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Abstract

Using Natural Language Processing under the form of topic modelling, we are able to
extract a specific topic labeled "Climate Change" from ECB communication on the pe-
riod 1997-2021. We found an exponential increase of the presence of this topic in ECB
communication since mid-2018. The analysis of the terms employed in ECB speeches
on this topic provides evidence that the ECB talks about climate change as a source of
risk for financial markets, leading financial actors to expect a potential regulatory risk
from the ECB. Second, we use our findings from this first study and show that an in-
crease in ECB communication about climate change leads to an overall increase in 168
North-American firms’ probability of default proxied by their Credit Default Swaps spread
returns. Moreover, we provide evidence of a nonlinear effect of ECB communication about
climate change on CDS spread returns, with significant and negative estimated coefficients
in the short-term, non-significant ones in medium term and strongly significant and pos-
itive estimated coefficients on the long term. Finally, our results suggest that the market
recognizes which sectors are better positioned for a transition to a low-carbon economy.
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1 Introduction

Since the adoption of the Paris Agreement in 2015, climate change has been extensively ac-
knowledged worldwide as a cause of perturbations for our economic structure, and a cause
of disruption of our financial system. The increasing number of memberships of the Network
for Greening the Financial System, from 8 in December 2017 to 121 in October 2022, brings
evidence on the fact that central banks take climate change as an increasing threat that should
be kept under surveillance1.

Climate change is not traditionally part of central banks’ mandate of price and financial sta-
bility. Even if an increasing number of studies find convincing evidence about the link between
climate change, the financial system and the real economy, understanding the interconnections
between all these angles can still be improved, notably with new and more precise data to
design monetary and prudential tools (Campiglio et al., 2018; Chenet et al., 2021; Weitzman,
2009). But far from ignoring it, central banks have started to communicate about climate
change.

Central bank communication has been proven to be an effective monetary tool to guide mar-
kets’ expectations on the future path of overnight interest rate2. A flourishing empirical
literature has demonstrated the effectiveness of the use of forward-guidance as an unconven-
tional tool of monetary policy since the financial crisis of 2007-2008 (Swanson, 2021a; Ehrmann
& Fratzscher, 2007). But not only restricted to this particular objective, central banks also
disclose their overall objectives and strategies, and share their views on the economic outlook
(Haldane & McMahon, 2018; Kryvtsov & Petersen, 2021). In order to be the most effective
possible and reduce noise on financial markets, central bank communication must be credible
(Bholat et al., 2015). The same credibility has to apply to climate change narrative (Hansen,
2022).

We investigate whether the European Central Bank communicates about climate change and
how their perception of climate change will affect the behaviors of financial markets actors. In
the first part of this paper, we use an AI-algorithm for natural language processing (NLP) to
identify different topics that the ECB communicates on, and their frequency. Our database
runs from January 1997 to December 2021 and contains 2,430 speeches given by ECB Execu-
tive Board Members during this time period. Our topic-modelling algorithm unveils that 60
topics can be identified. Among them, one in particular can be labeled "Climate Change"
and is exponentially more frequent in ECB’s speeches since mid-2018. Inside of each topic,

1For example, (Dikau & Volz, 2021) highlight significant differences in how climate objectives do and do
not fit within central banks mandates across different countries.

2See, for example, Blinder et al. (2008) for an early survey of the literature
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we managed to extract the 15 most frequent words. For the topic labeled "Climate Change",
we found that the five words most frequently used in ECB speeches’ are "risk", "climate",
"change", "transition" and "green".

Our contribution is threefold: first, to the best of our knowledge, we are the first to use new
machine learning topic modelling methodology to analyze and target ECB’s communication.
We show that the ECB is placing increasing emphasis on climate change in its communication.
Finally, when talking about climate change, the ECB refers to it as a "risk" that could affect
the stability of the financial system. Therefore, the ECB does not only want to impact finan-
cial markets’ expectations, but it also tries to ensure financial resilience by nurturing the idea
that financial actors must be prepared to face the implementation of restrictive regulation as
soon as we will be able to have enough knowledge and data on the impact of climate change
on the economy.

This leads us to the second part of our study: how ECB’s perception of climate change affects
financial actors’ behaviors. With the results of our textual analysis, we are able to extract a
time series from the frequency of the topic "Climate Change" in ECB’s speeches. We then
make the assumption that ECB’s communication on climate change has an impact on credit
risk of firms in some industries. Indeed, we try to understand if the ECB’s perception of
climate change as a risk has an impact on the probability of default of certain types of firms.
To do that, we proxied the probability of default by the variation of the Credit Default Swaps
spreads.

CDS spreads are market-based indicators of a firm’s perceived riskiness and confidence in
their future fundamentals. Alongside with corporate bonds, they are traditionally used in the
financial literature on credit risk because they present several advantages. First, because they
are traded on standardized terms, they are more reactive to new information arriving on the
market. Then, they are more liquid than corporate bonds. Finally, because they have differ-
ent maturities up to 30 years, they enable us to study the forward-looking considerations of
lenders. In our case, we investigate if ECB’s communication is a determinant of CDS spreads.
We chose to look at CDS of 168 firms, distributed over 10 sectors, that trade CDS at 5, 10
and 30 years. Using CDS spreads allows us to measure how the "greening" of ECB’s commu-
nication affects investors’ expectations of the probability of default of different industries, at
different time horizons.

We follow Blasberg et al. (2021) in the use of a quantile regression approach (QR). QR al-
lows us to (i) provide a more complete description of how ECB’s communication on climate
change is linked to the entire conditional distribution of CDS spread returns, and (ii) to cap-
ture the marginal impact of ECB’s communication above and beyond known determinants
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(Han & Zhou, 2015; Hull et al., 2004). Furthermore, QR methodology also presents the ad-
vantage of mitigating empirical problems frequently encountered in the CDS literature (e.g.
non-normality and the presence of outliers), that could also be present in our data.

Our results show a positive and significant impact of ECB’s communication on the variation
of CDS spreads, all sectors included, with more significant results for 5-year CDS spreads.
We find that the effect of ECB’s communication on climate change is significantly amplified
at the tails of the credit spread distribution. We further investigate on a sectorial level. The
results highlight potential nonlinear effects of the communication of the ECB on the topic of
climate change on CDS spread returns. As such, results for short-term maturity (5-year ma-
turity) are significant and negative for firms across all sectors. This suggests that in the short
term, (i) market actors seem to have integrated a potential implementation of a regulation
coming from the ECB to mitigate the effects of climate change on financial markets, and (ii)
firms are already capable of providing the innovation and technologies necessary to facilitate
a low-carbon transformation. Nevertheless, in the medium term, (10-year maturity), all the
estimated coefficients become non-significant. This confirms that in the medium term, finan-
cial actors’ are uncertain about the implementation of a new regulation coming from the ECB
to mitigate the effects of climate change on financial markets. Finally, in the long-term (30-
year maturity), our coefficients estimates of the interaction terms of the sector panel quantile
regression become positive and highly significant. CDS market’s participants expect a higher
probability of default for firms across all sectors with the increase of ECB’s communication
about climate change.

