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Abstract

This paper proposes an econometric framework for nowcasting the monetary policy stance
and decisions of the European Central Bank (ECB) exploiting the flow of conventional and
textual data that become available between two consecutive press conferences. Decompo-
sitions of the updated nowcasts into variables’ marginal contribution are also provided to
shed light on the main drivers of the ECB’s reaction function at every point in time. In
out-of-sample nowcasting experiments, the model provides an accurate tracking of the ECB
monetary policy stance and decisions. The inclusion of textual variables contributes signifi-

cantly to the gradual improvement of the model performance.
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Non-technical summary

When the European Central Bank (ECB) was founded in 1999, the Governing Council used to
take policy decisions twice a month with a press conference taking place only on the first meeting
of the month. Afterwards, from November 2001 there was only one policy meeting per month
coming along with the press conference. From January 2015, the frequency of monetary policy
meetings changed again to occur every six weeks. Since its inception, thus, the “blind spot”
between two consecutive ECB press conferences has increased. At the same time, however, a
wide range of data are published between two consecutive Governing Council meetings at daily
or monthly frequencies and they contain valuable information on the expected path of monetary
policy. Therefore, although the contemporaneous monetary policy stance and decisions of the
incoming press conference are not available, they can be estimated exploiting higher-frequency
variables that are released in a more timely manner.

This paper provides an econometric framework which enables researchers to track the real
time evolution of the monetary policy stance and decisions of the ECB on the basis of the increas-
ing amount of information that becomes available between two consecutive press conferences.
First, ECB monetary policy stance is derived by applying an ECB field-specific dictionary to
the introductory statements of the press conferences. Second, the flow of information includes
conventional and textual data with a sampling frequency which is equal or higher than monthly.
While conventional data encompass a wide range of macro and financial variables, textual data
refer to a dataset with around 300,000 documents (newspaper articles, magazines, etc.) that
explicitly mention the ECB in their content. Based on these data sources, the model outputs
real-time forecasts of the ECB monetary policy stance at every new release of data as well as the
expected probability that the ECB, conditional on the incoming data, will actually announce
a monetary policy decision. Additionally, the model allows to decompose the model-based
news from each data release and assess its contribution to the forecast revision. This enables
researchers to understand what drives ECB monetary policy at every point in time.

The model is estimated recursively from January 2005 to December 2020 and updated for
every week between two press conferences. The empirical results are the following. First, I
develop a Dynamic Factor Model (DFM) with mixed-frequency conventional and textual vari-

ables to estimate the contemporaneous monetary policy stance of the ECB. Second, the model
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provides an accurate tracking of the ECB monetary policy stance and decisions at historical
ECB announcements. Third, the model proves to be useful in forecasting the Euro Overnight
Index Average (EONIA) rates from January 2008 to December 2009. Fourth, the model provides
higher forecast accuracy than competing models. Last, the inclusion of textual variables in the

dataset contributes significantly to the improvement of the forecasting performance.
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1. Introduction

Central banks usually announce changes to their monetary policy stance in press conferences.
The interval between two consecutive press conferences, however, can be significantly long. Even
if macroeconomic and/or financial conditions change abruptly, central bank watchers need to
wait the nearest press conference to see confirmed or denied their expectations on central banks’
decisions. Market participants and policy-makers can thus only rely on non-systematic strategies
to interpret the future path of monetary policy.

This paper provides an econometric framework which enables interested parties to track
systematically the real time evolution of the monetary policy stance and decisions of a central
bank on the basis of the increasing amount of information that becomes available between two
consecutive press conferences.

I focus on the European Central Bank (ECB). Since its inception, the “blind spot” between
two consecutive ECB press conferences has increased. In 1999, the Governing Council used to
take policy decisions twice a month with a press conference taking place only on the first meeting
of the month. Afterwards, from November 2001 there was only one policy meeting per month
coming along with the press conference. From January 2015, the frequency of monetary policy
meetings changed again to occur every six weeks. At the same time, however, a wide range
of conventional and textual data are published between two consecutive Governing Council
meetings at daily or monthly frequencies that contain valuable information on the expected
path of monetary policy. Therefore, although the contemporaneous monetary policy stance and
decisions of the incoming press conference are not available, they can be estimated exploiting
higher-frequency variables that are released in a more timely manner.

First, I construct ECB field-specific dictionaries and apply them to subsets of the introduc-
tory statements of the press conferences to derive the indexes of ECB monetary policy stance,
economic and inflation outlook. Second, I structure a textual dataset with around 300,000 doc-
uments into daily time series with macroeconomic information. Third, I model the total dataset
containing around 140 variables as a Dynamic Factor Model (DFM) with flow and stock vari-
ables estimated at daily frequency. The DFM is augmented with an auxiliary equation that
takes the specification of a multinomial logit with three possible monetary policy outcomes:

ease, constant and hike. Last, I set up a “pseudo” Taylor rule to assess the performance of

ECB Working Paper Series No 2609 / October 2021 4



the DFM. Overall, the model produces three pieces of information: the nowcast of the ECB
monetary policy stance, the forecast of the conditional probability that the ECB will actually
take a monetary policy decision at time ¢ + 1 and the block of variables that drives the revision
of each nowcast at every point in time.

The empirical results are the following. First, I develop a DFM with mixed-frequency con-
ventional and textual variables to estimate the contemporaneous monetary policy stance of the
ECB. Second, the model provides an accurate tracking of the ECB monetary policy stance and
decisions at historical ECB announcements. Third, the model proves to be useful in forecast-
ing the Euro Overnight Index Average (EONIA) rates from January 2008 to December 2009.
Fourth, the model provides higher forecast accuracy than competing models. Last, the inclusion
of textual variables in the dataset contributes significantly to the improvement of the forecasting
performance.

This paper refers to three strands of literature. The first one is on nowcasting. Since the
release of Giannone et al. (2008)’s seminal paper, the nowcasting literature has significantly
developed methodologically and empirically (see Bok et al., 2018 for a survey). In particular,
this paper is directly related to Baribura and Modugno (2014) as it draws on their Expectation
Maximization (EM) algorithm to estimate the DFM and to Barbura et al. (2013) for laying
down the strategy to model mixed frequency flow and stock variables'. Thorsrud (2020) and
Cimadomo et al. (2020) come also close to this paper: the former employs textual variables for
nowcasting Norwegian GDP, while the latter, among other things, proposes a mixed-frequency
VAR to forecast the Fed Funds rate given the latest news on US economic conditions.

The second strand of literature studies forecasting interest rate decisions. Following Taylor
(1993), it has become common to characterize central bank policy as an interest rate rule (the so-
called Taylor-rule) that responds to inflation and the output gap or other combinations of macro
variables (for a survey, see Wieland and Wolters, 2013). More recently, with the ascent of text-
mining techniques, macroeconomists augmented the stylized Taylor rule with textual variables
capturing central bank communication. In particular, many papers attempted to study whether

ECB communication helps predict future monetary policy (Sturm and de Haan, 2011; Picault

Although the main focus of the paper is on state-space models, it is worth acknowledging that a significant
part of the literature on nowcasting also includes MIxed Data Sampling (MIDAS) regressions (see Ghysels et al.,
2004; Ghysels et al., 2007; Clements and Beatriz, 2008; Kuzin et al., 2009; Marcellino and Schumacher, 2010).
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and Renault, 2017; Bennani and Neuenkirch, 2017; Bennani et al., 2020; Baranowski et al.,
2021).

The communication of the Federal Open Market Committee (FOMC) also attracted signifi-
cant attention. For instance, Lucca and Trebbi (2009) quantify the statements released by the
FOMC and find that FOMC communication is a more important determinant of Treasury rates
than contemporaneous policy rate decisions. Similarly, Hansen and McMahon (2016), mea-
suring the information released by the FOMC, find that shocks to forward guidance are more
important than the FOMC communication of current economic conditions in terms of their
effects on market and real variables. Hansen et al. (2017), taking advantage of the release of
tape-recorded FOMC minutes (October 1993) and of text mining tools such as latent Dirichlet
allocation (LDA), show that the decision to increase transparency results in a trade-off between
discipline and conformity. Shapiro and Wilson (2019), estimating the FOMC’s loss function
from FOMC transcripts, minutes and members’ speeches, find that the FOMC had an implicit
inflation target of approximately 1.5% over 2000-2013.

The last stream of studies deal with the application ot text-analysis techniques beyond central
bank communication (see Gentzkow et al., 2019 for a survey). To quote a few recent papers,
Ke et al. (2019) introduce a supervised learning framework to extract sentiment information
from news articles to predict asset returns. Bybee et al. (2020) propose instead an approach
to measuring the state of the US economy structuring 800,000 Wall Street Journal articles over
the period 1984-2017. Babii et al. (2021) advance a new structured machine learning regression
approach for high-dimensional mixed-frequency time series data. In the practical application,
besides conventional macro and financial data, they exploit Bybee et al. (2020)’s textual dataset,
to nowcast US GDP and document superior nowcasting performance with respect to the state-
of-the-art state space model approach implemented by the Federal Reserve Bank of New York.

To the best of my knowledge, however, no study exploits the flow of information that becomes
available between press conferences to continuously and systematically update the nowcasts of
the monetary policy stance and decisions of a central bank. Therefore, the main contribution of
this paper is the set-up of a unified econometric framework that is novel for describing central
banks’ reaction function.

The rest of the paper is organized as follows: Section 2 describes the datasets, the text-mining
techniques and the estimated news topics. Section 3 details the models. Section 4 illustrates

the results and Section 5 concludes the paper.
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2. Data and Textual Methods

Section 2.1 derives three indexes from the introductory statements of the press conferences of
the ECB: a monetary policy stance index, an economic outlook index and an inflation outlook
index; Section 2.2 details the procedural steps to structure and quantify textual data; finally,

Section 2.3 describes the total dataset used in the model.

2.1. Quantifying the Press Conferences of the ECB

The ECB’s press conferences have a pivotal role in transmitting monetary policy information
and are therefore best suited to extracting macro and policy signals. In particular, the aim is to
derive indexes of monetary policy stance, economic and inflation outlook. While the first one is
the variable to nowcast, the other two convey significant information for the path of monetary
policy and, for this reason, will be part of the DFM.

To quantify these indexes, I proceed in three steps: first, I gather press conferences from
January 2002 to December 2020 by webscraping the ECB’s website. I then remove the Q& A part
from every press conference and subset the texts into paragraphs. To further reduce the noise in
the data, I apply some common pre-processing steps such as removing stopwords, punctuation,
numbers and deleting general expressions with no economic content (e.g. greetings, welcome
statements and the like).

