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Abstract
Macroeconomic uncertainty comprises several unobservable and heterogeneous components whose
measurement and role on economic activity is “uncertain”. More important, we do not know how and when
economic agents perceive uncertainty and which component of uncertainty may have or have not a strong
impact on them. We created the EURQ measuring the volumes of “economic uncertainty related queries” on
the Web. We demonstrate that EURQ measures people’s interest/need to gather more information when they
are worried and uncertain, and that some topics spontaneously drive more uncertainty. This result could be
exploited to create separate EURQ indexes (macro-real, financial, political) helpful in solving identification
and endogeneity of the commonly used uncertainty indexes.
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1. Introduction
What role does uncertainty play in macroeconomic fluctuations? Is uncertainty a possible
cause of weak recovery after adverse shocks like the global financial crisis, or is it rather a
consequence of negative economic conditions? Which micro-components (production consumption,
investment, R&D to quote some of them) respond more to uncertainty shocks? These questions
have become increasingly important in the economic and policy debate (see Bloom, 2014). The
answers are necessarily related to the measurement of unobservable uncertainty, which cannot be
neither unique nor objective, as witnessed by, among others, Bachmann et al. (2013), Baker et al.
(2016), Bekaert et al. (2013), Bloom (2009), Julio and Yoox (2012), Jurado et al. (2015), Rich and
Tracy (2010), Rossi and Sekhposyan (2015), and Scotti (2016).
More importantly, the answers are related to how and how much economic agents perceive
uncertainty and specific types of uncertainty (financial, business-related, political and economic).
Our aim is to shed light on the last issue and its links with the performance and the content
of the different uncertainty indexes proposed and usually used by the literature at the aggregate
(macroeconomic) level. To do so, we compare, over a common time span, the key features of five
indexes measuring uncertainty - which we shall call the “fantastic five (FF)”, with a new sixth
indicator that we created to measure the interest shown by ordinary people through their Internet
searches, and which we shall call the “economic uncertainty related queries” (EURQ).
Let us start by explaining why we believe in the usefulness of this new indicator EURQ. Online
search technology is relatively recent (experts suggest that it started in 1993) and nowadays economic
agents (consumers and companies) annually make trillions of online searches around the world; Google
handled at least 65% of all US searches in June 2009 and worldwide Google’s lead is higher (up to 90%
for single countries such as the UK, Sirotkin (2012)). Sirotkin (2012) is a nice evaluation of the search
engine: he claims that since the users unlikely are expert in classical information retrieval systems,
query language and so forth, Web search engines aim at the average internet user, or, more precisely, at
any internet user, whether new to the web or a seasoned Usenet veteran. Some studies estimate query
type distribution: navigational (user looks for a specific web page known or supposed to exist)
accounts for 12-15% of total queries; transactional (the user looks to perform a transaction like
buying or downloading) with a share equal to 22-27%; and, relevant to us, informational at a share
of 58-66%, with the average query containing two to three terms words with no operators.
We are still at our infancy in evaluating the economic value and the consequences of online
searches. Many companies, for example, believe and invest in advertising and other marketing services
related to searches. A more intriguing question is whether online searches convey information to
consumers, and increase transparency in the marketplace and, consequently, consumption. A McKinsey
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research (Bughin et al. 2011) estimates the impact of Internet search in the global economy, pinpointing
the sources of value and the beneficiaries. They estimate that the total gross value of Internet search
across the global economy was $780 billion in 2009; of that value, the 69 percent flowed directly to
global GDP (chiefly in the form of e-commerce, advertising revenues, and higher corporate productivity),
and the remaining 31 percent does not show up in GDP statistics, but it is captured by individuals (in
form of various benefits, many of them flowing from faster and more accurate access to information) .
Assume that people search on the internet for what they are interested in. And suppose that we
measure the volumes of the searches of circumscribed combinations of specific economic words that
could arouse feelings of uncertainty and fear (spread, unemployment, inflation rate, public debt, to make
some examples); let us call these volumes of searches as “economic uncertainty related queries, EURQ”.
Our deductive reasoning is the following. First, such “EURQ” are deliberate manifestations of interest.
Second, this interest can have many motivations: (a) simple curiosity, (b) the desire to know more about
something that the agents will have to use in some way, (c) the need of obtaining more information in
order to decide how to behave. Third, a clear correlation between the pattern of EURQ volumes and the
FF uncertainty indexes over a reasonable temporal span affected by shocks leads us to deduce that
motivation (c) is the driver of EURQ. Fourth, EURQ reflect how measured uncertainty is perceived by
economic agents who, after having searched for more information on a specific issue, may decide their
behaviors in terms of consumption or production or investment (yes or not - the extensive margin, and
how much – the intensive margin). Hence, the comparison of our EURQ index with the FF informs us
on what type of uncertainty is most perceived, or even feared, by economic agents.
Let us enter the details of our comparison. The FF indexes capture three alternative approaches used
until now to measure uncertainty. The first approach is “finance-based”, as it utilizes somewhat
sophisticated methods to process the financial information thrown up by stock market volatility (see, for
example, Bekaert et al., 2013, Bloom, 2009, Gilchrist et al., 2014, and Knotek and Khan, 2011). The
assumption is that financial volatility can be a guide to the state of macroeconomic uncertainty, even
though not all individuals invest in the stock market (Romer, 1990) or share the same information
that financial market actors have access to. We have selected: (i) the CBOE Volatility Index, VIX
(Chicago Board Options Exchange, 2009), and (ii) the corporate bond spreads, SPREAD, of
Bachmann et al. (2013).
The second approach is “forecasts-based”, as it estimates uncertainty by relying on the concept
of economic predictability, and on the measurement of discrepancies among professional forecasts
(see Bachmann et al., 2013, Henzel and Rengel, 2014, Jurado et al., 2015, Rich and Tracy, 2010,
Rossi and Sekhposyan, 2015, Scotti, 2016, and Segal et al., 2015). Here the assumption is that the
lack of predictability and substantial differences between forecasters' views, reflect (and are
3

perceived as signs of) a more uncertain economy. We have selected: (iii) the one-month ahead
macro-uncertainty indexes, PREDICT1, of Jurado et al. (2015), and (iv) the heterogeneous
evaluation, by high-level firm managers, of their own idiosyncratic future business situations,
FDISP, of Bachmann et al. (2013).
The third approach is “news-based”. Given the question "how does the average citizen
comprehend the implications of stock market volatility and economic predictability underlying her
uncertainty?", the answer is "media is the messenger" (see Alexopoulos and Cohen, 2015). It
follows that the degree of uncertainty in each period can be proxied by the frequency with which a
lengthy list of words related with uncertainty appears in journalistic articles. Here the assumption is
that when certain causes of uncertainty matter, they are likely to be reported by journalists with
certain words. More specifically, the media are assumed to be able to gauge any uncertainty
indicated by market outcomes, professional economists and political debate, and to draw the general
public’s attention to uncertainty through the recurrent use of specific words. This approach - which
offers a certain analogy with the narrative analysis designed to identify monetary and fiscal policy
shocks (see, for example, Romer and Romer, 2004, and Ramey, 2011) - leads to the news-based
uncertainty measures formulated, for example, by Alexopoulos and Cohen (2015), Baker et al.
(2016), and Knotek and Khan (2011). As a leader of this approach we have selected: (v) the
Economic Policy Index EPU of Baker et al. (2016), in the specific form of the HNEWS.
Our EURQ index weights individual searches, that is, the degree to which Internet users
explicitly manifest their feelings of uncertainty by searching for specific words linked with
economic and policy news with greater frequency. Google Trends is the tool we use to assess the
search intensity of the queries, and to indirectly assess the amount of information that individuals
need to increase their awareness. The main advantage of EURQ is that it is based on the effective
behavior of the people, that is, on the needs of information they reveal. We show that the intensity
of Internet searches for specific political and/or economic events (queries) is related to the users’
interests in the outcome of those events, weighted by the degree to which individuals deliberately
decide to gather further information on them.
From the methodological point of view, EURQ may be part of the news-based approach.
However, replacing the counting of specific words reported by the press with the intensity of
individual searches of these words implies a shift in focus, from the channel through which the
message is conveyed (the press, the media) to the receivers of the message (individuals). While the
traditional news-based measure uses journalists’ feelings about uncertainty, and how they report
such uncertainty, EURQ is based on how Internet users explicitly manifest their interest through a
greater frequency of searches. Quoting Anna Politkovskava, what matters is the information
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conveyed, rather than what a journalist thinks about that information. Internet searches may
comprise the websites of journals, but now the perspective is different: agents may submit specific
EURQ on the web because concerned about something, and discovering if and how much their
interest is affected by the opinions/feelings of journalists (as is the case in the news-based
approach), or of the respondents to a survey (as in the forecast-based approach), or of investors (as
in the finance-based approach) is of great importance to improve our understanding of the channels
through which uncertainty operates.
The use of the same country - the USA - over specific periods of time (1970-2014 and 20042014), to assess the main features of alternative uncertainty measures, helps a lot in understanding
this last point: the comparison conveys information about the specificity of each index, identifies
the pointers that each index uses to gauge economic uncertainty, and improves our understanding of
the relationship between a specific uncertainty measure, the economic cycle, and how agents
perceive uncertainty.
Results show that Internet searches provide valuable information to improve our
understanding of how macroeconomic uncertainty operates. For example, in a situation of
increasing uncertainty, Internet searches and press coverage tend to follow different time paths.
Internet searches sometimes peak before press coverage does (as in the case of fiscal policy issues),
while at other times the sequence is either reversed (as in the case of monetary policy issues where
press coverage peaks before) or disappears altogether when they are for the best part contemporarily
related (as in the case of entitlement programs). We also show that different macroeconomic
impulse responses from uncertainty shocks depend on the size and nature of the shocks occurred
during the different estimation sample periods, and to what extent they are captured by the FF.
Since the relationship between uncertainty and economic activity depends on changes in the main
macroeconomic regimes of the business cycle, each index can represent such dynamics to a lesser
or greater extent.
We shed some light on the relationship between a miscellanea of empirical results in other
papers (Angelini et al., 2017, Ludvigson et al., 2017, and Shin and Zhong, 2016) and we offer some
new interpretations encompassing the recent statistical and economic views of Carriero et al.
(2016), Mumtaz and Theodoridis (2016), and Scotti (2016).
The paper is organized as follows. Section 2 presents the conceptual framework and the
technical issues associated with the construction of our new index, EURQ. Section 3 comments the
FF uncertainty indicators and compares their statistical features with those of EURQ. Section 4
compare the FF and EURQ in VAR modeling. Section 5 assesses which components of the
economic political uncertainty capture more the interest of people. Section 6 offers our conclusions.
5