Overall, we highlight how ECB’s communication can impact investors’ expectation of the
probability of default of different firms at different time horizons. Our findings are particu-
larly relevant on the regulation of climate risk.

The rest of the paper is organized as follows. Section 2 provides an overview of the different
strand of the literature this paper is related to, by underlying the added value of our approach.
Section 3 presents our first contribution to the literature: the study of ECB’s speeches using
Natural Language Processing. In this section, we detail our methodology, data and results.
In Section 4 we use the results from Section 3 to study the impacts of ECB’s communication
about climate change on firms’ credit risk (proxied by CDS spread returns). Then, we discuss
our empirical results in Section 5. Finally, Section 6 concludes.
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2 Literature Review

Our paper contributes to several strands of the literature that we summarize therein. First,
we measure climate transition risk (CTR) by the means of textual analysis. Second, we
take into account communication by Central Banks, in particular the European Central Bank
speeches. Our first contribution to the literature is the construction of a new measure of
climate transition risk proxied by central bank communication. Finally, we consider the impact
of Central Bank communication as a proxy of CTR on credit risk, measured by Credit Default
Swaps, a relationship which has not been investigated so far.

2.1 Climate Transition Risk Measurements

Adjustments in regulations, technology, and consumer attitudes aimed at adapting economies
to a low carbon setup entails CTR for cash flows that may impair the debt repayment capacity
of firms and thus increase their credit risk. Exposure evaluates to what extent carbon risks
are materialized in the firm’s operations, products, services, and supply chain, which largely
depend on the firm’s business sector. CTR is mostly measured by the pricing of carbon risk.
Firms’ exposure to carbon risk is computed by using emission intensity data: high-emitting
firms may incur greater costs from changes in policy -through emissions abatement and the
adoption of new technologies and product changes in response to changes in consumer prefer-
ences.

Multiple proxies for CTR are used in the literature. The most common ones are portfolios
based on information on firms’ CO2 emissions (Alessi et al., 2021; Blasberg et al., 2021;
Gourdel & Sydow, 2022), stranded asset portfolios (H. Jung et al., 2021), fund flows (Briere
& Ramelli, 2022), green portfolio factors (Pástor et al., 2021; Pástor et al., 2022), and Sutain-
alytics Carbon Risk Index (Ugolini et al., 2023). CTR has been documented to be a relevant
factor in private and institutional investor portfolio decisions (Krueger, Sautner, & Starks,
2020; Reboredo & Otero, 2021), as well as in the pricing of stocks and bonds (Ilhan, Sautner,
& Vilkov, 2021; Bolton & Kacperczyk, 2020; Monasterolo & de Angelis, 2020; Painter, 2020;
Reboredo & Ugolini, 2022). Our viewpoint is to broaden the scope of climate transition risk
as embedded in communication.

2.2 ECB’s communication as a proxy to measure CTR

Engle et al. (2020) is the first paper to suggest the link between textual analysis on climate
change and financial markets. The authors use The Wall Street Journal news to measure the
degree of attention to climate change and then they construct portfolios whose short-term
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returns hedge news about climate change over the holding period. By hedging, period by
period, the innovations in news about long-run climate change, an investor can ultimately
hedge long-run exposure to climate risk. They first extract a climate news series from textual
analysis of news sources and then use tools from standard asset pricing theory and construct
portfolios that can successfully hedge climate news.

Since the seminal paper by Engle et al. (2020), a flourishing literature uses textual analysis to
measure the link between climate change and financial markets. For example, both Bessec and
Fouquau (2022) and El Ouadghiri et al. (2021) have worked on index of professional commu-
nication of the Wall Street Journal on financial markets. Textual analysis from newspapers,
while revealing, may give a bias toward short-term horizon, whereas Central Banks commu-
nication is likely to pave the way toward future regulations. We thus proxy climate transition
risk by the textual analysis of Central Banks communication speeches. Central Banks mon-
etary policy can promote sound strategies for quantifying long term impacts of exposure to
climate change uncertainty. The underlying idea is that uncertainty in policy responses to
climate change and short-term vulnerabilities are likely to trigger Central Banks intervention.
Official communication on climate change is the first step toward that direction.

Since the seminal work of Morris and Shin (2002), a vast branch of the macro-financial lit-
erature has shown that central bank communication is twofold: first, central banks guide
expectations; and second, central bank communication is used as a focal point, and thus as a
coordination device for the beliefs of financial market participants. Central Bank communica-
tion on general economic policies has already been analyzed. Just to cite some recent contri-
butions, ? (?) uses simple textual analysis to study "policy agenda". D’Orazio and Popoyan
(2019) construct textual indexes in order to build a dataset on green macroprudential regula-
tion of central bank on OECD and non-OECD area. Bennani et al. (2020) use probit modeling
to provide evidence that communication is a tool to manage financial markets’ expectations,
in particular after a financial crisis. This might be the case as Central Banks communication
has stronger impact on financial markets in bad times than in good ones (Gardner et al., 2022).

ECB is one of the most active banks that strategically use communication. ? (?) use a
structural topic model to show that ECB and national central banks communicate more and
more often on "out of the box" contents, beside their core mandate. Beside the general use of
communication, ECB is committed to a green policy. On the bank web page, one can read:
"An orderly transition to a green economy would, in the long run, reduce climate-related
risks for the entire economy and financial system, as well as for the inflation outlook and the
assets on the Eurosystem balance sheet. As a result, it would contribute to price and financial
stability in the long run. In line with the EU Treaty, the ECB has the obligation, within our
mandate and without prejudice to our primary objective of price stability, to support general
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economic policies in the EU. In this way, we contribute to the transition to a carbon-neutral
economy and to protecting the environment".

A few papers have analyzed central bank policies in the green transition. Dikau and Volz
(2021) present a qualitative analysis of sustainability mandates, whereas other contributions
(Campiglio et al., 2018; Chenet et al., 2021) discuss the reason why banks should include green
policy to increase financial stability. Regarding in particular central banks communication on
climate change, Arseneau et al. (2022) is the most recent and meaningful contribution, close
to ours. The use of single topic modeling techniques allows them to make a textual analysis
of large corpus of central banks over 17,000 speeches to identify those related to climate
change. They provide evidence on the fact that central banks identify climate change as
a potential risks to the financial system, but they tend to use speculative language (that
is transmitting the idea of risk and uncertainty) more frequently when talking about climate
change relative to other topics. Interestingly, the ECB displays the highest number of climate-
related speeches over the entire sample. However, this paper identifies the characteristics of
central banks communication on climate change adaptation and mitigation, without exploring
or quantifying the impacts on economic variables, as we do.

