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Abstract

In this study, we discuss central bank communication sentiments assessed using differ-
ent dictionaries. Policy communication by monetary authorities is considered an essential
additional policy tool. Various text-mining techniques could evaluate its sentiment. Dic-
tionary methods are a prominent example here because they offer simplicity and are a start-
ing point for applying more elaborate methods. We decided to test four lexicons: generic,
economic and financial and two domain-specific lexicons to conclude on their applicability
to assess the sentiments of monetary releases and provide recommendations for their fur-
ther application. This study surveys four lexicons qualitatively and conducts a few exer-
cises: lexicon content comparison, performance tests for highly positive and negative mes-
sages, and statistical tests of dictionary alignment and correlation. The sample covers small
open economies implementing inflation targeting. The study concludes that all investigated
dictionaries could be used for detecting central bank intentions: they do not return contra-
dictory results. The choice among them for a particular study depends on the study’s setup
and goals—as presented in our recommendations

Keywords Monetary policy communication - Central bank releases - Dictionary methods

1 Introduction

In this study, we compare lexicons by Minging and Bing (2004), Loughran and McDon-
ald (2011), Apel and Grimaldi (2014), and Bennani and Neuenkirch (2017) as tools to
assess the sentiment of monetary policy post-decision releases. This examination is pri-
marily methodological because we evaluate the applicability of lexicons for central bank
(CB) communication analysis. No benchmark facilitates this exercise, and thus, we test
dictionaries from various perspectives, staring from their qualitative comparison. Our pro-
cedure consists of two main parts: (1) Dictionary-based comparative exercises performed
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qualitatively and quantitatively without reference to actual central bank releases, and (2)
empirical comparison of associations between dictionaries provided for our sample of 15
small open economies implementing inflation forecast targeting. Various techniques of text
mining could be applied for CB communication, as presented by Bholat et al. (2015). We
decided to examine dictionary methods in detail as lexicons are the input to most other
methods, even the hybrid one.

Policy communication, especially central bank communication with markets and the
general public, has recently been gaining importance as an extraordinary tool to drive mar-
ket expectations. This issue is worth examining due to the recent proliferation of litera-
ture that derives sentiments from monetary policy releases and uses them as a variable in
econometric modelling. Central bank communication sentiment is found to be an explana-
tory factor for the expectations of future policy actions (Hubert and Labondance 2021),
inflation expectations (Baranowski et al. 2021), market and economic indicators (Hansen
and McMahon 2016), asset prices (Jegadeesh and Wu 2016; Schmeling and Wagner 2019)
or simply as a useful indicator of the monetary policy stance (Picault and Renault 2017).
The most general message from previous studies on sentiments is that the words provide
information beneath the rough information expressed in monetary policy decisions on
interest rates or unconventional measures.

For the empirical part of the study, we collected data from 15 small open economies
classified as European (even if geographically they are Central Asian or Caucasian coun-
tries having a minority of their territory in Europe or being situated on both continents).
Implementing inflation targeting (IT) by their CBs creates natural room for clear commu-
nication with markets. For this study, we chose small open economies at different stages
of economic development. We set aside European Central Bank and Federal Open Market
Committee announcements. The majority of studies consider these leading central banks.
We contribute to the literature by extending the sample to less prominent economies. !

The novelty of the study is twofold. First, providing empirical results for these less stud-
ied economies is a value-added as we discuss 15 central banks and about 421 million citi-
zens affected by central banks’ policies. All central bank covered apply different structure
of the policy releases and different wording which enlarges the perspective of this study.
Still, the most important study’s contribution to the literature is the multicriterial compari-
son of dictionaries used to derive monetary policy tone. We compare the lexicons qualita-
tively, run a comparative exercise on the counterfactual model announcements, and provide
an association analysis across different lexicons. For the latter, we avoided standard and
disputable correlation analysis. We chose to present the sign alignment, the direction of
change alignment and finally, association analysis based on entropy and mutual informa-
tion. The paper differs methodologically from the existing works.

This examination has become increasingly important as central bank communications
have evolved. Modern CBs’ communication complements or even replaces standard policy
tools. However, as announcements consist of words, communication is a sophisticated pol-
icy tool. Textual documents (corpora) incorporate some ambiguity. The message of CBs’
releases is implicit concerning CB dovishness or hawkishness, even if CBs have recently
moved towards more precise expression of policy inclination. The transformation of quali-
tative information into numbers is a challenging task that requires a few assumptions; the
first concerns the dictionary applied. Once the choice is made, natural language processing
(NPL) techniques can approximate sentiment.

' The sample covers Albania, Czechia, Georgia, Hungary, Iceland, Kazakhstan, Moldavia, Norway, Poland,
Romania, Russia, Serbia, Sweden, Turkey, and the UK.
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When one seeks to perform sentiment assessment, classifying words or expressions as
positive or negative, or hawkish or dovish in the case of monetary policy, is necessary.
Most authors use lexicons already presented in the literature and are available as open-
access input to computational software. These dictionaries differ substantially in terms of
their coverage and the algorithm applied for classification. They return different measures
of sentiments. The following question arises: which dictionaries better analyse the senti-
ment of monetary policy releases? We address this research question as previous works
presented in the literature do not prioritise any available dictionaries. Multiple authors
apply one lexicon and use others as a robustness check. Moreover, previous works are not
supported by any formal analysis of the lexicons’ applicability to a diversified sample of
CBs. The exemplary justification provided by Baranowski et al. (2021) acknowledges, “We
did not consider the Loughran and McDonald (2011) dictionary as it was developed to
capture the tone within a relatively broad financial context. In other words, we expect the
tailor-made monetary policy tone dictionaries to better extract the timbre of the texts ana-
lysed”. This is the standard reference to dictionary choices made by many authors, includ-
ing our previous works. Thus, we consider providing a formal comparison of various lexi-
cons to be a novel contribution to the economic literature.

The sentiment embedded in corpora could be defined differently, as for example, the
disposition of an entity toward an entity, expressed via a specific medium (Algaba et al.,
2021). In this study, the entity that sends the message about its policy settings is a central
bank, and the entity that receives the message is the general public. Disposition, namely
the sentiment, could be positive or negative if one examines general texts. In the monetary
policy context, negative or dovish words or phrases reflect an economic situation that could
lead to policy easing; positive or hawkish phrases indicate possible tightening of monetary
policy. The medium (means of communication) that we examine is a textual document that
a central bank publishes just after a monetary policy decision. It could be abridged and
anonymised minutes, a governor’s statement or a press release. With this study’s perspec-
tive in mind, we choose a document presented in written form to the general public that
explains the rationale for a policy decision together with a reference to the economic stance
and its outlook. We realise that CB communication goes beyond a single measure. None-
theless, due to the volume and diversity of CB communication means and following the
standard approach presented by other authors, we chose only one release to identify the
timbre of CBs’ message.