Second, I apply Latent Dirichlet Allocation (LDA) model (Blei et al., 2003) to the corpus of
press conferences to identify and cluster together paragraphs that belong to the same topic. This
is possible since the fundamental idea of LDA is that documents are represented as a distribution
of latent topics, where each topic is characterized by a distribution over words. Figure 1 provides

a graphical illustration of the model.
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Figure 1: Graphical Representation of LDA
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Note: The figure illustrates the Bayesian network of LDA using plate notation. The circle associated with w,,»
is gray colored since it indicates that these are the only observable variables in the model.

Allowing bold font indicate the vector version of the variables, it is possible to write the
model formally. Let w = (wy, we, ..., wy) be a document formed by a sequence of words where
wy, indicates the n'" word and let D = {w1,ws, ..., wy} denote the entire corpus composed
by M documents with N = 2%21 N, being the total number of words in all documents and
N, = Zivzl wy, the total number of words for the m!™ document. Let also z be a set of K
latent topics. A corpus D has a distribution of topics for each document given by 6,, and, in
turn, each topic has a distribution of words denoted by g, with both 8,, and ¢y assumed to
have conjugate Dirichlet distributions with hyper parameters o and 8. Each document w in
the corpus D is an iterated choice of topics 2, and words wy, , drawn from the multinomial
distribution using 0,, and (. This can be formally expressed, for the m! document, with the

joint distribution of all known and latent variables given the hyper parameters as follows:

P(Wins 2, O, ®; 0, B) = T107 P(winn | 06)P(2mn | Om) -P(Omi ) - P(®;8) (1)
~ ~~ N——
word level topic level

document level (1 document)
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where ® = {@g} | is a K x N matrix. As equation (1) shows, there are three levels in
the LDA model: a document level where every document is a mixture of latent topics, a topic
level where every document has a probability to belong to a topic and a word level where every
word has a probability to belong to a topic. The final step is to determine K, so far, assumed
to be fixed. Perplexity cross-validation measure across Markov chain Monte Carlo (MCMC)
iterations (Heinrich, 2009) and minimization of the average cosine distance of topics (Cao et al.,
2009) suggest that 8 topics provide the best decomposition of the press conferences. The model is
then estimated integrating 6,,, and ¢y, out of equation (1) and using Gibbs sampling simulations
as in Griffiths and Steyvers (2004). Further technical details are described in Appendix A. The
estimated words’ probabilities (¢g) allow me to identify the three topics of interest (monetary
policy stance, economic outlook and inflation outlook)'. Then, once the topics are identified,
I use the probability of each document to belong to one of these three topics (6,,) to combine
together paragraphs with the same content in datasets that I denote PCMP for introductory
statements with monetary policy information, PC for introductory statements with inflation
content, and PCFO for introductory statements with growth outlook indications?.

The third step implies the quantification of these datasets. Drawing on Picault and Renault
(2017)’s methodology, I create ECB-field specific dictionaries for each topic c. I first subset each
dataset PC* into combinations of words (hereafter n-gram) and manually classify each n-gram
into the topic ¢ (monetary policy, inflation and economic outlook) with tone x (hawkish, neutral,
dovish for monetary policy and positive, neutral, negative for inflation and economic outlook)?. I
then compute the probability that every n-gram belongs to each of the corresponding category.
Next, each n-gram is classified as positive, 1, or negative, -1, on the basis of which category
has the highest probability and kept only if the probability is greater than 50%. In parallel, I
create an ECB-specific dictionary for valence shifters (i.e., negators, amplifiers, de-amplifiers and
adversative conjunctions). Once the polarized dictionary is constructed, I apply Rinker (2019)’s
methodology to measure the tone of a document. The algorithm breaks each press conference

into sentences and, in turn, each sentence into an ordered bag of words. The word w in each

1 Appendix A provides insights on topics’ identification.

2 Since every document m has a probability 8, to belong to any of the three topics, the m*® document is assigned
to topic k only if the topic with the highest probability (6 4%) exceeds 35%.

3 For instance, the n'" n-gram of PC'? is assigned to one of the three categories for inflation: inflation outlook
positive, inflation outlook neutral and inflation outlook negative. The same procedure holds for all the datasets.
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sentence 7 is then compared to the dictionaries of polarized words just described. These polarized
words form a polar cluster 7y, -, that is, a subset of a sentence (v, > C 7) where every polarized
word (wh) in the cluster is preceded and succeeded by valence shifters that weight the impact of

the reference word by a factor 7 set by the researcher. Amplifiers w, (de-amplifiers wy) increase

w?)] where w}® = (—1)*t2-v5

neg

(decrease) the polarity by n in such a way that w, = ) [n- (w5

and wY stands for the n!* negator in the j** cluster*. Amplifiers become de-amplifiers wy if

n

% in the cluster. This is so because wy® is positive for

there is an odd number of negators w
an even number of negators and negative otherwise; such a logic is based on the rule that two
negatives equal a positive, three negatives a negative, and so on. As a result, negations can also
change the sign of the polarized word. On the other hand, an adversative conjunction wugyeon
before the polarized word up-weights the cluster by 1 + [1 - (Wadveon)], Whereas an adversative
conjunction after the polarized word down-weights the cluster by 1 4 [(wadyeon — 1) - 1]. This
resembles the belief that an adversative conjunction augments the weight of the next clause

while reducing the weight attributed to the prior clause. Overall, the score for each sentence s

is computed following the equation:

n

Yw,r
= = 2
(0 SR (2)

where i - = > [(1+wq +wq) -wh -wy™] is the sum of single polar clusters and 4/ SN wy is
the square root of the total number of words in a sentence. To obtain the mean of all sentences
within a press conference I simply calculate the average sentiment score PC?% = %Z Ur.

This method departs from the frequently used Loughran and McDonald (2011) (LM) and the
Apel and Blix Grimaldi (2012) (AG) dictionaries in at least two dimensions: on the one hand, it
is crafted on the ECB communication on a specific topic, that is, it avoids misinterpreting words’
tone because of a different context; on the other hand, it considers a mixture of single words
as well as sequence of n words, thereby preventing from attributing the wrong sign to specific
n-grams (e.g. “lower unemployment” vs “unemployment” ). Besides, unlike Picault and Renault
(2017), I calculate the average tone of a press conference controlling for valence shifters. Such

a method provides a much more robust inference since it is able to handle linguistic nuances

* The summation symbol in w, = 3 [ (w2 - w?)] indicates the sum of amplifiers in the 5" polar cluster.
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that approximate the natural language. Figure 2 displays the evolution of the economic outlook,

inflation outlook and monetary policy stance indexes against relevant macroeconomic data.

Figure 2: Indexes Based on the Introductory Statements of the Press Conferences
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Note: The figure plots the time series of economic outlook, inflation outlook and monetary policy stance against

key macro variables. The variables are standardized to facilitate the comparison. Since the indexes are somewhat
jagged, I show the moving average.

In particular, the economic outlook index is strongly correlated with the ECB’s GDP projec-
tions as well as the Bloomberg weighted-average of private (FCSGDP1) and official (FCSGDP2)
GDP forecasts. The inflation outlook index, instead, underperformed the ECB (ECBSTAFF-
PROJ) and private (FCSINFL) inflation forecasts in 2008 and 2013, while it outperformed them
from 2016 to 2019. Lastly, the monetary policy stance index closely resembles the dynamics of
EONTIA rates, the marginal refinancing operations (MRO) and the Wu-Xia ECB shadow rate.
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2.2. Words as Data: Augmenting the Nowcasting Exercise with
Textual Data

In addition to conventional macro and financial data, I augment the model with information
extracted from textual data at daily frequency. The dataset is taken from an internal ECB’s
database and contains around 300,000 documents from 19 September 2004 to 31 December
2020°. This dataset includes newspapers’ articles, online websites, magazines, TV news, etc.
that explicitly mention the ECB in their content (see Appendix A for details).

To make this dataset applicable for time series analysis, I follow a similar procedure to the
one employed in Section 2.1. After pre-processing the dataset, I decompose the textual corpus
into news topics using LDA estimated with K = 80%. Out of 80 topics, I identify and label 60 of
them which I reduce to 40 once filtering for monetary policy relevance’. The remaining 40 topics
are then clustered into 7 meta-topics on the basis of the similarity among topics. These 7 meta-
topics are: “Financial Crisis”, “Eurexit”, “European Banks”, “Inflation Outlook”,“Economic

”8

Outlook”, “Monetary Policy” and “Fiscal Policy Figure 3 shows the evolution of the topic

probability of the first three topics. I refer to Appendix A for further details.

5 “Internal” does not mean “private”. In fact, the textual information is public. ECB staff only translated every
non-English article into English and every non-textual information (Radio interviews and podcasts) into text.
6 Similar to the previous section, I estimate the optimal number of topics using perplexity cross-validation measure
across Markov chain Monte Carlo (MCMC) iterations (Heinrich, 2009) and minimization of the average cosine

distance of topics (Cao et al., 2009).

" 1 identify and label only 60 topics out of 80 since the remaining topics were not clearly identifiable.

8 Tt should be noted that while the indexes for inflation and economic outlook in Section 2.1 represent the ECB
internal assessment of those macro variables, the ones derived here reflect the tone of a much broader “audience”.
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Figure 3: Topic Probabilities for Daily Indexes
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Note: The figure plots the evolution of the topic probabilities derived from the DTM for “Financial Crisis”,
“Eurexit” and “European banks”. The variables are standardized to facilitate the comparison. The second y-axis
shows the words with the highest probability to belong to a certain topic. Since the indexes are somewhat jagged,

I display the moving average.

As the figure reports, the “Financial Crisis” and “Eurexit” series to a large extent correlate

with a wide range of indicators from EU volatility Index (VIXEU) to the composite indicator

of systemic stress (CISS) (Kremer et al., 2012), while the “European banks” index, especially

from 2008 on, follows a similar evolution to a variety of bank-related indicators®.