2.3 CTR Impacts: From Equity to Credit

Although the literature has extensively documented the pricing of the carbon risk in the equity
(equity option) market, generally finding that higher carbon emission is associated with stock
return premium (Bolton & Kacperczyk, 2020) and higher deep out-of-money put option prices
(Ilhan et al., 2021). However, it is still unclear how credit risk across firms may be impacted
according to their vulnerability to climate transition, yet this information is crucial as firms
with greater exposure and poorer management of CTR should ceteris paribus exhibit greater
credit risk.

Credit Risks Measurements The relationship between climate/carbon risks and credit risk
has not been fully addressed. Therefore, this question attracts attention. This literature is
still at its infancy, but it is growing everyday. A first set of papers suggest that firms with
high carbon emissions tend to issue bonds with higher yield spreads and worse credit ratings
(Seltzer et al., 2022 and Zhan et al., 2023). Others show that bonds of more carbon-intensive
firms earn lower returns, suggesting investors’ underreaction to carbon risk (Duan et al., 2021).
Capasso et al. (2020) provide evidence on the fact that distance-to-default is negatively as-
sociated with a firm’s emissions. Kleimeier and Viehs (2018) and Vozian (2022) show that
a firm’s CO2 emissions are negatively related to the cost of bank loans. Ilhan et al. (2021),
prove that firms with higher emissions experience greater downside risk. Finally, Carbone et
al. (2021) conclude that firms with higher emissions experience worse credit risk estimates.
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CDS as a Measure of Credit Risk Credit Default Swaps (CDS) protect against the risk of
credit default: buyers pay a premium (CDS spread) to obtain insurance against default. The
price of this financial instrument therefore reflects the market assessment of a firm’s credit risk.
From variations in this assessment across time scales we can obtain spreads for different time
horizons for the same borrower. CDS contracts are standardized, traded in liquid markets,
and very sensitive to new information (Henricot & Picquard (2022)). Liquidity has increased
as from the Paris Agreement. Those features together make CDS as an interesting measure
of credit risk.

There is a recent yet growing carbon/climate literature using CDS as a measure of credit risk.
Blasberg et al. (2021) describe a carbon risk factor that is computed as the difference between
the median values of CDS spreads of firms with low and high emissions, showing that this
factor affects the CDS spreads of European and US firms. Using text analysis of climate risks,
Kölbel et al. (2020) build proxies for both climate transition and physical risks, documenting
that disclosure of transition risks increases firms’ CDS spreads, while the opposite occurs for
physical risks. Ugolini et al. (2023) provide evidence on the asymmetric effects of the CTR
factor on CDS, reporting significant economic and asymmetric effects. On a more "ESG"
twist, Duong et al. (2022), analyzing firm-level carbon risk management association with a
firm’s CDS spreads, find that carbon management actions substantially reduce CDS spreads.
Barth et al. (2022) find that improved ESG ratings reduce firm credit risk as reflected in CDS
spreads.

2.4 Our Approach

All in all, our overall contribution is to test whether Climate Transition Risk as communicated
by the ECB has an impact on the market perception of the default probability, measured by
CDS spreads. we therefore test explicitly on of the underlying assumptions suggested by
Blasberg et al. (2021):"When policy events trigger a rise in carbon risk (e.g. expectation of a
tighter future regulatory framework), the demand for protection of more (less) exposed firms
increases (decreases), resulting in a widening of the wedge. Conversely, if the market expects
a loosening of the regulatory framework, there is a narrowing of the wedge (or possibly even a
negative wedge)". Notice that in our perspective the ECB speeches represent the guidance for
investors seeking insurance against CTR of firms in international markets, under the implicit
assumption that there are spillovers in CB communication worldwide (Armelius et al., 2020).
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3 Measuring climate risk with ECB’s communications

This section presents our measure of climate-related ECB’s communication as a proxy
for forward-looking carbon risk. First, we briefly present our ECB’s speeches database and
discuss the natural language processing algorithm used to model climate communication.
Second, we analyze the content and time evolution of the estimated ECB’s climate narratives,
as well as the connection with other macroeconomic-oriented topics.

3.1 From speeches to data: A topic model approach

In order to analyze central banking’s communication, we rely on the European Central Bank’s
Executive Broad Members (and related) speeches extracted from the website of the institu-
tion.3 Our corpus starts in February 1997 and ends in December 2021 for a total of 2,430
speeches including all announcements from representative members of the institution. By na-
ture, our corpus is slightly imbalanced (i.e. does not update on a regular basis) because the
institution can decide to communicate more (resp. less) to the markets depending on the eco-
nomic context. In our case, the irregular frequency of the speeches takes two forms: (i) more
than a day and less than a week between two speeches (no constant frequency over time); and
(ii) more than one speech in a given day. While problem (i) is discussed in Section 5, we deal
with problem (ii) by aggregating any speeches within a given day. After removing non-English
speaking and no topical talks, our final corpus includes 1,829 announcements running from
02/07/1997 to 12/10/2021.

To provide a consistent measure of communication from ECB’s speeches, we consider an
unsupervised probabilistic topic models approach. Among topic models, we rely on a mixed-
membership algorithm in the spirit of Blei et al. (2003)’s Latent Dirichlet Allocation (LDA)
where each document (i.e., speech) is assumed to be a mixture of topics, each characterized
as a mixture of words. In this context, each word has a probability to belong to a topic, and
each topic has a probability to belong to a given document/speech. While LDA has been
used efficiently in various fields4, it suffers from important limitations. One of them is that
Dirichlet distribution assumes topics within documents/speeches to be independent over time
(i.e. uncorrelated) so that the presence of one topic is not correlated with the presence of
another.5 It is however natural to expect that subsets of the underlying latent topics will be
highly correlated. In our corpus of ECB’s speeches, for instance, a speech about monetary
policy may be likely to be about interest rate and inflation, but unlikely to also be about

3See https://www.ecb.europa.eu/press/key/html/downloads.en.html.
4See Hansen et al. (2018), and Larsen and Thorsrud (2019) for recent applications in economics and finance.

See Blei and Lafferty (2009) and Blei (2012) for a review of papers in other fields.
5see Blei and Lafferty (2006, 2007) for extensions of LDA-type models.
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climate change. To overcome this limitation, we consider the Structural Topic Model (STM)
from Roberts et al. (2013).