The remainder of this paper is organized as follows: The next section briefly qualita-
tively reviews the existing lexicons, and the third section describes the study’s data and
methods. The fourth section presents our results and takeaways regarding the lexicons’
applicability in further research. Finally, we present a discussion and the conclusion of this
study.

2 Qualitative comparison of dictionaries

A lexicon elaborated for the purpose of textual analysis is a collection of words (pairs of
words or a sequence of words) and associated sentiment scores (Algaba et al. 2021). A
variety of dictionaries exist for evaluating the sentiments in corpora. Their application,
instead of the narrative assessment of the text, increases the objectivity and repeatability
of examinations. However, objectifying the procedure does not avoid the problems linked
to dictionary elaboration and composition. Thus, the first step of our procedure involves
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the qualitative assessment of dictionaries and their comparison. For this study, we have
primarily chosen four English-rooted dictionaries by Minqing and Bing (2004) (hereinaf-
ter referred to as BG), Loughran and McDonald (2011) (LM), Apel and Grimaldi (2014)
(ABG), and Bennani and Neuenkirch (2017) (BN). They are the most commonly used for
deriving sentiments. Prior to this study, these lexicons were applied in a few examinations,
and examples are given in the presentation of each lexicon (see Subsections above describ-
ing each of the lexicons). They are also available under different licenses for standard com-
putational software. This availability is an important feature when large dictionaries are
discussed. The first characteristic that differentiates dictionaries applied is their coverage
(and source). Our sample has general sentiment lexicons (such as BG) and domain-specific
dictionaries. The latter are based on textual data from a specific field and are meant to be
applied in that field. Dictionary specialization can be quite broad: we examine the LM lexi-
con, a general economic and financial lexicon, and two dictionaries tailored to monetary
policy (ABG, BN). The expression domain-specific dictionary could be understood differ-
ently. The LM lexicon was elaborated due to the limited applicability of generic lexicons to
economic and financial texts. Nonetheless, the LM lexicon does not fully capture monetary
policy language, which motivated the creation of more specific dictionaries.

The superiority of domain-specific dictionaries seems obvious. They do not miscatego-
rise words that could be neutral in the specific context, such as fax, risk or inflation. They
also omit emotionally charged words, which is important if one is examining the formal-
ized messages of policy-makers. However, their specialization could be a constraint: if a
lexicon is based on a narrow sample of documents, it might not be efficient in capturing
sentiments expressed in similar documents published by other entities. We mention this
because one of the lexicons used in this study was derived from a single CB’s announce-
ments, namely ABG for Sveriges Riksbank. Our objection to overly specialized dictionar-
ies also concerns the source for elaboration and validation. A single central bank uses a
similar structure of releases (and other means of communication). This means that when
preparing the given type of announcement, the CB does not start from a blank page (Ehr-
mann and Talmi 2020). Announcements released by one central bank are similar and could
be (relatively) easily processed to create a lexicon. However, substantial cross-country dif-
ferences between contents might exist, especially when the central banks under discussion
adopt a new monetary regime, and their communication practices evolve. This is the case
in our sample.

The specialization of a dictionary could also be problematic if the audience for a doc-
ument does not consist of specialists. Non-specialists might need non-jargon words and
expressions to formulate a subjective assessment of the document. It is worth noticing
that CBs increasingly seek to address the general public as studied by Binder (2017). The
specialization of dictionaries does not reflect the understanding capabilities of this target
group.

The next important characteristic of lexicons concerns their composition. Dictionar-
ies could consist of single words (unigrams) or strings of words (bigrams for two words,
n-grams for more). This issue is relevant once a lexicon is applied to evaluate CB mes-
sages: in economic reality more does not often mean positive. A non-positive relationship
between the direction of change in a variable and the expected policy response impedes
classification. The clearest example here is unemployment. Contrary to the majority of
expressions, such as high growth rate, increasing inflation, strong capital inflow, rapid
consumption growth, the expression increasing unemployment does not denote a positive
economic situation or an incentive for hawkish policy actions. A similar situation occurs
with the expression strengthening of national currency whose effect subdues inflationary
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pressure. Deflation also creates ambiguity regarding the interpretation of positive or nega-
tive sentiment: accelerating deflation promises accommodative policy. In this study, the
cases when an increase in the intensity of a variable indicates weaker economic conditions
and a more dovish policy perspective are called inverse expressions. Their proper interpre-
tation as positive or negative is constrained for lexicons that only apply unigrams. When
bigrams or n-grams (strings of words, expressions) are used, the ambiguity regarding the
direction of the variable changes and its meaning for economic development is reduced. In
our sample, we include both types of dictionaries: unigram and n-gram-based.

The general sentiment of a document is based on scoring. That constitutes the next fea-
ture of lexicons that could differentiate them. The scoring of a single unigram or n-gram is
mostly done on an ordered scale (binary or classification into three classes, such as nega-
tive, positive, and neutral). Three dictionaries from our sample, BG, ABG and BN, apply
binary classification as positive/negative or hawkish/dovish for monetary policy-specific
lexicons. LM lexicon by Loughran and McDonald (2011) divided words into six catego-
ries: positive, negative, litigious, uncertain, constraining, and superfluous. For standard
sentiment assessment, only two binary categories are applied (positive and negative), and
some studies use the category of uncertain expressions to discuss the risk incorporated in
descriptive messages.

When discussing the applicability of lexicons for monetary purposes, three caveats
should be made. The first one involves the highly sophisticated language of CBs. The
description of economic development and policy-making is never a simple story. A central
bank’s perspective is that optimal policy results occur when its ultimate goals are a tar-
geted level for inflation and a closed output gap for production. The word inflation is gen-
erally neutral, especially when inflation is held near the CB’s targeted level. The expres-
sion increasing inflation rate is attributed a positive score because in most cases it triggers
hawkish monetary policy. That is unless this increase does not start at levels substantially
below the inflation target. During one monetary policy committee meeting, policy-makers
discuss and weigh many factors with different effects on the general price level regarding
their strength and direction. The decision balances the perspectives. The same applies to
dictionary analysis of CB releases: it is not perfect, but it returns the overall semantic ori-
entation of the document under analysis. This specific feature of monetary policy language
creates a strong preference for lexicons that use bigrams or n-grams. Nevertheless, there is
no option to distinguish nuances such as inflation below or inflation above the target while
keeping the lexicon simple.

