), Claeys & Vasicek (2014), Fernandez-Rodriguez et al. (2015, 2016), and (Badics
et al., 2023)to investigate the level of connectedness between conventional and green bond
markets. The analysis is carried out in two stages, starting with a static assessment at the factor
level. Table 3 presents the full-sample connectedness measures for the level, slope, and
curvature factors of six bond categories: EIB, DBB, GCB, along with their paired green
counterparts: EIB-G, DBB-G, and GCB-G. The results illustrate the extent to which shocks in
one bond category spread to others, showing the systemic interconnectedness between
conventional and green bond markets. The “TO” values (in column) indicate the degree to
which each bond category transmits shocks to others, while the “FROM” values (in rows)
reflect how much each category is affected by external shocks. In addition, the “NET” ratio, as
the difference between the total TO and FROM, helps to identify dominant transmitters and
receivers of volatility within the system.

Table 3. Full-sample connectedness measure for each latent factor of the yield curve

Factor Bond EIB DBB GCB EIB-G DBB-G GCB-G FROM
EIB 24.26 5.84 14.36 21.92 18.39 15.24 75.74
DBB 16.09 22.48 16.62 15.83 17.96 11.02 77.52
GCB 16.00 11.07 25.75 15.93 19.16 12.09 74.25
Level EIB-G 21.88 6.02 14.17 24.28 17.68 15.97 75.72
DBB-G 18.68 8.46 17.92 18.01 24.66 12.27 75.34
GCB-G 18.32 421 12.75 19.27 14.21 31.25 68.75
TO 90.97 35.59 75.81 90.96 87.39 66.59 447.32

NET 15.22 -41.92 1.57 15.24 12.05 -2.16
EIB 57.69 4.63 9.08 12.84 8.2 7.56 4231
DBB 9.68 45.18 24.66 9.24 5.38 5.86 54.82
GCB 9.81 17.45 53.11 8.31 5.74 5.59 46.89
Slope EIB-G 14.42 2.66 7.57 59.9 7.43 8.02 40.1
DBB-G 10.00 2.82 6.64 8.39 64.23 7.92 35.77
GCB-G 9.11 2.05 5.86 8.91 7.44 66.64 33.36
TO 53.01 29.62 53.80 47.69 34.19 34.94 253.26

NET 10.7 -25.2 6.91 7.6 -1.58 1.58
EIB 49.36 5.17 9.50 17.15 12.71 6.11 50.64
DBB 12.26 34.68 20.62 13.14 13.79 5.50 65.32
GCB 10.42 15.43 45.82 10.7 11.09 6.54 54.18
EIB-G 17.99 4.92 9.62 48.79 12.19 6.49 51.21

Curvature

DBB-G 13.91 7.20 10.80 12.98 48.50 6.61 51.50
GCB-G 7.94 3.83 7.92 9.00 7.63 63.69 36.31
TO 62.52 36.55 58.46 62.98 57.42 31.25 309.17

NET 11.87 -28.77 428 11.76 5.92 -5.06




Note: The values in each row indicate the extent to which a given bond derives its changes from others, while the diagonal
values represent its own influence (expressed as a percentage). The last column, FROM, is the sum of the row’s values
excluding its own influence (the factor’s effect taken from other bonds). The values in each column reflect the extent to which
a given bond influences others. The TO value is the sum of the column’s values excluding its own influence. The NET ratio is
the difference between the total TO and FROM effects.

In level factor analysis we observe a clear pattern: green bonds, particularly those in the
commercial and supranational segments, tend to act as net transmitters of shocks, affecting
volatility in other bond categories. In contrast, conventional sovereign bonds behave as net
receivers, absorbing external movements rather than driving them. This asymmetry emphasizes
the distinguished roles these instrument play within bond ecosystem, with conventional debt
retaining its role as a stabilizing asset, while green bonds appear more sensitive to market stress.
The high connectedness observed across bond categories suggest a highly integrated market,
but the dynamics challenge the assumption that green bonds replicate the safe-haven
characteristics of traditional fixed income securities. The slope factor shows a similar
divergence. Green bonds, particularly those in the supranational and corporate segments, again
emerge as net transmitters, shaping the steepness of yield curves beyond their own category. In
contrast, both green and conventional sovereign bonds appear mainly as net receivers,
suggesting that the slope dynamics are more influenced by external forces than by internal
events. While overall slope connectedness is less obvious than for the level factor, the
directional flows again show up the reactive nature of conventional sovereign bonds versus the
more active role of green instruments in transmitting shocks. The curvature factor continues
this pattern of asymmetry. Green bonds act as key transmitters of short-term yield curve
dynamics, while conventional sovereign bonds persist in their role as net receivers. The
relatively high degree of connectedness observed here highlights the importance of yield curve
shape adjustments in understanding the short-term interaction between conventional and green
bond markets.

