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Abstract

Effective central bank communication provides information that the public does
not have but wants to learn. Rather than arising from private information per se,
we argue that the public’s information deficit reflects three main channels: (i) an
updated evaluation of the state of the economy based on past data, (ii) a differ-
ent projection from the state to the likely future evolution of the economy, and
(iii) differences in the reaction to the economic outlook. This paper provides a
methodology to quantify the temporal information in the text of central bank com-
munication. Both the backward-looking evaluation and forward-looking projection
channels significantly improve the ability to explain the news in yields around ECB
announcements compared with topic-based text analysis. This paper also shows
that speeches generate greater news in yields the larger the information deficit re-
maining after the previous ECB Governing Council press conference.
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1 Introduction

A burgeoning literature in empirical macroeconomics focuses on the impact monetary
policymakers have on asset prices when they release statements to the press, or enact other
forms of communication. By studying the responses of asset prices in the window around
the communication event, studies such as Kuttner (2001), Giirkaynak et al. (2005) and
Gertler and Karadi (2015) isolate the surprise component of central bank communication.
From these studies, we learn that market participants update their beliefs in response
to central bank communication. Such movements provide strong evidence of market
participants having an “information deficit” relative to policymakers, in the sense that
market participants are unable to fully anticipate what a central banker will say, prior to
their statements. The asset price responses provide evidence that this information deficit
is, at least partly, filled by central bank statements from which useful information for the
formation of expectations is garnered.

While such empirical approaches have provided a wealth of information regarding
the consequences of central bank communication, they have not isolated the specific
communication transmission mechanism. They do not model or assess the exact verbal
and numerical information contained within central bank statements and map this to the
asset price responses.

This study aims to address this gap by studying new measures of both the communica-
tion transmission mechanism, and the information deficit. It is part of a complementary
empirical approach that begins with the content of statements and tries to relate these
to the asset price movements. By directly quantifying the extent of any information
deficit between market participants and policymakers, this approach can foster a greater
understanding of the communication transmission mechanism. This is important to pol-
icymakers who may be trying to design communication to have complement their policy
actions, and certainly want to avoid adverse effects on investor beliefs.

Specifically, in this paper we contribute to the literature in four main ways. First, we
develop an algorithm to quantify the temporal dimensions of the central bank communi-
cation. This allows us to focus on the role and importance of temporal information in the
the communication transmission mechanism. While there has been a growing emphasis
on the importance of communicating the future intentions of monetary policy makers as
part of the management of expectations, studies into the explicit importance of temporal
information in textual data are, surprisingly, rare to date. Our methodology adapts new
tools from the Natural Language Processing (NLP) literature in order to best suit our
central bank communication context.

A priori, one might anticipate that information regarding the future might be espe-



cially important for financial markets, relative to information about the past. However,
we present a generic description of the process for monetary policy decision making, and
the markets anticipation of decisions, that shows that two important sources of the in-
formation deficit are likely to be the central banks assessment of economic conditions
and their likely evolution. This assessment relies on both evaluation of the state of the
economy based on past data, and projection from the state to the future.

Using our newly-constructed temporal information, our second contribution is to show
that the importance of temporal information. We find that information regarding the
future has an important role at explaining asset price movements, and we interpret this
as evidence in favour of the idea that markets react to information about central bank
forecasting procedures. Moreover, we show that even backward-looking data is extremely
informative. This, we argue, captures important contextualisation of the data. We
conclude that markets react to information regarding the processes by which a central
bank interprets data.

Notwithstanding the progress we have made in measuring the temporal dimensions,
our third contribution is to provide evidence that there are limits to the extent that the
NLP approach can fully uncover the effect of communication on belief updating. There
is an identification problem which is difficult to overcome and therefore results from such
studies should be carefully interpreted.

Finally, our fourth contribution is to develop a novel measure of the information
deficit using the questions raised by journalists after the opening statement of the press
conference. These are, to the best of our knowledge, the first direct measures of the infor-
mation deficit. Since speeches are frequently used by policymakers to address and clarify
issues that are not covered in sufficiently during press conferences, that policymakers
believe markets wish to hear about. We show that where a speech is closely related to
the questions asked after the most-recent statement, the speech is well placed to address
the information deficit between the ECB and financial markets, and therefore leads to a

stronger market reaction (greater news and belief updating).

2 Monetary Policy Surprises and Information Deficits

In this section we show that the complexity of the monetary policy process can be grouped
into three broad aspects. Each is a potential source of news for market participants.
Although monetary policy is inherently forward-looking, we show that the source of
news that generates market surprises could as reasonably come from backward-looking

assessments of the current data context as from the forward-looking forecast.



2.1 Monetary Policymaking Process

Consider a monetary policymaker in month m who has to decide the interest rate, i,,.
They have access to a large amount of data capturing macroeconomic trends, surveys,
market prices, and other relevant information. We represent this as a high dimensional

vector XCB. The decision-making process can be summarised in two broad steps:

1. The policymaker maps the data into a vector of beliefs about the current state of the
economy: Q4P = g, (XP) where g,,(.) captures the analysis of contemporaneous

data, as well as the forecasting exercise including the judgement applied.

2. The policymaker selects the appropriate interest rate as a function of this state:

We have allowed both the analysis/forecasting function, and the reaction function
to vary each meeting. This description is generic. In a typical forward-looking reaction
function, the state consists of h-period ahead forecasts of inflation deviations from target

se

and the output gap (Q5” = [7%, . 4, 0% menl), and fr (1) is linear and typical does not
vary with time. In a standard DSGE model, there is also a pure monetary policy shock
added linearly to the endogenous reaction terms; in our framework, f,, (gm (XT%B )) —
fm— (gm (XgB)) would capture the same kind of shift in policy for a given state of the
economy.

The area that typically has received less attention in macro models is g,,(.). Those
who have worked in a central bank will be aware that this function captures the very heart
of the interest rate process. This function, broadly, captures two important analytical

steps:

Evaluation: This involves following the developments across a range of domestic and
international markets using macroeconomic, financial and other data. Recent data
is analysed as well as put in context in order to interpret its movements (e.g. is
a recent increase in inflation likely to be transitory?). This analysis is largely
backward-looking in the sense that it uses the latest available data pertaining mostly
to recent developments. However, it may also draw on more historical data for

context and within statistical analyses of the data.

Projection: Monetary policy is inherently forward-looking — it is made on the basis of
forecasts of key variables, and the risks around them. Forecasts typically use a suite

of models as well as judgement informed by the economic analysis.



2.2 Information Deficits and Market Surpises

Market participants form expectations of the central bank policy choice and these are
reflected in market prices of various securities. We denote the average expectation just
before the announcement of the monetary policy decision at time m as ]E[it | If,’fﬁt} =
fine (gm_ (Xgﬁt)) where m— indicates the moment right before the month m decision,
Ik is the information set at that moment, X™* is the data that the market is looking
at, and f,,(.) and g, (.) are the market beliefs about the central bank equivalent functions
described earlier.

The monetary event, an announcement of policy and the associated communications,
provides information from the central bank. The new, updated information is Z™* and
the expectation is f,, (gm (Xn”jkt)) The market surprise, as measured in the empirical
literature is, therefore, €%, = E[i,, | Zm¥] — E[id,, | Z*]. This surprise could be

generated by changes in any of the three broad aspects of the central bank decision:
1. XS could be revealed to include new information not in X,

2. The central bank could simply provide more details about how it assesses/forecasts
the economy, or reveal that it has re-evaluated how it is assessing the state of

economy and forecasting its evolution as captured by g (.) # Jm—(.)

3. The central bank may choose to react to a given state of economy more or less

aggressively than previously; fin(.) # fm_(.).

To understand the drivers of each of these channels further, we can approximately
decompose the market surprise &,, = fm(Q%kt) — fm_(Qz’f) using a first-order Taylor
series expansion of fm_(Qﬁkt) around the pre-announcement view of the economic state

mkt |1
Qe

Em 2 fin( Q) = e (Q) = (U = QO f1_ ()

7

Vv Vv
Updated Reaction function Updated State

To see this decomposition visually, consider Figure |1l Point A is the pre-announcement
expectation for the interest rate (iy,— = fr_ (Q7)); Point C captures the post-announcement
expectation (i, = fm(Q7%)). The effect of the updated state of the economy is captured
by the move from A to B while B to C reflects the impact of the update reaction function

at the new assessment of the economy.”

Ufon (QUREY 2 f (QR) 4 (Qkt — bty f1 (kL) - Subtracting this from f,, (Q7F) yields the
expression in the text.

20f course, other decompositions will give slightly different weight to each component, especially
where the reaction function is non-linear.