The second caveat that constraints lexicon applicability concerns their inability to
assess the context around the expression (Algaba et al. 2021). This is the case when
negations are used (such as not increased, not improved) or downtoners (such as barely
or hardly). It applies to dictionaries that use unigrams or bigrams. A more complex
approach that uses n-grams or entire sentences, as presented by Picault and Renault
(2017) for the ECB introductory statements allows for reducing this ambiguity. We
appreciate this approach; however, it is far from the simplicity that we seek in lexicons
applicable to a diversified sample. As mentioned above, a central bank uses a standard-
ized form of communication in terms of expressions and the structure of a document.
The ECB is the exemplary case here (Berger et al. 2011). As a consequence, this kind
of classification that presents the probability of an n-gram assignment to some catego-
ries needs to be tailored individually to each CB. The applicability of the Picault and
Renault (2017) procedure for central banks whose communication evolves over years,
being quite scant after IT introduction, is reduced. Moreover, as suggested by Wind-
sor (2021), communication evolved over time not only when strategy changes: since
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the Great Recession central bank efforts and communication have focused more on less
aggregated view rather than macro modelling.

The third caveat refers to the differences between national languages and English.
The majority of studies applying lexicons for the English language are provided for
monetary areas where English serves as the primary language of communication—the
USA, the UK, the euro area, and Canada. However, as most resources and dictionaries
are provided in English, using translations from national languages is a common prac-
tice (Algaba et al. 2021). The works of Baranowski et al. (2021) or Montes et al. (2016)
are examples using translations of CB announcements. In our sample, only the UK and
Iceland use English as the primary communication language. We acknowledge that for
the remaining CBs, we are not able to capture possible nuances in their communication
sentiment because we use releases translated into English. Dictionaries elaborated for
national languages are a rare exception. Apel and Grimaldi (2014) elaborated their lexi-
con for the Swedish version of Riksbak minutes; however, they provided its translation
into English. An English version of the word list provided in ABG is applied in other
studies. Ghirelli et al. (2021) is another example that uses corpora and a lexicon in the
national language (Spanish).

Usually, English translations of CBs’ releases are available online. It could be
assumed that these translations, certified by CB staff, are as close as possible to genuine
announcements. It is more convenient to use them than to translate or create a diction-
ary. Moreover, English is characterized by rather simple conjugation and inflexion rela-
tive to many national languages. Multiple variations in inflexion and conjugation could
constrain a dictionary’s usefulness for natural language processing techniques if it is
presented in the national language.

The features of the four dictionaries chosen for this study are discussed below: a
generic lexicon, a general economic and financial dictionary and two domain-specific
lexicons for monetary policy announcements.

2.1 BM genericlexicon

Minqing and Bing (2004) presented an opinion-based lexicon that consists of 6786 Eng-
lish words. Text mining techniques were used to assess the sentiment of online cus-
tomer reviews. The dictionary is classified as generic because customers freely express
their opinions on the chosen features of products. Unigrams are classified via a binary
scheme into positive or negative. If unigrams are applied there is no option to properly
classify inverse expressions occurring in monetary policy messages.

Even if generic lexicons, especially opinion-based ones, do not appear to be the obvious
choice to asses the sentiment of economic and financial announcements, there are a few
examples of their application in the literature. They could be successfully used to check
the robustness of results obtained with other lexicons. They were also used by Petropou-
los and Siakoulis (2021) to discuss whether central bank speeches help to predict stock
market distortions. Finally, the BG lexicon, together with other dictionaries, was used by
Szyszko et al. (2022) to check the effect of the sentiment of monetary releases on consumer
expectations. We see the potential for applying general lexicons to discuss monetary policy
issues, especially when consumers are expected recipients of a CB message.
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2.2 LM economic and financial lexicon

The most commonly applied dictionary based on financial reports is by Loughran and
McDonald (2011). The authors used 10-K mandatory reports filed annually by publicly
traded companies in the US to create their word list. As the extent of information consid-
ered goes far beyond standard financial statements, these reports are an effective source
for elaborating an economic and financial dictionary. The authors were motivated to create
this dictionary due to miscategorization of financial and economic words—almost three-
fourths of contextually neutral expressions were considered negative by commonly used
generic lexicons (Loughran and McDonald 2015).

The LM lexicon consists of 4150 unigrams. Each is attributed to one of the follow-
ing six categories: positive, negative, litigious, uncertain, constraining, and superfluous. As
mentioned above, this extended categorization is not a standard approach. Only two binary
categories (positive and negative) are applied for detecting the sentiments of economic
announcements. Unigrams with different classifications are omitted. The dictionary avoids
standard, emotionally affected words from everyday language. It does not attribute negative
ranks to economically neutral words, such as tax or cost. As it is unigram based, it does not
allow a user to accurately classify inverse expressions.

The LM lexicon is widely used to recognize the timbre of monetary releases as the
primary dictionary or for robustness checks; for a survey see Baranowski et al. (2021),
Jegadeesh and Wu (2016), Hansen and McMahon (2016), Hansen et al. (2018), and
Schmeling and Wagner (2019). It is also part of today’s most popular hybrid approaches
combining word-of-bag with machine learning (see Danowski et al. 2021; Jegadeesh and
Wu 2016; and Hubert and Labondance 2021) also provided an interesting lexicon, as they
used unigrams classified as uncertain to develop the measure of uncertainty in monetary
releases.

2.3 BN domain-specific lexicon based on unigrams

The domain-specific lexicon to classify monetary policy announcements was presented by
Bennani and Neuenkirch (2017). The lexicon was based on 1618 speeches delivered by
members of the ECB Governing Council between 1999 and 2014. The speeches were not
directly linked to policy decision announcements. They presented the individual opinions
of policy-makers and had not been edited before they were presented. The lexicon is uni-
gram based.’.

The lexicon is modest in terms of the number of unigrams covered. However, the
keywords all fall within monetary policy jargon. Moreover, they were not derived from
official ECB statements; thus, we can expect broader coverage than that within the struc-
tured and edited releases, especially when the speakers can be assumed to be of different
nationalities. The authors did not incorporate nouns specific to monetary policy, such as
inflation, prices, and output gap. Thus, inverse expression bias is unavoidable. However,

2 The authors enumerated keywords that indicated a more hawkish monetary policy: accelerat®, bet-
ter, boom*, emerg*, expansion, fast*, favo(u)rabl*, firm*, great*, high*, improv¥, increas*, larger, posi-
tive, rais*, ris*, stabili*, stable, strengthen*, strong*, subdued, unsustainable, upside, upswing, upturn,
upward* They also included a list of dovish keywords: collaps*, contraction, dampen®, decelerat®, dec-
lin* decreas*, delay* depression, destabili*, deteriorat®, difficul* diminish*, disappear®, downside,
downswing, downturn, downward*, fall*, fragil*, low*, negative, poor, recession®, slow*, sluggish, small*,
struggling, sustainable, unfavo(u)rabl*, unstable, weak™, worse.
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this approach excludes other noted ambiguities: variables expressed by nouns are gener-
ally neutral. The monetary policy context requires reference not only to the direction of
variable changes but also to their relationship towards targets. Excluding nouns from the
lexicon is one option here.