Our results confirm that although green bonds are increasingly integrated into financial markets,
their responses remain closely tied to dynamics driven by traditional fixed income instruments.
The higher degree of connectedness in the level factor suggests that long-term yield
expectations are particularly sensitive to systemic shocks appearing in conventional segments.

To gain a deeper insight into the dynamics of connectedness among yield curve latent factors,
we extend the analysis to a visual network representation. Figure 1 presents the estimated
pairwise connectedness networks for the level (a), slope (b), and curvature (c) components
derived from the DNS model for all six bonds. This approach allows us to visualise not only
the direction but also the intensity of volatility transmission between green and conventional
bonds, identifying which assets act as key transmitters or receivers of shocks across different
dimensions of the yield curve.
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Fig. 1. Estimated network connectedness for yield curve latent factors: (a) level, (b) slope, (¢) curvature.

Note. The figure presents pairwise net directional connectedness among six bond categories and enables to identify key actors
of volatility transmission at different points of the yield curve. Arrows indicate the direction of spillovers, pointing from the
transmitter (tail) to the receiver (head). The thickness of each arrow reflects the magnitude of connectedness, with thicker lines
denoting stronger shock transmission. Node size corresponds to the total degree of connectedness for each bond, with larger
circles indicating stronger overall interaction (both transmitting and receiving shocks). Colour distinguishes bond types: green
for green bonds (EIB-G, DBB-G, GCB-G) and brown for their conventional counterparts (EIB, DBB, GCB).

5.2 Dynamic net directional connectedness

To further explore the interdependence between conventional and green bond markets, we
conduct a directional connectedness analysis using the estimated latent components of the yield
curve: level, slope, and curvature. Figures 2-4 illustrate how shocks spread over time, capturing
the dynamic relationships across bond categories. Each figure presents the net directional
connectedness values for all six bond types, based on three latent factors derived from the TVP-
VAR model: level (Figure 2), slope (Figure 3), and curvature (Figure 4). This approach allows
us to identify which bonds act as net transmitter or net receiver of market volatility.

10
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Fig. 2. Net directional connectedness based on the yield curve level factor for each bond category.

Note. Net connectedness is calculated as the difference between shocks transmitted to other bonds (“TO”) and shocks received
from them (“FROM?”). Positive values indicate that the bond acts as a net transmitter of shocks, influencing other markets more
than it is influenced. Negative values denote net receivers, meaning these bonds absorb more shocks than they emit. The vertical
axis represents the net connectedness score, while colour is used to distinguish bond types, with brown representing
conventional bonds (EIB, EIB-G, DBB), and green indicating their green counterparts (DBB-G, GCB, and GCB-G).

The level component of the yield curve (Figure 2) reflects long-term interest rate expectations
and changes in bond yields at maturity. The net positive connectedness observed for EIB,
EIB-G, GCB, and DBB-G indicates that these bonds act as shock transmitters, influencing
broader long-term yield expectations. Interestingly, GCB-G loses its safe-haven characteristics
at the beginning of the Russia-Ukraine crisis, joining other green bonds. In contrast, German
government bonds (DBB) act primarily as shock absorbers. Their negative net connectedness
confirms their safe-haven status during periods of increased uncertainty, strengthening the
perception of sovereign conventional debt as a stabilizing force amid market turbulence.

This divergence raises important questions about the resilience of green bonds under stress and
the extent to which they replicate or deviate from the stabilizing characteristics of traditional
fixed-income securities. We find that the rising connectedness of green bonds level factor
suggests their growing role in shaping market sentiment, especially as green finance becomes
more integrated in mainstream investment. Our results indicate that, although green bonds are
becoming a central component of the sustainable finance landscape, their behaviour in times of
crisis (for level factor) may challenge existing assumptions about their risk profile and systemic
role.

11



401 40
20 20
04 04 "
-201 20
-401 I I I ! -40 ; . ; ;
2022 2023 2024 2025 2022 2023 2024 2025
EIB EIB-G
O_
-104 504
204 25 -
-30 ol saaanadll
-40 4
i i i ! 25 T : T T
2022 2023 2024 2025 2022 2023 2024 2025
DBB DBB-G
40
20
20 o
07 20
-20 404
-401 ! ! ! ! -60 ; : ; ;
2022 2023 2024 2025 2022 2023 2024 2025
GCB GCB-G

Fig. 3. Net directional connectedness based on the yield curve slope factor for each bond category.

Note. Net connectedness is calculated as the difference between shocks transmitted to other bonds (“TO”) and shocks received
from them (“FROM?”). Positive values indicate that the bond acts as a net transmitter of shocks, influencing other markets more
than it is influenced. Negative values denote net receivers, meaning these bonds absorb more shocks than they emit. The vertical
axis represents the net connectedness score, while colour is used to distinguish bond types, with brown representing
conventional bonds (EIB, EIB-G, DBB), and green indicating their green counterparts (DBB-G, GCB, and GCB-G).