Figure 1: Market Surprise Decomposition
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We can further decompose the effect of the update of the economic situation using a

first-order Taylor series expansion of g,,(X,,) around existing data X,,_:

QU — Qi = G (X72) = G- (X)
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Putting this all together, we have:

Em = fm(szt> - fmf (szt)
Updated Re;crtion function
= (I (X5 = G (X)) o (U

VvV
Reassessment

— (X = X g, (X o () (1)

Effect of New Info

An earlier literature has emphasised an important role for private information in
monetary policy. Central banks have some information that is not publically available,
such as regulatory data from financial firms, or sometimes have early access to data.
Nonetheless, markets have access to almost all of the underlying data, and it would be
rare for the central bank announcement to formally reveal whatever private information
there is. If X§P ~ X™*  oenuinely new information (the 3rd element) would not be an

important driver of the surprises.



What is revealed, and what could be the source of perceived informational advantage,
is a differential assessment of economic conditions. The central bank often has greater
analytical resources in the form of large teams of economists and multiple models. This
is captured by ¢,,(.) and reassessments of the economic state are often communicated.
This could be being putting more or less weight on different sources of data to because it
better explains the data we observe, or an updated forecast having reassessed the nature
and pattern of recent forecast errors. This dimension could entail both forward-looking
projection as well as backward-looking evaluation of the data.

This reassessment informaiton makes up the majority of communicated announcents.
For example, consider the Opening Statement following the September 12th 2019 Gov-
erning Council Meeting delivered by then-ECB-President Mario Draghi (Draghi 2019).
He states that “Today’s decisions were taken in response to the continued shortfall of
inflation with respect to our aim. In fact, incoming information since the last Governing
Council meeting indicates a more protracted weakness of the euro area economy, the per-
sistence of prominent downside risks and muted inflationary pressures. This is reflected
in the new staff projections, which show a further downgrade of the inflation outlook.”
This the first of 15 paragraphs (out of a total of 23 substantive paragraphs) providing
details of the ECB’s assessment of the economic state.

The first 8 paragraphs describe all the dimensions of the policy decision (interest
rates, asset purchases, etc..) which capture the role of the f(.) function. Of course, much
of the policy decision is not news once we condition on the updated assessment of the
economy. (This can be seen in the f/ (£2,,) term in (1)). But sometimes the central bank
communicates changes in stance. Draghi (2019) indicates some update saying: “We now
expect the key ECB interest rates to remain at their present or lower levels until we have
seen the inflation outlook robustly converge to a level sufficiently close to, but below, 2%
within our projection horizon, and such convergence has been consistently reflected in

underlying inflation dynamics.”

3 Measuring the 3rd T: Temporal Communication

The previous section has, we hope, established that monetary policy news may come
from both the projection and the evaluation aspects of the central bank decision. While
a full estimation of the general model proposed above is beyond the scope of this paper,
we wish to examine the extent to which both future and past temporal information is
important empirically.

In order to do this, it is necessary to measure the temporal dimension of the infor-

mation. While existing studies of central bank communication have emphasised two T’s,



Topic and Tone, attention on the 3rd T is limited. One reason for this is that it is not
as trivial as you might imagine. In this section, we present the algorithm that we have
developed specifically for measuring the temporal dimension in central bank texts. As
we will apply this algorithm to ECB monetary policy communications, we first describe

the textual data we use.

3.1 Textual Data

Our textual data come from two main sources - the ECB press conferences (including
the introductory statement, and the associated Q&A session) and the text of speeches
delivered by members of the ECB executive board.

The data from the ECB press conferences were manually taken from the website of the
ECB.? The textual data from the Q&A session contains the questions from journalists —
for baseline estimations we cut out the questions, leaving only the responses (which are
typically from the ECB President, though occasionally the Vice-President interjects).

Overall, we collected 240 transcripts from the website of the ECB, starting with the
first conference of 9th June 1998, and ending with the conference of 10th September
20204

Policymaker speeches come from the ECB Speeches Dataset, which was created by
ECB staff and made available on its website/’| This is an archive of all speeches by ECB
Executive Board members, dating back to February 1997.° These data are continually
updated by the ECB, we use the version of the dataset that ends with a speech on the
15th September 2020.

Our sample includes 2,203 English speeches.’| Note that it is often the case that there
is more than one speech on a given day. This means the total number of days in which
one or more speech occurs is 1,713, i.e. it is lower than the number of speeches. When
constructing our measures of temporal orientation for given speeches, we treat speeches
given on the same day essentially as one document.

Though the sources of data present the text in a relatively regular manner, in order to
use these data we apply some standard cleaning procedures. One important difference is

that we need to preserve numerical information associated with dates, whereas numerical

3See: https://www.ecb.europa.eu/press/pressconf/html/index.en.html.

4Note that the number of Q&A sessions in our sample is 237, since the questions were not taken
during the first three press conferences.

5The dataset is here: https://www.ecb.europa.eu/press/key/html/downloads.en.html.

6The data include speeches delivered by senior officials prior to the formal creation of the ECB in
June 1998.

"We exclude 159 non-English speeches. There are 16 speeches for which no text is available, which are
discarded. There are 34 speeches that merely summarise the title and topic of the speech, and provide
a hyperlink to lecture slides — these are also discarded.


https://www.ecb.europa.eu/press/pressconf/html/index.en.html
https://www.ecb.europa.eu/press/key/html/downloads.en.html

information is often jettisoned in other applied computational linguistics studies. We
process the statements and the speeches in the same way, though some more cleaning

was required in the case of the speeches as discussed in Byrne et al. (2021).

3.2 Temporal Tagging

The approach to temporal tagging used in this study categorizes textual data according

to three dimensions:

1. categorical references to time - refer to time only in a general sense, and includes

references such as “the future”, “in the long-run”, “currently”.

2. numerical references to time - references that can be placed on a calendar such as
“next year”, “in the last few months”, as well as more direct numerical references
like “Ist January 2020”7 and “2020”.

3. grammatical tense - our tagging algorithm also recognises whether sentences include

the use of the present, past, and future tenses.

We shall now explain each in more detail. There is an accompanying technical guide
to the algorithms which will provide the interested reader with even more information
(Byrne et al. 2021).

3.2.1 Tagging Numerical and Categorical Time-References with SUTime

To accurately isolate such references within a large corpus of documents, we employ the
SUTime temporal tagger developed in Chang and Manning (2012). SUTime is a rules-
based temporal tagger built on regular expression patterns rather than on statistical
relationships. Chang and Manning (2012) show that SUTime performs well in compar-
isons with other temporal taggers in the natural language processing literature across a
number of criteria.

A key benefit of SUTime is that it can tag a wide range of representations of time,
allowing greater accuracy and flexibility to capture the typical ways in which people
speak. SUTime is not limited to absolute date formats such as YYYY/MM/DD, “June
2020” or similar simple references. SUTime is also able to resolve relative date formats,

Y

such as “last Friday” or “two months from now”, since the processor takes a reference
date as an input.

The outputs of SUTime are temporal tags in the TIMEX3 format (Pustejovsky et al.
2003). Text that can be resolved to a specific date will result in a numerical time tag.

For example, “June 2020” or ‘“next June” are numeric dates. SUTime also produces



categorical tags, covering past, present, or future, for more abstract date formats that do
not resolve to a specific date

Although the library of rules in SUTime is large, it is not tailored to the language of
monetary policy or central banking. There may be phrases that central bankers use to
talk about time that are easily understood by their audiences, but which are not covered
by the SUTime rules. For instance, central bankers frequently refer to the “short-term”,
“long-run”, and similar constructions. These expressions are, however, not included in
the SUTime library. We thus expand SUTime’s library of rules to capture better the
ways in which central bankers speak about monetary policy or economics-related topics.

In a similar fashion, central bank communication often refers to dates, times and eras
by commonly understood shorthand names. The audience hearing “Great Depression”,
“Bretton Woods era” or “Global Financial Crisis”, for instance, is likely to know well
to which point in time the speaker is referring. A temporal tagger, on the other hand,
would not. We developed a list of relevant economics text-based date expressions and

map them to numerical dates, allowing SUTime to process them (discussed fully in Byrne
et al. (2021)).

3.2.2 Tagging Tense with TMV

Applying computational linguistics to assess whether phrases within a given sentence are
in the past, present, or future tenses is a non-trivial task.

Standard computational tools allow one to assign “part of speech” (POS) tags to
tokens (words) from corpora of textual data. The tags themselves come from a list of
potential word classes for the English language (nouns, verbs, determiners, etc.) However,
because POS taggers are applied to tokens, and not verb phrases, their ability to detect
tense is limited. To identify the future tense, it is necessary to augment POS taggers
with additional tools from the computational linguistics literature.

To identify tense, this study applies the Tense-Mood-Voice tool, introduced by Ramm
et al. (2017). This tool is designed to automatically classify verbal complexes (sequences of
verbal tokens within a verbal phrase) into their tense, according to a rules-based method.
Ramm et al. (2017) distinguish semantic tense from morphosyntactic tense. They give
the example of the English sentence “He is leaving at noon”, which is semantically in the
future tense, but has the morphosyntactic tense of present progressive. The TMV tool

can only provide information about the morphosyntactic tense. The system takes as its

8SUTime will also identify if the text is referring to a range of dates from one point to another, or a
duration such as “for three months”. We do not incorporate information from ranges in our approach,
since it is unclear how to resolve such expressions into a single value (one could use the middle of the
range, though it is not clear whether such expressions should be treated in the same manner as dates,
so we prefer to omit these cases).



argument individual sentences. It then identifies verbal complexes from these sentences,
before applying a sequence of around 32 rules to these verbal complexes. For example,
the system understands that, for the simple future tense, the model auxiliary “will” (or
“shall”) precedes the infinitive form of the verb, so “I will go” is correctly identified as
the future tense.