2. The motivations behind EURQ, the index of interest by economic agents
In recent years, the Internet has become an effective means of collecting and divulging
information for an increasing number of people in the USA. The Pew Research Center’s recent
survey (2016) shows that fully 81% of Americans get at least some of this information through
websites, apps or social networking sites. According to this survey, the online channel is the second
most used source of information after television, and the most popular among people who prefer to
read instead of watching and listening to news. In 2016, Internet users in North America
represented 89% of the country’s population, and Google is the leading search engine with a
worldwide market share, in February 2017, of 80.5% for desktops and of 98.9% for mobile
devices.1 We believe that the amount of information represented by Internet search volumes may be
exploited to construct an useful indicator of economic agents’ interest, specifically of how much
economic agents search for more information when they are worried about something that is
uncertain and could have consequences to them. Below we present two main advantages of the
search activity on the web. Of course, these advantages can be exploited under the condition that the
major stumbling block to use such volumes as specific indicator was surpassed, particularly that we
are able to demonstrate that the reasons behind such search activity on the web are not random.
The first advantage of the Internet search activity is that it indicates, and can measure,
people’s collective interests and desires of more knowledge. The science of uncertainty
quantification (see, among others, Der Kiureghian and Ditlevsen (2009)) establishes that
uncertainty may be either aleatory (statistical) or epistemic (systematic). Aleatory uncertainty is
irreducible (it arises naturally from our perceptions of real-life facts, i.e. "observing the system"),
while epistemic uncertainty represents a lack of knowledge about potentially knowable facts that
are unknown in practice.2 Uncertainty is the more non-specific the larger the set of hidden variables
that could inform individuals about a topic and could allow them to distinguish the truth among
many alternatives. Uncertainty is also increased by ambiguity and conflict that is, by a lack of
consensus or by clear disagreement: the more evidence of evidence is mutually exclusive or
conflicting, the greater the uncertainty.3 Both non-specificity and conflict are mostly due to the poor
quality of the information available (Harmanec, 1999), and this fact inevitably fuels individuals’
1

For further information regarding Internet users in North America see http://www.internetworldstats.com/stats2.htm,
and regarding search engines’ market shares see http://www.netmarketshare.com/. Besides Internet use and users, Ruths
and Pfeffer (2014) list other issues related with the exploitation of social media data, such as population bias, which
although varying across different social media platforms (e.g. Instagram and Pinterest), should affect the use of Google
to a less evident degree.
2
For example, regarding uncertainty in official economic statistics, Manski (2015) considers uncertainty as the lack of
knowledge deriving from an incomplete understanding of the provided information about an economic concept, or from
the lack of clarity of the concepts themselves.
3
The economic rationale of this point is modelled in Ilut and Schneider (2014).
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need to gather further information in order to bridge the gap between what is known and what needs
to be known, so as to be able to make more informed decisions about the issues of interest. 4
Our deductive assumption is: since economic agents can reduce their uncertainty by
gathering more knowledge, and the search on the web nowadays is the one of the main tools to
obtain more information, the volume of specific queries is a proxy of the interest manifested by the
economic agents, and this volume is expected to be bigger the more the economic system is affected
by shocks and uncertain.
The second advantage is that search on the web can detect changes in people’s moods and
feelings at any early stage. This is a quite interesting characteristic if we want to understand what
economic agents perceive and fear most when the uncertainty starts to be high. It is also a huge
advantage in comparison with the indexes of uncertainty available in the literature: independently
from being forecast-based or news-based, they require more time to be updated and released;
finance-based indexes are less affected by delays, but inevitably they look at a very specific aspect
of uncertainty and, being market-based measures, they are the equilibrium outcome of many
economic forces (Da et al., 2014). These issues will be discussed to a large extend in Section 3. The
speed and timeliness with which we can calculate the volume of the web-searches also explains
why a tool like Google Trends has been used to provide predictors in forecasting: see, for example,
Choi and Varian (2012), and D'Amuri and Marcucci (2017). Google Trends has also been used to
provide indicators such as a measure of individual subjective well-being (Algan et al. (2016)) or a
job search activity index (Baker and Fradkin (2016)). The most interesting use of Google Trend for
our purposes is that proposed by Da et al. (2014) who measure the investor sentiment.
Two major conditions must be met in order to guarantee the usefulness of internet search
volumes as an index of interest (our EURQ) when the economic environment is uncertain: (1) the
first condition has to do with the selection of the terms to be included in the queries; and (2) the
second condition requires to control that these queries, even if they are relevant to measuring
economic uncertainty, must not have a trend that seems to be searched on the web for sporadic or
futile reasons.
Under the first condition, we have a trade-off between selecting a list of search terms long
enough to exploit the statistical averaging effect across many different queries (a wide selection can
encompass a variety of diverse sources and symptoms of uncertainty and interest) and avoiding
4

On this point, see also the discussion in Bloom (2014). Examples come from different disciplines. In the field of
economic psychology (see Lemieux and Peterson, 2011), individuals respond to greater uncertainty by intensifying their
search for more information. Similarly, in economics, imperfect (noisy) and sticky information models predict that
“more volatile shocks [greater uncertainty] lead to the more frequent updating of information, since inattentiveness is
costlier in a world that is rapidly changing”, Reis (2006, p. 803), and “more tranquil times should be ceteris paribus
associated with greater information rigidities”, Coibion and Gorodnichenko (2015, p 2674).
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arbitrariness in the selection of the list and the specific wording of the queries. We assume, in line
with the epidemiological model of Carroll (2003), that the wording and arrangement of the search
terms used by people on the Internet are affected by the jargon used by journalists: the published
news is one of the main propagation engines of the need for information from the people. Under this
assumption, we formed our queries and our EURQ by using the terms identified by Baker et al.
(2016), henceforth BBD, as those words mostly related to newspaper articles bearing a mood of
uncertainty: we label this the “BBD list approach”.5
Under the second condition we must control that searched terms peak with relevant
macroeconomic events. It is important to note that this control is made after selecting the queries
and not before, to select those queries that are most correlated with the macroeconomic events
reported by the uncertainty indices. This last approach to select the words entering in the queries,
that we label the “correlated approach” 6, can be criticized for two reasons. Using the search terms
most correlated with uncertainty indexes would create some endogeneity of the EURQ index, in the
sense that it could rise when uncertainty increases simply because we have employed those words
most frequently used after such an increase. As we show in Appendix A2.1, the “correlated
approach” suggests the use of few and broad search terms.7 The details of our control ex post, after
having selected the terms entering the queries, are provided in Appendix A1 and A2.3. Here we
provide the intuition of why our EURQ is an indicator of the interest of economic agents driven by
uncertainty rather than an index of mere curiosity or need for information for the most disparate
reasons that have nothing to do with uncertainty. Suppose to compare the searches for the term
“baseball” and “European Central Bank”. In the first case searching people certainly do not feel any
macroeconomic uncertainty and, in fact, the number of searches for the term “baseball” invariably
peaks during the World Series and is stable over time, apart some obvious seasonal effects. This
pattern is coherent with a search term that is non-ambiguous (in the sense of not having anything to
do with uncertainty). In the second case we have an ambiguous query: people can search for
"European Central Bank" because they need to analyze Mario Draghi's speeches in order to better
understand the Bank’s view of a possible sovereign debt crisis (and this is interest due to

5

For more information on the audit process regarding BBD’s selected words, see Barker et al (2016) and the Audit
Guide at http://www.policyuncertainty.com/media/Coding_Guide.pdf. Interestingly, this audit examination (to ascertain
if the uncertain mood is pervasive in those articles reporting the listed words) supports the terms we started from in our
query definition. Without audit, the word selection could be criticized as purely arbitrary. For example, Castelnuovo
and Tran (2017) subjectively selected search terms "referring to words that are connected to uncertainty" reported in
sentences of "various editions of the Beige Book and the Monetary Policy Statements".
6
The Google correlate approach is sketched in Appendix A2.1, and the full list of search terms it delivers is in Table
A2.1.
7
We are rather skeptical about the reliability of Google Trends uncertainty indices based on a limited number of terms,
such as the ones tentatively proposed by BBVA (2012), Dzielinski (2012), and Donadelli (2015); moreover, these
selected few terms never correspond to any of those 100 listed in Table A2.1.
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uncertainty); but other people could search for “European Central bank” because of individual,
extemporaneous interest in the research conducted at the Bank through an examination of the most
recently published working papers (such motivation is completely unrelated to any uncertainty
and/or interest in monetary policy issues).
We can say that the aggregate fluctuations in the query “European Central Bank" reflect
interest when the timing of such query is driven by common factors, as would be shown by millions
of simultaneous Internet searches. Idiosyncratic interests, on the other hand, simply represent the
noise which is expected to fluctuate randomly. A spike in searches could also occur after e.g. the
ECB changed rates, that is in a moment that should reflect more a resolution of uncertainty rather
than uncertainty itself. However, such a spike could warn that - despite the realized policy change the state of agents' knowledge is not yet perceived as fully satisfying and, for this, further interest
drives the need of collecting additional information. In other terms, the distinction between interest
and uncertainty is not so crucial. On the contrary, the comparison of EURQ with specific sub-sets of
the BBD words will allow us to assess which type of uncertainty (fiscal or monetary for example)
captures more people's interest. This important comparison is in Section 5.

2.1. The making of EURQ, the index of interest by economic agents
To construct EURQ index we extracted a Google Trends series by using 184 queries closely
related to the 210 search terms employed by BBD when creating the Newsbank version (that is, the
one based exclusively on news data) of the main BBD index (EPU).8 Different forms of ambiguity
may arise from different media (newspaper articles and Internet searches), and despite both the
news-based index and our EURQ index aim to represent the same mood, the news-based index is
more focused on uncertainty. In order to clear up ambiguity in searches, we made an appropriate
review and rearrangement to obtain those words used by everyone (that is, not only by journalists,
but also by investors, forecasters and the ‘man in the street’) and that represent a more neutral,
independent way of measuring the degree to which people ask for further information when they are
worried, uncertain and, in general, interested in deepening some economic issue.
In order to be included in the count of the Newsbank uncertainty indices, newspaper articles
must include the words “uncertain or uncertainty” (U), “economy or economics” (E), and one of the
following policy terms: “congress, deficit, Federal Reserve, legislation, regulation or White House”
8