The slope component, representing changes in the term spread between short- and long-term
yields and often linked to monetary policy shifts (Figure 3), shows a different pattern of shock
transmission. As expected, EIB, GCB and EIB-G remain key transmitters, reflecting their
systemic importance across the bond markets.

However, the war in Ukraine introduced a more fragmented dynamic. While EIB-G remained
a strong transmitter, German sovereign bonds (DBB) keep the net receiver’s role, absorbing
shocks during periods of market stress, consistent with their traditional safe-haven status. Green
corporate bonds (GCB-G) exhibit mixed behaviour, oscillating between transmitting and
receiving slope shocks, suggesting that they are more sensitive to changes in monetary policy
than their conventional counterparts.

Our findings show that the slope factor highlights the divergence: while green bonds issued by
supranational institution behave similarly to their conventional pair, for sovereign and corporate
papers the green label causes greater vulnerability to yield curve-driven shocks.
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Fig. 4. Net directional connectedness based on the yield curve curvature factor for each bond category.

Note. Net connectedness is calculated as the difference between shocks transmitted to other bonds (“TO”) and shocks received
from them (“FROM?”). Positive values indicate that the bond acts as a net transmitter of shocks, influencing other markets more
than it is influenced. Negative values denote net receivers, meaning these bonds absorb more shocks than they emit. The vertical
axis represents the net connectedness score, while colour is used to distinguish bond types, with brown representing
conventional bonds (EIB, EIB-G, DBB), and green indicating their green counterparts (DBB-G, GCB, and GCB-G).

The curvature component, which captures non-parallel movements in the yield curve, shows
changeable transmission effects (Figure 4). We observe that EIB, GCB and EIB-G continue to
dominate the shock transmission process with increasing role of DBB-G, emphasizing their
influence on medium-term yield adjustments. The DBB remains a shock absorber, with its
negative net connectedness suggesting a tendency to respond to external shocks rather than
drive them. In contrast, the German green sovereign bond market (DBB-G) operates in a more
isolated way concerning yield curve curvature shifts. However, with the beginning of the war
in Ukraine, we note a shift from a net receiver to a net transmitter of short-term shocks.
Commercial green bonds (GCB-G) show weaking negative connectedness, indicating that their
pricing is more directly linked to structural yield changes.

Our connectedness analysis across all three factors reveals the complex dynamics between
paired bonds across different market segments. While conventional bonds (particularly
sovereigns) largely continue to serve as stabilisers (absorbing volatility and anchoring
expectations), green bonds increasingly act as amplifiers of systemic pressure, especially during
periods of financial uncertainty. This pattern challenges the perception of green bonds as merely
passive, environmentally labelled counterparts to traditional fixed-income assets. Instead, we
find that green instruments, particularly those in the supranational and corporate sectors,
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contribute to the propagation of shocks and may, under stress, destabilise yield curve dynamics
across markets.

5.3 Connectedness during the war in Ukraine

To better understand how geopolitical shocks shape the dynamics and linkages of paired yield
curves, we limit our study to the eight-month window following the outbreak of the war in
Ukraine (February 24, 2022 - October 24, 2022). Focusing on the post-invasion period allows
us to isolate the immediate market reaction and assess how bond market connectedness adjust
to extreme geopolitical uncertainty.

Our results for all three latent factors show a consistent structure, with EIB, EIB-G, GCB, GCB-
G, and DBB-G acting as shock transmitters (Table 4). This holds true across level, slope, and
curvature components. Green bonds, in particular, show strong transmission activity for the
level and curvature factor, suggesting that, instead of serving as safe havens, they have become
more exposed to systemic and geopolitical risks. In contrast, DBB maintains its role as a shock
absorber, reinforcing its safe asset status during periods of heigh uncertainty, such as the war
in Ukraine.

Table 4. Subperiod connectedness measure for each latent factor of the yield curve (February - October 2022)

