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A B S T R A C T   

We construct a sentiment-based index of global financial stress (s-GFS index) for the period 
January 2004-December 2020. It builds on a novel methodological approach, which synthesizes 
the intensity of Google search for specific terms and word collocations related to financial 
instability and their prior selection based on the titles and abstracts of more than 2,000 working 
papers posted on the Basel Bank for International Settlements Central Bank Research Hub. The s- 
GFS index obtained by means of sparse principal component analysis (PCA) accurately captures 
major episodes of global financial instability during the observation period, playing a pivotal role 
for the US financial stress as well as industrial production in the USA, the Eurozone and China. It 
also Granger causes several well-known measures of global financial instability based on senti-
ment and “hard” data, e.g. the VIX index, as well as the overall dynamics of the global financial 
cycle, thereby emphasizing the usefulness of sentiment-based measures in monitoring worldwide 
financial stress.   

1. Introduction 

The role of “soft information”, e.g. sentiment, has increased substantially in economic and financial research over the past years. 
Specific econometric techniques and software appear to quantify qualitative sentiment data, leading to the emergence of a new 
research field, sentometrics (Algaba et al., 2020; Gentzkow et al, 2019; Larsen and Thorsrud, 2019; Shapiro et al., 2022). The sento-
metric analysis deals with sentiment embedded in different textual, audio and visual sources to construct quantitative sentiment 
variables. They serve as proxies to assess the relationship between sentiment and conventional economic variables. The sentometric 
approach has penetrated many research programs, ranging from measuring economic policy uncertainty (Baker et al., 2016) to 
nowcasting and forecasting various economic and financial indicators (Ardia et al., 2019; Ellingsen et al., 2022; Kalamara et al., 2022). 

This approach, inter alia, allows to develop sentiment indices capturing financial stress at the national and global level, which 
complement the existing measures based on “hard” data, thereby contributing to monitoring financial instability. The extant literature 
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shows that such sentiment indices can build on the information about systemically important financial institutions provided by leading 
international newswire services, e.g. Thompson Reuters (Borovkova et al., 2017; Chen et al., 2020), article titles in major business 
newspapers (Püttmann, 2018; Huang et al., 2019), Twitter messages related to major financial institutions and financial shocks 
(Fernandez et al., 2021), informational contents of US congressional hearings (Wischnewsky et al., 2021), US Fed FOMC members’ 
speeches (Istrefi et al., 2021), financial stability reports released by standalone national central banks (Moreno and González Pedraz, 
2020) or by their samples as well as international financial institutions (Blix Grimaldi, 2011; Correa et al., 2017, 2021).1 

In this paper, we propose a sentiment measure of global financial stress (s-GFS index) between January 2004 and December 2020, 
exploiting the intensity of Google Trends queries about specific terms and word collocations which capture the perception of Internet 
users that the global financial stability stance is deteriorating. As far as we know, this is the first study using Google Trends to construct a 
sentiment index of global financial stress, though such data source is well-entrenched in adjacent literatures, for example, the one 
measuring investor sentiment around the world, e.g. Gao et al. (2020). 

Nonetheless, the novelty of our approach goes beyond the choice of data source. Since it is reasonably hard to pin down an accurate 
and comprehensive list of terms and world collocations capturing the buildup of financial risks, we begin by compiling our own 
dictionary on financial (in-)stability. It builds on our reading the titles and abstracts of the working / discussion papers posted on the 
Bank for International Settlements (BIS) Central Bank Research Hub during January 2001-December 2020 and covering financial 
stability issues. We identify 2,080 papers out of 21,043 posted on this repository, and, based on them, compile a dictionary which 
includes 128 terms and word collocations conveying negative sentiment about financial stability. To our knowledge, this is a novel 
source of textual information to create a dictionary on financial (in-)stability. 

After obtaining the Google Trends series which capture the dynamics of their Internet searches in the “Finance” category across the 
world between January 2004 and December 2020, we extract the first principal component from them, using sparse principal 
component analysis (PCA). This method outperforms the standard PCA in terms of the interpretability of components, since loadings 
on less important input variables are set to zero. This feature of sparse PCA is quite useful in a research setting with a lot of input 
variables. The composite measure we derive is the sentiment index of global financial stress. 

Based on the component loadings, our s-GFS index primarily depends on the search intensity of the terms and word collocations 
describing disruptions in the banking system, e.g. “credit crisis”, “banking crisis”, “bank failure”, “bank run”, “credit bubble”, etc. The 
s-GFS index accurately captures major crisis episodes during the observation period, reaching its maximum historical value in October 
2008 as well as exhibiting local surges during the European financial crisis in the years 2010–2012 and at the onset of the COVID-19 
pandemic in the early 2020. 