9 In the figure’s legend, “FRBANK?” refers to FR CAC 40, “I'TBANK” to MIB, “ESBANK” to IBEX 30 and
“GRBANK” to FTSE/ATHEX Banks Index. Additionally, “GSEAFCI” indicates the Goldman Sachs index of
financial conditions in the euro area, “EPU” stands for the Economic Policy Uncertainty Index for the euro area
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While for the topics in Figure 3 the creation of field-specific dictionaries is not necessary as it
would not add much information to the evolution of the topic probabilities, the remaining four
topics require a quantification step to be made. To do so, I proceed in five steps that I describe in
more detail in Appendix A: first, as in Section 2.1, I exploit LDA’s topic probabilities to create
content-specific datasets. Second, I apply word embedding (Stoltz and Taylor, 2019) to identify
patterns of the co-occurrence of words within a “context window” centred around, respectively,
“inflation”, “economy”, “monetary”, and “fiscal”, where these key words simply correspond to
the topics of the field-specific dictionaries. Third, I compare the vector of words just obtained
with the field-specific dictionaries in Section 2.1. If the word in the vector does not appear in
the existing dictionary, I manually classify it to be either positive or negative and add it to
the relative field-specific dictionary. For the fiscal policy index I use the same procedure but
the comparison occurs with a dictionary of fiscal words developed in Marozzi (2021). Fourth, I
apply equation (2) to score and aggregate each sentence for each content-specific dataset. Fifth,
I filter out the bias that can come from the country of origin of the document by regressing the

sentiment score on countries’ dummies. Figure 4 presents the results.

and “SENTIX” is the Sentix Investor Confidence.
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Figure 4: Quantified Indexes Derived from the Textual Dataset
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Note: The figure plots the quantified indexes of inflation outlook, economic outlook, monetary policy index and
fiscal policy index derived from the textual dataset. The variables are standardized to facilitate the comparison.
Since the indexes are somewhat jagged, I display the moving average.

Notably, while the index for inflation outlook closely follows 5Y5Y inflation swap rates, the
dynamics of the economic outlook index somewhat correlates with VIX EU and the European
stock market index (EUSTOXX50). Moreover, the index for monetary policy resembles the
evolution of a bunch of risk-free rates in the euro area. Instead, the index for fiscal policy appears

to have its closest fit with the European Commission’s Consumer Confidence Indicator!".

10Tn the figure’s legend, “INFLBRKIT” indicates the Italian 10Y inflation break-even rate, “EUFCI” stands for
the OIS-LIBOR spread and “EUSWAP10Y” is Euro 10Y swaps.
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2.3. Total Dataset

The total dataset consists of 140 macroeconomic indicators for the euro area at daily, monthly
and irregular frequency, with the latter being denoted as the frequency of the introductory
statements of the press conferences. Given the mixed frequency nature of the variables, I follow
Mariano and Murasawa (2003) in writing the dataset at the highest frequency, i.e. daily, and
therefore assuming that lower frequency variables are missing periodically'!. Data are collected
in December 2020 with the sample starting in January 2002 and transformed to induce station-
arity. Since real-time vintages for every series are not available, the dataset is to be considered
a “pseudo” real-time dataset.

To provide more detail on the structure of the dataset, the variables have been aggregated
into eleven blocks with similar economic content and release day (Table 1)'2. For a complete
breakdown of the dataset I refer to Appendix B. Starting with the daily frequency, I group
the variables into four blocks: rates and spreads, financial, forecasts, and textual. While rates
and spreads contains government bond rates and spreads, risk-free rates, overnight index swaps
(OIS), mortgage and break-even rates, the financial block includes stock indexes, banking and
credit data and credit default swaps (CDS) for the main European countries. Moreover, the
forecasts block comprises private and official forecasts for GDP, inflation and unemployment,
whereas the textual block is composed of the variables derived in Section 2.2'3. As for the
monthly frequency, while output spans industrial production, unemployment and exchange rates
variables, price contains various inflation indexes; surveys denotes Purchasing Managers Indexes
(PMIs), EuroCOIN indicator and the European Commission’s surveys; the mized group indicates
variables with the same release period ranging from sovereign CISS to indexes of financial stress
and economic sentiment; ECB’s loans to household, financial and non-financial institutions,
ECB’s holdings of securities, M3 and a range of ECB key rates are subsumed into the monetary
group; the US block contains US variables ranging from PMIs to CPIL. Finally, the last block

for irregular data simply includes the textual variables extracted from press conferences in

11 so doing, I also avoid applying any transformation to the variables at irregular frequency, among which there
is the variable to nowcast.

12Because the timing and order of data releases vary only slightly from month to month, I assume that the pattern
of data availability is unchanged throughout the evaluation sample.

13 To have forecasts in a unique release block, when forecasts were not available at a daily frequency, I filled
missing observations with previous values.
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Section 2.1.

Table 1: Total Dataset by Blocks

Block Timing Delay Frequency Number
Financial Daily No delay Daily 16
Forecasts Daily No delay Daily 6
Rates and Spreads Daily No delay Daily 41
Textual Newspapers Daily No delay Daily 7
Prices Mid-month One month Monthly 9
Output Mid-month One month Monthly 10
Surveys End of month No delay Monthly 14
Mixed End of month One Month Monthly 8
Monetary End of month One month Monthly 19
US Mixed Mixed Monthly 7
Textual PC Press conferences No Delay Irregular 3

Note: The first column reports the block in which the released variable are included. The second
column indicates the official dates of the publication. The third one reports the lag with which the
data are released. The frequency of the data is reported in the fourth one, while in the last column is
displayed the number of variables per group. Data have been collected from Haver and Bloomberg.

3. Methodology

Section 3.1 details the features of the Dynamic Factor Model (DFM) used to track in real time
the developments of the ECB monetary policy stance and decisions and Section 3.2 explains the

benchmark model employed to compare the performance of the DFM.

3.1. The Dynamic Factor Model

I build on Modugno (2013), Banbura et al. (2013) and Baiibura and Modugno (2014) to develop a
mixed-frequency Dynamic Factor Model with flow and stock variables. Let Y;k’n be the collection
of variables n € {f, s} in Section 2.3 where f denotes a flow variable and s a stock variable at
frequency k € {i,m,d} where i stands for irregular, m for monthly and d for daily. Let Ftk’"
also denote the corresponding unobservable factor for Y;k’". The measurement equation can be

written as follows:
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v/l (A 0o o o [EF] [EV]
Y o A™ o ol |EM| |E™
m,S - m,S + m,S ’ (3)
Y™ 0 0 A™s 0] |E™ E™
Y4 [0 0 0 A | FY] | B

where A¥- are the factor loadings for each frequency k and A*f = (A% 0) is needed to
match ﬁ’tk’f = (Ftk’f ,, Ftk’f /) that contains an additional auxiliary aggregator Ftk’f for the flow
variables; E;; are idiosyncratic errors such that E;; = 4.9.d.N(0, ) where ) is diagonal. I
leave technical details on aggregators in Appendix C. The transition equation with time-varying

coefficients can then be written as:

Ly 0 o wi|[E 5 0 o ol [FY 0
0 I, 0 w™'| |Fm™ |0 o0 ol |[E™ L0 "
0o 0 I, wW™| |Fm™* o o I™ o |F" 0
0 0 0 L ||F] [0 0 0 E|Fi] [U]

where Wf "™ contain aggregation weights for every frequency higher than the daily one, Itk o
are selection matrices of time varying coefficients that take the value of zero the day after each
release of data with frequency k and one elsewhere, = is a matrix of autoregressive coefficients
for the daily factors that are assumed to follow a VAR(p) process and Uy ~ i.i.dN(0,) ;)
where ) ;; is a diagonal matrix.

The model is then estimated using the methodology developed by Banbura and Modugno
(2014) that adapts from Dempster et al. (1977) the Expectation Maximization (EM) algorithm
to handle arbitrary patterns of missing data. The algorithm consists of three steps: first,
initial parameters are estimated via principal components on a sample of data where missing
observations are handled using splines. Afterwards, the algorithm iterates until convergence to
a local maximum between the expectation step, where the missing data in the likelihood are
filled in by the Kalman filter and smoother, and the maximization step where this likelihood

with complete data is optimized (further details in Appendix C).

Equations (3) and (4) output the nowcasts of monetary policy stance. However, they are not
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informative on the expected probability that the ECB, conditional on the incoming data, will
actually take a monetary policy decision. To add this important piece of information, I augment

the model with a bridge equation whose specification is:

P(yen = j|Xesn) = ®(a+ B Xeqn) - (5)

Equation (5) is a multinomial logit model where y;, is a categorical variable that takes j = 3
values: y.yp equals 1 if the ECB hikes at time ¢ + h, 0 if there is no actual change and -1 if the
ECB eases at time t + h'; o and 3 are, respectively, a constant and a vector of parameters; ®(-)
denotes the cumulative distribution function of the logistic distribution; and Xt+1 is a vector
containing a set of predictors for which the DFM provided the forecasts at time ¢ 4+ 12. This
bridge equation thus yields updated nowcasts of the conditional probability attached to each
outcome whenever new information becomes available.

This model finally provides a framework to structure the flow of data releases in real time to
trace out which variables drive the evolution of the nowcast. Drawing on Banbura and Modugno
(2014), the decomposition of the source of nowcast revision can be written formally. Let €, and
Q;_1 denote two consecutive data vintages where ;1 C €. Let I, be the observations for
the j** variable (y{ ) in €, missing in €2;_1, that the new release made available®. The interest

is in inspecting how the release of I, affected the updated nowcast of the ECB monetary

policy stance at time ¢ (yF¢P). Considering two consecutive nowcast updates, E(y7¢?|Q;) and
E(yF¢P|Qs_1), the expression for the nowcast revision can be written as?:
ECB _ ECB ECB
E(yt Q) = E(y; 9—1) +E(y; | Inew) - (6)
N ~ vl N ~ J v
new forecast old forecast news

Note that in equation (6), E(yF ?|Inew) # 0 only if Iew = yi - E(yzmt,l) # 0, that is, the

Appendix C provides details on how I turned a continuous variable into a categorical one.

The set of regressors are: core inflation, industrial production, M3, EONIA, 10Y BUND-BTP spread, trade-
weighted exchange rate and forecasts of inflation and GDP.

To be precise, ;1 and Q; can differ for two reasons: the first reason is that new observations for the j**
variable become available and the second one is that some of the past data might have been revised. I abstract
from the latter case.

4 Following Baiibura et al. (2013), I exploit the properties of conditional expectation as an orthogonal projection
operator to derive the equation. Inew L Q:i—1 since Ineyw is the “unexpected” (with regard to the model) part
of the release. Therefore, the forecast revision is the projection on the space orthogonal to the old forecast. As
horthogonality holds, the revision is also uncorrelated to the old forecast.