Factor Bond EIB DBB GCB EIB-G DBB-G GCB-G FROM
EIB 22.99 4.82 13.04 22.19 16.81 20.15 77.01
DBB 15.11 21.58 15.08 15.39 18.20 14.64 78.42
GCB 15.35 9.21 25.14 15.85 18.44 16.00 74.86
Level EIB-G 22.01 5.29 13.36 22.81 15.71 20.81 77.19
DBB-G 17.88 7.58 16.77 17.10 25.25 15.42 74.75
GCB-G 20.88 4.47 13.72 21.94 14.58 24.40 75.6
TO 91.22 31.37 71.99 92.47 83.76 87.01 457.82
NET 14.21 -47.05 -2.87 15.28 9.01 11.42
EIB 36.95 8.66 10.25 27.12 7.23 9.78 63.05
DBB 14.31 33.82 18.68 14.98 5.40 12.81 66.18
GCB 11.67 13.12 38.14 14.02 7.32 15.72 61.86
Slope EIB-G 26.76 9.12 12.20 35.73 6.27 9.91 64.27
DBB-G 10.73 6.78 8.00 9.00 57.12 8.36 42.88
GCB-G 11.08 10.6 13.81 10.88 8.60 45.03 54.97
TO 74.55 48.28 62.94 76.01 34.83 56.59 353.21
NET 11.50 -17.89 -1.08 11.74 -8.06 1.62
EIB 26.94 8.32 11.73 24.13 14.15 14.72 73.06
DBB 16.79 22.11 16.42 17.05 12.54 15.10 77.89
GCB 14.28 11.80 30.30 15.51 12.15 15.96 69.7
Curvature EIB-G 24.07 7.55 12.74 26.41 13.51 15.73 73.59
DBB-G 16.47 11.38 13.09 15.64 31.86 11.56 68.14
GCB-G 15.29 9.77 15.21 15.95 12.06 31.72 68.28
TO 86.90 48.83 69.20 88.27 64.40 73.07 430.67
NET 13.84 -29.06 -0.51 14.67 -3.74 4.79

Note: The values in each row indicate the extent to which a given bond derives its changes from others, while the diagonal
values represent its own influence (expressed as a percentage). The last column, FROM, is the sum of the row’s values
excluding its own influence (the factor’s effect taken from other bonds). The values in each column reflect the extent to which
a given bond influences others. The TO value is the sum of the column’s values excluding its own influence. The NET ratio is
the difference between the total TO and FROM effects.
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Fig. 5. Estimated network connectedness during the war in Ukraine for yield curve latent factors:
(a) level, (b) slope, (c) curvature.

Note. The figure presents pairwise net directional connectedness among six bond categories and enables to identify key actors
of volatility transmission at different points of the yield curve. Arrows indicate the direction of spillovers, pointing from the
transmitter (tail) to the receiver (head). The thickness of each arrow reflects the magnitude of connectedness, with thicker lines
denoting stronger shock transmission. Node size corresponds to the total degree of connectedness for each bond, with larger
circles indicating stronger overall interaction (both transmitting and receiving shocks). Colour distinguishes bond types: green
for green bonds (EIB-G, DBB-G, GCB-G) and brown for their conventional counterparts (EIB, DBB, GCB).

Interestingly, our results show that DBB consistently acts as a net recipient of shocks across all
three dimensions of the yield curve, suggesting a marginal impact on broader market dynamics
(Figure 5), and reflecting its continuing role as a safe-haven asset. In this context, DBB’s net
recipient status underscores its function as a destination for capital flight, anchoring investor
expectations during periods of systemic disruptions. In contrast, its green counterpart, DBB-G,
shows a slightly more active profile, suggesting that while conventional German bonds retain
their stabilising role, the green pair is more sensitive to systemic shocks.

These results reinforce our view that conventional bond issuers remain structurally dominant,
especially during market stress. Green bonds, although increasingly integrated into financial
markets, tend to play a more reactive and subordinate roles. Importantly, the war in Ukraine
seems to increase the systemic importance of some green instruments, especially of sovereign
or supranational issuers, questioning their credibility, resilience in times of geopolitical stress.

5.4 Robustness check

To test the robustness and reliability of our findings from the Ukraine war period, we extend
the analysis to second major systemic shock: the Covid-19 pandemic. This additional trial helps
us determine whether the shock transmission patterns and safe-haven behaviour identified
earlier are consistent across different types of crises. In particular, we check whether the same
behavioural dynamics between conventional and green bonds persists during the Covid-19
pandemic. We apply TVP-VAR model to data from March 1 to November 1, 2020, capturing
the peak of the initial Covid-19 pandemic lockdown phase. This period is characterized by
exceptional market turmoil, shaped not only by the global health crisis but also by extensive
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fiscal and monetary interventions that redefined perception of financial risk. The analysis
covers only five bonds because green German sovereign bonds were introduced in May 2021.

The results are largely consistent with our main conclusions. Similar to the geopolitical shock,
all bonds (except DBB) act as net transmitters of shocks across the level, slope and curvature
factor of the yield curve (Table 5). DBB consistently remains a net receiver, confirming its safe-
haven status. Although its transmission values are relatively low, DBB’s ability to absorb
external volatility underlines its ongoing structural role as a preferred destination for risk-averse
capital during crisis periods.