As in LDA, STM estimates two main quantities, namely topic proportions θd for each docu-
ment d ∈ {1, 2..., D} (i.e., document-topic probability distributions) and word proportions βk
for each topic k ∈ {1, 2...,K} (i.e., topic-word probability distributions). The difference is that
the estimation procedure of these quantities is assumed to be drawn from a Logistic-Normal
distribution and multinomial logit model making the approach able to capture the dependence
between topics distributions. Another advantage of STM is that it allows topics and words
distributions to be conditional on some exogenous factors captured in the covariance matrix.
As we focus on the consequences rather than the causes of ECB’s communications we do not
account for exogenous factors in the topic modeling.

The intuition of the procedure, assuming we know all the topics, is as follow:

1. Pick all the topics of a document/speech by randomly giving it a distribution over topics
from a Logistic-Normal as

θd | Xdγ ,Σ ∼ Logistic−Normal(µ = Xdγ ,Σ)

where Xd is a vector of covariates, γ ∼ N(0, σ2
k) is a matrix of coefficients with σ2

k ∼
Gamma(sγ , rγ), and Σ is the covariance matrix.

2. For each word in the document/speech:

• Pick one topic among the chosen topics distributions in (1)

• Given that topic, randomly choose a word from this topic as a multinomial logit

βd,k � exp(m+ κkv + κyv + κy,kv )

where m is the baseline word frequency, and (κkv + κyv + κy,kv ) is a collection of
coefficients (with topic κkv , covariates κyv, and topic-covariate interaction κy,kv ) with
κy,kv ∼ Laplace(0, ry,kv ) and ry,kv ∼ Gamma(sκ, rκ).

3. Iterating over (1) and (2) generates a set of documents/speeches defined as set of topics
that best describe the document.

3.2 Climate change ECB’s narratives

Our document-term matrix is 1829 x 16,992,663 with 94% scarcity. To limit high-dimension
problem and data scarcity in computing our ECB climate change narrative, we pre-process
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our data sample from irrelevant terms. This includes removing stopwords6 (i.e., ’but’, ’is’,
’a’,...), numbers, punctuation, given names and surnames. Finally, we convert all the remain-
ing words into their linguistic roots.

As suggested by Roberts et al. (2016) we use a semi-collapsed variational EM algorithm for
the estimation of the topics on our processed speeches database.7 As mixed-membership topic
models are unsupervised, a challenging task is to define the dimension of the latent space,
the number of topics K to consider per speeches. Following Chang et al. (2009)’s discussion,
balance between interpretability of the topics (i.e., lower K) and statistical performance (i.e.,
higher K) has to be considered in the estimation process. We consider a set of spaces rang-
ing from K = 10 to 80 and compute several statistical criteria reported in Appendix A.1 all
optimally converging to K = 70 topics. Topics and words distributions are finally generated
from a 70-topics STM applied on the ECB’s announcements from February 1997 to December
2021. Labels on each topic are based on most probable words and bigrams, and are reported
in Appendix A.1.

To have a broad view of the main ECB narratives, Figure 1 reports top keywords of some
selected topics as well as corresponding labels (see Appendix A.1 for a discussion). As can
be seen, a large majority of topics revolved around the main missions of the bank, such as
payment systems (topic 3), monetary policy and price stability (topics 11 and 64), exchange
rate (topic 29), and bank supervision (topic 16). Interestingly among the set of macro-oriented
topics, one narrative is fundamentally different, namely Topic 56: "Climate Change, Climate
Risk and Green Bond". A look at the words’ distribution of that particular topic shows
that, although not directly related to his mandate, ECB perceives climate change as a major
source of forward-looking risk and uncertainty for the financial system (i.e., main terms of our
concerned are "climate", "risk", "change", "bank", "green", "will", "transition", "financial",
"need" and "can").

6For the full list of stopwords see http://snowball.tartarus.org/algorithms/english/stop.txt.
7See Blei et al. 2003, and Roberts et al. 2016 for more details. Additional estimation results are available

upon request to the authors.

11



Figure 1: Selected narratives from ECB speeches

Note: These figures report the top 100 (stemmed) keywords from some selected topics as word clouds. The

size of each word denotes the probability of occurrence in the given topic (i.e., the larger the more important).

Figure 2 gets a time perspective reporting the proportion of climate-related topic (i.e., topic
56) from 1997 to 2021. It shows that climate-related topic has fluctuate over time with high
and low intensity episodes. Two important periods seem to materialized. From 1997 to 2012
(black dotted line, right axis), climate change communication is emerging but while there are
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some spots the subject is still a cold topic (topic probability distribution going up to 3.3% of
of the total communication spectrum of the ECB). From 2013 to end of the period (red line,
left axis), climate change communication slowly starts to blow up as one of hottest with topic
proportion up to 90% over the last five year.8 We will focus on this intensive period of climate
communication in the empirical section 5.

Figure 2: When ECB talks climate to the market

Note: This figure depicts topic proportion of Topic 56: Climate Change, Risk and Green Bond over the period

1997-2021. Black dotted line (right axis) is for topic during period of less intensive communication. Red line

(left axis) is for period of intensive communication.

Figure 3 depicts topics’ correlation as network structure during periods of moderate (panel
(a)) and intense ECB’s climate communication (panel (b)). Whereas nodes size indicates the
total proportion of each topic over the considered period, edges relate to topics’ connection.
As illustrated previously, we observe the greening of ECB’s communication as shown by the
substantial increase in proportion of T56 over the last ten years (up to 50 times more compared

8The two periods description has been confirmed with CUSUM- and MOSUM- structural break tests.
Results are available upon request to the authors.
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to 1997-2012 period). While climate questions are not as the main ECB’s missions it becomes
one of the main concern recently. This importance is confirmed by significant reinforced
connections between T56 with topics T21 (financial (bond) market) and T52 (central bank
forward mission) during 2013-2021.9

Figure 3: How climate narratives connect to macroeconomic topics

Note: These networks report ECB topics correlations during moderate (panel (a) over 1997-2012) and intense

climate communication (panel (b) over 2013-2021). Vertices size is the proportion of each topic over the

corresponding period. Edges size is for topics’ correlation. Highlighted in yellow the climate-related topic, and

in orange his links with other topics. For clarity, correlations below 0.05 are not reported.

In the rest of this paper, we focus our empirical analysis on the period of intense ECB climate
communication from 2013 to 2021.10 Several technical/analytical considerations justify this
choice: (i) climate change communication as proxied by T56 experienced an important struc-
tural break between period (a) and (b) with 2012 as a pivotal year; (ii) period (b) is globally
less impacted by important economic downturns11 making our estimations on credit default
swap more robust; and (iii) the set of covered firms in our CDS databse is substantially more
important after 2012. For all these reasons, the focal period of Section 4 is from 01/12/2013

9While correlations also appear over the period 1997-2012, these are negligible in magnitude.
10Investigations have also been conducted considering respectivly 1997-2012 and the whole sample period.

Results are available upon request to the authors.
11See NBER business cycle dating https://www.nber.org/research/business-cycle-dating.
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to 12/10/2021 covering 740 ECB’s communications.