The BN lexicon is commonly used in sentiment assessment due to its simplicity and
universal entries. Examples can be found in Baranowski et al. (2021), Baranowski et al.
(2021), Dybowski and Kempa (2020), Parle (2022), and Szyszko and Rutkowska (2022).

2.4 ABG domain-specific lexicon based on bigrams

Apel and Grimaldi (2014) provided a dictionary based on Sveriges Riksbank statements.
Notably, the primary language of this lexicon was Swedish. These authors appreciated the
idea of using bigrams to classify monetary announcements as dovish or hawkish. They
distinguished eleven nouns (or expressions)® as those that most related to ultimate policy
goals and frequently occurred in CB’s communication. Additionally, dovish adjectives
were indicated,”, together with the basic forms of each adjective. This dictionary avoids the
missed classification of inverse expressions: the only inverse noun included is unemploy-
ment, with the accurate classification as dovish (strong/increasing unemployment) or hawk-
ish (weak/decreasing unemployment). The word unemployment seems to be very important
when the stance and outlook of the economy are discussed; however, unemployment is also
important in other contexts. Nonetheless, when dictionaries are elaborated, there is a com-
promise between simplicity and domain adequacy.

The ABG lexicon was used in empirical studies by Baranowski et al. (2021), Dossani
(2021), and Szyszko and Rutkowska (2022). This lexicon has also been recently extended
by (Apel et al. 2021); an example of the application of this extended lexicon is presented
by Parle (2022).

3 Data and methods

Our sample covers small open economies located in Europe,’ operating with a national
currency and implementing IT (not necessarily fully fledged IT). We purposely avoided
world-leading central banks. The economies under consideration adopted IT at different
moments, and this is why the sample starting points differ. We use the widest range of
data possible.® The sample ends in June 2019. An empirical comparison of dictionaries
is done for Czechia (CZ), Hungary (HU), Iceland (IS), Norway (NO), Poland (PL), Swe-
den (SE), the United Kingdom (UK) (long CB experience in IT implementation); Albania
(AL), Georgia (GE), Romania (RO), Serbia (RS), Turkey (TR) (moderate experience in
IT implementation); Kazakhstan (KZ), Moldavia (MD), Russia (RU) (late adopters of IT).
This scale of study of non-world-leading central banks is novel in the economic literature.

3 Namely, inflation, price, wage, oil price, cyclical position, growth, development, employment, unemploy-
ment, recovery and cost.

4 The dovish adjectives were decreas®, slow*, weak* and low* while the hawkish adjectives were
increas®, fast®, stron*r, and high*.

5 Economies that we discuss are classified as European even if geographically they are Central Asian or
Caucasian countries with a minority of their territory in Europe or situated on both continents.

® In some cases, we collected data for a shorter period than that since IT implementation. The example here
is Iceland — there are no minutes dated prior to 2009 available.
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Our procedure consists of two main parts.

e Dictionary-based comparative exercises: (1) Monetary policy expressions cross-check;
(2) Purely dovish/hawkish cases exercise.

e Empirical part: (1) Sentiment estimations for the sample; (2) Consistency of signs; (3)
Consistency of the direction of change; (4) Mutual information examination.

The first part of the procedure does not rely on empirical data. Instead, we perform two
exercises to compare the word list classifications presented in the chosen lexicons and the
sentiments they return for a purely hawkish or purely dovish corpus. Extreme differences
in classification on a single unigram/bigram level could disqualify a dictionary. The same
applies to biased returns from the purely hawkish/dovish case.

The empirical part of the study approximates sentiments for our sample and verifies the
alignments of sentiments derived from different dictionaries.

We collected corpora of approximately 2000 monetary releases published along with
policy decisions (statements, announcements, abridged minutes, press releases). The cor-
pora were preprocessed before being input into the algorithm (tokenization, lemmatiza-
tion or stemming process). These automated search and word-counting processes were per-
formed via ‘tidytext’ packages (Silge and Robinson 2016).

3.1 Content comparison

As one might expect that monetary policy lexicons are advantageous in approximating pol-
icy announcements, we decide to verify whether their content and classification is reflected
in other dictionaries. Due to their elaboration based on monetary policy messages, they
offer a good starting point for the content cross-check. If monetary policy expressions are
reflected with similar scores obtained by the other dictionaries, they have potential for
application to monetary announcements. Moreover, due to the differed sources of elabora-
tion, we do not expect the same coverage of lexicons. What we would like to verify with
this exercise is the degree of opposite classification that might occur.

3.2 Purely dovish/hawkish exercise

The most demanding part of our study is to find a relevant benchmark for the sentiment
assessment. We decide to create purely positive (hawkish) and purely negative (dovish)
descriptions of the economic stance using the language of central banks. They can be found
in the Supplementary Material. This part of the study is designed to eliminate dictionaries
that return counterintuitive sentiments from a benchmark text.

3.3 Sentiment variable

The sentiment variable that is pivotal for this study is derived from corpora after words
have been identified as negative or positive according to the four lexicons. In accordance
with Uang et al. (2006) the algorithm counts the words and returns the simple index of
communication sentiment calculated as presented by Eq. (1):
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) PositiveWords; , — NegativeWords;
sentiment;, = ——— - , : 1
' PositiveWords;, + NegativeWords;, M

where sentiment; , is the sentiment of CB i’s release from the #-th month; PositiveWords; , is
the number of expressions indicating strong economic conditions, and NegativeWords; , is
the number of expressions indicating weak economic conditions. The procedure returns a
continuous variable sentiment; , for each minute or press release, the value of which varies
from — 1 (all words are dovish) to 1 (all words are hawkish).

3.4 Sign and change alignment

Dictionaries with different numbers of words and expressions return different sentiment
values. Therefore, we check whether sentiments derived from a single document, based
on different dictionaries, are aligned in terms of signs. The same procedure is applied to
verify the consistency of signs in the case of changes in sentiment. Thus, we can conclude
whether different lexicons are aligned in terms of the direction of change they identify.