3
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nowcast is updated only if the new observations in yi are different from the forecasts made at
time ¢ — 1°. Therefore, it is not the new release that leads to the revision of the forecast but
the unexpected component, the news, from the latest release. Abstracting from the problem of

parameter uncertainty, the expression for the revision can be developed further as follows®:

E(ytECBunew) = E(ytECBI;ww) ]E(Inewlrlww)_llnew ) (7)

where, for the state space model written as in equations (3) and (4):

. k, k, k, k, k..
E(ytECBIT/Lew) = Ak, ]E[(Ft " - tKZ_l)(Ft " t|fZ—1)/]Aj

(8)
k,. kn kn kn k.n k,. .
E(Inewlnew) = A BIE" = Fjio, JF" = Fig, VAT +) d,

where A% and Af are the factor loadings of the observation equation with the rows cor-
responding, respectively, to the ECB monetary policy stance variable and the j** variable and

> jisa diagonal matrix filled by j**’s data. The expectations are estimated using the Kalman

filter and smoother. As a result, it is possible to find a vector of weights A = (ay,...,ay) such
that:
ECB ECB _ J J
E(y; 7 [0) —E(y; 71 h—1) = Ay — 47 [—1) - (9)
NS -~ 7 N -~ J N /
new forecast old forecast news

Equation (9) states that the nowcast revision can be decomposed as a weighted average of the
news in the most recent release. This relationship allows me to compute the weighted marginal
contribution of each variable to the updated nowcast. More precisely, since in the dataset used
for the empirical application there is simultaneous release of several variables, the results of the
decomposition have been aggregated into groups of series that share approximately the same

release day and economic characteristics as outlined in Table 1.

5 For example, let us assume that the difference between Q; and §2,_; is the release of some PMI data for the

period ¢. The news is IZMI = PMI _ E(ytPMI|Qt_1) where yI" M1 is a vector containing the last figures released
The equality follows from the definition of conditional expectations in L2 space, that is, the conditional

expectation of y given x is equal to the linear regression of y on x, assuming Gaussianity.

6
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3.2. Benchmark Model

In the empirical section, I will compare the performance of the DFM with that of a forecast-
based policy rule with contemporaneous and forward-looking measures of inflation and output
gap (Jansen and De Haan, 2009) where the dependent variable, rather than being the nominal
interest rate, is the monetary policy stance of the ECB (ECB;) derived in Section 2.1. The
choice of a forecast-based policy rule compared to a simple outcome-based one is led by the
fact that the ECB is found to set interest rates in a forward-looking manner (see Gerlach, 2007;

Gorter et al., 2008)". I then estimate the model in the following specification:

ECB; = o+ ¢x(mp — %) + 0y (v — V) + On pEamiqn + Oy nEevien + €, (10)

where « is just a constant, m; — 7* indicates the difference between the growth rate of core
inflation and the ECB inflation target, 7+ — v/ denotes the difference between the growth rate
of output and the output gap, myp and ;15 are respectively the inflation and output growth
ECB staff forecasts four quarters ahead (h = 4)%; ¢, G~y O by Pv,p indicate the ECB’s response
parameters to be estimated and ¢; is a monetary policy shock capturing deviations from the

systematic policy response to output and inflation.

4. Empirical Results

The DFM is parametrized with one factor per frequency and variable type and one lag'. It
is then estimated recursively on the time frame ranging from 1 January 2005 to 31 December
2020. The bridge equation is also estimated as part of the entire econometric framework. The

performance of this model is thus assessed from different perspectives®. First, Figure 5 reports

" Since the literature abounds with different Taylor rule specifications, the choice to focus on one single “bench-
mark model” may be excessively discretionary. For this reason, in Appendix C I compare the performance of
the DFM with alternative benchmark models.

8 Constant four-quarter ahead forecasts are derived as follows: December, ys 44 = ys+a; March, ys1a = 0.75ys 413+

0.25yi47; June, yi+a = 0.5yi42 + 0.5yt+6; September, yiya = 0.25y:41 + 0.75y:45. The series have then been

interpolated to fit the regression model. I used industrial production as a measure of output and derived the
output gap using the Hodrick-Prescrott (HP) filter.

This choice is motivated by simplicity and by the fact that results based on two factors and/or more lags are
qualitatively similar to those based on one factor.

Since the DFM is built to nowcast a variable that I developed, in Appendix D I test the “external” validity of
the model nowcasting variables related to the ECB’s monetary policy stance but not developed by myself. The

1

2
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the in-sample estimates of the actual vs fitted values of ECB monetary policy stance (first

column) as well as the in-sample fit of the bridge equation (second column).

Figure 5: In-Sample Results
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Note: The left figure shows the fitted values (blues) against the actual values (black) of the ECB monetary policy
stance, while the figure on the right displays the estimated probability of an easing (blue) and a tightening (red)
against actual monetary policy decisions to tighten (shaded red) and ease (shaded blue).
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As the figure shows, the fitted values track closely the actual index of monetary policy
stance. Besides, the estimated probability of tightening and easing significantly increase in
correspondence of introductory statements where such decisions were taken. More precisely, the
bridge equation correctly predicts 86% of tightening decisions and 90% of easing decisions?.

Second, I evaluate the average precision of the nowcasts by running a recursive out-of-sample
exercise that produces nowcasts for the nearest press conference. The model is updated every
week over the evaluation sample 2005-2020 from the day after the press conference to the day
before the press conference and replicates at each point of the forecast evaluation sample the
“pseudo” real-time data availability to that point in time. The model is re-estimated each time
in order to take into account parameter uncertainty. In particular, I focus on point forecast
evaluation using Root Mean Squared Forecast Error (RMSFE) statistics. The accuracy of the

DFM-based predictions are then compared to the benchmark model described in Section 3.2.

Since the frequency of the ECB press conferences is approximately monthly until 2014 before

last exercise carried out in Section 4 provides further evidence on the robustness of the DFM.

3 To understand how these percentages were calculated see Appendix C.
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moving to a six-week cycle, I calculate the RMSFE for each subperiod. Figure 6 reports the

result.
Figure 6: Root Mean Squared Forecast Error (RMSFE)
2005-2014: Monthly Cycle 2015-2020: 6-week Cycle
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Note: The figure shows the RMSFE of the nowcasting model compared to the baseline model outline in Section 3.2.
The first column displays the RMSFE for the period 2005-2014, while the second one exhibits the RMSFE from
2015 to 2020.

In either periods, the RMSFE of the DFM displays a downward-sloping behaviour, that
is, the more the data become available, the more the accuracy of the prediction improves. In
contrast, the RMSFE of the baseline model outlined in Section 3.2 remains constant in the
monthly cycle and reduces only in the fifth week of the six-week cycle in correspondence of the
release of real activity data. Although the baseline model outperforms the DFM at the beginning
of the forecasting period, it tends to lag behind as the weeks progress. These conclusions are
also supported by the formal Diebold-Mariano test statistic (Diebold and Mariano, 1995) whose
results are presented in Table 2. The DFM, therefore, maintains an informational advantage
compared to the benchmark model due to the ablity to process mixed-frequency data in a unified

framework.
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Table 2: Forecast Evaluation

Horizon 2005-2014 Horizon 2015-2020
DFM BM DFM BM
1 0.123 0.121 1 0.172 0.165
2 0.122 0.121 4 0.166 0.165
3 0.118** 0.121 6 0.166** 0.163
4 0.113*** 0.121 8 0.154*** 0.163

Note: The table shows the RMSE for the DFM and the benchmark model (BM) with
the relative result of the Diebold-Mariano test statistic (Diebold and Mariano, 1995). The
test-statistics are based on out-of-sample forecast errors for the period 2005-2014 and 2015-
2020. The column “Horizon” indicates the number of weeks between two consecutive press
conferences. *, #*, and * * * denote, respectively, the 10%, 5%, and 1% significance level.

To complement this analysis, I show the most important variables driving the nowcast of the
ECB monetary policy stance. Figure 7 documents the average absolute weekly impact of each
block on the updated nowcast computed in real time. In other words, Figure 7 sheds light on

the reaction function of the ECB.

Figure 7: Average Absolute Contribution

2005-2014: Monthly Cycle 2015-2020: 6-week Cycle
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Note: The figure reports the average (absolute) weekly impact of each series, grouped by category, computed in
real time over the evaluation sample 2005-2020. The first column shows the monthly-cycle (2005-2014), while the
second one the six-week cycle (2015-2020).

From this figure, three features can be highlighted. First, while in the period 2005-2014 the

main contributors to changes in nowcasts are, in order of importance, price, forecast, financial,
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output and US data, in the period 2015-2020, the most prominent blocks are financial, textual,
forecast, output, price and rates and spread data. Second, the monthly-cycle period displays
a bell shape indicating that the most useful information for the nowcast arrives in the second
week of the nowcasting period, when most of the hard data first become available. Conversely,
the six-week cycle approximates a bimodal distribution with the third and seventh week being
respectively the minor and major mode. In absolute terms, the most informational weeks are
the sixth and seventh week where the second release of hard data become available. Instead,
news move the nowcast relatively less at the beginning, where signals are likely to be weak, and
at the end of the period, where the room for improvement has significantly reduced. Third, the
contribution of textual variables appear to have been large in the period 2015-2020. To formally
test the contribution of textual data to the nowcast performance, I run the DFM excluding
textual variables (DF Mpoteqt) and then compare it with the DFM with all the variables included
(DF Myy;) drawing on the Diebold-Mariano test statistic. Results are reported in Table 3. While
in the period 2005-2014 the null hypothesis of equal accuracy between the models fails to be
rejected, from 2015 to 2020 the inclusion of textual variables improves the forecast accuracy in
a statistically significant manner at any horizon under consideration. These results therefore

bring new evidence to the usefulness of text-data in forecasting purposes.

Table 3: Do Textual Variables Matter?

Horizon 2005-2014 Horizon 2015-2020
DF May DF Myotext DF Mgy DF Mpoteat
1 0.123 0.124 1 0.172%** 0.181
2 0.122 0.123 4 0.166*** 0.175
3 0.118 0.118 6 0.166™* 0.176
4 0.113 0.115 8 0.154** 0.166

Note: The table shows the RMSE for the DFM with all the variables (DF My;) and the DFM excluding
textual variables (DF M,tert) With the relative result of the Diebold-Mariano test statistic (Diebold and
Mariano, 1995). The test-statistics are based on out-of-sample forecast errors for the period 2005-2014
and 2015-2020. The column “Horizon” indicates the number of weeks between two consecutive press
conferences. *, xx, and * * * denote, respectively, the 10%, 5%, and 1% significance level.

To further test the model performance, I replicate a real-time nowcast for two historical
“easing” announcements - the Outright Monetary Transactions (OMT) on August 2, 2012 and

the Asset Purchase Programme (APP) on January 22, 2015 and two historical “tightening”
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ones - the 25 basis points (bps) interest rise on July 3, 2008 and April 7, 2011. Figure 8 and
Figure 9 show the evolution of the nowcast for the events of interest: the red line indicates the
point forecasts of the monetary policy stance, while the black line represents the nowcast of the

expected probability of an easing decision.