4 The Impact of Greening of ECB’s Communication on Credit
Default Swaps

As said in the introduction, we build a new exhaustive CDS spreads database for our sample
period. In this section, we first begin by describing the CDS spreads data, and also the
control variables that could potentially impact credit spreads (Collin-Dufresn et al., 2001;
Han & Zhou, 2015; Galil et al., 2014; Koutmos, 2019). We present summary statistics, before
turning to the description of our methodological framework.

4.1 Data

4.1.1 Dependant Variable - Credit Default Swap (CDS) spreads

Credit derivatives are claims that permits to isolate credit risk from other kinds of risks to
allow its trade. It transfers credit risk on the relevant reference entity from protection buyer
to protection seller. CDS are traded over the counter (OTC). CDS spreads (expressed in basis
points regarding the insured notional amount) represent the annuity premium that the buyer
pays to the seller to get this protection.

CDS spreads are extracted from Refinitiv. Due to the absence or the lack of data before 2007,
our sample first contains CDS spreads from January 2007 to December 2021. In order not to
have biased results due to the impacts of the Subprime Crisis as well as the Sovereign Debt
Crisis, we decided to drop data on the 2007-2012 time period. Our final sample displays CDS
spreads from January 2013 to December 2021.

We collect CDS spreads across tenor of 5, 10 and 30 years for 168, 187 and 137 firms based in
North America respectively (Canada and the USA). All our CDS are traded in US dollars. We
keep only data on dates a speech (or multiple) was given by ECB boards members. If a speech
was given on a week-end day, we interpolate CDS spreads. We excluded all CDS with more
than 70% of missing values. Due to the high frequency of speeches that contain relatively high
proportion of the topic "Climate Change", we also exclude CDS that have more than 70% of
missing values during the year 2021.
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Results of the Augmented Dickey-Fuller Test on our CDS time series show that they are
non-stationary. In panel quantile regression, non-stationary time series could yield spurious
results (Koutmos, 2019). Following Blasberg et al. (2021), we analyze first-level differences.
We calculate the daily CDS spread log returns in the same way:

smi,t = log(CDSm
i,t)− log(CDSm

i,t−1) (1)

where CDSm
i,t is the m-year CDS spread of firm i at day t. smi,t quantifies the daily relative

change in a firm’s CDS spread.

4.1.2 Control Variables

In line with the financial literature on the determinants of CDS spreads, we control for market-
specific and firm-specific variables that have been shown to have an impact on CDS spreads
(Ericsson et al., 2009; Han & Zhou, 2015; Galil et al., 2014). Firm-specific variables include
stock returns and the VIX for individual firm’s expected volatility in line with Collin-Dufresn
et al. (2001). For market specific variables we include the risk-free interest rate (IR) and
general market conditions.

Firm-specific variables The literature studying spreads highlights the crucial role of stock
returns as the principal determinant of CDS spreads, and the main explanatory variable of a
firm’s probability of default. Similarly to Blasberg et al. (2021), we include it in our model
as the difference of the natural log of daily stock prices of the firms present in our sample:
ri,t = log(Si,t) − log(Si,t−1) where Si,t represents the stock price of firm i at time t (also
obtained from Refinitiv). We include the VIX indicator to control for volatility. As the VIX
indicator is the average of annualized volatility of S&P500 firms, it is commonly used in the
literature to proxy for asset volatility (Collin-Dufresn et al., 2001). As the literature shows,
the probability of default of a firm increase with the volatility of the market. Therefore, we
expect a positive relationship between CDS spread and changes in the VIX.

Market-specific variables We follow Collin-Dufresn et al. (2001) and Han and Zhou (2015)
and include the risk-free interest rate (IR) proxied by the change in the German 10-year
Government Bond (∆IRt) extracted from the Bundesbank database. Finally, we use the
Median Rate Index (MRI) to measure market general conditions. We follow the methodology
of Galil et al. (2014) and Blasberg et al. (2021) to calculate the change in business climate in
calculating the MRI index. The Median Rate Index is defined as the median spread change
of all firms in the same rating group. We classify firms using four groups: "AAA/AAs",
"As", "BBBs" and "BB+ and lower". As in Galil et al. (2014), we expect to see a positive
relationship between MRI and CDS spreads.
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4.2 Summary Statistics

Table 1 presents descriptive statistics for all dependent and independent variables used in our
study. Average CDS spread returns is the same across our three different maturities (5-, 10-
and 30-year contracts) and is situated slightly below zero. Relatively small dispersion can
be deduced from the corresponding standard deviation, CDS spread returns varying between
4.1% and 5.2%. Our sample of CDS spread returns comprises sizable outliers with maximum
returns from 170% to 192% and minimum returns varying from -119% to -175% across our
three different maturities. CDS spread return distributions for our three maturities is right-
skewed and very heavy-tailed (relative to a normal distribution), with a kurtosis ranging from
107 to 143.

Variable Mean Q25 Median Q75 SD Min Max Skew Kurt
Dependant Variables

s5i,t -0.0004 -0.0104 0.0000 0.0051 0.0529 -1.1933 1.9208 2.9469 107.5042
s10i,t -0.0004 -0.0080 0.0000 0.0047 0.0438 -1.7478 1.7029 2.0167 143.2466
s30i,t -0.0004 -0.0074 0.0000 0.0046 0.0417 -1.6297 1.7189 1.9478 135.4099

Independent Variables
∆CCtopict 0.0038 -1.5839 -0.0302 1.5531 2.573 -8.8869 8.8982 0.0556 0.7739
r5i,t 0.0009 -0.0102 0.0012 0.0126 0.0374 -1.7167 1.1685 -2.9131 129.1615
r10i,t 0.0009 -0.0101 0.0012 0.0125 0.0369 -1.7167 1.1685 -2.8344 126.7275
r30i,t 0.0009 -0.0099 0.0012 0.0124 0.0345 -0.9078 0.7411 -2.0183 64.3461
∆V IXt 0.0004 -0.0569 -0.0039 0.0480 0.1153 -0.5523 0.9911 1.5168 11.7935
∆MRI5i,t -0.0007 -0.0138 0.0000 0.0094 0.0485 -0.2969 1.1036 6.4482 149.5036
∆MRI10i,t -0.0006 -0.0106 0.0000 0.0070 0.0345 -0.2759 0.8307 6.1763 156.6420
∆MRI30i,t -0.0006 -0.0096 -0.0002 0.0060 0.0291 -0.1794 0.5828 3.7544 74.7234

Table 1: This table presents descriptive statistics (mean, 1st quartile, median, 3rd quartile, standard
deviation, minimum, maximum, skewness and kurtosis) for all dependent and independent variables
in our sample