Table 5. Subperiod connectedness measure for each latent factor of the yield curve (March — November 2020)

Factor Bond EIB DBB GCB EIB-G GCB-G FROM
EIB 34.12 8.41 18.64 29.03 9.80 65.88
DBB 19.13 32.15 21.23 19.58 791 67.85
Level GCB 20.22 13.70 34.19 21.80 10.09 65.81
EIB-G 28.40 8.42 19.89 33.71 9.58 66.29
GCB-G 12.62 5.14 13.45 12.63 56.17 43.83
TO 80.36 35.67 73.21 83.04 37.38 309.67
NET 14.48 -32.18 7.40 16.75 -6.45
EIB 83.7 1.46 2.24 10.23 2.38 16.3
DBB 291 57.73 32.84 4.92 1.61 42.27
GCB 2.17 22.83 68.15 5.14 1.7 31.85
Slope EIB-G 9.53 3.35 6.01 74.75 6.36 25.25
GCB-G 2.29 0.67 1.44 4.75 90.86 9.14
TO 16.90 28.31 42.51 25.04 12.05 124.81
NET 0.59 -13.96 10.67 -0.21 291
EIB 67.03 6.12 7.61 16.22 3.02 32.97
DBB 9.69 50.2 26.15 12.03 1.94 49.8
GCB 8.52 13.52 64.35 11.37 2.24 35.65
Curvature EIB-G 15.06 7.3 10.94 61.89 4.81 38.11
GCB-G 3.27 2.03 2.74 4.45 87.52 12.48
TO 36.54 28.97 47.44 44.06 12.01 169.02
NET 3.57 -20.84 11.79 5.96 -0.47

(a) Level (b) Slope (¢) Curvature

Fig. 6. Estimated network connectedness during Covid-19 for yield curve latent factors: (a) level,
(b) slope, (c) curvature.

Note. The figure presents pairwise net directional connectedness among six bond categories and enables to identify key actors
of volatility transmission at different points of the yield curve. Arrows indicate the direction of spillovers, pointing from the
transmitter (tail) to the receiver (head). The thickness of each arrow reflects the magnitude of connectedness, with thicker lines
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denoting stronger shock transmission. Node size corresponds to the total degree of connectedness for each bond, with larger
circles indicating stronger overall interaction (both transmitting and receiving shocks). Colour distinguishes bond types: green
for green bonds (EIB-G, DBB-G, GCB-G) and brown for their conventional counterparts (EIB, DBB, GCB).

Green bonds, while showing increased activity during the Covid-19 crisis, remain net
transmitters of shocks (Figure 7). Their increased sensitivity to systemic disruptions suggests
that they contribute to, rather than reduce, market volatility. This behaviour confirms what we
observe during the Ukraine war: while green bonds become increasingly important within
financial markets, they do not play a stabilizing role in times of market disruptions.

6. Concluding remarks

Our analysis highlights the growing role of green bonds as active and influential participants in
financial markets, particularly in periods of financial and geopolitical stress. Contrary to their
reputation as stable, low-risk instruments aligned with long-term sustainability goals, we find
that green bonds often act as transmitters of financial shocks. Their behaviour differs
significantly from that of their conventional pairs. German sovereign bonds (DBB), for
instance, continue to play a stabilising, safe-haven role. In contrast, their green counterparts
(DBB-G) and green corporate bonds (GCB-G) show increasing sensitivity to systemic events,
especially during the Russia-Ukraine war, a period marked by energy market instability, policy
uncertainty, and shifting sustainable finance priorities.

These findings challenge the widespread assumption that green bonds inherently support
financial stability. Instead, our evidence suggests that green bonds may amplify volatility,
particularly in times of systemic stress. As green finance becomes more integrated into financial
markets, we believe that regulators and central banks need to critically assess risk frameworks
and resist treating green bonds as inherently resilient. Classifying geopolitical crisis such as the
war in Ukraine as “Green Swan” event (Bolton et al., 2020; Pereira da Silva, 2020) illustrates
the need for a more cautious and reflective approach to the systemic integration of green
instruments. Looking ahead, we see a clear need for future research to evaluate whether the
currently dominating institutional design of green finance is able to support financial stability
or whether, under present conditions, it risks functioning as a transmission and amplification
channel for global financial shocks.
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Appendices

Appendix A

A1. Dynamic Nelson-Siegel model (DNS) and latent factors

The Nelson-Siegel (NS) model provides a three-factor decomposition of the curve that allows
a smooth yield curve to be fitted to zero-coupon interest rates (Nelson & Siegel, 1987). The
static formulation of the NS model represents the yield curve as a linear combination of three
parameters and exponential factors that enable to create different yield curve shapes over time.
We use an extended version of NS model (Dynamic Nelson-Siegel, DNS) that allows for
dynamic change of the latent factors in time (Diebold et al. 2006, 2008).

Ye@) = Boe + Bui (o) + Boe (FEZ — o). ()

where y,(7) is the set of zero-coupon yields in each period ¢, T denotes the maturity, and
Bot» Pt B are time-varying parameters that explain the shape of the yield curve in a form

of the level, slope, and curvature respectively (Litterman & Scheinkman, 1991).