The BBDs’ indexes are based on articles in the Access World News Newsbank - a database of about 2,000 national
and regional newspapers in the USA. The complete list of queries can be found in the appendix of Baker et al. (2016)
and on their website, http://www.policyuncertainty.com/categorical_terms.html. The full list of the resulting 184 queries
that we established after the rearrangement and validation of BBDs’ search terms, and that we use to formulate the
EURQ index, can be found in Appendix A2; further details on the BBDs’ indexes are in Appendix A5.
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(P) together with a long list of specific terms relating to economic and policy topics (L), including a
number of specific policy-related terms such as "government spending", "debt ceiling", "money
supply" or "tort reform". All this may be symbolized as “U&E&P&L”. The BBD’s Newsbank “L”
list is well suited to be the benchmark for establishing our list of Internet search terms most likely
used by people interested in seeking further information.
Under the two conditions we set out above, the counts of searches containing only those
terms listed in “L” (without Boolean operators "&U&P&E") is sufficient to construct the EURQ
index. Sometimes we add or exclude certain words to narrow down and to focus the search, to
better identify the underlying mood.9 The last step concerns the fact that Newsbank was developed
from specific policy area sub-indexes of uncertainty. To enhance the comparison with BBD, we
weight and group together our Google search volumes for the 184 terms into 8 categories,
representing the 8 policy areas of the BBD’s Newsbank series,10 and then into the aggregate EURQ
interest index.11
Before moving on, in the following Sections, with the use of our EURQ index, we have
conducted several robustness checks. As a first check, we assessed the sensitivity of the EURQ
series to the presence or absence of single search terms. We made alternative EURQ indices by
recursively excluding blocks of search terms from the computation, then we checked for their
robustness: their correlations with the main EURQ index, based on the full list of terms, are always
higher than 0.89 (and are very often higher than 0.95).12 A second check regards the better
understanding of how the evolution of Internet use affects the amount of information contained in
the search volumes and that we can exploit to construct EURQ. Since Google Trends was first made
available in 2004, Internet penetration rates in the USA have been rising (the extensive margin),
while at the same time, search activity may have evolved due to the increasing size and coverage of
the issues available on the web (the intensive margin). The EURQ index series cannot be
significantly affected by the extensive margin, since we scale the volumes of searches for each
individual term to total traffic. On the other hand, quantifying the impact of the intensive margin,
9

For example, regarding the search term “health care”, BBDs’ counts only include those articles containing both the
terms “uncertain or uncertainty” and the terms “economy or economics” and “health care”, whereas our counts only
refer to the term “health care reform”. BBD must focus exclusively on newspaper coverage of specific health care
issues related to economic uncertainty (i.e. it must exclude generic newspaper articles about medicine). To meet our
first condition, note the addition of the word “reform” that disambiguates the overly generic “health care” search term.
Under our second condition, Internet searches for the emended term “health care reform” identify, per sé, the need to
gather information about health care legislation. The full procedure of disambiguation of our Internet search terms is
described in Appendix A2.2.
10
The intermediate level of aggregation into 8 categories, details in Appendix A3, will enable us to compare the
disaggregated news- and search-based components of BBD and EURQ, even if we do not possess data for individual
BBDs’ search terms. The 8 categories represent the highest level of disaggregation available for both sources (BBD and
EURQ), apart from two search terms that allow for a more disaggregated comparison, presented in Appendix A4.
11
Technical details regarding the implementation of EURQ over the extraction period are in Appendix A2.
12
Details are reported in Appendices A2.4 and A2.5.
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due to changes in the composition of searches, is more complex, although our findings tend to point
to the unlikelihood of spurious low frequency fluctuations. In fact, the displayed search volumes
tend to spike during periods of considerable uncertainty, rather than showing smoothed local
trends.13 Moreover, the time pattern of the monthly counts by single search volumes, both above
their own third quartile (QIII) and below the first one (QI), broadly suggests that compositional
changes in Internet usage cannot prevent the key features from emerging. In fact, the counts of
those volumes above QIII [below QI] are extremely high [almost zero] in the extremely uncertain
period (2008-2010) of the ‘Great Recession’, whereas they are relatively low [high] in 2014, during
the period of post-recession recovery.14
To convince those readers who are still skeptical about the ability of EURQ in detecting
interest (and in some sense uncertain moods), the subsequent two Sections 3 and 4 provide the
comparison between the key features and the macroeconomic effects of EURQ and of the
uncertainty indexes proposed by the literature. Following the abductive inference of the duck test,
we outline the main characteristics of the uncertainty indexes to underline if our indicator looks like
the other measures and behaves (swims) like the other measures (Sections 3.1 at the univariate level,
and Sections 3.2 at the multivariate level), and if its shocks (quacks) determine the same
macroeconomic effects as the other uncertainty indicators (in Section 4).

3. The main indexes of macroeconomic uncertainty (FF): an a priori discussion
Among the most popular and commented-on uncertainty measures in the press and in the
literature, we focus our attention on five indexes that we collectively label the “fantastic five” (FF).
Two important points guiding our selection are: the measurement of distinct aspects of uncertainty;
the comparability with our EURQ index thanks to their publicly and monthly availability for a
sufficiently long time to cover many historical events.
What we have termed the FF comprise: 15
- Two finance-based indexes, (i) the CBOE Volatility Index, VIX (see Chicago Board Options
Exchange, 2009), and (ii) the corporate bond spreads, SPREAD, of Bachmann et al (2013),
generally defined as an “uncertainty measure”;
- Two forecast-based measures, (iii) the one-month ahead macro-uncertainty indexes, PREDICT1,
of Jurado et al. (2015), generally defined as “macroeconomic uncertainty”, and (iv) the

13

See Table A1.1 and Figure A1.1 in Appendix A1.
Volume counts above QIII raise certain doubts at the beginning of the sample only. A lengthy discussion of this issue,
accompanied by several examples, is in Appendix A2.3.
15
More details on the specific indexes included in FF are in Appendix A5.
14
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heterogeneous evaluation, by high-level firm managers, of their own idiosyncratic future
business situations, the FDISP of Bachmann et al. (2013), generally defined as “business-level
uncertainty index”;
- One news-based policy index: (v) the Economic Policy Index EPU - found in Baker et al. (2016),
in the specific form of the HNEWS, usually defined as “economic and policy uncertainty index”.
The (i) VIX is used in many empirical studies (such as Bloom (2009)), but its ability to capture
“macroeconomic” uncertainty may be questionable as it is based on stock market information alone.
According to Bekaert et al. (2013), the VIX is a mixture of uncertainty and risk-aversion, with this
last accounting for a sizeable part of it to the extent that Whaley (2000) refers to VIX as to the
“investor fear gauge”, while Da et al. (2014) describe the VIX as a market-based measures with the
disadvantage of being the equilibrium outcome of many economic forces. 16 The same criticisms of
using financial information to measure macroeconomic uncertainty can be moved to the (ii)
SPREAD proxy. For example, Gilchrist et al. (2014) use credit spreads to measure the degree of
financial market friction - rather than uncertainty - and suggest that credit spreads are an additional
channel through which uncertainty fluctuations may spread to the real economy. 17
The (iii) PREDICT1 proxy is a computationally intensive set of procedures that is not
directly related to the uncertainty perceived by the public, but, instead, it represents a mixture of
economic and financial indicators and events. The main caveat associated with the (iv) FDISP
proxy is whether the heterogeneous assessments made by manufacturing c-levels  i.e. by highranking executives (a clearly defined, albeit narrow, category of economic actors)  are somehow a
reflex of the macroeconomic uncertainty in US. Furthermore, it is worth remembering the results set
out in Lahiri and Sheng (2010), who refer to the seminal work by Zarnowitz and Lambros (1987),
and to Bomberger (1996). By breaking down the individual forecast error into a component related
to shocks common to all forecasters over the forecast period, and another component concerning
forecaster-specific idiosyncratic errors, Lahiri and Sheng (2010) show that ex ante forecast
uncertainty can be expressed as the sum of the expected volatility of future (common) aggregate
shocks over the forecast period, and the observed disagreement among forecasters. In this context,
16

Bekaert et al. (2013) show that the uncertainty component of VIX can be defined as the expected stock market
variance (estimated using a projection model including the lagged squared VIX and past realized volatility), whilst riskaversion can be defined as the difference between the squared VIX and the estimated VIX uncertainty component. De
Long et al. (1990) suggest that uninformed noise traders guided by sentiment, in presence of limits to arbitrage, will
lead to excessive volatility. Sentiment could also follow non-economic events such as sport or weather conditions (see
footnote 1 in Da et al., 2014).
17
Gilchrist et al. (2014) assume that credit spreads reflect the endogenous effects of informational and contractual
friction deriving from an (exogenous) uncertainty shock, which they measure using high-frequency firm-level stock
market data. Their Figure 4 suggests that their measure of uncertainty shock is highly countercyclical and moves in
tandem with credit spreads. Nodari (2014) provides empirical evidence of the direct effects of financial regulation
policy uncertainty on credit spreads, and subsequently on the real economy.
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large common shocks occurring in periods of economic instability or over long forecast periods
exacerbate the distance separating the concepts of disagreement and uncertainty.

3.1 – The univariate analyses of the FF and EURQ
Figure 1 allows for a visual comparison of the temporal pattern of finance-based measures
VIX and SPREAD (in the first row), of the forecast-based measures PREDICT1 and FDISP (in the
second row), and of the news- and search-based measures HNEWS and EURQ (in the third row).
The FF measures of uncertainty cover the common sample 1970m1-2014m12 (T = 540 months, 83
of which are characterized by NBER downturns, shown by the shaded areas), while EURQ is
available from 2004m1 only. For this reason, Figure 2 replicates the same plots of Figure 2 over the
sub-sample 2004m1-2014m12 common to all the six indexes (FF and EURQ).
Figures 1 and 2 here
The visual examination of the six indexes reveals quite different patterns of variability
which are not very closely related to the nature of the indicators, however. In fact, some series
(SPREAD and PREDICT1) are smoother and clearly spike in recession periods only, while others
(FDISP and HNEWS) are affected by noisier fluctuations over time. The VIX time series shows
additional spikes outside downturns, at times of financial crisis (e.g. the Black Monday of October
19th, 1987). The EURQ levels are above the sample average in 2004-2005, while no other measure
manages to pick up that level at that time, denoting reduced uncertainty. High EURQ levels at the
beginning of its availability could be due to the rising of Internet penetration rates in the US (the
extensive margin) and the increasing search activity (the intensive margin). This critical issue is
considered in Appendix A2.3, and results do not indicate any distortive effect. Instead, the patterns
of EURQ and of FF qualify our index as a measure of searches motivated by worries (that increase
in tough times) and not by random and futile reasons. What we observe is a different timing in
peaks and troughs that needs to be deepened through empirical models in sub-section 3.2.
Unconditional statistics in Appendix A6 reveal the greater variability of VIX, SPREAD and
HNEWS. Apart from the FDISP and EURQ indices (which seem more Gaussian), all the other
series show positive skewness and excess of kurtosis, indicating tails on the right side of the
distribution that are longer than those on the left side, with the bulk of the density and the medians
lying to the left of the means. This is the effect of positive spikes during recession phases and a
considerable weight of the Great Recession over the 2004m1-2014m12 period, which results in
counter-cyclical uncertainty, also supported by means and variances that are often higher during
downturns. These shifts are less pronounced for forecast-based (FDISP) and news/search-based
13