For each pair x, y of dictionaries:

1: fort =1to N do

2: if sgn(sentimentf,)==sgn(sentiment ) then
3: same sign+ = 1

4: end if

5. end for

6: SCz,y _ samjvsign

3.5 Mutual information measure

Mutual information, based on the concept of entropy,” measures the information of a ran-
dom variable contained in another random variable (Dionisio et al. 2004). Mutual infor-
mation measures the reduction in uncertainty about variable X from observing variable
Y. Important for the purpose of our work, unlike the Pearson correlation, it captures both
linear and nonlinear dependence between X and Y. Note that mutual information does not
imply causality.

Let us denote by X and Y two random variables and assume that each of them can be
described by their probability distributions (Py and Py, respectively). The self-information
of measuring X as outcome x is defined as (Behrendt et al. 2019):

Iy(x) = —log,(Py(X = X)). 2)

According to Shannon (1948), for a discrete random variable X with probability distribu-
tion Py, the average number of bits required to optimally encode independent draws can be
calculated as:

7 Shannon or information entropy is the measure of the uncertainty associated with a random variable
(Shannon 1948).
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Hy(X) = = ) Py(X = x)log, Py(X = x) = E[I;(x)] 3)
X
or — in the case of continuous variables—as:

Hy(x) = - / Px()log,px(x)dx, 4)

where py(x) denotes the probability density function.
If we denote the joint distribution of X and Y by Pyy, then we can define the joint
entropy by:

HX,Y) ==Y Y Pyy(X =xY = y)logy(Pxy(X =x, Y =) 5)
x y

Based on the two measures, one can define conditional entropy as:
HY/X)=HX,Y)-HX). (6)

Based on the concept of entropy and self-information, one can define the mutual informa-
tion as:

IX,Y)=HX)-HX/Y)=HY)-HY/X)=HX)+HY)-HX,Y). @)

To normalize mutual information to take values from O to 1, Dionisio et al. (2004) we
transform it to the so-called global correlation coefficient A:

AX,Y) = /1 = exp2X) ®

4 Results

In this section, we discuss the dictionary-based exercises and empirical results. The con-
clusion on the dictionaries’ applicability will be provided Section Interpretation.

4.1 Dictionary-based exercises

The first exercise consists of a simple comparison of specific monetary policy expressions
presented in the BN and ABG lexicons with the coverage and classification of a generic
lexicon and one tailored to discuss economic and financial content. By performing this
exercise, we seek to verify the degree of contradictions on monetary policy language,
which we believe can be derived from monetary policy lexicons, and other dictionaries.
The results can be found in the Supplementary Material. The comparison of BN vs. BG
and LM yields a similar conclusion—10 monetary policy expressions are not classified
by these two dictionaries (3 hawkish and 7 dovish). It applies for highly specialized words
such as strengthen, upturn, contraction, downside and for a few words that seem to be com-
monly used such as fall, fast, small. Unigrams sustainable, unsustainable and subdued are
classified inversely by BG. The only opposite classification in LM occurs for sustainable.
Non-coverage or inverse expressions between BN and two lexicons occurs in approxi-
mately one-third of cases.
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Table 1 Sentiments derived for
purely dovish and purely hawkish
releases

Dictionary No. of positive No. of negative Sentiment
n-grams n-grams

Dovish release

BG 3 7 - 040
LM 2 5 —-043
BN 8 10 —0.11
ABG 4 9 —0.38
Hawkish release

BG 4 3 0.14
LM 5 3 0.25
BN 12 1 0.85
ABG 5 1 0.67

The content comparison becomes complicated when ABG is considered as the refer-
ence dictionary. Contrary to the other lexicons, it applies bigrams. We generated a set of all
possible bigrams and verify the scores of each adjective and noun that constitute a bigram.

Only two out of eleven nouns included in ABG were classified in the other lexicons:
recovery as positive by BG and unemployment as negative by LM. This is not surpris-
ings because BG is based on more general content, and LM avoids the classification of
words that are neutral in a financial context. A similar situation occurs when adjectives are
discussed: strong (positive), weak, slow (negative) are classified by BG and LM and fast
(positive) by BG only. While ABG distinguishes 45 bigrams, 22 of them are not classified
in BG (even if we assume that only one word needs to be scored), and 30 of them are not
classified in LM. The low coverage of ABG vs. BG and LM is not surprising. However,
average content compatibility is preferable to substantial opposite scoring, which is not
happening in these cases.

The second dictionary-based exercise that we performed involves applying linguistic
analysis of tone to purely dovish and purely hawkish policy releases. The releases can be
found in Supplementary Material. They were prepared by us and cross-checked by a mon-
etary policy expert and professional English language editor before running the exercise.
The sentiment was estimated according to Eq. (1). The results of the estimations are pre-
sented in Table 1.

First, note that no misclassification occurs: dovish announcements are assessed as nega-
tive messages by all lexicons applied (negative values of the sentiment variable). The same
applies for hawkish messages. The conclusion is that all lexicons could be considered use-
ful for the analysis of monetary policy releases.

In our pursuit of creating corpora that return extreme sentiments, we were confronted
with the lexicons’ features. The number of unigrams or bigrams given positive scores (a
hawkish message) is lower than those with negative scores. This confirms that the number
of negative expressions included in the dictionaries is higher.

Interestingly, a larger distance between positive and negative sentiment value is reported
for ABG, and the lowest is reported for the BG dictionary. In this exercise, we were search-
ing for differences in sentiment classification, and both monetary policy lexicons perform
better than the other two. Note that BN returns the least negative value of the dovish mes-
sage and the most positive value for the hawkish message. It also identified the most words
as positive/negative in our exemplary releases.
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Fig.1 Sentiment estimations—examples. Notes: Due to the large sample, only selected economies are pre-
sented: the UK, one of the most IT-experienced countries worldwide; PL a post-transition economy with
long experience in IT; RO, a moderately experienced inflation targeter; and RU, a new adopter of the IT
framework. The length of the series presented depends on the length of IT implementation

The conclusion that could be drawn from this exercise is that even if the lexicons consid-
ered do not capture the same sentiment and do not cover every detail of policy announce-
ments, they all capture what is valid in CB communication. This is in line with the recom-
mendation presented for dictionaries by Muddiman et al. (2019).

4.2 Empirical results

The empirical part of this study begins with sentiment estimations according to our four
dictionaries. Figure 1 presents examples of these estimations. The case of Romania is
worth commenting on here: at the beginning of the research period, this country CB’s
releases were short and not informative. Therefore, few expressions included in the lexi-
cons were detected and scored. The sentiment variable changes rapidly between extreme
values, and the sentiments derived from different lexicons are not aligned. The situation
stabilizes when monetary policy releases become longer. We observe similar situations for
some other CBs (such as Georgia) as long as they do not elaborate on a more informative
communication pattern. Generally, Fig. 1 suggests that there is potential for alignment and
correlation analysis. Our estimations of sentiment for the sample and figures presenting the
results are available online (see XX, 2022).