Figure 8: Nowcasting Historical Episodes - Easing

Outright Monetary Transactions (OMT): August 02,2012 Asset Purchase Programme (APP): January 22, 2015
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Note: The figure shows the evolution of the nowcast for the announcements of the OMTs and the APP. While
the black line represents the nowcast of the expected probability of an easing decision, the red line indicates the
nowcast of the monetary policy stance. News contribution have been rescaled for better visualization.

Focusing on the announcement of the OMTs, it is noteworthy recalling that such an an-
nouncement was preceded by then-President Mario Draghi’s “whatever it takes” at the Global
Investment Conference in London on July 26 2012. Setting 15% as a threshold for a monetary
policy easing (see Appendix C), an easing decision (black line) is robustly predicted four weeks
ahead of the actual Governing Council meeting and, even more importantly, three weeks ahead
of President Draghi’s “whatever it takes”. Moreover, the nowcast of the ECB’s monetary pol-
icy stance (red line) starts with a significant dovish realization before gradually turning more

negative approximating the actual value of the press conference (black circle). This nowcast
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is mainly driven by the significant downward surprises from financial, monetary and rates and
spread data, indicating that the evolution of the nowcast is due to a tightening of financial and
monetary conditions as well as a widening of sovereign rate differentials*. Turning to the APP,
while the monetary policy stance (red line) becomes more accurate as the weeks progress, the
model anticipates a monetary easing (black line) four weeks in advance of the press conference.
For this event, the nowcasts are mostly driven by lower-than-expected forecast, price and output
data’.

Moving to tightening decisions, at the peak of the financial crisis, on July 3, 2008, the Gov-
erning Council of the ECB decided to increase the key interest rates by 25 bps motivating the
decision as follows: “This decision was taken [---] to counteract the increasing upside risks to
price stability over the medium term. HICP inflation rates have continued to rise significantly
since the autumn of last year”%. Coherently, the first column of Figure 9 shows that the down-
ward pressure stemming from spread and rates, output and survey is mainly counteracted by
higher-than-expected price-related variables and to a lesser extent by the forecast block. Addi-
tionally, considering a tightening threshold of 8% (see Appendix C), the model predicts a hike
four weeks in advance of the actual press conference. Turning to the 25 bps rate increase on April
7, 2011 “warranted in the light of upside risks to price stability that we have identified in our
economic analysis””, the second column of Figure 9 displays a mildly hawkish monetary policy
stance driven by the price and forecast blocks. Moreover, although the conditional probability
of a tightening decision declines after the third week, it remains always above the tightening

threshold throughout the nowcasting period.

4 The ECB Governing Council justified the OMTs stating that “the severe malfunctioning in the price formation
process in the bond markets of euro area countries [ - -] need to be addressed in a fundamental manner”. Intro-
ductory statement to the press conference (with Q&A), Mario Draghi, President of the ECB, Vitor Constancio,
Vice-President of the ECB, Frankfurt am Main, 2 August 2012.

® The ECB decided to launch the APP as a result of “inflation dynamics [- - -] [being] weaker than expected [- - -]
[and as a result of] a further fall in market-based measures of inflation expectations over all horizons and [of] the
fact that most indicators of actual or expected inflation stand at, or close to, their historical lows”. Introductory
statement to the press conference (with Q&A), Mario Draghi, President of the ECB, Frankfurt am Main, 22
January 2015.

6 Introductory statement to the press conference (with Q€A ), Jean-Claude Trichet, President of the ECB, Vitor
Constancio, Vice-President of the ECB, Frankfurt am Main, 3 July 2008.

" Introductory statement to the press conference (with Q€A ), Jean-Claude Trichet, President of the ECB, Vitor
Constancio, Vice-President of the ECB, Frankfurt am Main, 7 April 2011.
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Figure 9: Nowcasting Historical Episodes - Tightening
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Note: The figure shows the evolution of the nowcast for the announcements of the 25bps rate increase on July 3,
2008 and on April 7, 2011. While the black line represents the nowcast of the expected probability of an easing
decision, the red line indicates the nowcast of the monetary policy stance. News contribution have been rescaled

for better visualization.

The final exercise I propose is to nowcast, out-of-sample, the evolution of the EONIA rate

from January 2008 to December 2009 exploiting the forecasts of the daily factor of ECB monetary

policy stance, output and inflation-related variables®. This period is particularly important since

the European overnight swap rates for the first time approximated the (then-perceived) zero

lower bound as a result of the intensification of the 2007-2009 global financial crisis. Figure 10

graphs what would have been the forecast for the EONIA rates conditional on the information

available at the time of the analysis.

8 EONIA is assumed to be unknown during each month even if its data are released daily. Output variables
include industrial production, public and private GDP forecast, while inflation variables refer to core inflation,
public and private HICP forecast.
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Figure 10: Forecasting EONTA
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Note: The figure shows the actual values of EONIA rates (black line) and the out-of-sample nowcast with its 90%
confidence intervals (blue line).

As the figure shows, the model proves to be valuable also in tracking the evolution of the
EONIA rates in a period of high volatility and uncertainty. In fact, since the end of 2008, the
forecasts of the EONIA sharply decline reflecting the validity of the forecasting strategy.

5. Conclusion

This paper proposes an econometric framework to track in real time the monetary policy stance
and decisions of the ECB exploiting conventional and textual data at a sampling frequency
higher or equal than monthly that become available between two consecutive press conferences.
This mixed-frequency dataset is modeled as a dynamic factor model estimated at daily frequency
and augmented with a bridge equation that takes the specification of a multinomial logit. Such a
framework outputs three pieces of information: the nowcast of the ECB monetary policy stance,
the forecast of the conditional probability that the ECB will actually take a monetary policy
decision and the block of variables that drives the revision of each nowcast at every point in

time.
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The empirical results are the following. First, I develop a DFM with mixed-frequency con-
ventional and textual variables to estimate the contemporaneous monetary policy stance of the
ECB. Second, the model provides an accurate tracking of the ECB monetary policy stance and
decisions at historical ECB announcements. Third, the model proves to be useful in forecasting
the EONTA rates from January 2008 to December 2009. Fourth, the model provides higher
forecast accuracy than competing models. Last, the inclusion of textual variables in the dataset

contributes significantly to the improvement of the forecasting performance.
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APPENDIX

A. Text Mining: Data and Techniques

Section A.1 provides details on the estimation of the LDA model; Section A.2 compares the
indexes derived from the press conferences with alternative dictionaries; Section A.3 assesses
the selection and identification of the topics; Section A.4 describes the textual dataset and
Section A.5 sheds additional light on the quantification of the time series extracted from the

textual dataset.

A.1. Estimating the Latent Dirichlet Allocation (LDA) Model

This paper implements the LDA model developed by Blei et al. (2003) and follows the estimation
algorithm described by Griffiths and Steyvers (2004). For a full explanation of the mechanics of
the model I refer to Heinrich (2009); here I will only deploy the essential features.

Formally, recall that D = {wy,...,wps} denotes the entire corpus composed by M docu-
ments where N = 2%21 N, is the total number of words, N, = Zﬁle wy, 1S the total number
of words for the m! document, z is the set of K latent topics and V indicates the size of the
vocabulary. A corpus D has a distribution of topics given by 6,, and, in turn, each topic has a
distribution of words denoted by ¢, with both 8,, and ¢ assumed to have conjugate Dirichlet
distributions with hyper parameters o and 8. Note that bold-font variables denote vectors.
Each document w in the corpus D is an iterated choice of topics 2, and words wy, , drawn
from the multinomial distribution using 6,,, and ¢g. Moreover, let ¢ be a term in V and denote
P(t|z = k), the mixture component, one for each topic, by ® = {gok}le (M x V). Finally, let
P(z|D = m) define the topic mixture proportion for the m*" document, with one proportion for
each document ® = {em}%:1 (M x K). The aim of the algorithm is then to approximate the

distribution:

P(Zv W &, 5) — PIS(NV::&O;Z)F)) (A.l)

using Gibbs simulations, where « and /8 are the (hyper) parameters controlling the prior
conjugate Dirichlet distributions for (g and 6,,, respectively.

With these definitions, the probability of the model can be written as follows:
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Integrating out the parameters ¢ and 6:
P(z,w;a, ) = P(z,w,0,®;q,3)d®dO
© P
K M N M N
= [T 7Pew; 8) TT 11 Pwmnlor)d® [ T[] P(®m;a) [[ P(zmnl®m)d® (A.3)
k=1 m=1n=1 m=1 n=1

P

In equation (A.3), the first integral does not include @ nor the second integral contains ¢.
As a result, ¢ and @ can be solved separately. Thus, drawing on the properties of the conjugate

Dirichlet distribution it can be shown that:

f Mo P o) knlr(”gf)*“’“)

P(pg; P AP = —=k=12 A4
(I)knl (x: ) ml_:Il nl;[1 ( ) H () D(TH, niy +ay) (A-4)
and

M N H T'(n\"+8:)
f@ [T P(®Om;) [T P(2mn|®m)d® = H F(Zt 1) i (A.5)
m=1

n=1 k=1 Hlp(gt) F(Zt L nt)8:)
t=

(k

where here nm) denotes the number of word tokens in the m** document assigned to the k"

(t)

topic, and n;” is the number of times the " term in the vocabulary has been assigned to the
k" topic.

Since in equation (A.1) P(w;«, 3) is invariant to z, the conditional distribution P(z|w;«, )
can be derived from P(w, z; o, ) directly using Gibbs simulation and the conditional probability:

P(Z m,n)s%-(m,n ,W;Ot,,B)
P(Z(man) |Z_(m7n) ) W’ a’ 6) - }(D(Z_zm’,i),wga,ﬂ) (AG)

ECB Working Paper Series No 2609 / October 2021 32



where z(,, ) denotes the hidden variable of the nt" word token in the m** document, and
Z_(mn) denotes all z but z(,, . Denoting the index of a word token by ¢ = (m,n), and using the
expressions in (A.4) and (A.5), cancellation of terms (and some extra manipulations exploiting

the properties of the gamma function) yields:

(F)

P(z, = klzg), w; o, 8) o (nm,_. + o) e oo B

Syn) +8 (A7)

where the counts nQL indicate that token ¢ is excluded from the corresponding document or

topic. Therefore, sampling topic indexes using equation (A.7) for each word in a document and
across documents until convergence allows us to approximate the posterior distribution given
by (A.1).

The model can be estimated as described once the researcher sets three parameters: the
number of topics K and the two parameter vectors of the Dirichlet priors o and 5. While I
already discussed in the paper how to optimally estimate K, a and [ are defined as a function
of the number of topics and unique words (Griffiths and Steyvers, 2004) as o = % and g = %.