We document correlations fully consistent with theoretical expectations and significant at the one percent level between the s-GFS 
index and a number of internationally recognized financial stress / systemic risk indicators based on both hard and qualitative data. 
Lead-lag relationships between them are studied in a linear and nonlinear framework, using conventional and nonlinear multivariate 
Granger (no) causality tests. We find that the s-GFS index Granger causes such indicators as the VIX index and the Office of Financial 
Research Financial Stress Index (OFR FSI) by Monin (2019) which both build on hard data and are widely used to monitor global 
financial instability. In the meantime, our index doesn’t have any effect on global conditional capital shortfall (SRISK), a well-known 
systemic risk metric developed by Brownlees and Engle (2017), and receives no feedback from it either. In another horse race, our 
sentiment measure compares with its two publicly available peers: the global financial stability sentiment (FSS) index by Correa et al. 
(2021) and newspaper-based financial stress index (NpFSI) by Püttmann (2018). This exercise reveals that the three measures are not 
tightly connected, with the first statistically significant causal linkage running from the s-GFS index to the global FSS index in a linear 
framework and the other running from the latter to the newspaper-based FSI in the nonlinear setting. However, both linkages are 
marginally significant at the ten percent level. 

The findings indicate that the s-GFS index is not driven by the rest of the metrics used in the two empirical exercises. Meanwhile, 
these competing metrics, the VIX index, in particular, underpin the global financial cycle (GFC) defined by Miranda-Agrippino and Rey 
(2020) as an international co-movement in asset and commodity prices, credit and capital flows. They also find that the GFC has 
implications for real economic activity. Besides, Püttmann (2018) examines the interaction of his sentiment-based FSI and US GDP and 
industrial production, reporting an adverse effect on them which persists for about two years. Against this backdrop, we examine 
whether there is any lead-lag relationship between the s-GFS index, the GFC proxy capturing the dynamics of more than one thousand 
asset and commodity prices, and the world industrial production index. By adopting linear and nonlinear Granger causality tests, we 
find that the s-GFS index helps explain movements in the GFC proxy at the conventional significance level. Based on generalized 
forecast error variance decomposition (GFEVD), our index accounts for nearly 25 % of the variance in the GFC proxy at the horizon of 
12 months, which is an economically sizeable proportion. We also document a bidirectional relationship between the s-GFS index and 
world industrial production index. 

We proceed by investigating the macrofinancial linkages for major economies, the USA, the Eurozone, and China, involving the s- 
GFS index. Using our baseline econometric methodology, we find that the s-GFS index appears to play a pivotal role for financial stress 
in the USA, while its relationships with the Eurozone and Chinese FSI run in both directions. In addition, the s-GFS index unilaterally 

1 There are studies which construct the metrics which are conceptually close to the sentiment-based indices of financial stress, but, unlike the 
latter, do not seek to capture all facets of financial instability. For instance, Manela and Moreira (2017) propose a news-implied volatility metric 
which is based on the contents of front-page articles from the Wall Street Journal and fares well as a forward-looking measure of the stock market 
volatility. In a recent paper, Dim et al. (2021) introduce a news-implied sovereign default risk index using 10 million news articles covering 100 
countries. 
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leads industrial production in the USA, the Eurozone and China. Taking into account the macrofinancial spillovers which these major 
economic centers propagate to the rest of the world, the effects of the s-GFS index on financial stress and industrial production in these 
economies are spread worldwide as well. This mechanism is likely to underlie the robust performance of the s-GFS index versus its 
competing measures based on sentiment and hard data as well as its statistically significant impact on the GFC. 

Additionally, we assess the interaction between the s-GFS index and central bank digital currency (CBDC) sentiment indices 
proposed by Lucey et al. (2021) and Wang et al. (2022).We find that global financial stress sentiment and the newly introduced 
sentiment measures for the CBDC are not connected. The result suggests that fears about global financial stress do not translate (at 
least) directly into uncertainty related to digital currencies, and vice versa. 

Finally, we apply our baseline econometric methodology to examine if the s-GFS index has any predictive power for the changing 
frequencies of banking, sovereign debt and currency crises during January 2004-December 2017. We provide preliminary evidence 
that our index can be a leading indicator for the waves of currency crises and a coincident one for the frequency of banking crises. 
Besides, it appears to anticipate the worldwide trend towards macroprudential policy tightening. 