The system assigns verbal complex to four forms of the present tense (present, present
progressive, present perfect, present perfect progressive), four form of the past tense (past,
past progressive, past perfect, past perfect progressive), and four forms of future tense
(two respective forms of the future and future progressive tenses are identified). We do
not distinguish between different forms of present, future or past tenses. We assign the
four future tenses to a general future tense category, and likewise for the present and past
tenses. We assign the two conditional tenses that are about the past to the past tense
category, and we assign the two conditional future tenses to the future category. We do
not consider non-finite verbal complexes.

TMYV classifies sentences according to their tense but we additionally, ex-post, assign
certain expressions in the present tense to the future. Some of these are particularly
prevalent in central bank speak. For example, central bankers frequently make statements
using expressions such as “we expect”. “we forecast”, or “we predict”. The full list of

verb forms we additionally assign to the future are reported in Byrne et al. (2021).

3.2.3 Temporal Tags: Example and Some Issues

To recap, by applying the SUTime and TMV approaches, we identify numerical and cat-
egorical time-references (SUTime), as well as past, present, and future verbal complexes
(TMV). Table |1 shows two example sentences from our text corpus.

The blue highlighted text captures future tagged content while the orange highlights
capture the past references. Phrases marked Numerical or Categorical are tagged using
the SUTime tool (or our additional central bank time references), while phrases marked

with Tense are tagged using the TMV tool. Phrases marked with Tense*

are tagged
as present tense using the TMV tool, but coded as future using a bespoke dictionary of
present tense phrases that evoke future considerations.

The first sentence from the speech at Sintra is clearly about the future, and the second
is clearly referring to the past but providing context to their recent decision making. Our
argument is that such context, especially the symmetric nature of their objective function,
is useful and important information for markets trying to predict future interest rates.

The sentences from the Press Conference highlight another important aspect of the
measures. The first of these sentences shows that we capture important forward-looking

information with the adjusted tense reference as well as the categorical SUTime measure;

10



Table 1: Example of Our Temporal Parsing Approach

Past Tag Textual Data Future Tag
Tense

“In the absence of improvement, such that the sustained
return of inflation to our aim is threatened, additional
stimulus - required. In our recent deliberations,
Tense  the members of the Governing Council - their
conviction in pursuing our aim of inflation close to 2%
in a symmetric fashion.

ECB President Draghi, Speech at Sintra, 18th June 2019.

“Over the _ underlying inflation
- to-increase, supported by our monetary Categorical
policy measures, the ongoing economic_erpansion and

robust wage growth. ... This assessment is also broadly Tense*

vamerical e in thc EQIGHIGRERND PO sof

macroeconomic projections for the euro area, which Tense*

N ical
umerica - annual HICP inflation at 1.2% in -; 1.0%

in (BOBO) and 1.5% in (BIRD)- " Numerical

ECB President Draghi, Press Conference, 12th September
2019. Numerical

Notes: Phrases marked Numerical and are tagged as future/past using the SUTime tool.
Phrases marked Categorical are tagged using the SUTime tool, with an additional be-
spoke dictionary of future words specific to the language of central banking (for example,
“medium-run”). Phrases marked with Tense are tagged as future/past tense using the
TMYV tool. Phrases marked with Tense* are tagged as present tense using the TMV tool,
but coded as future using a bespoke dictionary of present tense phrases that evoke future
considerations, designed for use with central bank communications (for example, “expect”,
“forsee”).

standard tense analysis would either miss this reference, or even classify it as past tense!

The second of these sentences highlights that the numerical references may sometimes
blur the measure of temporal orientation coming from the other measures. Our baseline
measures described below classify future and past according to sentences tagged by any
of the measures. We also conduct our analysis using topics constructed according to each
temporal tagger seperately; this more disaggregated approach will generally generate even

stronger results though the qualatative nature of the baseline results is the same.

3.3 Measures of Document Temporal Orientation

Once sentences are tagged appropriately, we are in a position to create measures of
temporal orientation from our textual data. To do this we first identify all sentences in
our corpora that contain at least one reference to the future, be it a numerical future

reference, a categorical future reference, or the use of the future tense. We then identify

11



all sentences in our corpora that contain at least one reference to the past (according to
any form of tag).

Formally, consider a sentence s € (1, N%) found in document d. Let T/ = 1 if and
only if sentence s contains at least one temporal expression relating to the future (be
it numerical, categorical, or the use of the future tense). Define TP analogously as an
indicator variable that equals 1, if and only if sentence s contains at least one reference
to the past. Note that a sentence can be tagged as both about the future, and about the
past, according to this scheme.

The document level temporal orientation measures, pd“t for future and pZSt for past,

are defined as:

=Nd
fut Zizl Tsfm;

_nd
o ey TP
S T 3)

(a) Statements + Answers

—— Future —— Past

Figure 2: The Time-Series of Future Orientation Across Corpora

Notes: The figure displays pﬁ”t across time for the speeches, as well as the statements and
answers. The time-series are averaged at monthly frequency.

Figure 2/shows the time-series of the future and past measures, for both the statements

12



and answers corpus, and the speeches corpus. Note that the share of sentences marked
as future and past fluctuates around 40% in the statements and answers corpus, and 20%
in the speeches corpus. We conclude that the statements and answers corpus contain
a greater proportion of temporal sentences, on average. The future and past shares do
appear to be inversely correlated, which makes sense, given their construction. We have
constructed our temporal taggers to allocate phrases or words to the mutually exclusive
categories of past, present, and future. Ceteris paribus, an increased number of sentences
tagged only as future will lead to a reduced past share. However, it is still possible that
the future and past shares can co-move positively, in the sense that such movements are
possible in the case that the share of sentences marked only as present falls. Another
important point about these figures is that both series are monthly averages. In the
case of the speeches, the figures therefore understate the level of variation from speech
to speech.

From Figure 7, several stylised facts emerge about temporal information in ECB
communication. Panel (a) displays information from the statements and answers corpus.
In the earliest years of the sample we observe a slow decline in the share of references to
the past, from the period 1999 to 2004. We do not observe a clear rise in the measure of
futureness, meaning that share of future references was kept at a generally similar level
during this period (with some higher-frequency fluctuations). We observe a slow decline
in the level of futureness from the 2009 period, with a particularly sharp fall in the 2017
to 2019 period. We have found that these dynamics are driven by the categorical and
tense measures of futureness.

We observe a clear increase in the measure of future orientation in the pre-1999
period, before a slow decline in this measure until around 2005. This is driven largely
by movement in the tense and numerical indicators of futureness, and may reflect a large
number of references to the 1st of January 1999 in the earliest speeches, as well as a
general discussion of a the future prospects of the monetary union. These trends are
reflected (with opposite sign) in the measure of past orientation. In the post-2005 period,
the measures derived from the speeches do not vary much at business cycle frequency,
though there us a degree of higher-frequency variation. Note that the use of aggregate
measures obscures variation that may occur at the level of individual topics, as we will

examine later in this study.

3.3.1 Construction of Temporal Topics

While these document-level future and past orientation measures may provide reasonable
summary measures of the overall temporal orientation of a speech, or press conference,

one concern is that such an approach would amalgamate information from a fairly diverse

13



range of subjects. It is also of interest to study whether the temporal orientation of given
topics within a speech changes the way market participants respond to given speeches.
For example, a discussion of the future path of interest rates in a given speech may be
more relevant for market participants than a discussion of past interest rate choices (even
though the context of how the past is shaping current decisions may also be informative).

To capture the temporal orientation of given topics, we need a way to combine our
temporal information with measures of topic from textual data. To measure topics, we
use Latent Dirichlet Allocation (LDA) following Blei et al. (2003) and applied to central
bank communication in Hansen et al. (2017). LDA is applied at the sentence level of our
corpus.

One complication is that our overall corpus includes information from several sources,
in the sense that we wish to extract topics from both press conferences (which are largely
focussed on monetary policy) and from speeches (which may include references to a more
diverse range of subjects, including law, history, for example). Given that the number of
speeches (2,203) greatly exceeds the number of press conference (240), treating all of our
textual data as one corpus would tend to favour the extraction of topics that explain the
speeches, potentially to the detriment of model fit for the press conferences.

We choose to estimate our topic model on a corpus comprised of the introductory
statement during press conferences, and the responses to questions during the Q&A
session (but not the questions themselves). The speeches are therefore not included in
the estimation of the topic model. Given a topic model estimated on the press conference
textual data, we extrapolate our topic model to the textual data from the speeches
(querying in the language of information retrieval).