In the empirical part of the study, we compare the sign and direction of change align-
ment, the sentiments derived from different lexicons, and the correlation assessed with the
application of the mutual information measure. The summary of our statistical analysis is
shown in Table 2. The table presents a pair of dictionaries with the highest (H) and the
lowest (L) alignment in terms of sign, direction of change, and the mutual information
coefficient (Table 3). Additionally, full results of the calculations are provided in Tables 5,
6, and 7.

The LM and BN lexicons are the least consistent in terms of sign alignment, which
occurs on average only in 37 percent of cases. This is also confirmed by country-level anal-
ysis, as in the majority of cases, the lowest consistency is reported for this pair of dictionar-
ies. In contrast, the general economic and financial dictionary aligns more with the generic
lexicon—this pair of lexicons displays the highest alignment. However, the differences
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Table 2 Pairs of the best and the worst performing lexicons—summary

SA-H SA-L DC-H DC-L CI-H CI-L

AL LM-ABG BG-ABG LM-BN BG-ABG BG-LM BG-ABG
CzZ BG-LM LM-BN BG-LM LM-ABG ABG-BN BG-ABG
GE ABG-BN BG-ABG BG-LM LM-ABG LM-BN LM-ABG
IS BG-LM LM-BN BG-LM BG-ABG BG-LM BG-BN

HU BG-LM LM-BN BG-LM BG-ABG BG-LM BG-ABG
KZ BG-LM LM-BN ABG-BN BG-ABG ABG-BN BG-ABG
MD BG-LM LM-BN LM-BN BG-ABG BG-LM LM-ABG
NO BG-LM LM-BN ABG-BN LM-ABG LM-BN BG-ABG
PL ABG-BN LM-ABG BG-LM BG-ABG ABG-BN BG-ABG
RO BG-BN BG-ABG BG-LM LM-ABG BG-LM ABG-BN
RU LM-ABG LM-BN ABG-BN LM-ABG LM-BN BG-ABG
RS ABG-BN LM-BN ABG-BN BG-ABG ABG-BN LM-ABG
SE BG-LM LM-BN ABG-BN BG-BN ABG-BN BG-ABG
TR BG-BN BG-LM BG-LM LM-ABG ABG-BN BG-ABG
UK BG-LM LM-BN BG-LM LM-ABG ABG-BN BG-ABG

SA Sign alignment; DC Direction of change alignment; CI Mutual information coefficient. H denotes the
pair of dictionaries with the highest coefficient according to a given criterion; L denotes the pair of diction-
aries with the lowest coefficient. Numerical results from the calculations are available in the Tables 5, 6,
and 7

Table 3 Average values of coefficients for the sample

Average of BG-LM BG-ABG BG-BN LM-ABG LM-BN ABG-BN
Direction of signs 0.57 0.57 0.51 0.50 0.34 0.55
Direction of change 0.60 0.45 0.54 0.46 0.57 0.58
Mutual information 0.24 0.11 0.15 0.11 0.22 0.23

between the remaining pairs are not striking, being slightly more visible when the direction
of change is compared. In the latter case, we still report the highest alignment for BG-LM
and the lowest for BG-BN.

Finally, we present the global correlation coefficient based on mutual information and
note that the generic lexicon (BG) and general economic and financial lexicon (LM) are the
most correlated, on average, and mostly aligned regarding the sentiment signs and direc-
tion of change. We obtained slightly lower coefficients for the monetary policy-specific
lexicons, but they could also be considered more consistent. The lowest correlation and
alignment are diversified across the lexicons.

4.3 Robustness of the tone estimates
As our tone estimates based on the Eq. (1) do not consider the frequency of a term occur-

rence in the corpora, we decided to present additional estimates of tone with the applica-
tion of the Term Frequency-Inverse Document Frequency (TF-IDF) indices proposed in

@ Springer



Dictionary-based sentiment analysis of monetary policy...

Table 4 Mutual information

between tone estimates and TFI- BN LM BG

IDF measures AL 0.246 0.529 0.402
CZ 0.312 0.714 0.685
GE 0.399 0.836 0.565
IS 0.291 0.501 0.409
HU 0.306 0.665 0.539
K7 0.574 0.458 0.745
MD 0.370 0.671 0.445
NO 0.459 0.538 0.694
PL 0.387 0.782 0.683
RO 0.374 0.787 0.864
RU 0.520 0.389 0.243
RS 0.329 0.705 0.758
SE 0.386 0.761 0.444
TU 0.327 0.513 0.388
UK 0.189 0.724 0.491

Salton and McGill (1986). The TF-IDF in a document d, in a corpus of documents D, for a
t term is formulated as presented by Eq. (9):

tfidf (1,d, D) = 1f (t,d) * idf(t, D) ©

Term frequency #f(t, d) is the number of times term ¢ appears in document d. Inverse docu-
ment frequency idf{(t, D) for a term ¢ in a corpus of documents D is:

idf (1. D) = zog(%’) (10)

where N is is the total number of documents in the corpus D and 7 is the number of docu-
ments that contain that term ¢ (Mee et al. 2021). Hence, the word found in only a few
documents has a very high IDF value, while an IDF value of 0 indicates that the term is
present in all documents. A list containing terms ordered by TF-IDF score presents terms
frequently used in the document (but uncommon in the corpus) at the top of the list and
terms common in all documents at the bottom of the list. The sentiment score is also calcu-
lated as the difference between the positive and negative words in the documents, but the
TF-IDF measure weights each word.

We calculated mutual information coefficients between these two estimates to assess
the difference between tone estimations derived from the standard coefficients and TF-
IDF measure (see Table 4) for all dictionaries except the bigram-based ABG. The highest
mutual information occurs for the LM lexicon (average-0.68)—the frequency of a word
occurrence matters the least for this lexicon. The standard correlation between estimates is
on average 0.9 for all lexicons.