The s-GFS index survives a threefold robustness check. First, we re-estimate the relationships reported above and involving more 
than two variables using structural VAR analysis. We corroborate the majority of the lead-lag linkages between the s-GFS index and 
other variables in this alternative framework. Second, we invite three independent readers coming from central banking and academia 
to validate our dictionary. Based on the same set of research papers, they suggest replacing seven terms and word collocations in our 
dictionary with alternative items which, according to our initial reading, do not exhibit strictly negative connotation with respect to 
financial stability. After making these changes in the dictionary, we construct an alternative version of the s-GFS index, s-GFS_alt, 
which appears strongly correlated with our baseline index. By applying our standard econometric methodology to test for lead-lag 
relationships, we show that the baseline s-GFS index Granger causes the alternative measure. Third, we create a reduced version of 
the s-GFS index, building only on the terms and word collocations from the working/discussion papers published by the major world 
central banks, i.e. the Fed, ECB, Bank of England and Bank of Japan. However, the baseline s-GFS measure appears to lead the reduced 
version as well. 

Overall, our findings emphasize the relevance of sentiment-based measures to monitor financial instability worldwide, building on 
the intensity of Google searches of specific terms and word collocations related to financial stability and selected with the aid of 
“collective wisdom” concentrated in a vast sample of research papers posted on the BIS Central Bank Research Hub. 

In a nutshell, our contribution to the literature is twofold. First, we extend the multi-faceted literature on financial stress measures2 

by proposing a new sentiment index of global financial stress which successfully withstands the horse race with the indicators based on 
hard data and its sentiment-based peers, also playing a pivotal role for the overall dynamics of the global financial cycle. Second, we 
make an innovation to the sentometric methodology by exploiting the synergy between two types of data – Google search intensity 
indices and textual information accumulated in a professional repository, which reduces bias in an ex ante selection of terms and word 
collocations used to derive the sentiment index of global financial stress by means of Google Trends. This methodological innovation 
adds to a strand of the sentometric literature dedicated to textual analysis in finance and surveyed by Loughran and McDonald (2016, 
2020). 

The rest of the paper proceeds as follows. Section 2 describes the data and presents the empirical design of the study. The findings 
are reported and discussed in Section 3, the robustness check is presented in Section 4, while Section 5 concludes. 

2. Data and empirical design 

2.1. Constructing the s-GFS index 

The sentiment data based on Google searches and their aggregation via Google Trends have become widespread in many fields of 
economic and financial research, yielding promising results (Choi and Varian, 2012; Preis et al., 2013; Jun et al., 2018; Woloszko, 
2020). Nonetheless, to the best of our knowledge, such data have not been used to gauge global financial (in-)stability sentiment, 
though Gao et al. (2020) exploit Google searches to tackle an adjacent research question by measuring investor sentiment worldwide. 
Google retains nearly 90 % of the world market for web search, which makes it an appropriate data source to assess financial (in-) 
stability sentiment.3 However, an open question is which terms and word collocations need to be selected so that they capture Internet 
users’ actual perception of financial (in-)stability. Without such a list compiled on the basis of pre-specified criteria, any analysis 
involving Google Trends data would be heavily biased. A possible solution is to create a comprehensive dictionary containing terms and 
word collocations capturing financial stability stance. Correa et al. (2017, 2021) argue that existing general purpose and finance- 
specific dictionaries, e.g. Loughran and McDonald (2011), Du et al. (2022), are unlikely to accomplish this goal, as words may 
have a completely different connotation in the financial stability context. Using financial stability reports published by 35 national 
central banks, the IMF and ECB, they create their own dictionary comprising 391 words, of which 96 have a positive connotation with 
respect to financial stability, while 295 have a negative one. 

However, the dictionary compiled by Correa et al. (2017, 2021) does not allow us to identify genuinely informative terms and word 
collocations to capture financial stress sentiment worldwide. First, there are only 107 nouns out of 295 negative words. Consequently, 

2 See, for example, Kliesen et al. (2012) for a survey of the literature.  
3 Although there are major economies where Google is not the dominant search engine, e.g. China, Russia, we assume that it doesn’t create a 

significant bias as regards the perception of global financial stress. 
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this dictionary includes quite general words related to financial stability, e.g. “contagion”, “volatility”, without covering more specific 
terms which are not only used by researchers and industry professionals, but also appear in the media and can therefore be searched by 
Internet users, e.g. “bank run”, “moral hazard”, “credit bubble”, etc. Second, financial stability reports as a data source may not timely 
and fully reflect the financial stability sentiment, as they are usually published on quarterly, semi-annual and annual basis. Thus, 
Correa et al. (2021) have to apply statistical interpolation to make their financial stability sentiment index monthly. Third, there may 
be certain inertia in the coverage of topics and language usage in the financial stability reports, as they are prepared by relatively 
limited groups of central bank employees, often according to standardized templates.4 As a result, market participants may anticipate 
the contents of financial stability reports, which makes them less relevant for predicting important market indicators, e.g. equity 
returns and CDS spreads, as shown by Harris et al. (2019). 