A number of pre-processing steps are taken prior to the fitting of the topic model.
Note that these pre-processing steps are applied to the corpus prior to the application of
the LDA model, but not prior to the application of the SUTime and TMV tools. These
steps are largely standard, and include the removal of numbers and punctuation, the
removal of standard English stopwords (e.g. “the”), the conversion of words to lower
case and the use of a stemmer to reduce words to their root form (so “developing” and
“developed” are both stemmed to the same root, “develop”).

The model was estimated using a Gibbs sampling approach, with a burn in of 1000
iterations and a total of 2000 iterations for the fitting process. We set the number of
topics to 15, which led to a distinct and interpretable series of topics.

In turn, the fitted LDA model of 15 topics was extrapolated out of sample to the
speeches dataset using a second Gibbs sampling approach with identical numbers of burn
in and iterations in total. A minor concern is the existence of words that may be in

the speeches data but not the press conferences. Reassuringly, in total these account for
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only 4.3% of the total count of words that occur in the speeches dataset, and as such
their exclusion from the training data is unlikely to have a fundamental impact on our
goodness of fit.

The fifteen generated topics are shown in Table tab:topicfull. The fifteen generated
topics each have meanings that are broadly interpretable in line with certain aspects of
ECB communication. A number of topics are directly related to the primary mandate
of price stability (Topics 3, 6, and 7), while other groups are more directly related to
monetary policy actions (Topics 14 and 15). In addition, two topics are clearly related to
structural parts of the statements, such as Topics 2 and 12, which are directly related to
structural reforms, fiscal policy and the stability and growth pact, while Topic 9 appears
to be related to broad analysis of risks that can be seen in the balance of risks segment

of the press conference. A time series of the relevant topics is shown in Figure [77]
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Figure 3: Time series of the LDA topic proportions in the statements and questions dataset

Notes: This figure shows the distribution of the probabilities from a LDA topic model fit
on the ECB statements and answers over time. Fach section of the area chart reflects the
implied proportion of the overall statement and answers dedicated to that given topic at
the relevant point in time.

The distribution of the topics over time suggests that while on the whole the structure
of the document has been relatively homogeneous, there are changes over time. First,

Topic 4, which relates to Banks, Markets and Bonds increases in importance in the
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2010s, and increases further in 2020. This likely reflects the increased importance of
asset purchases during this time point. Similarly, Topic 13, which deals with a number
of ECB specific administrative concepts is at its peak towards the start of the sample,
reflecting the discussion of the institutional formation of the ECB at that time point.
Other items of note are the fact that Topics 1,2 and 15 are relatively static in the sample
over time. This reflects the fact that they represent some structural components of the
statements that are fixed over time (the balance of risks, discussions of structural reforms
and rate decisions respectively).

Given this estimation of our topic model, the next stage is to create our measures
of temporal topic. Expressed in words, the future (past) temporal topic for a given
document represents the average topic share for that topic, when we restrict the corpus
to only those sentences that contain a future (past) reference. Formally, for a given
document d with N, sentences, and a given topic k, k € (1,...,K) with K = 15, we
denote the statement (or speech) future oriented topic measure (#/*'(k)) and the past

orientation measure (5" (k)) respectively according to:

s:Nd Z:Nd
1
00" (k) = —m > T/" O, where NJ* = 3~ 1/ (4)
Ny o i=1
1 s=Ny i=Ny
05 (k) = N Z TP 0).,, where N = Z TP, (5)
d  s=1 i=1

where 6y, s is the topic share for topic k associated with the sentence s.

To demonstrate some of the properties of our new measures of temporal orientation,
Panel (a) of Figure 4| displays the evolution of measures relating to topic 7 and topic 12
over time. These measures are constructed for the statements corpus, and therefore vary
at the frequency of the Governing Council meetings. Topic 7 is broadly related to price
stability, and inflation expectations, this can be seen from Panel (b). Topic 12 relates to
fiscal policy and government, as can be seen from Panel (c).

Figure 4] displays several important properties of our measures graphically. The first
point to make is that, when studying the overall topic shares, for both topics, we see
evidence of both higher-frequency changes in topic shares between statements, as well
as more persistent movements. For example, the overall measure of the price stability
and expectations topic increases during the period of the financial crisis period, decreases
during the resolution of the European sovereign debt-crisis, before rising again. The
fiscal policy topic is elevated in the post-2008 crisis period. Of course, time-varying topic
shares have been estimated for central bank statements in a number of significant studies

to date, and the observation that these shares evolve over time is not novel to this paper.
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Part of the contribution of this study is to separately estimate temporal topic shares,
and their evolution is also plotted in Figure 4. We can observe several features of the
shares immediately. The first is that they are correlated with the overall topic share. This
is unsurprising, given that they are calculated essentially as “sub-corpora” of the overall
corpus. The measures also appear more volatile than the overall measure. Again, this was
perhaps to be anticipated, given that they are averages applied to a smaller number of
sentences (i.e. those only those sentences that are tagged as future or past, respectively).
This makes it likely that the new measures exhibit a somewhat greater degree of noise.
However, what is also clear from the Figure is that the new temporal topics are not
reducible to the overall topic measure, and that they can display interesting dynamics
that are less pronounced in the overall measure. For example, in the case of Topic 7, we
note that there is a clear increase in the future topic share during the 2008 crisis period.
There is also a larger increase during the period of 2015 to 2019, during which the ECB
was conducting purchases as part of its PSPP programme. This was also the period
during which the ECB President linked net asset purchases to a “sustained adjustment
in the path of inflation”, meaning the future evolution of inflation received a great deal of
emphasis in discussion. For the case of topic 12, there is also evidence of a decline in the
past temporal topic in the post-2014 period, perhaps indicating the diminishing quantity
of analysis and reflection devoted to fiscal matters, after the resolution of the European

sovereign debt crisis.

4 Analysis of the Yield Curve News

The framework presented in section 2 suggests that central bank communication will
cause market news when market partipants, in aggregate, update their beliefs because
the communication fills an information deficit that they had. We argued that, while some
of the information deficit would relate to the central bank’s outlook for the economy
(the projection dimension), reassessment and contextualisation of current data should be
important too.

Armed with our measures of the temporal dimension of central bank communication,
we can provide an empirical assessment of the drivers of market surprises. If the infor-
mation deficit comes only from the projection dimension of policy making, the inclusion
or exclusion of past information should have no bearing on the extent to which we can
explain the asset price news. On the other hand, if interpretation matters, it should, at
least on average, result in past temporal topics being able to explain some of the asset

price news.
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Figure 4: Topics and Temporal Topics, Two Examples from the Statements Corpus
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Notes: Panel (a) of the Figure displays the evolution over time of the document-level topic
share, the future topic share, and the past topic share, for two example topics, topics 7
and 12. Note that these measures are derived from the statements corpus (including the
introductory statement and the answers during the press conference). In the case that there
is more than one statement per month, the values are averaged. Panels (b) and (c) of the
Figure display, for reference, the estimated “word clouds” of topic 7 and 12 respectively,
i.e. a representation of the highest probability words associated with the topic, where the
size of the word indicates its weight.

4.1 Empirical Framework

In theory, with a large enough data set, we could explore the empirical relationship be-
tween the market news and the temporal dimension of communication using a simple
OLS regression of our market news variable on all the temporal dimensions of communi-
cation controlling for other released information such as numerical forecast information.
In practice, we have a large number of independent variables of interest (our baseline
specification has 15 topic main effects, 15 future topics, and 15 past topics, as well as
other control variables) and relatively few observations. Therefore, we follow Hansen
et al. (2019) and adopt the “elastic net” LASSO specification of Zou and Hastie (2005).

Take a sample of N observations of a given response variable {y;}Y, and a corre-
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sponding observations of a vector of p potential predictor variables {x;}¥ ,, where x; is

of dimension (p x 1). The following minimisation problem is:

N
i {%_Z(yz- - X84 A [0 = Il + ollell] }

BERP —
for some A > 0 and o € [0,1], where ||u|[, = ijzl(|uj|p)1/p is the l;-norm. Here
y = (y1,...,yn) denotes an N-vector of responses of interest, and X is a N X p matrix

of independent variables. Note that when o = 1 this specification.

We define the parameter a to be equal to 0.99. We estimate the parameter \ by
10-fold cross-validation.

One complicating factor when using LASSO estimation is that, in the case of highly
correlated independent variables, parameters can be selected by the routine in a some-
what arbitrary manner.”, To account for this, we tend to summarise the results from our
LASSO estimation routine using a non-parametric bootstrap. We draw with replacement
from our dataset M observations, and do this 5000 times, and store the distribution of
estimated parameters. Note that for each bootstrapped dataset, we estimate a differ-
ent value of X\ via 10-fold CV. To compute the distribution of adjusted R? we adopt
the following procedure. For a given bootstrapped dataset, having estimated a LASSO
specification, we then re-estimate our prediction equation via OLS, conditional on the
subset of variables that were assigned non-zero coefficients by the LASSO algorithm. Our

measure of adjusted R? for this draww is taken from this OLS regression.