We do not observe substantial differences when the tone is measured with TF-IDF
scores as compared to standard measures. For the graphical presentation for chosen econo-
mies and lexicons see Figs. 2, 3 and 43

8 The graphical presentation for the remaining countries and dictionaries available upon request.
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Moreover, we find frequency indicators less relevant to discussing monetary policy issues as
the tone estimates usually open the discussion on the causality between the tone and financial
and economic variables. Beyond the strand of the literature that uses tone estimates, the idea is
to check whether one release affects a variable. Recipients of a central bank release refer to the
single document, not the corpora, when they react to the release.
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4.4 Interpretation

Having performed qualitative and quantitative exercises, we are ready to present a few con-
clusions on the applicability of the four lexicons for assessing monetary policy releases.
First, sentiments derived from different lexicons differ in levels but are consistent. The dov-
ish—hawkish exercise returned aligned results in terms of the expected signs of sentiment.
We also report sign and direction of sign alignment between all pairs of dictionaries. Some
degree of consistency between lexicons occurs regardless of the different content of the
non-domain-specific lexicons compared to the dictionaries tailored to monetary policy.

As expected, the domain-specific dictionaries are more consistent. However, and less
expected, the generic lexicon and financial and economic dictionary are the most aligned.
This result suggests that monetary policy jargon differs substantially not only from general
language but also from the language of economics and finance.

The sentiments derived from different lexicons are correlated as measured by the mutual
information measure. The reduction in uncertainty on sentiment measured by one diction-
ary knowing that of another reaches approximately 40% in some cases (BG-LM for AL,
PL, UK; ABG-BN for PL, SE, UK), but we expected a more stable result. For some coun-
tries, the correlation based on common information is very low (RU, GE, RS). The results
vary significantly in the study sample depending on the country, which is more indicative
of the differences in the quality of the documents released by CBs.

We also report more consistent results for CBs that are more experienced in inflation
targeting implementation. Generally, we register higher coefficients for these CB releases.
As mentioned above, the length and consistency of announcements allow the algorithm to
classify more words. However, the important conclusion that can be drawn from this study
is that applying dictionary methods works for small open economies in addition to leading
CBs. Nonetheless, their application could be constrained mainly by the quality (length) of
monetary announcements.
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This study does not provide unambiguous results regarding lexicon superiority, how-
ever, we did not reject the applicability of any of these lexicons to discuss monetary policy
content. Thus, we present the following recommendations for further studies.

First, it is a standard research procedure to use more than one lexicon. We suggest choosing
the least correlated, on average or more specifically, for a given country, if one lexicon is used to
test the robustness of the results. If the results from the dictionaries with relatively low associa-
tions are juxtaposed, the validity of the robustness check increases. If one seeks to identify the
association between sentiment and CB decisions, and the latter is expressed qualitatively,” the
lowest direction of change alignment between dictionaries could be considered the most impor-
tant criterion when a main dictionary and another for robustness are chosen.

Alternatively, the averaging of sentiments derived from different lexicons could be
applied. If this option is chosen, there is no need to justify, often in an arbitrary way, the
lexicon choice. The averaging eliminates the drawbacks of a specific lexicon applied for
this specific purpose. The empirical results of this study indicate that averaging has poten-
tial, as lexicons return different but not contradictory results.

The choice of a lexicon should be also based on the goal of the study. If one aims to dis-
cuss the communication effect on consumers (their expectations, private consumption), the
application of a general dictionary appears reasonable. Even if a lexicon is based on con-
tent simpler than that in monetary policy releases, households might easily identify every-
day language. Domain-specific lexicons could be applied if professionals are considered.

If a study sample covers a CB with well-established communication practices over the
considered period of time, we recommend applying the ABG lexicon or its recent extension
(see Apel et al., 2021). In the dovish—hawkish exercise, the ABG lexicon returned the high-
est distance between negative and positive sentiments, and it seems to outperform the other
lexicons. Moreover, we prefer lexicons that apply bigrams due to the inverse expressions
that monetary policy releases refer to. Generally, we regard the idea of bigram-based lexi-
cons as more suitable for detecting monetary policy sentiments. Adjectives, used as dovish
or hawkish modifiers, allow users to obtain a more accurate classification of bigrams. In
our opinion, applying this lexicon follows the recommendation to create (and use) diction-
aries from content to account for context as suggested by Muddiman et al. (2019). None-
theless, our preference for the ABG lexicon must be considered in conjunction with the
study’s goal and the need to check the robustness of the results.

5 Discussion and conclusion

Assessing the tone of monetary policy communication has two dimensions. First, it allows
us to assess the clarity and consistency of the policy message and actions, especially when
directed to the general public. Second, the sentiment variable is the input for econometric
models, which could be useful for finding associations between policy communication and
its effects. In this study, we discussed the applicability of four commonly used lexicons,
and their features and presented recommendations for their application. We built on exist-
ing literature. However, as there is no perfect advice on lexicon choice, our findings should
be discussed in light of what we did not provide in this study.

° This could be a useful solution during a period of relative stability of interest rates and the application of
extraordinary policy measures. CBs’ decisions could be encoded from - 1 (restrictive measures) through 0
(no changes) to 1 (accommodative policy measures). Such a variable could feed logit or probit models.
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First, we acknowledge that the initial choice of lexicons for this study was a compro-
mise: there exist other dictionaries, such as that by Nielsen (2011) or a psychosociologi-
cal lexicon, the Harvard IV Dictionary (Stone et al,. 1962), that we omitted in this work.
We excluded the former because it scores unigrams into five negative and five positive
categories. The Harvard lists are sentiment classifications derived from applications in psy-
chology and sociology; they are criticised for their degree of misclassification of specialist
expressions. As suggested by Loughran and McDonald (2011), up to three-fourths of uni-
grams are classified inaccurately.

The dictionaries applied here are well-established in the literature that uses natural lan-
guage processing to identify sentiments. This is why we did not analyse the recent lexicon
by Tadle (2022). This domain-based lexicon using bigrams appears promising, and we will
consider further tests. Moreover, the emergence of a new lexicon suggests that the strand of
the literature that we are exploring is still evolving.

Second, we know that sentiment analysis techniques are categorised into machine learn-
ing-based techniques (supervised, unsupervised, and semi-supervised), lexicon-based tech-
niques (corpus-based and dictionary-based), and hybrid. However, we must remember that
the chosen approach is always domain and data-specific. The machine learning techniques
(and hybrid techniques with them) required large-scale data to train the model. Sentiment
analysis of exchanged information in social networks or news that can be web-scrapped
guarantees an adequate amount of data, although it should be subjected to an appropriate
prepossessing process to guarantee data quality.

In this study, we focused on applying tone analysis to releases published by central banks.
Unfortunately, this sample of data is much smaller. As a result, we did not apply machine learn-
ing methods. Moreover, Cochrane et al. (2022) examined tools from three broad classes: dic-
tionaries, supervised machine learning, and a method of dictionary induction based on word
embeddings. They found that supervised learners were less accurate than leading dictionaries.
The abovementioned embedding approach seems also to be a promising method in the textual
analysis of central banks (see Baumgirtner and Zahner 2021) but also includes machine learning
steps, which is why it was not addressed in this study.