4.3 Methodology - Panel Quantile Regression

Linear models commonly used in the financial literature focus on the estimation of the condi-
tional mean of the dependent variable given one or several explanatory variables. Because our
CDS distributions is heavily right-tailed, we opted for the use of quantile regression, therefore
allowing for a more precise description of the tails of the distribution. Due to its robustness
to leptokurtosis, heteroskedasticity and skewness (three common features of financial data),
this approach is increasingly used in both theoretical and empirical financial literature since
its introduction by Koenker and Bassett (1978) (Barnes & Hughes, 2002; Baur et al., 2012;
Galvao & Kato, 2016).
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We follow Blasberg et al. (2021) and adopt the quantile regression framework for a panel setup
with firm fixed-effects. Following previous literature on CDS determinants (Collin-Dufresn et
al., 2001; Ericsson et al., 2009), we include key known determinants of CDS spread returns in
our baseline quantile regression:

Qsmi,t
(τ |xi,t) = βτ,1∆CCtopict + βτ,2r

m
i,t + βτ,3∆V IXt + βτ,4∆MRImi,t + ατ,i + εi,t,

where smi,t is the daily relative change of the m-year CDS spread of firm i at day t, τϵ {0.1, ..., 0.9 }
is the fixed decile level, xi,t is the m-dimensional covariate vector where i = 1, ..., N and
t = 1, ..., T , ∆CCtopict is the frequency of the topic labeled "Climate Change" in ECB’s
speech on day t, rmi,t is the stock return of firm i on day t for the m-year CDS maturity, V IXt

is the VIX index on day t, MRImi,t is the Median Rated Index for firms of the m-year CDS
spread returns, ατ,i is the firm-specific fixed effects parameters, and, finally, εi,t is the error
term.

The model is run for every decile τ ∈ {0.1,..., 0.9} in order to isolate the effect of each
explanatory variable on the entire conditional distribution of CDS spread returns. The mid
decile (τ = 0.5) corresponds to the unchanged CDS spread case. If CDS spread increases
(τ > 0.5), firm’s creditworthiness deteriorates. On the other hand, if CDS spread decreases
(τ < 0.5), firm’s creditworthiness improves.

5 Empirical Results

5.1 Main Results

Table 2 reports our estimated coefficients at different deciles for each maturity (5, 10 and
30 years). First, for our statistically significant coefficients, we observe a positive relationship
between CDS spread returns and our variable on ECB’s communication about climate change.
Thus, an increase of ECB’s communication on the topic of climate change leads to a rise of
CDS spread returns of all firms contained in our sample. It is economically significant: the
higher the frequency of ECB’s communication about climate change is, the higher market’s
perception of a regulatory risk will be. This will lead to an increase of a firm’s probability of
default, making its CDS spread returns rise. For example, considering the 5Y tenor, a one
standard deviation increase in ECB’s communication about climate change (2.573) is associ-
ated with a rise of 0.015 (= 2.573 x 0.006) percentage points in the CDS spread returns of the
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firms of the 9th decile, the riskiest ones. This account of 0.28% of the standard deviation of
CDS spread returns.

Moreover, we observe that the level of significance of our estimated coefficients decreases over
maturities. When we find three coefficients statistically significant at the 0.1% level (for the
7th, the 8th and the 9th decile) for the 5Y tenor, we find only coefficients statistically sig-
nificant at the 5% level for the 10Y tenor, and almost none statistical significance for the
30Y tenor. That is, the increase in climate transition risk has a greater impact on short and
medium-term CDS spreads than on long-term ones. Thus, market participants anticipate an
increase in firms’ probability of defaults in the short and medium term rather than in the long
term.

Finally, coefficients are increasingly larger and significant in the first three deciles (1st, 2nd
and 3rd deciles) and in the last three deciles (7th, 8th and 9th deciles) of the distribution.
That is, an increase of the climate transition risk (proxied by ECB’s communication about
climate change) leads to a state where the safest firms become risky, and the riskiest firms
become even riskier. These results are consistent with our hypothesis: there is a positive
relationship between climate transition risk and CDS spread returns. The extremes of the
conditional distribution of CDS spread returns are where this relationship is the strongest.
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5.2 Sectoral Results

Literature on transition risks provides evidence on the difference of exposition according to
sectors firms are embedded in. More specifically, some papers demonstrate that carbon-
intensive industry such as energy or basic materials will be more impacted by transition risk
and stranded assets than low-carbon ones (Dietz et al., 2016; Dietz et al., n.d.).

We try to provide empirical proof to validate these findings, we follow Blasberg et al. (2021)
and re-estimate our baseline quantile regression, regrouping the firms by using Refinitiv’s 9-
sector classification (TRBC 2020). We include sector dummies and interaction terms with our
CCtopic variable in the baseline regression. Our new equation is as follows:

Qsmi,t
(τ |xi,t) = βτ,1∆CCtopict + βτ,2r

m
i,t + βτ,3∆V IXt + βτ,4∆MRImi,t + ατ,i

+
12∑
j=5

βτ,jSectori +
20∑

k=13

βτ,kSectori∆CCtopict + εi,t,

where Sectori indicates firm i’s Thomson Reuters Business Classification (TRBC) classifica-
tion.

Table 3 reports the coefficient estimates of the interaction terms of our sector panel quantile
regression for 5-year CDS spread returns. Almost all our coefficients are significant and nega-
tive. This provides evidence that investors anticipate that firms from all sectors present in our
sample have already integrated the risk of future regulation coming from central banks on the
subject of climate change. They are seen as capable of providing the innovation and technolo-
gies necessary to facilitate a low-carbon transformation in the short-term. Furthermore, the
coefficients on the interaction term between the sector and our communication variable are
practically all non-significant for Consumer Cyclicals (CCGS), Healthcare, Technology and
Utilities. As a result, these sectors show the most uncertainty in the implementation of the
transition.
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We run the same sector panel quantile regression model for 10-year CDS spread returns. No
significant coefficients were found. Therefore, the increasing communication of the ECB on the
topic of climate change has no impact on investors’ expectation of firms’ probability of default
in the medium term. Finally, Table 4 presents the coefficient estimates of the interaction terms
of the sector panel quantile regression model for 30-year CDS spread returns. At this matu-
rity, almost our coefficients are strongly significant (at the 1% level) and positive. Therefore,
a growing communication of central banks on the subject of climate change could translate
into higher probability of default in the long term for firms in our sample, regardless of sectors.