4.2 Effects of Temporal Communication on Market Yield News

A growing literature in the empirical macro-economics literature focusses on the extrac-
tion of monetary policy surprises from policy announcements, by isolating changes in
asset prices in narrow windows around the announcement. Early papers studied uni-
dimensional monetary policy surprises (Kuttner (2001)). To study the impact of our
textual measures of ECB Press Conference communication on market yields, we use
intra-daily data from the Euro Area Monetary Policy Event Database (EA-MPD) of Al-
tavilla et al. 2020. These data are the change in asset prices in response to the ECB
statements, recorded as the difference in the price of assets before and after a narrow
window (around 45 minutes) of the ECB conference. The assumption is that monetary

policy news should be the most important source of variation for these asset prices, given

9This issue is widely known in the literature surrounding LASSO specifications. Taddy (2017) cautions
that (for the case of LASSO) cross-validation “can lead to over-fit for unstable algorithms whose results
change dramatically in response to data jitter”. See also Gentzkow et al. (2019) for discussion of this
issue.
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the tightness of the time-span of the window. In this case our measures of the signal fi-
nancial markets receive (in response to information from the press conference) should not
be systematically related to other signals (for example signals about aggregate demand
that do not come from discussions within the press conference).

We measure news as the absolute value of the change in yields; this gives a measure
of the update in beliefs without direction mattering. Table 2 presents the bootstrapped
mean Adjusted R? values from post-LASSO OLS regressions of the absolute value of
changes in yields on sets of variables selected by the LASSO estimation. The main
message is that the temporal dimension is very relevant for to explain the news and
both future and past temporal topics matter. This suggests that communication of both
interpretation and projection seems important to address the markets’ information deficit.

More specifically, regardless of the communication measure used, communication has
its strongest explanatory power for news in yields of 1- to 3-year maturity. Explanatory
power is lowest at the shorter and longer ends of the yield curve. This hump shape is
present across all combinations of topic regressors (rows of the table).

The most basic measures of communication content, the topics 0, capture some of
the news systemtatically (Adjusted R? between 0.15 and 0.3). This suggests that simply
knowing what the press conference discussion is about is useful to pick up systematic
variation in the market reaction.

Separately adding future and past topics increases the explanatory power (rows 2 and
3); the variation that the topics capture rises by about a quarter so for the 2-year OIS
the explanatory power goes from 0.28 on adjusted R? to 0.37 (future added) or 0.36 (past
added). Nearer the short end, the past topics actually capture more of the variation
whereas further out the yield curve, the future topics typically explain more.

The strongest effect comes from allowing the LASSO to select over topics from both
past and future dimensions. Adding both the disagreggated temporal topics explains
even more again suggesting that these temporal topics are not simply picking up the
same thing. Moreover, perhaps because of the differences in references that each tagger
is picking up, using separate temporal topics for each tagger gives the LASSO an even
greater disaggregated set of topics to select from and allows us to capture even more of

the variation (measured with adjusted R* which penalises simply selecting more topics).

4.3 Effects of Temporal Communication on Risk Premiums

Several recent papers have drawn attention to the ways in which central bank statements
appear to affect the risk-premium (e.g. Hansen et al. (2019), Leombroni et al. (2021).
In order to analyse the temporal effect on risk premiums, we follow an approach to their

calculation that is broadly similar to Leombroni et al. (2021).
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Table 2: Adjusted R-Squared of yield curve by specification (union)

Specification OIS OIS1Y OIS2Y OIS3Y DES5SY DE

1M 10Y
Topics Only 0.25 0.29 0.28 0.23 0.19 0.15
Topics and Future 0.32 0.36 0.37 0.31 0.25 0.19
Topics and Past 0.35 0.37 0.36 0.29 0.22 0.20
Topics, Future and Past 0.41 0.43 0.43 0.36 0.27 0.24
Topics, Future and Past®  0.59 0.62 0.63 0.59 0.56 0.47
Forecasts & Revisions Yes Yes Yes Yes Yes Yes

Notes: This table shows the bootstrapped mean Adjusted R-Squared values from post-LASSO Ordi-
nary Least Squares regressions of the absolute value of changes in yields on sets of variables selected by
the LASSO estimation. The bootstrap procedure is non-parametric with 500 draws and estimates an
Adjusted R-Squared for each draw. Changes in yields are calculated in an intra-daily window around
the ECB’s press conference. “Specification” refers to the set of variables available to be selected in the
LASSO estimation. Each of Topics (6), Future (0£UT) and Past (0545T) contains 15 variables. Each
specification includes forecasts of current year and one year ahead annual GDP growth and inflation,
and revisions to these forecasts where applicable. The forecast variables are constrained to be always
included in the set of selected variables.

These authors take the first principal component of a collection of movements in inter-
est rate futures around press conferences of the ECB. They then regress the movements
in equities provoked by press conferences onto their principal component, and take the
residual as a measure of a “risk-premium shock”. The idea is that such a movement rep-
resents a component of the effect of central bank of communication on market appraisal of
risk, since it is orthogonal (by construction) to the effects of central bank communication
on the risk-free part of the yield curve (since it is orthogonal to OIS contract movements).

While the shock we create in this study is highly related to that of Leombroni et al.
(2021), we differ slightly in our implementation of their procedure. In our data and
sample we found that merely regressing equities on the first principal component of OIS
contracts could lead to very low R?, with even negative adjusted R? in evidence. In the
case of such low R?, there would be little reason to use an orthogonalised risk-premium
shock, as opposed to the direct movements in equities themselves. We achieved slightly
higher R? when we regressed movement equities on a group of five OIS contracts, and so
adopt this procedure to achive a risk-premium surprise /'’

Table 3| shows the analysis of the risk premium. As before, the regression results
suggest that (i) central bank messaging matters for the market news, (ii) the temporal
dimension is important, and (iii) both the forward and the backward-looking informa-

tion plays and important role. This suggests that the interpretation and context given

10The 5 contracts we use are one-month, three-month, 6-month, 1-year, 2-year.
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to decisions, even if it covers information that is widely known and understood, is an

important dimension of the central bank narrative.

Table 3: Adjusted R-Squared of Leombroni et al. (2021) Risk Premium surprise by specification

Specification Risk Premium
Topics Only 0.17
Topics and Future 0.25
Topics and Past 0.29
Topics, Future and Past 0.36
Topics, Future and Past™® 0.56
Forecasts & Revisions Yes

Notes: This table shows the bootstrapped mean Adjusted R-Squared values from post-LASSO Ordinary
Least Squares regressions of the absolute value of a risk premium surprise on sets of variables selected
by the LASSO estimation. The bootstrap procedure is non-parametric with 500 draws and estimates an
Adjusted R-Squared for each draw. The surprise is constructed from changes in equities and yields in an
intra-daily window around the ECB’s press conference, following the identification scheme of Leombroni
et al. (2021). The “Specification” refers to the set of variables available to be selected in the LASSO es-
timation. Each of Topics (6y), Future (#£YT) and Past (§£457T) contains 15 variables. The specification
marked by * indicates the use of disaggregated Future and Past measures where 05V and 5457 con-
tain 45 variables each. Each specification includes forecasts of current year and one year ahead annual
GDP growth and inflation, and revisions to these forecasts where applicable. The forecast variables are
constrained to be always included in the set of selected variables.

5 Identification Problem

5.1 The Identification Problem Facing Markets

The preceding analysis shows that both backward- and forward-looking information seems
to convey important information. However, an important point to make is that though
we can conclude that the information is important, we cannot conclude exactly what
beliefs are updated as a result. As discussed in Hansen and McMahon (2018), there is a
clear identification problem deriving from the high-dimensionality of the problem. This
is why we do not focus particularly on whether the future or past topics are monetary
policy or inflation or something else.

To see this, consider a market participant who knows the most-recently selected 1,
but is unsure of the specific central bank assessment of the economy €2; nor their specific
reaction function f;(.). The identification problem is the fact that it is not possible to pin
down the elements of the assessment and reaction function. Based on a particular market

belief of the central bank assessment, (), and given the selected interest rate, there is an
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implied reaction function, f,(.), such that i, = f;(€};). Alternatively, if they have a strong
view about f;(.), then it will imply a belief about the state of the economy €.

If the central bank were to subsequently provide more clarity on their assessment
of the state of the economy, perhaps through a backward-looking description of their
conjunctural analysis, this backward-looking information would provide information on
Q), which also requires an update of ft() For example, if markets learn that policy-
makers perceive the state of the economy is better than markets had expected, then the
only justification for the current interest rate is that policymakers are more dovish that
previously assumed.

In fact, while the news on the state of the economy is what was communicated, the
impact from the updated view of the reaction function might be even more important.
This would follow if we perceived reaction function preferences as more persistent than the
state of the economy. If we assumed, as an extreme example, that the reaction function
shifted according to a unit root, then this update would have important implications for
the entire yield curve whereas the economic news may only have relevance for the state
of the economy over the next few quarters.