The work by Dun et al. (2021) that compares dictionaries and supervised learning in terms of
their effectiveness in assessing the tone of media comments on government spending found them
comparable, suggesting that merging these methods increases the accuracy of a media policy
signal. This variable could be compared with sentiment.

The benefit of dictionary-based methods is their ease of understanding and evaluation through
their straightforward and transparent quantification of an underlying corpus. Moreover, machine
learning procedures involve the application of dictionaries or human assistance in the training
phase of the exercise. In future research, if a larger data sample becomes available, it will involve
the incorporation of machine learning models and topic modelling techniques. These methodolo-
gies could significantly aid in identifying the policy topics pertaining to central banks.

Third, regardless of the lexicon applied, the sentiment assessment depends on the coefficients
employed. In this study, we presented a standard version of the sentiment variable as presented
by Eq. (1), compared to the TI-IDF measures. There are variations of this simple coefficient.
Moreover, as presented by Parle (2022), Picault and Renault (2017) and Tadle (2022), the recent
strand of the literature addresses not only improved scoring but also more accurate sentiment
representation. The definition of the sentiment variable could substantially affect the results. In
the robustness check conducted for the dictionary selection problem, it is evident that there are no
significant differences between choosing a standard sentiment index and TF-IDF. TF-IDF
effectively identifies the terms most relevant to a particular document, making it poten-
tially more valuable for accurately assessing sentiment.
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The most important conclusion from this study concerns the applicability of dictionary
methods to assess policy release sentiments in small open economies and not only in the lead-
ing global economies. Moreover, we reported that the four lexicons commonly applied in such
studies generally return different but consistent results. The takeover for further studies is that the
choice of a lexicon for the core part of the study and robustness checks could be based on low
correlations or alignments, as presented in this work. We also recommend choosing the most
relevant lexicon for the study’s goal. If one investigates the communication effects on consumers
- the least qualified group of economic agents—the general dictionary as the BG should be more
consistent with the way consumers communicate (simple language, broader coverage). Domain-
based lexicons are suggested when specialists are studied.

Eventually, the reported results could be discussed regarding their applicability to the
central bank. The lexicons applied are based on different sources, so they return consist-
ent but not the same tones. The nuances of policy communications could be captured and
analysed with different lexicons to assess if the message incorporates the intended mean-
ing. Manipulating the information sets to direct them towards a chosen group of economic
agents (separately—consumers or professionals) would be a challenging task. Still, some
central banks have already started to be directed more towards the general public as they
use microblogs (Twitter/X) or create more simplified, educational content. Central banks
with longer experience in IT implementation manage to create releases that tones are more
aligned no matter which dictionary is used to assess the sentiment.

Ultimately, one must adopt a pragmatic approach in choosing a lexicon. Different scores
and tone variables could result in different properties of the sentiment variable. This is why
testing more than one lexicon is a must.

Appendix
See Tables Al, A2, A3.

Table A1 Sign alignment

Country BG-LM BG-ABG BG-BN LM-ABG LM-BN ABG-BN
AL 0.38 0.33 0.69 0.74 0.62 0.59
CzZ 0.76 0.54 0.42 0.58 0.34 0.61
GE 0.47 0.38 0.51 0.45 0.54 0.59
IS 0.66 0.51 0.41 0.40 0.18 0.61
HU 0.72 0.54 0.34 0.60 0.25 0.35
KZ 0.70 0.41 0.48 0.56 0.41 0.44
MD 0.62 0.39 0.45 0.23 0.23 0.61
NO 0.47 0.37 0.29 0.32 0.29 0.44
PL 0.53 0.50 0.60 0.48 0.49 0.67
RO 0.26 0.22 0.59 0.25 0.23 0.31
RU 0.87 0.77 0.66 0.89 0.53 0.60
RS 0.38 0.42 0.66 0.56 0.31 0.42
SE 0.76 0.55 0.32 0.43 0.18 0.66
TR 0.15 0.57 0.83 0.44 0.20 0.67
UK 0.85 0.59 0.46 0.54 0.34 0.71
Average 0.57 0.47 0.51 0.50 0.34 0.55
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Table A2 Sign direction of change

country BG-LM BG-ABG BG-BN LM-ABG LM-BN ABG-BN
AL 0.61 0.48 0.64 0.63 0.73 0.60
(674 0.65 0.52 0.53 0.50 0.58 0.63
GE 0.56 0.51 0.44 0.41 0.45 0.51
IN 0.71 0.44 0.64 0.46 0.64 0.57
HU 0.67 0.41 0.61 0.53 0.62 0.57
Kz 0.54 0.42 0.50 0.42 0.62 0.73
MD 0.56 0.35 0.47 0.40 0.63 0.46
NO 0.44 0.39 0.40 0.32 0.42 0.49
PL 0.61 0.43 0.53 0.45 0.50 0.52
RO 0.47 0.29 0.47 0.25 0.37 0.35
RU 0.57 0.52 0.54 0.46 0.54 0.65
RS 0.54 0.35 0.56 0.39 0.56 0.56
SE 0.66 0.61 0.60 0.63 0.63 0.69
TR 0.73 0.48 0.52 0.47 0.57 0.65
UK 0.71 0.57 0.65 0.56 0.66 0.70
Average 0.60 0.45 0.54 0.46 0.57 0.58
Table A3 Global correlation coefficient

country BG-LM BG-ABG BG-BN LM-ABG LM-BN ABG-BN
AL 0.43 0.14 0.25 0.17 0.34 0.27
(674 0.13 0.03 0.04 0.03 0.09 0.24
GE 0.17 0.05 0.09 0.03 0.22 0.17
IS 0.25 0.14 0.11 0.16 0.25 0.20
HU 0.29 0.08 0.09 0.10 0.15 0.14
Kz 0.15 0.07 0.20 0.07 0.21 0.32
MD 0.31 0.08 0.07 0.03 0.23 0.07
NO 0.15 0.07 0.12 0.16 0.21 0.16
PL 0.40 0.17 0.34 0.23 0.36 0.42
RO 0.27 0.24 0.15 0.19 0.14 0.13
RU 0.09 0.07 0.09 0.07 0.16 0.10
RS 0.06 0.12 0.14 0.02 0.08 0.21
SE 0.33 0.13 0.17 0.18 0.27 0.41
TR 0.23 0.05 0.11 0.05 0.24 0.26
UK 0.38 0.15 0.26 0.24 0.32 0.39
Average 0.24 0.11 0.15 0.11 0.22 0.23
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