The B, ; factor represents the overall level of the yield curve associated with its long end (as the
limit of the function y(7) at infinity) and its economic interpretation is linked to long-term
1— et
At
decaying from one to zero as maturities increase) is associated with changes in short-term

inflation expectations. The slope parameter f;, with its loading factor (gradually

interest rates and reflects monetary policy responses. The curvature parameter 3, ; together with

1— et _ . .. .
( ; —e ’”) factor that rises from zero at short maturities, peaks at the middle, and

declines to zero, reflects the impact of market shocks.

The parameters fg: f1: B2 are calculated for each day, and following Diebold and Li
(2006), we set the A parameter at 0.73116 (it is 12-0.06093), such that the curvature factor
attains its maximum at 7 = 30 months.

A2. Time-Varying Parameter Vector Autoregression (TVP-VAR) model

The Time-Varying Parameter Vector Autoregression (TVP-VAR) model enables the
assessment of dynamic connectedness between various assets or markets over time (Diebold &
Yilmaz, 2023). Following Mao (Mao et al., 2023) and Badics (Badics et al., 2023),we imply
this model into paired bond market to simultaneously assess spillovers from individual variables
to the entire system and vice versa to capture total, dynamic, and bidirectional connectedness
across all variables and to distinguish between net transmitters (outgoing, TO) and net receivers
(incoming, FROM).
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Let y, be a stationary N-dimensional vector process generated by Time-Varying Parameter
Vector Autoregression (TPV-VAR) model:
Ve = Pye-1 t & (2)

where & ~ N(0,Z;) is a vector white noise process with (possibly) different covariance
matrices X;. It is also assumed that the process &; is serially uncorrelated, i.e. cov(e;, &) = 0
for t # s. As for the transformation matrix @, it is assumed that the coefficients of VAR(1)
process can change, and they follow the vector random walk process:

vec(P,) = vec(Pe—q) +1¢ 3)

where n; ~ N(0, R;) and the random variables 7, are serially uncorrelated. The model given
by the equations (1) and (2) is a classical state-space model with normally distributed errors
and the latent variables @, X;, R; can be estimated using Kalman filter algorithm.

According to the Wold representation theorem the model can be redefined as a vector moving
average VMA () model:

Yt = Z?io At i€r—i 4)

where A, is the identity N X N matrix and other matrices A, ; are defined by the recursion
Apiv) = Pe_jAr; (e Apy = O Py_q - Pr_j41). The VMA representation provides responses
of all variables to a shock in any variable in from the set.

We consider a forecast from the model for H periods ahead. The forecast error is given by:
§(H) = Yeon — Eeanlye Veer 1 = ZiZ0 AvennEesn-n- (5)
The covariance matrix for the forecast error is:
E[§(H)é(H)T] = X120 AerunZesn-nAtsn p- (6)

The H-step ahead forecast error decomposition (Pesaran & Shin, 1998; Diebold & Yilmaz,
2012, 2014, 2023; Mao et al., 2023;) is defined as:

H-1_,T T .
h=0 € At+HhZt+H-hAt1H nei

-1 H-1(,T 2

g _ OrmiiXh=o(€i At+Hne;))
Ht,ij(H) =3 e ’ (7)
Here oy y ;; 1s the standard deviation of the error term for the equation i (i.e. it is i-the element
on the diagonal of the matrix X;, ) and e; is the unit vector with 1 at the element i and 0

otherwise. The 95

shocks in y;. As in general the sum Y.}_, 6,

(H) is a measure of the variance in H-period ahead forecast of y; due to the

j(H ) # 1, thus one defines normalized version of

this measure as:
~ 69. (H)
g _ t,i
Ht’ij (H) - ZN ejg (H)' (8)

k=1"tik
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Using these coefficients one can calculate total directional connectedness from variable i TO
all other variables and FROM the whole system to variable i. These metrics are defined as
follows:

S, .= 9’=1,j¢i éfﬁ(H). )

ti—o-
for the transition of the variable i, TO all other variables and

SS. . = 9’=1,j¢i ggij(H) (10)

t, i
for the spillover on i FROM all other variables.

To assess the influence of one variable on the others (and influence of the other variables on
the selected one), the mean values for the whole research period of the given metrics were
calculated. The net total directional connectedness of variable i measures the net effect of this
variable and is defined as the difference between effect of this variable on the whole system
and effect of the system on this variable:

gnet _ «g
St,i - St,i—>-

— S?,lk—- (11)

gnet

b < 0 are net

Variables for which Stgl.'net > 0 are net transmitters and variables with S

receivers.

One can also measure biliteral dependences of any two variables y; and y; using net pairwise

directional spillover, defined as:

Seitt = 07,(H) = 87,(1). (12)

Ifs 5'”“ > 0 variable y; has a stronger effect on y; than otherwise.