This means that while we can explore the effect of communicated information on
market beliefs, we cannot assume that backward looking information only impacts beliefs
about the state of the economy. In other words, our approach allows us to say something
about the nature of information, but it does not allow us to conclusively understand what
beliefs that information caused to update. To see this, and to see that backward-looking
does, in fact, seem to lead beliefs on monetary reaction functions to update, we shall
now extend our earlier analysis to market news that has been decomposed into different

constituent parts.

5.2 Monetary Policy Surprise Analysis
5.2.1 Data

Recent contributions in the monetary event study literature have followed Giirkaynak
et al. (2005) and sought to decompose asset price movements into multiple forms of
surprise, according to structural criteria. This study employs a number of ECB monetary
policy surprise series from leading recent papers in the literature.

The first set of surprises used in this study are the four surprise series of Altavilla et al.
(2019): the “target” surprise, the “timing” surprise, the “forward guidance” surprise and
the “QE surprise”. The first surprise is extracted only from asset price movements around
the press release of the ECB, which is posted on the ECB website around 30 minutes

before the press conference itself. Altavilla et al. (2019) argue that this surprise reflects a
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conventional surprise to interest rates. The latter three surprises (timing/forward guid-
ance/QE) are extracted from the press conference window. Of these three surprises, the
forward guidance surprise and the QE surprise are assumed not to load on short-term
interest rate futures contracts. A further assumption is made that the QE surprise ex-
plains minimal variation in the post-crisis period. The timing surprise is allowed to load
on any asset price, however it has only a weak relation to the shorter and longest-term
rates. Altavilla et al. (2019) argue that this surprise represents a form of update about
the timing of ECB decisions in the near future, as opposed to what we might understand
by intentional rate guidance about the medium run.

Because our data sample for our empirical estimation runs until December 2019, we
update the shock series of Altavilla et al. (2019). We do so using the codes provided on
their website, in conjunction with data from the EA-MPD.

The second approach to identifying monetary policy surprises used in this paper fol-
lows the approach Jarocinski and Karadi (2020) use to separate the monetary policy
surprise and the “information surprise”. These authors also use information from high-
frequency movements in asset prices around policy announcement days (in their case,
they study both the US and euro area cases). These authors are interested in controlling
for a component of the announcement that may relate to the communication of infor-
mation about macro-economic variables and their expected progression. To do this the
authors use a sign-restrictions approach, restricting true monetary policy surprises to
raise interest rates, but reduce equities. An information surprise, on the other hand, is
constrained to raise interest rates, but also to raise equities (in that sense an information
surprise is “good news” when it raises rates, and “bad news” when it lowers rates).

It is important to emphasise that in this study we do not strictly use the exact sur-
prise series of Jarocinski and Karadi (2020). The reason is that Jarocinski and Karadi
(2020) identify their policy surprises in a one-step estimation procedure, within a monthly
Bayesian VAR model, which incorporates zero-restrictions on the relation between high-
frequency and low-frequency data. Because there were occasions where there was more
than one policy statement within a month, and because Jarociniski and Karadi (2020)
cumulate their surprises prior to applying their identification procedure, an exact map-
ping of the monthly surprise series provided in the replication materials of Jarociniski and
Karadi (2020) and the meetings of the ECB does not exist for all months in the sam-
ple. We therefore prefer to apply the sign-restrictions of Jarociniski and Karadi (2020)
to information that is derived solely from the high-frequency data, without applying
zero-restrictions to macro-economic series. We also use information from the EA-MPD,
whereas Jarocinski and Karadi (2020) created a novel dataset of their own. We do use the

same two contracts as Jarociniski and Karadi (2020), namely the two-month OIS rate and
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the Eurostoxx50 index. However, the sign-restrictions we employ are essentially the same
as Jarocinski and Karadi (2020), and therefore we refer to these surprises as “Jarociriski
and Karadi (2020) style” shocks throughout the paper.

5.2.2 Analysis of Decomposed Surprises

Ignoring the identification problem, you might expect that the backward-looking infor-
mation, when applied to the Altavilla et al. (2019) decomposition, should have relatively
more importance than forward-looking information for the Target factor, and likely less
importance for Forward Guidance factor. Timing and Quantitative Easing (QE) factors
would be somewhere in between. Table 4] shows the results from extending our Bayesian
bootstrap analysis to the Altavilla et al. (2019) decomposition.

The basic result of the earlier analysis remains - both forward and backward looking
temporal topics play and important role in explaining news variation. However, consistent
with the difficulty of mapping information to specific beliefs being updated, we find that
past topics are relatively least important for the target factor. This suggests, though
does not necessarily prove, that the context may indeed be providing information on the

reaction function of the central bank to market participants.

Table 4: Adjusted R-Squared of Altavilla et al. (2019) surprises by specification

Specification Target Timing Forward Quantitative
Guidance Easing
Topics Only 0.23 0.28 0.29 0.21
Topics and Past 0.29 0.36 0.33 0.26
Topics and Future 0.37 0.36 0.34 0.27
Topics, Future and Past 0.42 0.42 0.37 0.32
Topics, Future and Past*  0.59 0.62 0.63 0.59
Forecasts & Revisions Yes Yes Yes Yes

Notes: This table shows the bootstrapped mean Adjusted R-Squared values from post-LASSO Ordi-
nary Least Squares regressions of the absolute value of the surprises constructed in Altavilla et al. (2019)
on sets of variables selected by the LASSO estimation. The bootstrap procedure is non-parametric with
500 draws and estimates an Adjusted R-Squared for each draw. The surprises are constructed from
changes in yields in an intra-daily window around the ECB’s press conference. For further discussion,
see Altavilla et al. (2019). The “Specification” refers to the set of variables available to be selected in
the LASSO estimation. Each of Topics (6), Future (0£UT) and Past (05457 contains 15 variables.
The specification marked by * indicates the use of disaggregated Future and Past measures where §f'VT
and 85 AST contain 45 variables each. Each specification includes forecasts of current year and one year
ahead annual GDP growth and inflation, and revisions to these forecasts where applicable. The forecast
variables are constrained to be always included in the set of selected variables.

We can provide further evidence of this by exploring the effect on Jarocinski and

Karadi (2020) surprises by specification. Table |5| presents the results. As before, both
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temporal topics systematically contain information to explain each shock, and the joint
inclusion captures the most variation. In line with a reasonable prior belief that context
is mostly about the economic state, backward-looking information is most informative
about identified information shocks. Nonetheless, they also play an important role in
explaining the news in identified policy shocks. Forward looking information is very

important for both of the decomposed shocks too.

Table 5: Adjusted R-Squared of Jarocinski and Karadi (2020) surprises by specification

Specification Information Monetary
Topics Only 0.21 0.23
Topics and Past 0.32 0.28
Topics and Future 0.36 0.32
Topics, Future and Past 0.45 0.37
Topics, Future and Past™ 0.56 0.65
Forecasts & Revisions Yes Yes

Notes: This table shows the bootstrapped mean Adjusted R-Squared values from post-LASSO Ordinary
Least Squares regressions of the absolute value of an information surprise and a monetary policy sur-
prise on sets of variables selected by the LASSO estimation. The bootstrap procedure is non-parametric
with 500 draws and estimates an Adjusted R-Squared for each draw. The surprises are constructed from
changes in equities and yields in an intra-daily window around the ECB’s press conference, following the
identificaton scheme of Jarocinski and Karadi (2020). The “Specification” refers to the set of variables
available to be selected in the LASSO estimation. Each of Topics (), Future (§fYT) and Past (9745T)
contains 15 variables. The specification marked by * indicates the use of disaggregated Future and Past
measures where 95 UT and 95 AST contain 45 variables each. Each specification includes forecasts of cur-
rent year and one year ahead annual GDP growth and inflation, and revisions to these forecasts where
applicable. The forecast variables are constrained to be always included in the set of selected variables.

Figure 6| plots the full distributions of Adjusted R-Squared values from Post-LASSO
Ordinary Least Squares regressions that underpin Table 5. The left column shos the
regressions for the exercise in which only topics without any temporal dimension are
included in the topic set (“Topics Only” row of the table), while the right column show the
most disagregate results with both future and past temporal topics (“Topics, Future and
Past*” row)."!| The top row, Figures 7(a)| and |[7(b), show the results for the information
surprise, “INFO”, and each figure includes the findings from regressing on the set of
variables selected by LASSO for the information surprise itself and the set selected for
the monetary policy surprise (“MPOL”) for the same bootstrap draw. Figures [7(c)
and [7(d)| repeat these results but where the monetary policy surprise (“MPOL”) is the
dependent variable.