A few final remarks concern the out-of-sample estimation exercise!. To avoid potential look-
ahead biases when the full-sample-based news topic is used, the news corpus is considered up
to end of the last day of 2010, and K new news topics are estimated using the LDA model.
Then, using the estimated topic distributions from the “trained” corpus, the period 2010-2020
is classified, and topic time series for the whole sample period are constructed as described
above. The out-of-sample classification is implemented following Heinrich (2009), Hansen et al.
(2018) and Thorsrud (2020), where a procedure for querying documents outside the set on which
the LDA is estimated is outlined. In a nutshell, the strategy consists in using the same Gibbs
simulations jut described, but with the difference that the sampler is run with the estimated

word distributions (from the training sample) held constant.

A.2. Alternative Tone’s Measures

Figure A.1 compares the monetary policy stance index derived in Section 2.1 with alternative

measures available in the literature.

! Updating the topic model recursively is infeasible, as one estimation round takes approximately 10 days using
my infrastructure. Thus, at the end of the evaluation period, I am essentially using topic distributions based on
10-year old estimates. Another caveat with re-estimating the LDA recursively is the lack of topics identifiability.
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Figure A.1: Alternative Tone’s Measures

2006 2008 2010 2012 2014 2016 2018

— LM — MP Stance — PR
Note: The figure shows the evolution of the monetary policy stance (red) index against alternatives specifications
available in the literature.

The figure shows a strong correlation (0.90) with the more sophisticated index developed by
Picault and Renault (2017), while it departs from the index based on Loughran and McDonald
(2011)’s dictionary with a correlation of 0.42.

A.3. Assessing Topics’ Identification

The identification of topics in the LDA model requires a dose of subjective judgment. Therefore,
to prove the plausibility of the choices made in the paper I show a few additional results. To

this end, Figure A.2 illustrates the probability that each word belongs to a specific topic?:

2 Besides quantitative and graphical evidence, I checked qualitatively the plausibility of the identification strategy.
In fact, once the probability of a topic to belong to a paragraph is retrieved, it is straightforward to investigate
whether the content of the paragraph matches the labeling. Upon closer qualitative inspection, the labeling
proves to be plausible.
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Figure A.2: Words per Topic
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Note: The figure displays the terms that are most common within each topic.
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On the basis of the outcome displayed in Figure A.2, I label the topics as follows®:

3 The results are robust to different pre-processing choices. Topics are also roughly stable for a number of latent

topics ranging from 6 to 9.
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List of Topics Identified Topics

Topic 1 Economic Outlook

Topic 2 Monetary Analysis

Topic 3 Monetary Policy

Topic 4 Financial Conditions

Topic 5 Fiscal and Structural Reforms
Topic 6 GDP Forecasts

Topic 7 Inflation Outlook I

Topic 8 Inflation Outlook 11

To further validate the identification exercise, I measure the coherence of each topic. Topic
coherence provides a measure of the degree of semantic similarity between high scoring words in
the topic. Such a measurement therefore help distinguish between topics that are semantically
interpretable and topics that are artifacts of statistical inference. The results are shown in

Figure A.3.

Figure A.3: Coherence within Topics
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Note: The figure shows the coherence score for each topic.
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Figure A.3 shows that the topics with the highest coherence score are: 1, 3, 6, 7 and 8.
This result is important since these topics are those quantified using the ECB field-specific
dictionaries outlined above. In fact, Topic 1 and 2 form the topic “Economic Outlook”, Topic 7
and 8 “Inflation Outlook” and Topic 3 “Monetary Policy”?.

Finally, Figure A.4 shows a cluster dendogram that uses Hellinger distance (distance between

two probability vectors) to decide whether the topics are closely related.

Figure A.4: Cluster Dendogram
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Note: The figure illustrates the dendogram for the eight topics estimated from the model

The dendogram, in addition to structuring the relations among the topics in a economically
meaningful way, supports the choice to consider Topic 7 and 8 as a single topic, likewise Topic

1 and 6.

4 Tt is not surprising that Topic 4 and Topic 5 have lower score. In fact, the words listed in “Financial Conditions”
span from market-related words to households and banks. Similarly, “Fiscal and Structural Reforms” intersect
both fiscal and labour related issues.
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A.A4.

The Textual Dataset

In Figure A.5, I provide some descriptive statistics of the textual dataset collected in December

2020 from an ECB internal database. The database consists of English detailed summaries of

any communication event (mainly but not only newspapers) that mentioned the ECB in their

content.

Figure A.5: Descriptive Statistics of Textual Data
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Note: The figure shows descriptive statistics for the textual dataset. Starting with the first row, the first column
presents the number of documents per year, while the second column the type of document and the field of
specialization. In the second row, the first column details the number of documents by outlet, while the second
column the number of documents by country of origin.

It includes around 300,000 documents whose breakdown by year is not constant as shown

by the figure in the the first column of the first row. In fact, from 2004 to 2013, the average

number of documents per year stands around 5,000, while from 2014 on, the average is tilted
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significantly upwards to approximately 33,000 documents per year. The figure in the second
column of the first row shows the composition of the documents where the large majority of
them is composed of specialized newspaper articles. As for the second row, the first column
breaks the number of articles into outlets’ names and the second one into the country of origin
of the outlet. To control for any bias, in the analysis I filtered out the time series regressing

them on countries’ dumimies.

A.5. Quantifying Textual Data

As mentioned in the paper, I applied LDA to the textual dataset with K = 80. Out of eighty
topics, only sixty were clearly identifiable and I list them in the first column of the table below.
These identified topics were further scaled down to forty following the criterion of monetary
policy relevance (second column). Finally, these topics were manually grouped into seven meta-
topics (third column) on the basis of the conceptual similarity between them. Therefore, the
table below provides a summary of how this exercise of dimensionality reduction was carried

out.
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These seven topics were treated differently. In fact, while “financial crisis”, “eurexit” and
“European banks” were left as topic probabilities, “monetary policy”, “economic outlook”, “in-
flation outlook” and “fiscal policy” needed a further quantification step. In quantifying these
topics 1 followed the same steps as Section 2.1. However, in Section 2.1 the field-specific dic-
tionaries were based on the ECB press conferences that have much narrower number of words
compared to the ECB’s dataset. To inspect such a large dataset and look for polarized words
relevant to the already existing field-specific dictionaries, I relied on word embedding (Stoltz
and Taylor, 2019) which is a tool for identifying similarities between words that occur within a
“context window”. The algorithm is based on the Word Mover’s Distance (WMD) that attempts
to find the “closest neighbour” for each word so that the “cost” of moving all the words in one
collection (sentences, subsection, etc.) to the positions of all the words in another collection
is minimized. Thus, collections sharing many semantically similar words should have smaller
distances than collections with very different words. Formally, the WMD algorithm finds the

values of a matrix T that minimize “moving” one document, D, to the other, D’:
n
WMD;; =min Y Tijc(s,j) (A.8)
T20i =1

where (i, j) indicates the cosine distance between the i*" and j** word in the n-dimensional

embedding space and under the constraints such that:

Y Ty =di,Vie{l,...,n} (A.9)
1=1
> Ty =d; Vie{l,...,n} (A.10)
j=1

where equation (A.9) says that the sum of row word 7 in T is equal to the relative frequency
of i in document D (after any word removal), d;, and equation (A.10) that the sum of column
word j in T is equal to the relative frequency of j in D’ (again after word removal), d}. An
example can clarify: if the word “fiscal” had a relative frequency of 0.25 in a document after
any word removal, then the sum of the row and column with the word “fiscal” must each sum to
0.25. The intuition is to weight each ij cosine distance by “how much” of the relative frequency
of 7 in D will move to j in D’.

To measure “how close” certain words are to a focal concept, however, an additional step,
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called Relaxed Word Mover’s Distance (RWMD), is required. With RWMD, the flow matrix
weighting for each ,j pair is solved twice: once with just the constraint from equation (A.9)
removed, and then once with just the constraint from equation (A.10) removed. The RWMD for
each i, j pair is then calculated twice following equation (A.8), and the final reported RWMD
score for the 7, j pair is:

n n
RWMD;; = max(min 3 Tyje(i, f),min 3 Tije(i, 5) (A.11)

ij=1 204 5=1

In the paper, for example, I applied equation (A.11) to find the closest words to the focal
concepts of “inflation”, “economy”, “monetary”, and “fiscal”, where the focal concepts simply
correspond to the topics of the field-specific dictionaries. What this equation provides is a list
of words that are closely related to each focal point. Once these lists are derived, the last steps
consist in finding which words are not present in the dictionaries derived in Section 2.1. These

words are then manually classified as “positive” or “negative” using discretion with regard to

the topic of interest.

B. Total Dataset

The table below lists all the variables used in the model with its respective transformation,
publication lag, block and frequency. In the transformation column: 1 corresponds to the
variable being left in level, 2 to first difference, 3 to log-difference and 4 to percentage change;
in the frequency column, D stands for daily, M for monthly and I for irregular; finally, in the

column that indicates the publication lag, the numbers denote months.
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C. State Space Representation and Estimation

Section C.1 explains the temporal aggregation implemented in the Dynamic Factor Model,
Section C.2 provides details of the Expectation Maximization (EM) algorithm, Section C.3
sheds light on the bridge equation and Section C.4 considers alternative benchmark models to

compare the DFM with.

C.1. Temporal Aggregation

Letting bold-font variables indicate the vector version of the variables, I write the model in

equations (3) and (4) compactly as follows:

Yt = AtFt + et (012)

Ft = AtFt1 + ug (Clg)

with Fy = [F¢® F#™F4). The last element in the vector Fy is the scalar F¢ and can be
interpreted as the latent common daily monetary policy stance index. Ftd is the only scalar in Fy
since the other elements are vectors containing aggregator variables used to handle the mixed-
frequency property of the model. In mixed-frequency models, lower frequency variables are
usually treated as the highest frequency series, i.e. daily in this case, with missing observations
(see Foroni and Marcellino (2013) for an overview). For a generic variable Y}¥, time aggregation
from higher to lower frequency is restricted as follows:

k k k
Y = IOg(Uu) - 10g(”1,t7k)
k—1 2k—1

~ 10{-’;(2 Ulf,ti) — log( Z Uftfi)
i=0 i=k
k—1 2k—1 (C,14)
~ Zlog(vfti) - Z 10g(“ft—i>
i=0 i=0
2k—2
= Z wfyl,t,i ,t= k,2k,...,

i=0
where yf is the observed low-frequency growth rate, vf its level, and wf =i+ 1 fori=
1,...,k—1; wf =2k—i—1fori=k,...,2k—2; and wf’ = 0 otherwise. It follows from equation

(C.14) that imposing a common factor structure to y gives:
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2k—2 2k—2

= > Wiy = Y WiAFL +ery) (C.15)
i=0 i=0

However, equation (C.15) makes the inference rather challenging since it significantly in-
creases the number of state variables in the model. To sort this issue and limit the size of
the state vector, I employ the double cumulator approach in Banbura et al. (2013) where the
temporal aggregator variables are recursively updated such that at the end of each respective
period we have:

2k—2
FF= > WFF; t=Fk2k,... (C.16)
=0

As shown in Baribura et al. (2013), this expression can be computed recursively with the
help of two (additional) state variables. In particular, by introducing the auxiliary variable Ftk

and denoting R(-, k) the positive remainder of the division by k, FF can be obtained recursively

as follows:
(
FPl 4wl R
: t=14+k+1,2k+1,..
ks f
k. _ Ft — 0
t P T A
G ., otherwise.
0
\
(C.17)
For the stock variables only single aggregator variable is necessary:
W R t=14+k+1,2k+1
Ff’s = -1 (C.18)

F Pt w k lFt, otherwise.