indicators, while the opposite holds for financial and macroeconomic (PREDICT1) uncertainty
measures. Individual answers, newspaper information and Internet search fluctuations are only
weakly associated with the macroeconomic cycle, and thus their shocks may disentangle negative
social and political events from the mix of other events that could over-represent macroeconomic
conditions.
Persistence is a relevant feature of uncertainty in those theories where uncertainty is a driver
of lengthy economic downturns (Schaal, 2015). Empirical results using formal unit root tests
suggest that all the FF are stationary, as the null hypothesis is always rejected at 5% (except for the
case of HNEWS, where it is only rejected at 10%). However, the speed of adjustment varies: after
the occurrence of an uncertainty shock, the period it takes to halve the gap between actual data and
the steady state, ranges between 5-7 months for VIX, FDISP and HNEWS, whereas it stands at about
one year for SPREAD, and at more than three years for PREDICT1 (the slowest to adjust). The
shorter time scale of EURQ explains the purely-statistical non-rejection of the unit-root null
hypothesis, as the point estimate of its persistence suggests that the series is stationary with shorter
half-lived shocks (3 months). To uniform outcomes over a common sample period, we also
conducted unit root tests for all the uncertainty measures over the 2004m1-2014m12 period. Results
corroborate the same finding from the EURQ i.e. that the short time span weakens the statistical
rejection of the unit-root null. More interestingly, the individual features of the series hold over the
shorter span, denoting the remarkable stability of their univariate features.
The unit-root test outcomes are confirmed by estimating ARFIMA models for the levels of
FF and EURQ, since all the series vary towards a time-invariant steady state.18 The similar
persistence estimated by the ARMA/unit-root and ARFIMA approaches is remarkable. However,
the null hypothesis of identically-distributed uncertainty shocks is almost always rejected,
regardless of the modelling context (ARMA or ARFIMA): this is because of the residuals’
autoregressive conditional heteroskedasticity, mainly due to increasingly large shocks during
downturns. Therefore, a data-congruent representation of uncertainty needs to account for this
feature. The exception represented by the EURQ residuals’ homoscedasticity, can be explained by
its shorter sample period, i.e. by the reduction in the number of "bad times" episodes. This is
consistent with the fact that over the shorter sample period, heteroscedasticity tends to vanish for all
uncertainty measures while, conversely, persistence estimates do not depend on the sample period. 19

18

Appendix A7.1 introduces the major features of the ARFIMA model specification: see also Granger and Joyeux
(1980).
19
All the univariate models in this section account for potential seasonal effects using dummy variables when
significant. Seasonal effects always emerge, except for the model for FDISP (which is the only one to be based on
seasonally adjusted data), suggesting that, in modelling uncertainty, the seasonality issue must be handled carefully.
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Given the close similarity in the dynamics of the ARMA and ARFIMA models, we can
model the stationary process driving uncertainty in one of two ways: by adopting the ARMA model
with GARCH errors (“ARMA/GARCH model”); or by adopting the ARMA model with breaking
means (“ARMA-with-breaks model”), as the GARCH innovations can be otherwise explained by
models featuring iid innovations with changing parameters - see Tsay (1987).20
The first ARMA/GARCH approach employs the class of ARMA models with GARCH
innovations, as a parsimonious and flexible way of representing the dynamics of conditional mean
and variance, and of preventing the insurgence of residuals' heteroskedasticity. The innovations of
the ARMA/GARCH model affect both the dynamics of the conditional mean and the variance of
uncertainty and can be used to explain the pattern of highly or slightly uncertain periods, that is,
when significant changes in uncertainty are likely to be followed by other substantial changes, and
when minor changes are likely to be followed by other minor changes. Here, we choose an
ARMA(2, 3) model for the conditional mean and a GARCH(1, 2) model for the conditional
variance, since although simple, they can detect clusters of time where the uncertainty shocks are
particularly large and can adequately represent the major features of all the uncertainty measures
emerging from the preliminary analysis.
The second approach, ARMA-with-breaks, starts again from an ARMA representation, but
assumes that the unconditional mean of uncertainty may vary across m+1 different regimes with
high/low uncertainty (denoted by r) of Tr observations. We first tested for the largest significant
number and dating of breaks (shifts in uncertainty) registered by each of the six uncertainty
measures over the common sample period 2004m1-2014m12. Then, we estimated the ARMA
models based on the identified break dates.21 The corresponding residuals never reject the null
hypotheses of not serially correlated and homoscedastic errors, and this suggests that the ARMAwith-breaks model is a viable alternative to the ARMA/GARCH model to explain fluctuations in
uncertainty over the cycle.
Here we focus on the ARMA/GARCH approach: The Maximum Likelihood estimates for
the FF and EURQ, following this approach, are reported in Table 1.
Table 1 here
The persistence of uncertainty levels in the ARMA/GARCH model (i.e. the estimates of

1 2 1 parameter) confirms the preliminary outcomes once again; uncertainty is always
characterized by large autoregressive parameter estimates with cyclical effects that are particularly
20

The major features of the ARMA/GARCH and ARMA-with-breaks models, are set out, respectively, in Appendix
A7.2 (see also Bollerslev et al. (1994)), and in Appendix A7.3 (see also Bai and Perron (1998)).
21
Table A7.1 of Appendix A7.4 reports the detail of test results.
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evident for PREDICT1 and HNEWS, while only HNEWS clearly reveals a first-order moving
average estimate as well, which is mirrored by the extremely long lag order of the unit root test
equation.
The conditional variance components (i.e. the GARCH estimates) are only reported if they
are significant, while those that are not significant have been restricted to zero. The financial
SPREAD reveals the most persistent volatility (and is thus best represented by the Integrated
GARCH model). At the other extreme, the less persistent volatility of the financial VIX and EURQ
shocks is coupled with their low first-moments persistence.
The upper graph in Figure 3 shows the patterns of the ARMA-GARCH conditional variance,
using different uncertainty indicators. These patterns suggest that the clusters of time-varying
volatility (i.e. the periods in which uncertainty is prone to larger/smaller shocks) are not very
different across indicators. The variability of uncertainty shocks is more pronounced at the
beginning of the sample (i.e. from the 1970s to the first half of the 1980s), before weakening during
the phase of Great Moderation (starting in around 1984), except for the financial blip witnessed in
1987m11. At the time of the 2008 Great Recession, variability rose again and remained at a
prominent level until the end of the sample period (most clearly in the case of the HNEWS and
EURQ conditional variance estimates).
Figure 3 here
The clustering volatility of uncertainty is mirrored in the pattern of the ARMA-GARCH
residuals shown in the lower graph of Figure 3. These residuals represent our best estimates of the
unpredictable changes (innovations) in macroeconomic uncertainty.22 Their dispersion broadly
corresponds to the phases before/during/after the Great Moderation, thus enforcing the belief that
the size of uncertainty innovations, and the variability of the macroeconomic cycle, are somehow
related. The prevalence of positive shocks during the recession further supports the countercyclicality of uncertainty.
Not all peaks of the shocks of different uncertainty measures overlap, since some of them
are affected by more shocks; for example, there are fewer extreme values in PREDICT1 than in VIX
(see also Jurado et al., 2015). We further examine this issue in the lower section of Table 1, where
we count the number of unpredictable adverse changes (i.e. of residuals) above thresholds of one,
one and a half, and three times their time-varying standard deviations (i.e. the square root of the
estimated conditional variances of the ARMA-GARCH models). Peaks in uncertainty are
considerably fewer in the case of forecast-based indicators (PREDICT1 and FDISP) than they are

22

The results - presented in Section 3.2 - that utilise these residuals are qualitatively like those we would have achieved
using the standardized residuals, i.e. the residuals scaled with their time-varying standard deviations.
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for finance-based indicators (VIX and SPREAD). As with the finance-based indicators, HNEWS and
EURQ also peak quite frequently, since news and Internet searches can be related to those financial
shocks occurring outside of large macroeconomic downturns.

3.2 – The multivariate dynamic analyses of the FF and EURQ
Previous univariate outcomes can be extended to the multivariate VAR context. Inspired by
the discussion in Da et al. (2014), we think that the VAR approach is very useful when we do aim to
understand not if uncertainty causes interest but, instead, if uncertainty this month is correlated
with intensification of interest/searches in the following months. From the VAR analysis we can
deduce if macroeconomic events and news, and which type of events and news, affect the interest of
economic agents; or instead, if the fear for specific future events may generate an anticipated
interest by the economic agents, before this event is captured and measured by one of the
uncertainty indexes.
We follow the same modeling options at the univariate levels: the ARMA/GARCH and the
ARMA-with-breaks. We assess the simultaneity and the dynamic causation across ARMA/GARCH
or ARMA-with-breaks residuals (the estimates of the unpredictable uncertainty innovations) by
modelling them as a second-order VAR and then testing for Granger causality. These unpredictable
innovations can be interpreted as uncertainty measures after pre-whitening to remove their
predictable parts, such as inertia and, in the EURQ case, the effect of the intensive margin in the use
of Internet. Results from the ARMA/GARCH modeling are shown in Table 2.
Table 2 here
Table 2 is divided into two parts: panel A reports the results for our FF benchmark measures
over the largest sample period (1970m3-2014m12), while panel B refers to an extended VAR
including also EURQ, but over a shorter sample period (2004m4-2014m12). The upper section of
each of the two panels shows the p-values of the Granger causality test, where each column refers to
a VAR equation, and each row refers to a block of explanatory lags. The lower part of each panel
shows the sample correlation matrix of VAR residuals to assess the degree of simultaneity between
the different indicators.
Over the extended period 1970m1-2014m12 (in panel A), three blocks of results emerge.
Firstly, PREDICT1 shocks - obtained using a mixture of several updated economic and financial
indicators - anticipate almost all the other measures and are hardly ever Granger-caused. Only the
HNEWS shocks can significantly Granger-cause PREDICT1, since the latter, although based on a
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large set of predictors, may be lacking in news-based information.23 PREDICT1 possesses
timeliness in detecting new shocks of different origin; on the other hand, however, it is much
smoother than the other measures, and this can reduce its ability to detect coincidence.
Secondly, journalists are timely messengers, and consequently the news-based uncertainty
index bears a lot of information captured by other uncertainty indexes. Except PREDICT1, no other
index can lead HNEWS uncertainty shocks. This substantiates the idea that journalists are quite
responsive to economic news: the p-value of the joint Granger causality test of HNEWS is slightly
below 5%, well above those of the other indexes which, on the contrary, are strongly Granger
caused (more than 1% significant). High responsiveness is further corroborated by the significant
contemporaneous correlation of the monthly residuals.
Thirdly, the financial VIX and SPREAD obviously tend to be correlated to one another. The
scarce relevance of FDISP changes in causing shocks to other indexes (and vice versa) is partly due
to the slow update in the information available to the survey-respondents. In line with Lahiri and
Sheng (2010), the surveyed people are senior executives rather than professional forecasters, and as
such their disagreement may be the result of how they perceive and interpret the state of the
forecasting environment, based on past shocks to other uncertainty measures.
In panel B of Table 2 the reduction in the time span increases the sample dominance of the
Great Recession (virtually the only large-scale event in this temporal window), and consequently
weakens the evidence of Granger causality between uncertainty shocks, in favor of an increase in
their degree of simultaneity. The main findings within the longer time span are strong enough to
hold true - at least partly - within the shorter one. PREDICT1 remains the indicator that most
frequently leads other uncertainty measures (particularly those finance-based indicators) and
remains simultaneously related to HNEWS. We must admit that the journalist’s job was “made
easier” by the advent of the Great Recession, so that journalists continue to act as messengers of
many different uncertainty shocks, and HNEWS continues to be strongly simultaneously correlated
with all other sources of uncertainty change.
Although the short time-span calls for a cautious interpretation of the results, the inclusion
of EURQ in the VAR produces two additional and interesting findings. Firstly, shocks in Internet
search activity lead shocks to the finance-based VIX and SPREAD indexes,24 and such evidence of
EURQ Granger causality complements (rather than substituting) the Granger causality of
PREDICT1. Secondly, apart from the "trivial" correlation between financial VIX and SPREAD
23