Two main reults stand out. The first is that the topics, while capturing broad themes,

" Forecast control variables are constrained to be always included in the set of selected variables.
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are too broad to capture a lot of the market news. This is reflected in both the fact the
Adjusted R? is relatively low at around 0.2 (as in the Table). The second is that there is
little extra explanatory power from using the topics selected by LASSO for one surprise
in explaning the other surprise — the distributions are very similar. When we instead
use the disaggregated temporal shocks, the Adjusted R? jumps up to around 0.6-0.7 for
the own shocks, and the specificity of the selected is much greater — using the topics
selected for the other shock, almost halves the explanatory power. This shows that the
communication that moves markets is best captured in high-dimensional measures of the

messaging rather than simply broad themes.
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Figure 6: Contribution of temporal variables to identifying distinct information sets

(a) INFO: Topics Only (b) INFO: Topics, Future and Past™*
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Notes: Figure shows the distributions of Adjusted R-Squared values from Post-LASSO Ordinary
Least Squares regressions of the information surprise (“INFO”) on the set of variables selected by LASSO
for the information surprise itself and the set selected for the monetary policy surprise (“MPOL”) for
the same bootstrap draw. The set of variables available to be selected includes the Topics only (6y).
Figure 77 shows the distributions of Adjusted R-Squared across the bootstrap draws when the set of
variables available to be selected has Topics (6), Future (0£YT) and Past (9545T). Each specification
includes forecasts of current year and one year ahead annual GDP growth and inflation, and revisions
to these forecasts where applicable. The forecast variables are constrained to be always included in the
set of selected variables.
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6 Speeches Analysis

As a final step, we extend our analysis to ECB executive board member speeches de-
scribed in Section [3.1. The speeches themselves are not as functionally important as the
Governing Council press conference, and can cover a wide array of non-monetary policy
topics. Nonetheless, some speeches, such as Mario Draghi’s “whatever it takes” speech
have had large scale market impact. Further to this, speeches can play a role in clarify-
ing comments made in the previous press conference, or indeed can be used to steer the
conversation ahead of upcoming monetary policy decisions. The temporal aspect of the
speeches is thus of particular importance, owing to both the clarification and guiding role

that these can play.

6.1 Speech Yields Data

When studying the effect of the speeches on financial market variables, we use daily
(end-of-day) series, downloaded from Bloomberg. There are several reasons for this. The
first is that many of the speeches are given outside market trading hours, meaning the
construction of an intra-daily movement is impossible. The second is that we do not know
exactly when the information contained within the speeches became generally available
to markets, since this information is not recorded in the dataset. For these reasons we use
a two-day window around the speeches. This means that if a speech occurs after trading
hours on a given day, the signal from this speech is still recorded (a one-day window
would preclude this). However, for the speeches that occur during trading hours we also
use a two-day window, to ensure the window is consistent for different speeches.'?| For
our empirical specifications, we drop 90 speech-day observations that fall on Saturdays
or Sundays, and we also drop 150 speech-day observations that fall on Governing Council
meeting days, the day before, or the day after. This means the total number of speech-day

observations available for analysis is 1,473.

6.2 Basic speech regressions that back up our previous findings

Table [2| repeats the analysis of Table 2| and 3| but applied to the speeches. The basic
findings hold though the explanatory power is generally much weaker. This likely re-
flects two drivers. First, using the 2-day window introduces more non-speech news in
the surprise measures and, therefore, the speech content should be unrelated to these

movements limiting the amount of variation the information can explain. The second is

12Note that for a speech delivered on a Friday, we employ a window from market-close on Thursday
to market-close on Monday. We account for potential heterogeneity in the treatment of speeches across
days using day-of-the-week fixed effects in our empirical specifications.
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that if speeches are, on average, less central to market monetary-policy belief formation.
This may be because they are not always about monetary policy. Or, even when they are
about monetary policy, they are less likely to introduce new information and may often
just restate the opening statement which has already been communicated (and hence

may not get the same amount of attention as a result).

Table 6: Adjusted R-Squared of Yield Curve by Specification — ECB Speeches

OIS OIS1Y OIS3Y DESY DE RP
1M 10Y
Topics 0.177 0.260 0.263 0.221 0.115 0.062
Topics and Future 0.190 0.267 0.269 0.227 0.126 0.076
Topics and Past 0.190 0.268 0.272 0.232 0.127 0.078

Topics, Future and Past 0.203 0.276 0.278 0.237 0.138 0.091
Topics, Future and Past*  0.245 0.323 0.326 0.287 0.207 0.158

Notes: This table shows the bootstrapped mean Adjusted R-Squared values from post-
LASSO Ordinary Least Squares regressions of the absolute value of changes in yields on sets
of variables selected by the LASSO estimation. The bootstrap procedure is non-parametric
with 500 draws and estimates an Adjusted R-Squared for each draw. Changes in yields
are calculated in a two-day window around ECB speeches. Specification refers to the set
of variables available to be selected in the LASSO estimation. Each of Topics (6y), Future
(0“") and Past (#7°") contains 15 variables. The specification marked “Topics, Future
and Past*” does not aggregate information from numerical, categorial, and tense temporal
references. It creates individual temporal topics for each of these three forms of temporal
reference. Therefore this specification allows for 90 (3 % (2% 15)) potential temporal topics,
as well as 15 overall topic shares. Each specification includes a series of control variables,
detailed in the main text. Control variables are constrained to always be included in the
set of selected variables.

6.3 Speeches Addressing the Information Deficit

As already discussed, the impact of any communication is going to be related to its
newsworthiness. A speech which addresses market participants’ information deficit is
more likely to generate news and lead beliefs to update. This may be clarification of
things which the market is unclear about, or updates to the latest thinking of the central
bank on the state of the economy or the reaction of monetary policy. However, it is very
hard to specifically identify what the market doesn’t know in order to see whether this
is the case.

Using the Q&A part of the ECB press conferences, we propose a novel measure of
this information deficit of speeches based on the similarity of the information contained
within speeches and the questions from the press conference held immediately previous

to the speech. Our measure is based on the assumption that the questions, albeit asked
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by financial journalists, are addressed to the information deficit. That is, the questions
are assumed to highlight the issues that journalists wish for clarification on. While there
are always things that could be made clearer, we are also implicitly assuming that the
most pressing gaps are addressed first.

For our speech-specific measure, we measure the issues that make up the information
deficit following a given Governining Council meeting using the content of the questions
in the associated press conference. We then will measure whether Governing Council
members’ speeches address the same issues. Of course, ECB officials can address these
questions immediately through direct answers in the press conference so we will also assess
the extent to which they do this. (Though, of course, answering a question on a prevalent
topic does not necessarily exhaust all interest in the issue which be multi-faceted or very
complicated.)

Specifically, we compute our similarity measure using the document term matrix,

13 Terms are weighted by the term

where a document is a speech or the questions.
frequency-inverse document frequency (TF-IDF) score. Using this weighted document-
term matrix, and letting dtm; be a vector corresponding to the row of the weighted
document term matrix associated with document i, we calculate the similarity between

two documents ¢ and j as:

Z (dtmik X dtmjk)
Szmw = k=l (6)

where n is the total number of terms in the document term matrix, and dtm;, refers to
the kth term in the vector corresponding to document .

Figure 8 show the similarity scores for statements (Simgg) and answers (Sima )
when both are compared to the questions in associated press conference. A number of
trends emerge. First, the similarity of the questions to the answers is consistently higher
than all other measures. This provides an internal validity check for the measure as the
answers should, in theory, directly address the topics in the questions. Second, we note

a sharp increase towards the end of the sample. This is primarily driven by the onset of

13Prior to calculation, we clean steps are taken in line with the steps for the topic model, excluding
the creation of the set of n-grams. In addition, due to the large sparse nature of the weighted document
term matrix, an additional step is taken to remove the most rare and most frequent terms (those that
occur in less than 1% of the documents and greater than 50% of the documents respectively). Speeches
that occur on the same day are treated as one long speech. This is due to the fact that the windows of
observation in our event study are two-day windows, and as such any movements can be attributed to
any speech on that given day. All speeches that occur on the same day as a Governing Council press
conference are dropped from the sample for the calculation of similarity indices.
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the Covid-19 crisis in 2020, where the topics of all discussions became polarised towards

one specific topic.

Similarity Scores —— Statement to Questions —— Answers to Questions

°
IN
1

Similarity Score

2000 2005 2010 2015 2020
Date

Figure 8: Similarity Scores for Press Conference Questions compared to Statements and An-
swers

Notes: This figure shows a plot of the similarity measures as shown in Equation 6| comparing
the content of the questions in a given ECB Governing Council press conference with the
text of the accompanying answers and statements

Figure 9 plots the similarity for speeches compared to the questions from the previous
press conference (Simg, ). There is a measure for each individual speech day but they
are stacked on the date of the Governing Council meeting from which the questions are
derived. The Covid effect is also present in speeches in 2020. Moreover, other clusters of
increased similarity are seen across the sample. A notable example is in late 2009, when a
large number of speeches were made discussing the path forward of ECB monetary policy
in the context of the crisis measures implemented during the financial crisis. In addition,
it is noteworthy that speeches that contain references to “hearing” and “European Par-
liament” in their titles have, on average, a much larger recorded similarity score (0.102
compared to 0.062). This highlights the extent to which such meetings can be used to
bridge any information deficit.