These results differ from Blasberg et al. (2021). In our case, we provide empirical evidence on
potential nonlinear effects of the communication of the ECB on the topic of climate change
on CDS spread returns. As such, in the short term, market actors seem to have integrated
the fact that a potential regulation coming from the ECB to mitigate the effects of climate
change on financial markets, and firms are already seen as capable of transitioning to a low-
carbon economy. But in the medium term (10-year maturity), it seems that financial actors
are uncertain over the implementation of climate change mitigation regulations from the ECB.
Finally, in the long-term (30-year maturity), our coefficients estimates of the interaction terms
of the sector panel quantile regression become positive and highly significant. CDS markets’
participants expect a higher probability of default for firms across all sectors in the very
long-term with the increase of ECB’s communication about climate change.
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6 Conclusions

In recent years, an increasing number of scientific publications (e.g. 6 IPCC Reports published
from 1990 to 2023) provide unquestionable evidence that climate change will impact our eco-
nomic system as a whole. These negative shocks affecting the supply and demand functions of
the real economy are vectors of instability in the financial system. Transitioning from a high-
to a low-carbon economic system as prescribed by net-zero carbon emissions policies requires
a drastic change of our productive system. All actors need to take part in this transformation,
and this includes central banks. Even if it is not explicitly part of their mandates, central
banks should be aware of climate risk.

In this paper, we investigate how the European Central Bank communicates about climate
change. We use a topic modelling approach and extracted a topic labeled "Climate Change"
from ECB’s speeches. We show evidence for an increase in ECB’s communication on the topic
of climate change. We then investigate the way it communicates, and find out that ECB talks
about climate change in terms of a risk for financial stability. Thus, we conclude that the ECB
uses its communication as a signal for financial markets that they may implement a regulation
to mitigate climate change impacts on the financial system.

We then use panel quantile regression to isolate the impacts of an increase of ECB’s commu-
nication on the topic of climate change on the expected probability of default for 168 firms
(proxied by their CDS spread returns). We investigate 5-, 10- and 30-year contracts. Our
findings show an overall positive relationship between lenders’ perceived exposure to a regu-
latory risk from the ECB and the firms’ cost of default protection.

In addition, we include sector dummies and interaction terms with our communication variable
in our baseline quantile regression and show proof of the existence of nonlinear effects across
the short, medium and long term. Our findings show significant and negative coefficients on
the short term (5-year maturity), that prove that market actors seem to have integrated a
potential implementation of regulation coming from the ECB to mitigate the effects of climate
change on financial markets. These results also prove that firms are already seen as capable
of transitioning to a low-carbon economy in the short term. In the medium term (10-year
maturity), our estimated coefficients are all non-significant, it seems that financial actors are
uncertain of how the ECB will act regarding climate risk. Finally, in the long-term (30-year
maturity), our estimated coefficients are positive and strongly significant. CDS markets’ par-
ticipants expect a higher probability of default for firms across all sectors in the very long-term
with the increase of ECB’s communication about climate change.

Overall, we highlight how ECB’s communication can impact investors’ expectation of the
probability of default of different firms at different time horizons. Our findings are particularly
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relevant on the regulation of climate risk. Our findings also have important policy implications.
They suggest that firms are ready to transition on the short-term, and that central banks
should take a more active role to help this transition to a low-carbon system, even by using
regulatory tools. Not taking actions now will rise uncertainty about climate change impacts on
financial markets, leading to a raise of firms’ probability of default that could be the detonator
of a new financial crisis.
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Appendix

A Latent space and topics meaning

This Section discusses the selection of the optimal model as well as the procedure used
for topic labeling.

A.1 Model selection

Several statistical methods have been performed to define the optimal latent space of our
model. Figure 4 reports our considered metrics for topics 10 to 80, such as the held-out
likelihood in panel (a) (Taddy2012), the lower bound in panel (b), and the residuals check
(Taddy2012) in panel (c).12 As can be seen, both lower bound and held-out are maximized
starting at K = 60 topics, while residuals reaches the minimum around K = 70. To confirm
our choice, we follow Roberts2014 and report in Figure 5 a combination of semantic coher-
ence and exclusivity of words to topics comparing models with K = 60, 70, and 80.13 The
coherence-exclusivity metric confirms that both K = 70 and 80 are the best models. As Figure
4 suggests to increase output’s interpretability (i.e., lower K) we consider K = 70 topics.

12See Roberts2019 for more details on each metrics.
13Exclusivity is measured by FREX metric (see Bischof2012).
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Figure 4: Latent space selection over K topics

Note: These figures report measures of topic selection for K = 10 to 80. Held-out likelihood (panel (a)) and

lower bound (panel (b)) criteria are to maximized. Residuals (panel (c)) is to be minimized.
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Figure 5: Exclusivity and semantic coherence

Note: This figure shows a combination of semantic coherence and exclusivity (as measured by FREX) of words

to topics. The best model is the one that maximized the combination. Red, green and blue denote respectively

K = 60, 70, and 80 topics.
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A.2 Topic labeling

The Tables below report labels of each of 70 topics computed using (i) most probable bigrams
first column (i.e., most probable two words association); and (ii) top 10 most probable words
second column. Topic labeling is robust to other metrics such as lift, score and FREX.
Additional results are available upon request to authors.
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Table 5: European Central Bank’s Topics labels

Topics Label Top 10 terms

Topic 1 Structural Reforms
reform, structur, growth, market, econom,
labour, implement, product, will, economi

Topic 2 Monetary Union
european, europ, union, econom, integr,

singl, polit, monetari, currenc, will

Topic 3 Payment System
payment, servic, retail, market, provid,

instant, eurosystem, european, innov, solut

Topic 4 Member States
europ, year, european, will, peopl,

one, countri, world, also, mani

Topic 5 Financial Stability
financi, macroprudenti, sector, fund, risk,

bank, polici, system, asset, non-bank

Topic 6 Moneraty Policy
will, monetari, rate, council,

polici, oper, area, bank, euro, market

Topic 7 Central Bank
bank, liquid, central, risk, asset

monetari, credit, collater, polici, market

Topic 8
Interest Rate & inflat, polici, euro, area, monetari,

Forward Guidance growth, remain, continu, rate, condit

Topic 9 Money Market
market, liquid, bank, oper, money,

rate, eurosystem, central, refinanc, polici

Topic 10 Global Economics
globalis, global, trade, economi, domest,
increase, financi, import, world, intern

Topic 11 Price Stability
monetari, price, polici, inflat, strategi,
stabil, analysi, money, central, develop

Topic 12 European Union
european, one, central, bank, monetari,
econom, nation, countri, polici, system

Topic 13 Current Account
growth, economi, area, countri, euro,
imbal, global, current, account, adjust

Topic 14 Repo Market
market, repo, securitis, collater, regul,

transpar, secur, transact, will, rate

Topic 15 Monetary Analysis
statist, data, area, financi, inform,

euro, account, european, nation, econom

Note: The table reports topics’ labels from Topic 1 to 15 based on both most probable bigrams (first column) and top
10 most probable stemmed words (second column).
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Table 6: European Central Bank’s Topics labels (con’t)

Topics Label Top 10 terms

Topic 16 Banks Supervision
bank, risk, need, can, supervisor,
will, supervis, rule, busi, european