The total connectedness index measures the network interconnectedness and is defined as the
average of all directional connectedness coefficients (from or to variables):

1 1
TCIt :N Iivzlsg =5 ivzlsg (13)

tio- N t, i

The low values of TCI, indicate that shocks in one variable usually do not influence other
variables but have impact mainly on the future values of this particular variable. High values of
this index denote that the whole system is susceptible to shocks in one of the variables.
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Appendix B

B1. Set of chosen conventional benchmark ESRN-bonds issued by EIB

Maturity in years on

EIB ISIN coupon (in %) Issue Date Maturity Date | 01.01.2018 | 31.12.2024
1 XS102303954 2,125 28.01.2014 15.01.2024 6,04
2 XS157599135 0,250 08.03.2017 14.10.2024 6,79 -
3 XS185011178 0,375 03.07.2018 16.07.2025 - 0,54
4 XS042729175 4,500 07.05.2009 15.10.2025 7,79 0,79
5 XS139405587 0,375 12.04.2016 14.04.2026 8,29 1,28
6 XS155533161 0,500 25.01.2017 15.01.2027 9,04 2,04
7 XS179148501 0,875 14.03.2018 14.01.2028 - 3,04
8 XS210249567 0,050 16.01.2020 16.01.2030 - 5,05
9 XS050515796 4,000 29.04.2010 15.04.2030 12,29 5,29
10 XS161297771 1,125 16.05.2017 13.04.2033 15,29 8,29
11 XS097563420 3,000 01.10.2013 14.10.2033 15,79 8,79
12 XS175304274 1,500 18.01.2018 16.10.2048 - 23,81

B2. Set of chosen conventional benchmark of zero-coupon bonds issued by the German

government (DBB)
DBB ISIN coupon (in %) | Maturity Term

1 DE6M 0,00 0,5
2 DE1Y 0,00 1

3 DESY 0,00 5

4 DE10Y 0,00 10
5 DE15Y 0,00 15
6 DE20Y 0,00 20
7 DE25Y 0,00 25
8 DE30Y 0,00 30

B3. Set of chosen green bonds issued by EIB

Maturity in years on

EIB-G ISIN coupon (in %) Issue Date Maturity Date | 01.01.2018 | 31.12.2024

1 XS128083499 0,375 27.08.2015 15.11.2023 5,87 -

2 XS187883369 0,375 13.09.2018 15.05.2026 - 1,37
3 XS110771827 1,250 10.09.2014 13.11.2026 8,87 1,87
4 XS241936465 0,000 09.12.2021 15.11.2027 - 2,87
5 XS258729820 2,750 15.02.2023 28.07.2028 - 3,58
6 XS243954304 0,050 03.02.2022 15.11.2029 - 4,88
7 XS253535296 2,250 21.09.2022 15.03.2030 - 5,21
8 XS231467599 0,010 19.03.2021 15.11.2030 - 5,88
9 XS248409339 1,500 24.05.2022 15.06.2032 - 7,46
10 XS182804657 1,125 29.05.2018 15.11.2032 - 7,88
11 XS219479026 0,010 29.06.2020 15.11.2035 - 10,88
12 XS150033861 0,500 05.10.2016 13.11.2037 19,88 12,88
13 XS198085731 1,000 09.04.2019 14.11.2042 - 17,88
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B4. Set of chosen green bonds issued by the German government (Green Federal Securities;
DBB-G)

Maturity in years on

DBB-G ISIN coupon (in %) Issue Date Maturity Date | 11.05.2021 | 31.12.2024
1 DE0001030716 0,000 10.07.2020 10.10.2025 4,42 0,78
2 DE0001030740 1,300 30.06.2022 15.10.2027 - 2,79
3 DE000BU35025 2,100 18.01.2024 12.04.2029 - 4,28
4 DE0001030708 0,000 19.06.2020 15.08.2030 9,27 5,62
5 DE0001030732 0,000 18.06.2021 15.08.2031 - 6,62
6 DE000BU3Z005 2,300 13.01.2023 15.02.2033 - 8,13
7 DE0001030724 0,000 15.08.2020 15.08.2050 29,28 25,64
8 DE0001030757 1,800 15.08.2022 15.08.2053 - 28,64

BS5. Set of chosen green bonds issued by the German AAA companies (DCB-G)