We now use our measures of similarity in a regression analysis. The idea is to regress

asset price news associated with a speech, the same dependent variable in Table [6, on
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Figure 9: Similarity Scores for Speeches compared to Press Conference Questions

Notes: This figure shows a plot of the similarity measures as shown in Equation |6|comparing
the content of each speech by an ECB board member with the questions from the previous
Governing Council press conference

whether the speech addresses the information deficit measured using our similarity mea-
sures. The hypothesis is that speeches addressing the topics of the questions should be
more likely to give rise to news. We also include the similarity of the press conference
answers to the press conference questions to capture the already provided information,
as well as its interaction with Simg, g.

Table [7| presents the regression results and supports the idea that speeches addressing
the information deficit give rise to more market news. However, the extent of this news
may be reduced when speeches are similar to the answers given in the press conference.
These effects are strongest at the 1- to 5-year maturity range.

Table |8 shows the main results are robust to including similarity of statements to

questions (Simgg), as well as the interaction of this variable with Simg, ¢.

7 Conclusion

Over recent decades, central banks have increased the depth, range and frequency of their

communication with the public. Central bankers give speeches to the public, respond to
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Table 7: Speech-Question similarity and Information Deficit

OIS 1M OIS 1Y OIS 3Y DE 5Y DE 10Y
Simgsp.Q 0.17 12.47%% 18.90** 18.47%* 14.70%*
(5.18) (5.32) (7.51) (8.77) (8.57)
Sima g 0.93 1.70 2.78 5.11%* 4.92%*
(1.47) (1.51) (2.21) (2.49) (2.44)
Simgpg X Sima,g -10.5 -42.77%% -63.5%* ST1** -56.7*
(18.65) (19.16) (26.81) (31.55) (30.84)
Constant -9.79 4.84 1.28 4.92 9.40
(7.27) (7.47) (10.44) (12.29) (12.02)
Speaker FE Yes Yes Yes Yes Yes
Macro controls Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Day of Week FE Yes Yes Yes Yes Yes
Topics, Future and Past  Yes Yes Yes Yes Yes
N 1246 1246 1113 1249 1249
Adj. R-Squared 0.22 0.34 0.30 0.15 0.07

Notes: This table shows OLS estimates from regressions of the absolute value of the two day change in
yields around a speech on measures of the speech similarity with the press conference questions and the
Information Deficit. “Simg, o” and “Sima.q” denote the similarity of a speech and of the press confer-
ence answers to the questions, respectively. Fixed effects are included for the Executive Board member,
for the year and for the day of the week in which the speech was given. Six macroeconomic surprises
are included, five for the euro area and one for the U.S. The statistical signifcance level is displayed as
*p<0.1; **p<0.05; ***p<0.01.

queries from the media, interpret recent economic developments, project their intendent
policy path, and provide forecasts of key economic variables. A number of studies have
shown that central bank communication can measurably surprise, or generate news. For
communication to be effective in this way, it must, at least in part, fill some information
deficit on the part of the public. The exact nature of the information deficit has been
less studied in the literature.

Earlier studies supposed that the information deficit was related to private information
on the part of the central bank. However, markets have broadly the same access to data
that the central bank has, reducing the scope for substantively new information of this
type to be released by the central bank. In this paper, we argue instead that the source of
the information advantage that generates the news in central bank communication comes
from the central bank updating either its assessment of the current state of the economy;,

or its mapping of the state into the appropriate monetary policy stance.
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Table 8: Speech-Question similarity and Information Deficit - Robustness to Statements

OIS 1M OIS 1Y OIS 3Y DE 5Y DE 10Y
Simgsp.Q 0.44 9.06* 17,71+ 15.17* 14.42%*
(5.05) (5.17) (7.23) (8.47) (8.29)
Sima g 1.65 2.33 4.18* 6.51%* 5.60%*
(1.53) (1.56) (2.26) (2.56) (2.50)
Simg,g -1.0 S -5.1 -10.8%** -7.8%*
(2.41) (2.46) (3.39) (4.03) (3.95)
Simgpg X Simag -21.5 -44.0%* 75 2% -79.4%% -57.8%
(19.99) (20.47) (28.43) (33.53) (32.81)
Simgp o X Simsg  25.54 31.73 39.13 53.70 17.71
(26.02) (26.64) (35.68) (43.64) (42.70)
Constant 1.47%* 5.33%#* 3.41%%* 5. 73HH* 4.59%**
(0.69) (0.70) (0.94) (1.15) (1.13)
Speaker FE Yes Yes Yes Yes Yes
Macro controls Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes
Day of Week FE Yes Yes Yes Yes Yes
N 1247 1247 1114 1250 1250
Adj. R-Squared 0.21 0.34 0.31 0.16 0.08

Notes: This table shows OLS estimates from regressions of the absolute value of the two day change in
yields around a speech on measures of the speech similarity with the press conference questions and the
Information Deficit. “Simgy ", “Sima,Q” and “Simg,q” denote the similarity of a speech, of the press
conference answers and of the Introductory Statement to the questions, respectively. Fixed effects are
included for the Executive Board member, for the year and for the day of the week in which the speech
was given. Six macroeconomic surprises are included, five for the euro area and one for the U.S. The
statistical signifcance level is displayed as *p<0.1; **p<0.05; ***p<0.01.

While central banks may have no advantage purely in terms of methodology or training
than markets, they often have an advantage in terms of the resources: the number of staff
or models available to generate the assessment of the state. Hence the central bank can
devote resources to Interpretation of economic data - choosing the weights to put on
different data sources at each point in time and how to place developments in the data
into context. This process is inherently backward-looking.

Central banks also communicate forward-looking information, given the inherent na-
ture of monetary policy. They engage in Projection exercises - providing some outlook
for the expected evolution of a variable or for their policy reaction to the state. This is

another potential source of news - the central bank could surprise markets by indicating
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a more or less aggressive policy response in the future. We argue that forward-looking
communication by central banks is multi-faceted and is not reducible to the numerical
forecast data that they also publish.

To capture these Interpretation and Projection features of central bank communica-
tion requires measuring the temporal dimension of central bank communication. In the
previous literature, attention has chiefly been paid to the Topic and/or Tone of the com-
munication. This paper provides a methodology to capture the Third “T” - Time. We
include an algorithm to measure the time orientation of speech using Natural Language
Processing methods. Using an event study methodology, we show that our temporal
measures significantly increase the explicability of measures of news around the press
conference following ECB Governing Council meetings. Measures of past and future
content contribute in roughly similar amounts and are not substitutes. This supports
the view that both the Interpretation and Projection dimensions matter - central bank
communication is not just informative through forward-looking information. We also
show that these text-based measures contribute beyond numerical-only forecast data, in-
dicating the importance of a multi-faceted communication approach rather than solely
publishing forecasts without accompanying context.

To support the view that central bank communication is informing by filling an in-
formation deficit on the part of the public, we measure the similarity of the text of ECB
speeches, and of the answers provided by the President, to questions from the media
during the press conference. We measure the post-press conference information deficit
through the distance between the questions asked and the answers received. The ECB
would have an opportunity to fill this deficit through speeches in the weeks following the
Governing. We find that the more closely a speech then matches the media’s questions,
the greater the news embedded in yield changes in a window around that speech. How-
ever, the contribution of a speech is diminished the smaller the extant information deficit
after the press conference, supporting the view that communication matters when it is

informative on topics about which the public would like to learn.
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Table 9: Intra-Daily Monetary Policy Surprises and their Relation to the Yield Curve

OISIM OIS3M OIS6M OIS1Y OIS2Y OIS3Y DES5SY DE 10Y Equities

Target 1.00 0.75 0.63 0.50 0.37 0.34 0.17 0.02 -0.04
Timing 0.33 0.83 1.00 1.17 1.02 0.75 0.67 0.39 -0.00
FG 0.00 0.17 0.41 0.75 1.00 0.91 0.97 0.48 -0.02
QE 0.00 0.02 -0.02 0.02 0.22 0.48 0.89 1.11 -0.01
MPOL 0.30 1.10 1.49 1.95 2.06 1.80 1.73 1.00 -0.29
INFO 0.33 1.04 1.28 1.66 1.73 1.41 1.35 0.71 0.36
RP 0.00 -0.00 -0.00 -0.00 -0.00 -0.32 -0.20 -0.01 1.00

Notes: The timing, forward guidance (FG) and quantitative easing (QE) surprises are
updated versions of those used in Altavilla et al. (2019). The monetary policy (MPOL)
and information (INFO) are derived from sign-restrictions equivalent to those applied in
Jarocinski and Karadi (2020). The risk-premium surprise is created as the component of the
response of the movement in Eurostoxx50 that is orthogonal to 6 OIS movements (between
one month and two years). The dependent variables are taken the EA-MPD dataset of
Altavilla et al. (2019). For the case of the target shock, the dependent variables are from
the press-release window of the EA-MPD. For all other shocks, the dependent variables are
from the press-conference window.
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