Topic 17 Labour Market
growth, can, firm, economi, product,

crisi, potenti, unemploy, demand, invest

Topic 18 Government Council
independ, central, polici, bank, monetari,
govern, account, mandat, treati, institut

Topic 19 Financial Supervision
supervisori, supervis, bank, institut, nation,

author, supervisor, level, frameworld, europea

Topic 20 Euro Banknotes
digit, payment, euro, cash, bank,
money, use, central, will, mean

Topic 21 Financial (Bond) Markets
market, euro, area, develop,

financi, bond, integr, increas, introduct, currenc

Topic 22 Exchange Rate
polici, monetari, stabil, price, econom

object, growth, will, rate, can

Topic 23 Inflation Expectations
euro, area, price, inflat, year

stabil, rate, monetari, market, expect

Topic 24 Payment Instrument
card, payment, scheme, european, market,

bank, will, area, retail, nation

Topic 25
Market Infrastructure & cyber, financi, resili, will, risk,

Cyber Resilience bank, trust, market, infrastructur, system

Topic 26 Financial Crisis
financi, crisi, measur, bank, polici,
economi, market, credit, rate, will

Topic 27 Fiscal Policy
save, invest, pension, tax, increas,

current, rate, age, may, will

Topic 28 Interest Rate
price, euro, growth, area, econom,

develop, remain, stabil, rate, expect

Topic 29 Exchange Rate
euro, banknot, europ, area, exhibit,

european, currenc, will, design, featur

Topic 30 Monetary Union
fiscal, govern, area, euro, polici,

econom, countri, debt, framework, deficit

Note: The table reports topics’ labels from Topic 16 to 30 based on both most probable bigrams (first column) and top
10 most probable stemmed words (second column).
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Table 7: European Central Bank’s Topics labels (con’t)

Topics Label Top 10 terms

Topic 31 European Union
market, legal, one, law, chang,
rule, regul, can, case, competit

Topic 32 Retail Payment
bank, payment, will, direct, nation,
servic, custom, debit, need, scheme

Topic 33 Price Stability
euro, area, polici, currenc, econom,

monetari, singl, new, european, eurosystem

Topic 34 Bank Money
money, bank, currenc, central, valu,

trust, system, time, price, public

Topic 35 Asset & House Prices
household, incom, polici, monetari, hous,

asset, price, distribut, effect, wealth

Topic 36 Financial Integration
financi, integr, market, european,

euro, area, system, also, bank, cross-bord

Topic 37
Asset Purchase & rate, purchas, polici, asset, bond
Forward Guidance yield, market, expect, effect, forward

Topic 38 Systemic Risk
model, research, econom, use, system
polici, risk, role, financi, uncertainti

Topic 39 Exchange Rate
countri, converg, member, euro, access,

state, rate, new, process, polici

Topic 40 Risk Management
clear, risk, financi, market, deriv,
central, need, will, system, manag

Topic 41 Sovereign Debt
euro, area, monetari, crisi, sovereign,
polici, countri, market, bank, govern

Topic 42 Capital Flows
exchange, rate, polici, currenc, countri,

capit, monetari, reserv, domest, economi

Topic 43 Payment Service
payment, will, bank, market, servic,

european, also, euro, project, industri

Topic 44 Policy Strategy
price, monetari, euro, polici, stabil,

area, rate, govern, eurosystem, council

Topic 45 Balance Sheet
polici, bank, monetari, area, euro,
also, measur, will, credit, recoveri

Note: The table reports topics’ labels from Topic 31 to 45 based on both most probable bigrams (first column) and top
10 most probable stemmed words (second column).
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Table 8: European Central Bank’s Topics labels (con’t)

Topics Label Top 10 terms

Topic 46 Instant Payment System
technolog, financi, innov, bank, new,

servic, payment, global, challeng, digit

Topic 47 Euro Banknote Coin
banknot, euro, coin, cash, will,

changeov, circul, public, bank, countri

Topic 48 Euro Role
euro, currenc, intern, area, exchang,

use, role, market, countri, dollar

Topic 49 Stress Test
bank, capit, risk, stress, assess,

test, framework, account, requir, model

Topic 50 Product Growth
growth, product, labour, area, euro,

market, increas, employ, rate, economi

Topic 51 Financial System
financi, market, risk, credit,

institut, system, manag, fund, asset, investor

Topic 52
Central Bank bank, will, central, european, year

Forward mission financi, work, let, also, today

Topic 53 Market Infrastructure
market, secur, settlement, infrastruct, will

system, integr, effici, clear, eurosystem

Topic 54 Macro-prudential Risk
financi, system, risk, crisi, macro-prudenti,

polici, stabil, can, will, institut

Topic 55 Policy Low Rate
rate, interest, polici, monetari, low,

lower, negat, real, effect, inflat

Topic 56
Climate Change, Risk & climat, risk, chang, bank, green

Green Bond will, transit, financi, need, can

Topic 57 Financial Stability
bank, financi, central, system, stabil,

polici, supervis, institut, role, function

Topic 58 Euro Area
area, euro, countri, differ, shock,

across, econom, region, differenti, competit

Topic 59 Public Debt
countri, crisi, debt, market, financi,
public, may, problem, system, euro

Topic 60 Inflation Rate
inflat, price, expect, polici, shock,

measur, may, year, monetari, demand

Note: The table reports topics’ labels from Topic 45 to 60 based on both most probable bigrams (first column) and top
10 most probable stemmed words (second column).
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Table 9: European Central Bank’s Topics labels (con’t)

Topics Label Top 10 terms

Topic 61 Bank Union
bank, resolut, union, will, singl,

european, nation, mechan, supervisori, fund

Topic 62 Global Financial Crisis
global, financi, intern, crisi, economi,

system, market, countri, institut, cooper

Topic 63 Euro Banknote
euro, will, banknot, inform, campaign,

coin, area, public, nation, bank

Topic 64 Monetary Policy & Price
polici, central, monetari, bank, price,
inflat, economi, expect, stabil, can

Topic 65 Banking Sector
bank, area, euro, credit, loan,

sector, capit, lend, financ, profit

Topic 66 Assets Purchases
polici, pandem, monetari, measur,

crisi, support, condit, will, fiscal, respons

Topic 67 Policy Decision
central, communic, bank, polici, public
market, decis, transpar, inform, expect

Topic 68 Single Market
european, econom, union, need, nation

area, polici, euro, polit, can

Topic 69 Financial Sector
bank, market, new, activ, competit,
servic, financi, product, develop, can

Topic 70 Growth Rate
financi, polici, market, econom, growth,
monetari, challeng, also, recent, time

Note: The table reports topics’ labels from Topic 61 to 70 based on both most probable bigrams (first column) and top
10 most probable stemmed words (second column).
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