HNEWS innovations fuel shocks to the variability of forecasts (FDISP) as well, because of possible Carroll's
epidemiological effects conveyed from newspapers to senior executives' information. Conversely, the Granger causality
from FDISP to PREDICT1 is, by and large, apparent: being both indicators based on forecasts, past FDISP data computed using six-month forecasts - overlap the one-month horizon of PREDICT1 (rather than driving it).
24
Also, Da et al. (2014) find that their sentiment index based on Google Trend is a strong predictor of future VIX.
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shocks (which rises from 0.25 to about 0.60), the simultaneous correlation between HNEWS and
EURQ is the second strongest one (about 0.30). In addition to the common role played by the Great
Recession, such a coincident effect may also be explained by the aggregation of different policy
categories in overall indexes that sweep away much of the leading and lagging disaggregated
information discussed in Section 3.1 above.
Over the two different sample periods, the same events display different weights, and outline
the size, number and nature of the occurring shocks differently. This role of the time span will be of
paramount importance in explaining the macroeconomic results in Section 4.
Table 3 reports the results over the common period 2004m1-2014m12 from the ARMAwith-breaks modeling approach. We first estimate a VAR(2) model for the vector of the FF and
EURQ uncertainty measures, that is conditional on the significant break dates.25 Then we estimate
the restricted VAR(2) conditional on the jointly significant break dates, and we examine Granger
causality and simultaneity.
Table 3 here
The 9 break dates in the restricted VAR are listed in the upper panel of Table 3. EURQ
significant break dates are broadly similar to those of the other indexes: the anomalous EURQ
levels' fluctuations, shown in Figure 1 above, are probably related to the intensive margin in
Internet use; however, they are cleared by the VAR "pre-whitening". Some indexes show fewer, or
lower, multivariate breaks than univariate ones, due to co-breaking (i.e. some breaks can be cleared
across measures), while in other equations the breaks to significant explanatory variables can induce
further shifts. For example, an index such as the FDISP displays fewer multivariate breaks than in
the univariate case, since it probably co-breaks with significant explanatory lags of HNEWS and
EURQ.26 Conversely, the PREDICT1 equation is puzzling, probably due to the excess smoothness
of its series which could make it difficult for the breaking model to detect any clear shift-points
over the 2004m1-2014m12 period.
The lower panel in Table 3 reports both the p-values of the Granger causality test, and the
VAR's residual correlation matrix. The outcomes are in line with those shown in Table 2, with the
sole exception of the simultaneous correlations: here they are slightly lower, since part of the
simultaneity between variables is represented by common breaking dates, such as the general
upward shift in 2008m9 that the restricted VAR identifies as a huge increase in uncertainty at the
beginning of the Great Recession. Finance-based measures are the only ones affected by the surge
25

Break dates are those detected at the univariate stage. The 20 break dates are measured by 19 step-dummies because
one of the estimated dates was the same in both the PREDICT1 and EURQ equations. All the step dummies were
included in the VAR(2), and thus the non-significant ones were excluded. In the end, only 9 break dates survived.
26
See Table A7.1 of Appendix A7.4.
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in uncertainty in May 2010 (associated with the Greek/Eurozone crisis: see also the calendar of
events in Table A1.1 of the Appendix A1).
In summary, the duck test shows that EURQ probably is an index able to capture more
interest due to more uncertainty (i.e. it is a duck). Beyond the mere assessment of the nature of our
indicator, we bring new and quite robust empirical evidence regarding the dynamic relationships
among different uncertainty indexes and how these distinct types of uncertainty are perceived or
anticipated by ordinary people and economic agents.

4. Uncertainty measures and macroeconomic dynamics
The empirical literature suggests that uncertainty shocks do exert a negative impact on
economic activity: see Fernandez-Villaverde et al. (2015), Mumtaz and Theodoridis (2016), and
Leduc and Liu (2016) within the context of DSGE models. Similarly, Stock and Watson (2012, p.
81) find that the shocks producing the 2007-2009 recession were primarily associated with a
heightened degree of uncertainty, together with financial disruptions.
However, the entity and persistence of the effect of uncertainty on economic activity
remains open to question, as evidence tends to be conflicting and it varies depending on the
measures of uncertainty shocks adopted. Further, it is still unclear, a priori, what each uncertainty
proxy does represent. For example, Bloom (2009) sustains the over-shooting effect on the real
economy of a financial uncertainty shock (the "wait and see" dynamics): because of the shock, the
economy suffers in the short run, but in the long run the initial level of output is exceeded.
Bachmann et al.’s findings (2013, Fig. 6) suggest that Bloom’s over-shooting is due more to the use
of finance-based indexes than to any genuine uncertainty effect. Choi (2013), and Beetsma and
Giuliodori (2012), substantiate this idea by showing that the impact on real activity of shocks to
stock market volatility is not robust over time.27 Taken together with the discussion on financebased indexes in Section 3, these findings support our caveats about the reliability of measures of
macroeconomic uncertainty based exclusively on financial information, since certain transitory
crises and random events could be mistaken for uncertainty shocks. 28
Jurado et al. (2015) and Bachmann et al. (2013) utilize forecast-based measures to show that
the dynamic response of output to uncertainty shocks is a sharp reduction in the level of production,
with effects that persist well beyond the horizons considered in their exercises (i.e. more than 4-5

27

In addition, Jurado et al. (2015) argue that Bloom’s over-shooting is a data figment mainly due to his HP filtering of
uncertainty, since with raw data the over-shooting dynamics vanish.
28
This point is clearly made in Carriero et al. (2016): the authors tackle the issue of estimating the impact of uncertainty
shocks in the context of VAR models with measurement errors in uncertainty.
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years after the shock). As a final example, in Baker et al. (2016) shocks to the news-based
economic-policy uncertainty index produce a negative dynamic response of manufacturing
production only in the short-run. Unlike the case of forecast-bases indexes, these output responses
are significantly negative for the first 15-18 months, after which they return to zero, without
overshooting.
The purpose of this Section is to rectify the lack of comparisons, made over common time
spans and within a common empirical framework, of the outcomes of alternative uncertainty
indexes and of our EURQ. For example, we can test the robustness of Bachmann et al. (2013)
"long-run effects" of uncertainty shocks to the use of alternative indexes. Moreover, we are the first
to compare the different proxies of uncertainty within common time span and framework. This has
an undoubted advantage: in addition to encompassing the bulk of evidence from various papers, it
also prevents the comparison from being affected by the specific events that occurred during the
period over which a specific index, used in a specific paper, was available. For example, the
permanent effects in Jurado et al. (2015) and Bachmann et al. (2013) may differ from those found in
Baker et al. (2016), simply because in the first two cases the sample period is long (it begins in the
1960s), while in the third case it is considerably shorter (it begins in the mid-1980s). Compared to
the lengthy period, the short one excludes all noisy observations prior to the Great Moderation and
is also permeated to a greater extent by the Great Recession, when "large shocks were not simply
feeding through the usual dynamics. [...]. The usual dynamics did not explain what was going on for
several months around the peak of the crisis." (Sims, 2012, p. 143). Accordingly, the comparison of
different common time spans (1960-2014, 1985-2014 and 2004-2014) and the inclusion in the
comparison of our new EURQ index enrich our understanding of the role of in-sample events and
how they are represented by different uncertainty indicators.
Our chosen common reference point is VAR modeling, because, as pointed out by Baker et
al. (2016, p. 1628), the magnitude of the uncertainty effects, their dependence on specific measures,
and their correlation with other factors, are given meaning with VAR models.
With specific regard to the VAR dimension, we selected 5 variables from the wide range of
options offered by the literature. On the one hand, small bivariate VAR models - with uncertainty
and output, as in Bachmann et al. (2013) and Scotti (2016) - offer the advantage of parsimony but
are subject to biases due to the omission of relevant macroeconomic channels. On the other hand,
large VAR models – like the 11 variables miming the macroeconomic model of Christiano et al.
(1995) in Jurado et al. (2015) – offer the advantage of a satisfactory theoretical basis, but suffer
from inefficient estimates due to the curse of dimensionality.29 Our unrestricted VAR is:
29

In our case, this problem would be exacerbated by the short span available for our EURQ uncertainty measure.
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Given that the orthogonal shocks originating the impulse-responses functions are recovered
by means of a Cholesky decomposition, the way the variables are ordered is of paramount
importance. Hence, zt is uncertainty, proxied in turn by PREDICT1, by the log-levels of EPU, by
the log-levels of EURQ, by the log-levels of VIX, and by the two indexes - PREDICT1 Macro and
PREDICT1 Finance - recently introduced in Ludvigson et al. (2017) in order to distinguish the
macroeconomic and financial categories of uncertainty.30 Our second VAR component is the vector

xt  (spt , fft , empt , ipmant ) , where: sp is the log-levels of the S&P 500 index; ff is the log of one
plus the federal funds rate; emp represents the log-levels of employment; and ipman represents the
log-levels of the manufacturing production index.31
Figure 4 shows the manufacturing production index’s dynamic response to one standard
deviation of the uncertainty changes estimated by our VAR. Specifically, Figure 4 shows the
impulse response functions when uncertainty is measured by PREDICT1 (upper plots) and by
log(EPU) (lower plots). Parameters are estimated over three different sample periods: (1) the largest
one (1960m7-2014m12, in black) for PREDICT1 only and with the two dashed lines showing the
90% standard error confidence bands; (2) the middle sample period (1985m1-2014m12, in blue) for
which also EPU is available (the corresponding 90% standard error bands are in the lower plots);
(3) the shortest sample period (2004m1-2014m12, in red) available for both PREDICT1 and EPU
(and also for EURQ).
Figure 4 here
Over the longest period, shocks to PREDICT1 gradually reduce output, with effects
persisting over the full time span. Initially, the response monotonically decreases up to 24-25
months after the shock, before stabilizing thereafter. In the long run, one standard deviation of
PREDICT1 innovations (i.e. an uncertainty shock corresponding to roughly the 8 th decile of its
innovations’ distribution) entails a loss of about 1% in the manufacturing production level. This
outcome is qualitatively the same as those reported in Jurado et al. (2015, Fig. 6 and 7) and in
30