This is implemented via the transition equation (4) with the following weight vector W and

selection matrix Z}:
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(—eshd
1. t=14+k+1,2k+1,...
0
Wil = 4 K (C.19)
( —w%_t k)
’ , otherwise.
\_wk‘,f
\ R(k—t,k)+k
)
0 I,
. , t=1+k+1,2k+1,...
ny:< 0 0 (C.20)

15, ,otherwise,
\

0, t=1,k+1,...

and for the stock variables simply: Wf = —wf%’(ski £k) and If P =

I., otherwise.

In general, equations (C.17)-(C.20) can handle temporal aggregation from higher to lower
frequencies for a range of k values. In the model specification outlined in Section 3, both
k = ki, km, kq are considered, where the k refers to the (average) number of days in the irregular,
monthly and daily frequencies, respectively.

To handle different number of days per month or irregular, I follow Banbura et al. (2013) in
approximating the flow variables as follows:

ke—1
k_ k .
=g 0 Z—ist =k, k4 kg, (C.21)
1=0
where k; is the number of business days in the period (month or irregular) that contains

day t and k is the average number of business days per period over the sample. As a result,

vE =2k — zéﬂ  becomes:

i kel Retkew =2

_ it itk p—i— _

v=k| > Tn-it X g Vi—i | st =k k4 R,
1=0 1=kt

(C.22)
Hence, this results in time-varying weights and the formulas above should be updated with:

kf _ il C b - phetheke 7l
wyy = klk—t forv=0,1,..., k1, Wy = L

kt—k,

for ¢ = ke, keg1, . ke + ki—g, — 2 and
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wf Zf = 0 otherwise.

C.2. The Expectation Maximization Algorithm

To describe the Expectation Maximization (EM) algorithm for the daily model in equations (3)
and (4), I follow once again Bantbura and Modugno (2014). Assuming one lag in the factor VAR,
I can group the parameters as follows: 6 = (u, A, =, 5, > ), where the only restriction is that
> p is diagonal. Let T}, = max,, T),(n) also denote the time index of the most recent observation
in €,. It is then possible to write the log-likelihood in terms of Yikn = (Ylk’n, ng’n, e lef;n) and
FFm = (Ff", F2k’”, . ,Fﬁ;}”) as (Y™ FF™.0). After that an initial estimate of the parameters
6(0) is computed on a sample of data where missing observations are handled using splines, the
EM algorithm proceeds in two steps as follows:
E = step s L(6,6(7)) = Eol(Y;*", ™ 0)/0),
(C.23)
M — step: 641 = arggnax L(0,6(j)).
The new parameter estimates in the M-step can be obtained in two steps, first A(j 4+ 1) and
=(j + 1) are given by:

t=1 t=1

Tv -1
O(j+1) = (ZEQ [FEmFRY 10, ><ZE9( [FEnERT I, ]) .
t=1

Tv Tv -1
vec(AM (j+1)) = (Z Eop [V P |9,] @ St> (St > Epp Y E" IQv]> ’
(C.24)

where S; is a selection matrix, that is, a diagonal matrix that takes the value of one for
non-missing observations in Ytk’" and zero otherwise. S; allows the estimation to work with
arbitrary pattern of missing data. A¥" are estimated blockwise, by frequency and by stock or
flow type, using the corresponding block of Ytk” and aggregator variable.

Second, given the new estimates of A*" and Z, the covariance matrices can be obtained as

follows:

ECB Working Paper Series No 2609 / October 2021 54



Tv
> G +1) = diag(Y (SVYES] =S¥ By [ 10, (5 + 1)'S,
E t=1

— SN (1) By [FS Q)Y Sy + SN (G4 1) By [FS " EF™ Q)M (5 + 1),

+(In = 8) Y (In = 81)),

E(j)
(C.25)
and
. 1 Iy k.n -k,n' — - Ly k.n -k,n'
ZU(J + 1) =T <t; E@(j)[Ft F” |Qv] - :(J + 1)t; E@(j)[Ft v |Qv]>
B - (C.26)

where the expectations Ejp;)(-) are obtained via the Kalman filter and smoother, and the
estimates for = and ), follow from taking the elements from the conditional covariances of the

state vector corresponding to Ftk’".

C.3. The Bridge Equation

The bridge equation is introduced to equip the model with the possibility to forecast the prob-
ability that the ECB will take a monetary policy decision given some incoming information. It
owes its definition to its function, that is, it “bridges” the forecast variables from the DFM with
the dependent variable. In this case, the specification of the bridge equation follows a multi-
nomial logit. To create the categorical variable of monetary policy decisions, I then followed
some basic principles. First, a tightening decision to be classified as such must contain one (or a
combination) of the following announcements: an increase in interest rates, a reduction in asset
purchases and a hawkish revision of the forward guidance; second, an easing decision to be clas-
sified as such must instead include one (or a combination) of the following announcements: an
interest rate cut, the launch of an asset purchase programme or a type of long-term refinancing
operations (LTROs), an increase in asset purchases, a dovish revision of the forward guidance
and an extension of the collaterals eligible for repos; last, monetary policy remains constant if
no decision in the first or second group is announced. As a result, from January 2002 to De-
cember 2020 tightening decisions total 13, while easing one amount to 33. Figure A.5 displays

the tightening monetary policy decisions (shaded red) and the easing ones (shaded blue).
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Figure C.1: Out-of-Sample Application

1 1 L 1 L 1 1 1

2006 2008 2010 2012 2014 2016 2018 2020

Easing Decision Tightening Decision ]

Note: The figure shows actual tightening (shaded red) versus easing decisions (shaded blue).

The performance of the bridge equation is assessed by two statistics: the mean absolute
forecast squared error (MAFE) and the pseudo R? statistics. The MAFE is simply given by the
mean absolute difference between the model-implied probabilities and the actual outcome of the
categorical monetary policy variable. Therefore, once the probabilities have been estimated is

straightforward to compute:

MA =%§<|yt Py = ) (c.21)

On the other hand, pseudo R? is a measure of fit defined as the weighted sum of fractions

of correctly identified easing, tightening and constant decisions. Formally, it can be written:

RQZ%.%+%:_%+%C.&ZW (C.28)

Nne n n

where n is the number of press conferences for which forecasts have been computed, ny,
ne and n. are, respectively, the number of tightening, easing and constant decisions and ny,
Nee and n.. are the number of correctly identified tightening, easing and constant decisions. It

is important to note that the pseudo R? relies on a conversion of the model-implied recession

probabilities into a categorical variable. That is, given an estimated probability of recession
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N

P(ys = j) for some time ¢, a mapping D : [0,1] — {0,1}, 9 = D[P(y: = j)], needs to be
implemented to convert probabilities into alleged monetary policy decisions. Usually, such a
decision rule depends on a threshold ¢* such that g, = j, if P(yt = j) > ¢*. Hence, the choice of
the threshold ¢* is key. Setting ¢* = 0.5 is often too conservative a criterion, especially when the
overall fraction of tightening and easing decisions in the sample is relatively small (see Green,
2012 on discrete choice models). A more natural choice is to set ¢* equal to the frequency of
easing and tightening decisions measured over a long period. For this reason, I set ¢* = 0.15
for easing decisions and ¢* = 0.08 for tightening ones. While in the out-of-sample exercises,
this threshold could be adjusted period by period, I treat it as constant so that results are
independent of such time variation.

One concern with this choice of threshold may be that the probability of a tightening (pr)
and the probability of an easing (pg) can be true at the same time. However, such an outcome is
found to occur twice in roughly 900 forecasts (0.2%). Similarly, the same situation can happen
for the probability of no decisions (py) and the probability of an easing and for the probability
of no decisions and the probability of a tightening. Also in this case, however, the probability

for that to happen is not even one in ten. In fact, py V pr ~ 6%, while py V pr =~ 8% .

C.4. Alternative Benchmark Models

The literature on forecasting interest rates abounds with different Taylor rule specifications.
In the main text, however, I only considered one single specification as a benchmark model.
As a complement, in this paragraph, I compare the performance of the DFM with alternative
“pseudo” Taylor-rule models'. To do so, I follow Blattner and Margaritov (2010) who apply the
“thick-modelling” approach suggested by Granger and Jeon (2004) to the euro area. The strategy
consists in estimating all plausible specifications of a model and then pooling the parameter
estimates according to some efficiency criteria.

Let me consider a very general family of monetary policy rules that nests a variety of speci-

fications:

1 “Pseudo” because my dependent variable is not “interest rate” but the ECB monetary policy stance series

derived above.

ECB Working Paper Series No 2609 / October 2021 57



ECBt = pECBtfl + (1 — p)(’l“* + 7'('* + Bﬁ(Et[ﬂ't+h] — 71'*)) + ﬁy[yﬁ_k - yt+k_1] (0.29)

where ECB; is the ECB monetary policy stance, r* the real equilibrium interest rate, 7*
the inflation target of the monetary authority, m; a measure of price developments and (y; — y*)
a measure of economic slack?.

Based on Equation C.29, I estimate in total 1,290 policy rules, exploiting all plausible com-
binations of 43 measures of economic activity and 30 indicators of inflation and inflation expec-

tations (see below)?.

2 y* is estimated, as in the main text, with the HP filter.

3 Data are gathered from Bloomberg, Haver and Consensus Economics. When the variables have frequency lower
than monthly, I use linear interpolation. Instead, when variables have frequency higher than monthly, I average
the observations. Besides, given the impossibility to retrieve real-time data for every series, unlike Blattner and
Margaritov (2010), regressions are not implemented with real-time variables.