Maturity in years on

DCB-G ISIN coupon (in %) Issue Date Maturity Date | 01.01.2018 | 31.12.2024

1 XS1414146669 0,050 20.05.2016 30.05.2024 6,41

2 XS$1612940558 0,250 16.05.2017 30.06.2025 7,50 0,50
3 DEOOONWBOACO 0,875 10.11.2015 10.11.2025 7,86 0,86
4 X$1897340854 0,500 24.10.2018 28.09.2026 - 1,74
5 DEOOONWBO0AD8 0,375 17.11.2016 17.11.2026 8,88 1,88
6 X81999841445 0,010 22.05.2019 05.05.2027 - 2,34
7 DEOOONWBO0AEG 0,500 13.09.2017 13.09.2027 9,70 2,70
8 XS2233120554 0,000 22.09.2020 22.09.2027 - 2,73
9 DEOOONWBOAF3 0,750 02.07.2018 30.06.2028 - 3,50
10 XS2209794408 0,000 28.07.2020 15.09.2028 - 3,71
1 DEOOONWBO0AG1 0,625 04.02.2019 02.02.2029 - 4,09
12 XS2331327564 0,000 14.04.2021 15.06.2029 - 4,46
13 DEOOONWBO0AH9 0,000 15.10.2019 15.10.2029 - 479
14 XS2498154207 2,000 05.07.2022 15.11.2029 - 4,88
15 DEOOONWBO0AJ5 0,000 18.02.2020 18.02.2030 - 5,14
16 DEOOONWBO0AL1 0,000 03.02.2021 03.02.2031 - 6,10
17 X82233088132 0,125 24.02.2021 24.02.2031 - 6,15
18 X82359292955 0,000 30.06.2021 30.06.2031 - 6,50
19 DEOOONWBOAN7 0,000 28.07.2021 28.07.2031 - 6,58
20 XS2388457264 0,000 22.09.2021 15.09.2031 - 6,71
21 DEOOONWBOAQO 0,250 26.01.2022 26.01.2032 - 7,07
22 XS2475954900 1,375 05.05.2022 07.06.2032 - 7,44
23 XS$2500341990 1,900 12.07.2022 12.07.2032 - 7,53
24 DEOOONWBO0ARS 1,625 03.08.2022 03.08.2032 - 7,59
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Appendix C

C1. Stationarity tests for latent factors

Slope Level Curvature
Issuer ADF KPSS ADF KPSS ADF KPSS
EIB 0.844 0.010 0.670 0.010 0.455 0.010
DBB 0.543 0.010 0.958 0.010 0.408 0.010
GCB 0.600 0.010 0.913 0.010 0.459 0.010
EIB-G 0.851 0.010 0.736 0.010 0.326 0.010
DBB-G 0.508 0.010 0.564 0.010 0.496 0.010
GCB-G 0.775 0.010 0.385 0.010 0.111 0.010

C2. Stationarity tests for differences of latent factors

dSlope dLevel dCurvature
Issuer ADF KPSS ADF KPSS ADF KPSS
EIB 0.010 0.100 0.010 0.100 0.010 0.100
DBB 0.010 0.100 0.010 0.100 0.010 0.100
GCB 0.010 0.100 0.010 0.100 0.010 0.100
EIB-G 0.010 0.100 0.010 0.100 0.010 0.100
DBB-G 0.010 0.100 0.010 0.100 0.010 0.100
GCB-G 0.010 0.100 0.010 0.100 0.010 0.100

C3. Descriptive statistics for differences of latent factors

Factor Mean Std. dev. Minimum Maximum A-D p-value
EIB

dLevel 0.003 0.052 -0.199 0.269 2.15 0.000***

dSlope -0.003 0.142 -1.946 1.547 23.51 0.000%**

dCurvature 0.006 0.289 -2.176 2.738 11.65 0.000%**
EIB-G

dLevel 0.003 0.055 -0.217 0.289 241 0.000***

dSlope 0.001 0.077 -0.414 0.474 10.28 0.000%**

dCurvature 0.001 0.216 -0.922 1.383 11.81 0.000***
DBB

dLevel 0.003 0.056 -0.255 0.213 3.35 0.000%**

dSlope 0.001 0.073 -0.223 0.347 4.94 0.000%**

dCurvature 0.000 0.192 -1.279 0.791 9.39 0.000***
DBB-G

dLevel 0.003 0.053 -0.184 0.287 1.99 0.000%**

dSlope 0.000 0.139 -0.749 0911 16.00 0.000***

dCurvature 0.002 0.274 -1.791 1.388 8.73 0.000***
GCB

dLevel 0.002 0.056 -0.269 0.223 3.11 0.000%**

dSlope -0.010 0.266 -1.425 1.134 24.69 0.000***

dCurvature 0.014 0.420 -1.762 1.863 17.02 0.000%**
GCB-G

dLevel 0.002 0.066 -0.298 0.334 1.73 0.000***

dSlope -0.003 0.174 -1.591 1.711 46.43 0.000***

dCurvature 0.007 0.359 -2.540 2.432 26.31 0.000%**

Notes: The table presents summary statistics of difference of the latent factors and the Anderson-Darling (A-D) test for normality. Rejection
of the null hypothesis at the 10%, 5%, and 1% significance levels is indicated by *, **, and ***, respectively.
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