The use of the logs of EPU, EURQ and VIX is designed to reduce the weight of outliers discussed in Section 3. Here
we use EPU, instead of HNEWS, to be close with the literature on the role of uncertainty on economic activity. As with
the methodology adopted for PREDICT1, PREDICT1 Macro and PREDICT1 Finance are derived from large sets of
observable time series: 134 mainly macroeconomic time series in the first case, and 147 monthly financial indicators in
the second case (see details in Ludvigson and Ng, 2017).
31
Given the evidence of seasonality at the univariate stage, we seasonally adjusted the data with the Census X13 filter:
see the results of the tests in Table A8.1 of Appendix A8. For each subsample, the lag length p of each VAR is first set
using the AIC criterion (starting from p=7). If necessary, p is slightly altered to induce white noise error terms and to
ensure the stability of the VAR. The selection of the lag length slightly changes across samples: see Table A8.2 in
Appendix A8.
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Bachmann et al. (2013, Fig. 6).32 Regardless of the size of the VAR, the use of forecast-based
indicators qualifies the uncertainty shocks as significant and persistent determinants of output
fluctuations.
However, this is extremely arguable if we consider the stability of the VAR parameters
(measuring the dynamic response patterns of output to uncertainty shocks) over different sample
periods. Over the middle 1985-2014 period, the effect of shocks to PREDICT1 (in blue, upper plot
of Figure 4) is very similar to that shown for the same period by EPU (in blue in the lower plot of
Figure 4): during the initial 12 months there is a decline that is sharper than that over the longest
period, and this is then followed by a mild recovery. In the long term, one standard deviation of
PREDICT1 and log(EPU) innovations entails an output loss of about 0.7% and 0.1% respectively.33
The estimates over the shorter 2004-2014 period (upper part of Figure 4 for PREDICT1, and
lower part of Figure 4 for EPU) confirm that the change in the sample period affects the dynamics
of output responses much more than the use of different uncertainty indicators does. Although data
limitation requires caution in interpreting the results, the output responses display sharpness of the
short-run effects (with PREDICT1 shocks producing stronger contractions than EPU), and recovery
in the long term, with a tendency to overshoot for PREDICT1. Noticeable, this brief period was
permeated by substantial financial shocks, and although not significant, the dynamics of output
responses to the non-financial shocks of PREDICT1 and EPU are rather like the overshoot that
Bloom (2009) obtained with a finance-based measure of uncertainty over a long sample period.
Figure 5 adds the responses of our EURQ index to the comparison of PREDICT1 and EPU
over the common and shorter period 2004-2014. Displaying these indexes in the same plot
facilitates the comparison.
Figure 5 here
EURQ and EPU give very similar responses, curbing output in the short-run followed by
recovery, while, comparatively, the PREDICT1 outcome is closer to the “wait-and-see” type of
dynamic, albeit with a non-significant overshooting: the short-run effect is twice that of the newsbased uncertainty index and of EURQ.
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However, the standard error bands here are smaller because of the greater parsimony of our VAR.
As far as EPU is concerned, our result is qualitatively the same as that reported in Baker et al. (2016, Fig. VIII)
notwithstanding the fact that we measure impulse on the estimated innovations’ variance, while Baker et al. (2016) base
their measure of impulse on the change in average uncertainty levels before/after the Great Recession. Nodari (2014)
shows that the exclusively financial news-based uncertainty shocks (FRPU), considered over the same sample period as
that in Baker et al. (2016), result in an output response that is perfectly in line with the one we obtain using the EPU
index. Bachmann et al. (2013, Fig. 6), when use the 1985m1-2011m12 sample period, a bivariate system with log
manufacturing production and GOOGLE - a news-based measure similar to that of Baker et al. (2016) and based on
Google News rather than on newspapers - find very similar results. Note, of course, that GOOGLE has nothing to do
with our new EURQ measure based on Google Trends.
33
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Finally, Figure 6 extend the comparison to the VIX, PREDICT1 Macro and PREDICT1
Finance over both the longer (1962m1-2016m12) and shorter (2004m1-2016m12) periods. 34
Figure 6 here
Results support the idea that output response is more influenced by those events occurred
during the two sample periods, than by the nature of the indexes. Interesting, over the longer period
PREDICT1 Macro produces the highest output reduction (about 1% as PREDICT1 in Figure 4),
PREDICT1 Finance is not far away from PREDICT1 Macro, and VIX has the lowest effect. The
picture is completely reversed over the shorter period, as now the largest output reduction is due to
VIX, followed by PREDICT1 Finance and PREDICT1 Macro (especially in the shorter period the
differences between PREDICT1 Finance and PREDICT1 Macro are minimal).
In general, each uncertainty measure seems to have its own dynamic effects on output, as
finance-based uncertainty induces overshooting effects, forecast-based uncertainty induces very
persistent effects, and news-based uncertainty induces transitory effects. But more specifically,
findings from a common VAR setting comparatively estimated over alternative periods show that
the different historical events specific to each period determine the output responses more than the
different uncertainty measures.35 In other terms, different uncertainty measures produce different
output responses to shocks simply because each of them can capture the historical events
differently.
On the one hand, long time-spans comprising an era of substantial, noisy real shocks (in the
1960s and 1970s) reveal the significant long-term effects of uncertainty on output (be it forecastbased or news-based). On the other hand, short time-spans almost entirely centered around large,
noisy financial shocks (those seen during the Great Recession), reveal strong short-term effects
which quickly (in about one year) abate (especially in the finance-based case), and are then
followed by a recovery (in the news-based case and EURQ) or by an overshooting (for the forecastbased and the finance-based indexes).
We provide two possible explanations based on two recently emerged strands of research
together with our original interpretation. The “statistical view” supports our idea that shocks of a
different nature and intensity, involved in different periods of time, are measured differently by the
different uncertainty indexes. The “economic view” suggests that different events are related to
structural changes in the model parameters.
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Note that the end-sample period is extended to 2016 (instead of 2014 as above) to provide evidence of the robustness
of our findings to updates of figures for industrial production, employment, and PREDICT1. Seasonal adjustments and
VAR settings with the new variables are based on the same rules detailed in Appendix A8.
35
Further evidence of a similar effect witnessed in a different context is reported in Rossi (2006).
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According to the “statistical view”, the measurement errors create attenuation bias in the
estimates; for example, Carriero et al. (2015) show that accounting for measurement errors
produces an estimated impact of shocks to financial uncertainty which is larger and more persistent
than that estimated by Bloom (2009).36 We suggest that the extent of the bias will depend on the
ratio of the signal carried by the uncertainty proxies (related to the size and composition of the
economic shocks) to the noise (the measurement errors). The noise is probably less important over
the 1960-2014 sample period, because the large, variable real shocks to the cycle witnessed in the
1960s and 1970s, are expected to prevail over the measurement errors: the impulse-response
patterns will be slightly downward biased. Over the shorter sample period (2004-2014), on the other
hand, the measurement errors tend to prevail over the signal because noisy financial shocks
jeopardize the other (macroeconomic) uncertainty signals. All the uncertainty measures are
unavoidably affected by measurement errors, but the impression is that forecast-based and financebased probably are the most affected indexes.
Also, from the “economic view” we can assess that the falling persistence of the output
response to uncertainty shocks in the shorter period is due to events specific to that period. For
example, Mumtaz and Theodoridis (2016) simulate a DSGE model to explain the empirical
(FAVAR) evidence of the effects of uncertainty shocks on real activity systematically declining
over time. The weakening persistence of the effect of an adverse uncertainty shock in more recent
periods (as our shorter sample period) can be explained by an increase in the Federal Reserve’s antiinflationary stance - in line with the shift before and after Volcker’s appointment as Fed Chairman
in 1979, as suggested by Clarida et al. (2000) - and by a change in the parameters of the Phillips
curve, implying a rise in price stickiness and a fall in indexation to past inflation - as confirmed by
Stock and Watson (2007), and by Cogley et al. (2010).
Finally, our results are in line with Scotti (2016). By using a bivariate VAR exercise with
employment and uncertainty proxies for the United States over the last decade (2003m5-2016m3,
close to our short period) she shows that when uncertainty is strictly related to real activity as
measured by her real-activity uncertainty index, it potentially has a milder impact on economic
activity than when uncertainty is more generally related to economic and financial conditions as
measured by the VIX (whose impact on real-activity variables seems to be stronger and faster).

36

See the last two plots of Figure 3 in Carriero et al. (2015). Measurement errors are accounted for in their proxy SVAR
by using instrumental variables. The results are quite interesting, even if the task of finding exogenous variation in
uncertainty, so that to identify genuine responses, is a tough challenge, as can be seen by the results in Stock and
Watson (2012) and the strong criticism of those results.
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5. How is uncertainty perceived? Comparing EURQ and Newsbank on single queries
In wandering about the relationship between news and the internet, a recent Pew research
centre found that "Six in ten American adults (61%) get news online on a typical day, placing it
third among the six major news platforms asked about in the survey, behind local television news
and national or cable television news. While the internet is growing as a news platform, it has not
displaced completely offline news sources for most American adults: Most Americans (59%) get
news from a combination of online and offline sources on a typical day. Just over a third (38%) rely
solely on offline sources, while just 2% rely exclusively on the internet for their daily news.". Given
this statement, a relevant question concerns the relationship between press coverage and the
information that people want to obtain from the Web. Even more important is to understand which
type of uncertainty is perceived by economic agents before the press begins to divulge the news in
the newspapers, and, on the opposite, what kind of news attracts the interest of economic agents,
pushing them to look for information on the Internet. To understand if a specific uncertainty is so
harbinger of fear to be searched on the web before the press starts talking about it has certainly
repercussions in terms of economic policy.
What we present in this section is a comparison of our EURQ index and the BBD's
Newsbank series, according to the 8 categories discussed in Appendix A3: Fiscal policy, Monetary
policy, Health care, National security and war, Regulation, Foreign sovereign debt and currency
crisis, Entitlement programs and Trade policy.37

5.1 – The methodological framework
The basic ingredients of our experiment are two sets of series measuring searches for the
same terms belonging to policy category c: Newsbankct (BBD news-based counts), and EURQct
(Google Trends search volumes), where c = 1, 2, .. , 8 (policy categories), and t are monthly
observations over the period 2004m1-2014m12 (with T = 132 months). Although referring to the
same search terms, these two variables are different: according to Newsbankct, journalists are the
messengers of uncertainty, which they convey by using specific words; according to EURQct ,
Google users are the ones who manifest their interest/uncertain mood by searching more/less
intensively for the same words used by the newspapers.
The dynamic relationship between Newsbankct and EURQct can be assessed within the
context of the VAR model. Let us suppose that for the cth category, the k-dimensional stationary
37

Some empirical research (e.g. Eberth et al., 2014) has focused on modelling the ways information is divulged via the
Internet and the speed at which this happens, but in topics distant from assessing the role of uncertainty on people’s
interest and concern.
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VAR(p) process yct consists of the m-dimensional process zct and the (k  m)-dimensional process

xct with non-singular white noise covariance matrix  c :
 zct   c1   Ac11,1
yct        
 xct  c 2   Ac 21,1

Ac12,1   zct1 
 Ac11, p
 ...  