ECB Working Paper Series No 2609 / October 2021 58



uoryewtio [ejder) paxi SsoIr)

s1I0dxH IXON

(3IN ‘dr ‘SN) 1seoa10] YpmoIs uoronpold [eLIpsnpul useloq
(3IN ‘Al ‘SN) 1seda10] YIMoIS J(5) [enuue useIog

(ddD 1oy - pPURWL(] OIISOWO(]) YOR[S OTWOUOIFH
puRwWd(] 21)SOTO(]

90UAPYUO)) ISWNSUO))
150010, JuowAo[dwou ) 9)RALIJ 98RIOAY POIYSIOA\ SIoqUIOO[E
1580010 JT [RIOIF() 98RIOAY POUSIOA\ SIoquoorg
1SRO0I0] JT 9¥RALLJ 9FRIDAY POJYSIOAN SIoquIoorq
1580010 J(I5) [BRPIF() 9FRIOAY PIUSIOAN SIoquoorg
1580010 J(I5) 91RALIJ 98RIDAY PIIYSIOA\ SIoqUIOOd
I0JeDIPUT JUSWIIUAS JTWOUOIH

I0JedIpU] 9)RUII[) SSoUlsng

suorjedadxe juomAorduou)

suorje1dadxo juotuAsordusy

(INd) & 81 eory omy

(INd) woneziy) Lyede)

(IINd) uoronIsuo))

(IINg) seo1AI0G

(INd) Surmjoegnue]y

(INd) vd mdmQ aysodwo)

NIOOOYUNH

(90107 Imoqe]) JuswAo[dUIaU() 9OULPYUO,) UOIINPOI] [RLI)SIPU]
SunmjorjnUeRW UOIPONPOLJ [RLI}SNPUT

(UO1ONIYSTOD) UOTIONPOIJ [RLIISTIPUT

[®30], UOI}ONPOIJ [eLIISTPU]

AJIATIOY OITWIOUOIH

SOLIaS

59

ECB Working Paper Series No 2609 / October 2021



(Yuo1gy) seotId 1O

UOI1ONI)SUu0d Surpnoxe A1psnpul [ JddH
SPO03 TeLI)snpul A31eus-uou : JOTH
([e101) spoo8 ewmsuod : JHIH
(se[qemp-uou) spoosd Iewnsuod :JOIH
(se[qeanp) spoo8 Iewnsuod :JOIH
pooj pesseooxdun : JOIH

poog pesseooxd :JDIH

POOJ pue A3I0Uo ToX0 :JDOTH

SOOIAISS (DTH

(%) dDIH

(dDIH) Se911J IeWmsuo)) JO XopU] PasSIUOTLIRE]

uoryeguy

(1e0A )x0U) 95€D010J YIMOIS 93eY] JuomrAojduwou )

(read qJueImDd) 1SBIOIOJ 3MO0I3 ojey justAojdurou )

orey juowdojduoun)

amorr) quomdordwry e307,

OWIN[OA SIS [Ie19Y

90UIPYUO)) SO[RG [IR)OY

(1ead 9xou) 95RD0I0] YIMOIS JOX) [e0Y

(1ead JUOIIMD) 1SIVIOJ IMOIS J(IX) [ROY

ddad ey
(1eak 1xou) 9se010] 2IMIpuadxs UO)dWMSUO)) 9)RATI]

(1eaf quarImd) jsedal10] aInjipuadxy uodwnsuoy) 9)eALIJ

sunyIpuadxy uordwnsuo)) 9)eAllJ

AJATIONPOIJ INoger]

(1ead jxou) uoIRULIO TejIdR)) POXI] SSOIX)

(read quormod) uoryeurio] eyide,) poxI] SSOIr)

SOLIaS

60

ECB Working Paper Series No 2609 / October 2021



(Spuoq paxepul Uel[e)]) o)l UOIIRIUI USAS-YRAIL

(SpuO( PaXepul URULISY)) 9)RI UOIJRJUI USAS-YRAIL

(Spuoq poxopul YouoL]) o)l UOTJRJUI UOAD-YRII

(1ead 9xou) 3s80010] 90LId IWNSUO))

(1ead juerImd) 1580010} 90LId IoWNSUO))

sojel dems uorjepgur AGAG

oofordwe 1od uoryesuodumo))

(UOTIONIISUOD “[0XD) [R)0} :SIOLIJ IONPOIJ [RLIISTPU]

Spoo03 SULIMjoRNURN :S9OTIJ I9ONPOIJ [eLIISIPU]

SPOO0SJ 9}RIPOULIDIUI S9OLIJ I9ONPOIJ [BLIISnpu]

spoo3 [ejided :$90LIJ I9ONPOoIJ [el1isnpuf

(1eOX IXON]) 1SBIAION [IMOIX) oS\

(Teox JuAIIN)) JSBIDIO T[IMOIX) dFRA\

$1800) Inoqer] U

1SRIDIO [d)) 99CALIJ 98RIOAY PAIYSIOA\ SIoqUIOOT

A8meuy Swpnpxy [0, VAUV OUNd dHL Y04 SADTYd ALICOWINOD IMMH
(SHOIU dINNd) SLONAOUd WNAATOMLAd A0 SHOIUd YANNSNOD
(IdD) Xopu] 9oL IoWnsuo))

SOLIaS

61

ECB Working Paper Series No 2609 / October 2021



I then apply four filters that reduce the number of specifications to a set of rules that delivers

a meaningful approximation of the ECB’s interest-rate setting behaviour:

1. I require the estimates of 8. and (3, to be statistically significant at least at the 10%

confidence level.

2. I restrict the estimates of 3 and 3, to be strictly positive.

3. I require the equilibrium interest rate 7* to lie within -2 and 6 (see Brand et al., 2018 for

a survey of the literature).

4. T discard all specifications with a standard error of the estimated coefficients of the eco-

nomic growth variable larger than the threshold value of 0.5. Similarly, I ignore rules

with a standard error of the smoothing coefficient larger than 0.04, a standard error of

the constant larger than 0.7 and a standard error of the coefficient of the inflation weight

larger than 1.5).

The criteria outlined reduce the number of models to 157 (12.17%). Table C.4 provides an

overview of the least squares estimates based on the listed data. I report simple averages of

the estimated coefficients, standard errors and the R?. That is, I assume that policy-makers

assign equal weight to each of the relevant combinations of inflation and output indicators when

forming their policy decision®.
Table C.4: Mean Estimates of Policy Rules for the Euro Area

Rules N % of Total p r* Br By SEE R?

Total Rules 157 0.90 -0.51  1.20 0.90  0.2017 0.9516
(0.03) (0.34) (0.39) (0.20)

Forward-looking 46 29.9% 091 -1.05 2.11 1.10  0.2134 0.9598
(0.04) (0.38) (0.86) (0.19)

Backward-looking 51 32.4% 092 -0.36  0.79 0.92 0.2001 0.9511
(0.03) (0.32) (0.14) (0.25)

Mixed Rules 60 38.2% 0.91 -0.61 1.52 0.96 0.2211 0.9522
(0.04) (0.39) (0.61) (0.20)

4 Given that the whole idea behind thick modelling is to hedge against possible mispecifications, assigning equal

weight to each indicator minimizes the risks associated with model uncertainty.
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It is now possible to compare the performance of the DFM with the performance of alternative
benchmark models. The comparison occurs with five policy rules with the smallest RMSFE as
well as with the aggregate models listed in Table C.4. Table C.5 reports the results of the
Diebold-Mariano test statistic (Diebold and Mariano, 1995).
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Table C.5: Forecast Evaluation for Alternative
Benchmark Models

2005-2014
H 1 2 3 4

DFM\BM,; 0.75 1.22 1.90*  2.61***
DFM\BM, 1.14 1.45  2.01** 237
DFM\BMj5 1.22 1.38 1.79* 311"
DFM\BM, 0.98 1.13 1.59 2.41%x
DFM\BM; 0.67  0.94 1.55 2.78%**
DFM\BMy, 1.55 1.58 1.73* 2.26**
DFM\BMjo, 1.41 1.49 1.65* 1.88*
DFM\BMpge, 105 1.33  2.11*  2.90***

DFM\BMp,;, 1.15 1.34  2.23**  3.08***
2015-2020

H 1 4 6 8

DFM\BM, 1172 119 1.71* 3.10"*
DFM\BM, 116 126  1.90* 3.22%*
DFM\BMs  1.01 0.163 134  3.11**
DFM\BM, 115 116 145  2.99**
DFM\BMs 115 126 233" 265"
DFM\BM,; 110 1.6 255 2.76™*
DFM\BM;, 078 111  1.56  3.01**
DFM\BMpe, 098 132 289%™ 3.44*
DFM\BMpi, 121 144 279 321

Note: The table shows the t-test of the Diebold-Mariano
test statistic (Diebold and Mariano, 1995). The test-
statistics are based on out-of-sample forecast errors for the
period 2005-2014 and 2015-2020. The row “H” indicates
the number of weeks between two consecutive press confer-
ences. x, *x, and * x x denote, respectively, the 10%, 5%,
and 1% significance level.

Table C.5 shows that the DFM, in the vast majority of cases, outperforms different versions

of the Taylor rule at longer horizons.
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D. Validating the DFM

This section attempts to validate the DFM by nowcasting the EONIA, the EU shadow rate
(Wu and Xia, 2016) and a textual measure of monetary policy stance derived using Loughran
and McDonald (2011)’s dictionary. Such a validation exercise aims to test whether the DFM
performs well on time series related to the ECB’s monetary policy stance that are different from
the one I developed in the paper.

For every series, I display the out-of-sample nowcasting of January, April and August 2005.
Figure D.1 shows the results for, respectively, EONIA, EU shadow rates and the alternative
textual measure of ECB monetary policy stance!. Figure 10 should also be considered part of

this exercise.

Figure D.1: Validating the DFM with Out-of-sample Nowcasts

s January 2005 s April 2005 s August 2005
2: 2: 2
1.5 1.5 1.5
1 1 1
0.5 0.5 0.5
0 A Ng g 2 F)\’\ N4 g ® A ™ g ®
N & ‘?Q& v& « & & &
—¥%— EONIA —¥— EU Shadow Rate
—¥— Textual ® Actual EONIA

@®  Actual Shadow @  Actual Textual

Note: The figure shows the out-of-sample nowcasts of EONIA (red line), EU Shadow rate (black line) and an
alternative textual measure of ECB monetary policy stance (blue line) for January, April and August 2005.

The validation exercise, along with the results shown in Figure 10, sheds light on the validity
of the DFM beyond the application to the textual measure of ECB monetary policy stance
derived in this paper. The DFM, in fact, tracks accurately the actual realizations for the

variables of interest.

1 The textual measure should not be taken as representative of the ECB monetary policy stance since it suffers

from the flows outlined in Section 2.2
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