Ac 22,1   xct1 
 Ac 21, p

Ac12, p   zct p   c1t 

Ac 22, p   xct p   c 2t 

(2)

where, in our bivariate context: k=2 and m=1; 𝑦 = (𝑁𝑒𝑤𝑠𝑏𝑎𝑛𝑘 , 𝐸𝑈𝑅𝑄 ) is the vector
of the variables of interest for the cth category (therefore, 𝑧 = 𝑁𝑒𝑤𝑠𝑏𝑎𝑛𝑘

and 𝑥

= 𝐸𝑈𝑅𝑄 );

scalars c and matrices Ac are heterogeneous parameters (they are allowed to differ across
categories); and 𝜀 = (𝜀

,𝜀

) = 𝜀

,𝜀

is the vector of the random shocks to the

Newsbank and EURQ uncertainty measures for c. The lag length p is first set by using the AIC
criterion (starting from p=13), and the corresponding residuals are tested for white noise errors
(otherwise p is slightly altered until the white noise residuals target is met). The joint stationarity of
all the variables listed in the VAR model, i.e. the system (2) has full rank, is assessed by means of
the Johansen (1995) trace test. Finally, seasonal dummies, if significant, are included in the VAR
models.
The analysis conducted using the VAR system (2) relies on two basic concepts: Grangercausality and instantaneous-causality. Granger causality involves the assessment of the null
hypotheses: Ac 12 ,i  0 for i = 1, 2, ..., p (which implies that Newsbank is not Granger caused by
EURQ), and Ac 21 ,i  0 for i = 1, 2, ..., p (which implies that EURQ is not Granger caused by
Newsbank).38 In our context, Granger causality from Newsbank to EURQ for a certain category c
implies that past news-based shocks are related to present Google searches: past newspaper
headlines lead people to seek further knowledge about c even after the news shock has occurred. In
other words, the news-based measure of the uncertainty category c - informing people about what is
happening now - drives Google searches that, over time, propagate following their own dynamics
Ac 22 ,i as in the epidemiological model of Carroll (2003). Conversely, Granger causality from EURQ

to Newsbank for a certain category c can be explained as if journalists feed readers’ persistent needs
for information regarding subject c and continue to satisfy them in their newspapers. In this second
case, Google searches – signaling readers' interest on c – “drives” the news-based measure of this
category. This second case is excluded in the context of Carroll’s model where the direction of
causality can only go from news to peoples’ actions.

38

When the Johansen's test does not reject the null of reduced rank (i.e. that not all the variables are stationary), the
Granger causality is tested by means of the Toda and Yamamoto (1995) approach, as for the sub-groups 20-21-22 of the
Entitlement Programs category, and sub-groups 23-24 of the Trade Policy category; see Appendix A9.
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Although we must be very cautious in interpreting the outcomes of statistical tests in
behavioral terms, for the sake of brevity we shall now label Granger causality from Newsbank to
EURQ as "news-pooled" uncertainty, and Granger causality from EURQ to Newsbank as "querydriven" interest. Having found the direction of Granger causality for each category (insofar as such
direction exists), the outcomes may be expanded on by replacing, in the bivariate VAR, the EURQ
measure for c with its sub-groups and/or the most relevant single search term within each subgroup.39
Given that VAR residuals are not orthogonal, i.e. the covariance matrix  c is usually not
diagonal because these models are in a reduced form, the presence of a significant instantaneous
correlation between Newsbank and EURQ shocks ( E ( c1t  c 2 t )  0 ) simply means that the two
measures of uncertainty for c are coincident, i.e. that news and Internet search shocks regarding
uncertainty/interest about category c, occur in the same month.

5.2 – Empirical results by policy category
The main results of using VAR system (2) are summarised in Table 4 where the two
columns and three rows delimit six areas (cases) containing the 8 categories. 40 The columns are
used to classify the categories as cases of high/low instantaneous correlation (degree of
coincidence), depending on whether the value of such correlation is higher or lower than 0.25 (the
level denoting 1% statistical significance). The 8 categories are classified into three cases along the
rows: the case of news-pooled uncertainty (when Newsbank Granger causes EURQ), the case of
query-driven interest (when EURQ Granger causes Newsbank), and finally the case of nodynamics-uncertainty-interest (when Granger causality is not statistically significant in either
direction).
Table 4 here
"Fiscal policy" (FP) and "Sovereign debt and currency crisis" (SDCC) are carefully
monitored by people, as is shown by the fact that the number of Internet searches for such terms
increase as soon as shocks occurs, even if newspapers do not give the same importance to them.
Internet activity and newspaper mentions overlap significantly, with the instantaneous correlation
coefficient always high (in the 0.40-0.50 range) and strongly significant. "Health care" (HC) also
leads news-based uncertainty, albeit with considerably lower significance and intensity. When
investigating the main components (at the level of individual search terms) of query-driven
39

The list in Table A3.1 of Appendix A3 summarizes, by category, the most relevant sub-groups and single search
terms according to a Bayesian selection approach.
40
Detailed results are reported in Appendix A9.
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uncertainty, we discovered the following. Regarding "Fiscal policy" category (FP), the most
relevant Google queries were "Debt ceiling"41 and "Government deficits", while "Sovereign debt
and currency crisis" (SDCC) searches were mostly accounted for by the term "Sovereign debt"
(although "Currency devaluation" and "Euro crisis" also played a significant role). Finally, the
"Health care" (HC) category is due mainly to the one search term "Affordable Care Act".
The direction of Granger causality is reversed in the case of "Monetary policy" (MP) and
"Regulation" (RE), since it seems that people only start searching the web for more information
about these categories when the newspapers themselves have begun to mention them; in such cases,
news-based shocks drive Google searches. The "Trade policy" (TP) category behaves rather
similarly, albeit at a considerably lower level of instantaneous correlation, which probably denotes
the general public’s limited interest in the news within this category (the correlation coefficient here
is about 0.10, against values of 0.55 and 0.31 recorded in the previous two cases, respectively).
Finally, the "Entitlement programs" (EP) and "National security and war" (NS) categories
do not display any Granger causality from press and media reports to Google searches, or viceversa.
However, they behave differently as far as the degree of simultaneity is concerned. In fact, for
"Entitlement programs", the Newsbank and EURQ are correlated (above 0.40), thus denoting a
substantial overlap, in the same month, of press reports and internet searches; in the case of
"National security and war", on the other hand, the instantaneous correlation is about half the
previous figure, suggesting that the need for knowledge that feeds the Google searches is not
significantly related to newspaper headlines, probably because readers are already aware of the
matter in question.
In conclusion, we can say that “hard” issues regarding taxation and health (that are
important for everyday life) arouse people’s interest regardless of any stimulus by the press; on the
other hand, any subject that can affect people's lives only after changes (of rules and regulations, or
of monetary and foreign policies) arouses people's interest if the press conveys information about
these changes. Finally, some extremely important topics such as employment and terrorism can
become an autonomous object of interest for both the people and the press if serious and unexpected
events occur.
To relate these findings with the discussion in Section 4, we can say that macro-real
uncertainty is a spontaneous and autonomous driver of the agents’ economic behavior, while
uncertainty related to monetary and financial issues capture the people’s interest after having been
object of interest by the journalist; in this last case a sort of multiplicative effect could exist, with

41

Further comparative analysis of the specific search term "Debt ceiling" is provided in Appendix A4.
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newspapers feeding the worries of agents, and this could explain why the reduction of the economic
activity is more pronounced in periods more affected financial shocks.

6. Concluding remarks
Macroeconomic uncertainty comprises several unobservable components. As such, it might
not be fully quantified by any specific measure which qualitatively relies just on certain of these
components. The heterogeneous nature of uncertainty is substantiated by the literature, which
proposes a variety of different indicators: finance-based, forecasts-based, news-based. The literature
also shows that these alternative indicators behave differently and have different impacts on
macroeconomic activity. In short, measuring uncertainty is a very "uncertain" activity. Moreover,
we do not know how and when people perceive uncertainty and which component of uncertainty
may have or have not strong impact on the economic agents. “The measures of uncertainty tend to
combine economic uncertainty with other notions. For example, stock return volatility combines
information about stock market volatility with economic uncertainty and forecast disagreement
could measure a divergence of opinions among forecasters rather than just the underlying
uncertainty about the economy” (Scotti, 2016, p. 2). Moreover, “Agents base decisions on their
perceived uncertainty rather than on an objective uncertainty that they do not observe” (Scotti,
2016, p. 16).
Our paper has two main aims. The first aim is to use Internet searches to create the new
EURQ measuring the volumes of “economic uncertainty related queries”. EURQ captures people’s
interest/need to gather more information when they are impressed in some sense by worries and
uncertainty. The EURQ is based on Google Trends and it aggregates the individual searches. We
demonstrate that, along an enough long temporal span, people systematically and deliberately
choose to search on the Web for more information on specific economic words related to
uncertainty. Being directly based on people choices, EURQ can quantify additional important
qualitative aspects of uncertainty that are not accounted for by the uncertainty indexes proposed by
the literature.
The second aim of the paper is to investigate the underlying reasons for the differing
responses of economic activity to shocks in different measures of uncertainty. We base our
comparative analysis on a common empirical framework in which the qualitative aspects
represented by each uncertainty index and our EURQ are evaluated over the same temporal span;
robustness is assessed by comparing long and short periods, with the last one more permeated by
the Great recession.
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In general, each uncertainty measure seems to have its own dynamic effects on output, as
finance-based uncertainty induces overshooting effects, forecast-based uncertainty induces very
persistent effects, and news-based uncertainty induces transitory effects. Comparison results support
the idea that output response is more influenced by events over the two sample periods, than by the
nature of the uncertainty indexes. Better to said, different uncertainty measures produce different
output responses to shocks simply because each of them can capture the historical events
differently.
The joint analysis of the news-based uncertainty measure and new EURQ index of people’s
interest suggests that distinct categories of economic policy uncertainty entail alternative dynamic
relationships between newspapers headlines and Internet activity. People autonomously search for
health and topics related to fiscal policy, suggesting that this type of uncertainty can manifest its
effects on economic variables like consumption very early. On the other side, issues regarding
regulations and monetary policy capture people’s interest only after the journalists have "driven"
the public’s general attention. Finally, important topics like terrorism and environment, are the
object of attention by both journalists and searchers on the Web without any influence of one on the
other.
We believe that our index delivers patterns and tells stories that, at least in the context of
uncertainty measurement, are potentially interesting and useful. The EURQ can represent a sort of
open-source survey which at any time can deliver updated information about people’ moods,
provided that the "appropriate" set of queries is posed. In fact, in our future agenda we will create
three EURQ indexes: one based on macroeconomic queries, another based on financial queries and
the last one based on political queries. These indexes could be useful to deal with measurement
errors and endogeneity of the uncertainty indexes proposed by the literature.
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Tab. 1 - ARMA/GARCH model estimates (a)
VIX
Parameter estimates(b)
1
2
1
2

0.836 ***

PREDICT1

0.944 ***

1.571 ***
-0.599 ***

FDISP

HNEWS

0.604 ***
0.271 ***

1.378 ***
-0.395 ***
-0.879 ***

0.724

***

0.180 ***
-0.150 **
0.965 ***

0.054 ***

0.202
-0.044

**

0.329 ***

EURQ

-0.135 **

3

1

1

SPREAD

0.033
0.285 ***

***

0.204 ***

0.498 ***

***

***

2

0.796

Persistence in
conditional mean (c)
conditional variance

0.338

0.909

***

-0.164
0.285

-0.056
1.000

-0.028
0.836

-0.125
0.994

-0.017
0.963

-0.276
0.158

ĥt

60

101

97

77

73

62

1.5 ĥt

36

50

47

29

38

33

3 ĥt

11

9

2

1

9

12

No. of adverse shocks ˆt above
(d )

(a) The general ARMA(2,3)-GARCH(1,2) specification is:

h t     1

2
t 1

  2

2
t2

yt   0  1 yt 1  2 yt 2 1t 1 2t 2 3t 3  t , and:

  1 h t  1 for the conditional variance, see also Appendix A7.2.

b

( ) After significance tests, unreported estimates are those we restricted to zero. ***, **, and * denote 1%, 5% and 10%
significance. Sample period 1970m1-2014m12 (except for EURQ whose sample is 2004m1-2014m12).
(c) This measure corresponds to the speed of adjustment (persistence of the process) and is obtained as: ˆ1  ˆ2  1 .
(d) The number of counts for EURQ is multiplied by 540/132 to account for the shorter EURQ sample (only 132
observations against 540 for the other series).
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***

Tab. 2 - Dynamic relationships between uncertainty innovations from ARCH/GARCH (a)
Panel A, sample period 1970m3 - 2014m12
p-values of block Granger causality tests in a VAR(2) of uncertainty innovations
Equation for the innovation to:
Two lags of explanatory
innovations to:
VIX
SPREAD
PREDICT1
FDISP
HNEWS
Joint

VIX

df

SPREAD PREDICT1
0.0000

0.1394
0.6423

FDISP

HNEWS

0.0255
0.0126
0.0090

0.0753
0.6966
0.0155
0.5002

2
2
2
2

0.5860
0.0000
0.8076
0.4572

0.0000
0.1042
0.6211

0.0137
0.0069

0.0583

8

0.0000

0.0000

0.0084

0.0002

0.0401

correlation between unpredictable uncertainty innovations (between VAR(2) residuals)
SPREAD
PREDICT1
FDISP
HNEWS

0.2567
0.0978
0.0523
0.2956

0.0707
-0.0039
0.0386

0.0177
0.1199

0.1313

Panel B, sample period 2004m4 - 2014m12
p-values of block Granger causality tests in a VAR(2) of uncertainty innovations
Equation for the innovation to:
Two lags of explanatory
innovations to:
VIX
SPREAD
PREDICT1
FDISP
HNEWS
EURQ
Joint

Df

VIX SPREAD

PREDICT1

FDISP

HNEWS

EURQ

0.0045

0.0650
0.8009

0.4463
0.9860
0.2964

0.7382
0.1646
0.2255
0.3716

0.7054
0.2983
0.0312
0.6046
0.3636

2
2
2
2
2

0.5897
0.0000
0.8866
0.8448
0.1044

0.0000
0.8796
0.5947
0.0970

0.9645
0.6356
0.7566

0.1261
0.3525

0.7633

10

0.0000

0.0000

0.2140

0.2354

0.6429

0.0208
-0.0178

0.2993

correlation between unpredictable uncertainty innovations (VAR(2) residuals)
SPREAD
PREDICT1
FDISP
HNEWS
EURQ

0.5945
-0.0382
0.1702
0.3169
-0.0467

0.0810
0.1203
0.1963
-0.1128

0.0527
0.1451
0.0640

(a) In bold, 10% significant estimates.
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0.3331

Tab. 3 - Dynamic relationships between uncertainty innovations, from ARMA-with-breaks ( a)
Estimates of the VAR(2) conditional on joint significant break dates,
sample period 2004m1 - 2014m12
VAR equation for:
VIX SPREAD

PREDICT1

FDISP

HNEWS

EURQ

0.0039
-0.0049
-0.0007
-0.0006
-0.0010
0.0040
-0.0027
0.0035
-0.0049

0.0694
0.0121
-0.1734
0.0836
-0.0495
0.0608
0.0030
0.0028
-0.0297

0.0072
0.4869
-0.1509
-0.2065
0.2234
-0.0493
0.0016
0.1379
-0.3870

-0.0886
0.2566
-0.0942
-0.0496
0.1528
-0.2438
-0.0563
0.0350
-0.0418

break dates estimates (b)
2006m3
2008m9
2009m4
2009m7
2010m3
2010m5
2011m11
2012m10
2013m4

0.1160
0.6206
-0.1786
-0.4120
-0.3319
0.4287
0.1172
-0.2230
0.0695

0.0296
0.2341
-0.1791
-0.1628
-0.0630
0.1497
0.1838
-0.1206
0.0295

p-values of block Granger causality tests in a VAR(2) of uncertainty innovations
Equation for the innovation to:
Two lags of explanatory
innovations to:
VIX
SPREAD
PREDICT1
FDISP
HNEWS
EURQ
Joint

df

VIX SPREAD

PREDICT1

FDISP

HNEWS

EURQ

0.0004

0.1803
0.9017

0.1334
0.7415
0.9340

0.1087
0.1200
0.2771
0.4792

0.9419
0.7514
0.5584
0.7222
0.4730

2
2
2
2
2

0.0041
0.0000
0.8994
0.4633
0.0503

0.0000
0.9888
0.1910
0.5095

0.9326
0.5978
0.1383

0.0160
0.0167

0.1466

10

0.0000

0.0000

0.1183

0.0365

0.1349

0.0606
0.0119

0.1734

0.7317

correlation between unpredictable uncertainty innovations (VAR(2) residuals)
SPREAD
PREDICT1
FDISP
HNEWS
EURQ

0.4904
-0.0164
0.1217
0.3075
-0.0988

0.1303
0.0637
0.1393
-0.1192

0.0684
0.1673
0.0217

(a) In bold, 10% significant estimates.
(b) In order to better understand their economic relevance and size, estimates of the step dummies parameters are
reported as ratios over the respective averages of uncertainty measures.
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Tab. 4 - The dynamics of news-based (Newsbank) and Web-based (EURQ) relationships (a)
Instantaneous correlation (d):
Granger causality from/to:

High (>0.25)

Low (<0.25)

Query-driven, EURQ/ Newsbank (b)

Fiscal policy (FP),
Sovereign debt and currency
crisis (SDCC)

Health care (HC)

News-pooled, Newsbank /EURQ (c)

Monetary policy (MP),
Regulation (RE)

Trade policy (TP)

Entitlement programs (EP)

National security and
war (NS)

No Granger causality

(a) This table summarizes the disaggregated VAR results of Appendix A9.
(b) Query-driven = EURQ index Granger-causes Newsbank index.
(c) News-pooled = Newsbank index Granger-causes EURQ index.
(d) The 0.25 threshold of correlation coefficients corresponds to the statistical significance of the null
hypothesis that the correlation is 5% significant; coefficients below 0.25 ("Low") are not significantly
different from zero.

Most searched words:
EP Social security job

RE Fdic jobs

HC Health care reform
MP Interest rate

Query-driven:

FP (high corr.)
SDCC (high corr.)
HC (low corr.)

EP Foodstamps

HC Affordable care act
NS Terrorism

FP Debt ceiling
RE Minimum wage
EP Unemployment benefits

RE Financial reform and tort reform

FP Tax rate

News-pooled:

MP (high. corr.)
RE (high corr.)
TP (low corr.)
No Granger causality:
EP (high corr.)
NS (low corr.)

RE Cap and trade
RE Environmental protection agency

FP Taxation
RE Energy policy
MP Bernanke
RE Office of thrift supervision

HC Medicare
….

SDCC Sovereign debt
Column of the left: word ordered from the most toward the least searched according to Bayesian analysis in Appendix
A3. Column of the right: query-driven, news-pooled and with no Granger-causality categories.
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Fig. 1 – Alternative uncertainty measures over the common 1970m1-2014m12 period (a)
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Fig. 2 – Alternative uncertainty measures over the common 2004m1-2014m12 period (a)
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Fig. 3 – GARCH conditional variance estimates (standardized, top), and residuals (down)
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Fig. 4 – Impulse response of production (IPMAN) from the estimation of 5-variable VARs
with alternative uncertainty measures (upper: PREDICT1, lower: EPU) and sample periods
(black: starting from 1960; blue: from 1985: red: from 2004)

Response of log manufacturing production to Cholesky One S.D. impulse in PREDICT1 (seasonally adjusted) and log(EPU) for
different estimation sample periods: (1) 1960m7 - 2014m12, (2) 1985m1 - 2014m12, (3) 2004m1 - 2014m12. Identification is based
on a 5-variables VAR(p), ordered as: uncertainty, log(SP500), log(1+Fed funds effective rate/100), log manufacturing employment,
log manufacturing industrial production. According to AIC criteria, for each sample, p is set equal to the optimal value reported in
Table A7.2. Estimations on the sample 2004-2014 are performed with a small-sample degree-of-freedom adjustment. Short-dashed
lines represent 90% standard error bands of the IRF for the VAR estimated on sample (1) for PREDICT1 and (2) for log(EPU).

42

Fig. 5 – Impulse response of production (IPMAN) from the estimation of 5-variableVARs
with alternative uncertainty measures (PREDICT1, EPU and EURQ) over the 2004-2014
sample period

EURQ

Response of log manufacturing production to Cholesky One S.D. impulse in PREDICT1,
log(EPU) and log(EURQ11). PREDICT1 and EURQ11 are seasonally adjusted. Estimation sample
period is 2004m1 - 2014m12. Identification is based on a 5-variables VAR(p), ordered as:
uncertainty, log(SP500), log(1+Fed funds effective rate/100), log manufacturing employment, log
manufacturing industrial production. p is set equal to 5 for the model with PREDICT1 and to 4 for
the models with log(EPU) and log(EURQ11). Estimations are performed with a small-sample
degree-of-freedom adjustment. Short-dashed lines represent 90% standard error bands for the IRF
for an impulse in EURQ.
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Fig. 6 – Impulse response of production (IPMAN) from the estimation of 5-variables VARs
with alternative uncertainty measures (VIX, PREDICT1 Macro and PREDICT1 Finance) and
sample periods (upper plots: starting from 1962; bottom plots: starting from 2004)

Response of log manufacturing production to Cholesky One S.D. impulse in log(VIX), PREDICT1 Macro and
PREDICT1 Finance (these last two are seasonally adjusted). Estimation sample periods are 1962m7-2016m12 (upper)
and 2004m1-2016m12 (bottom). Identification is based on a 5-variables VAR(p), ordered as: uncertainty, log(SP500),
log(1+Fed funds effective rate/100), log manufacturing employment, log manufacturing industrial production. For all
models, p is set equal to 6 (upper) and to 7 (bottom). Short-dashed lines represent 90% standard error bands for the IRF
for an impulse in PREDICT1 Macro.
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