Like Correa et al. (2017, 2021), Püttmann (2018) creates his own dictionary comprising 120 words and phrases to construct a 
newspaper-based indicator of financial stress. Nonetheless, he acknowledges (Püttmann, 2018, p. 7) that his selection does not rest on 
any particular rule, being largely heuristic. Moreover, his sentiment indicator is by default driven by the US financial stability stance, 
as his research is based on the newspapers published in this country (but distributed worldwide). Huang et al. (2019) apply semantic 
clustering to the news articles from Financial Times and compile the dictionaries describing a number of sentiments, including those 
which refer to “fear” and “crisis”. Then, they construct sentiment-based indices to forecast financial crises in a sample of 20 emerging 
market economies and developing countries between 1980 and 2019. However, similar to Correa et al. (2017, 2021), their dictionaries 
mostly consist of verbs and adjectives and therefore can miss essential facets of financial instability. 

Against this backdrop, we create our own dictionary of terms and word collocations conveying negative sentiment about financial 
stability. To mitigate selection bias, we consider the Bank for International Settlements (BIS) Central Bank Research Hub a natural 
reservoir of proper words and phrases describing financial stability. We carefully read the titles and abstracts of 21,043 working/ 
discussion papers written in English and posted on this repository between January 2001 and December 2020 and select all papers 
having something to do with financial stability broadly defined.5 This is a novel source of textual information to compile a dictionary 

Fig. 1. Breakdown of working / discussion papers on financial stability on the BIS Central Bank Research Hub, by year, 2001–2020.  

4 Our critical remarks are solely related to the usage of financial stability reports to create specific dictionaries on financial stability. However, 
these reports can be useful to reach alternative goals. For example, Oosterloo et al. (2007) and Čihák et al. (2012) find that well elaborated financial 
stability reports tend to be correlated with more resilient financial environments. In a similar vein, Born et al. (2014) conclude that central bank 
communication through financial stability reports decreases stock market volatility. Comelli and Ogawa (2021) argue that financial stability reports 
provide multi-faceted information about systemic risk buildup, thereby effectively complementing country-level reports issued under the IMF 
Financial Sector Assessment Program.  

5 At this stage of our search, we don’t target only those papers which explicitly deal with financial instability, e.g. contagion, financial stress, 
systemic risk, etc., but also the works covering financial crisis resolution, changes in macro- and microprudential regulation, supervisory and 
regulatory design, etc. 
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on financial (in-)stability.6 

Although we recognize that the titles and abstracts of the papers may contain sophisticated terms and word collocations related to 
financial stability, there are still non-negligible odds that individuals can search for them in the Internet, as central bank communi-
cation, including that on financial stability, has made huge progress in recent years. For example, the findings published in central 
bank working papers are now often explained to the general public in the form of non-technical surveys in business newspapers, 
websites and other media. Properly designed central bank communication can enhance the targeted audience and increase the 
readability of professional texts. This assertion is consistent with Loughran and McDonald (2020) who argue that the complexity of 
financial texts does not necessarily undermine public interest in them and their usefulness in predicting financial outcomes. Based on 
the experimental evidence, Bholat et al. (2019) find that the impact of central bank communication can further increase if the in-
formation is made relatable to peoples’ daily lives. Similar evidence is provided by Munday and Brookes (2021). As a result, central 
bank communication on financial stability can influence individuals’ expectations and the perception of financial risks (Beutel et al., 
2021), incentivizing them, among other things, to search for additional information on such risks via Internet search engines. Such 
conjecture accords with the recent research by Ehrmann and Wabitsch (2021) who, using the ECB as a case study, argue that central 
banks successfully reach non-experts with their communications. 

Overall, we select 2,080 papers meeting our basic criterion, i.e. dealing with financial stability broadly defined. In general, there is 
an upward long-term trend in the share of papers on financial stability relative to the total number of papers posted on the BIS Central 
Bank Research Hub (Fig. 1). 

During the period 2017–2020 this share is about 17 %, while being close to 2 % on the eve of the global financial crisis (GFC) in 
2007. It is also worth noting that this share appears to rise significantly with a lag of two–three years after major crisis episodes, i.e. the 
GFC and the European financial crisis. The sample of 2,080 papers is internationally representative, as it contains the works on 
financial stability written by the researchers from 42 national central banks and three international financial institutions, i.e. the BIS 
itself, the European Central Bank (ECB) and European Systemic Risk Board (ESRB) (Fig. 2). These international bodies altogether 

Fig. 2. Breakdown of working / discussion papers on financial stability on the BIS Central Bank Research Hub, by country and international 
financial institutions, %. 

6 In the literature on central bank communication, researchers have so far resorted to a BIS repository containing speeches by the officials from 
national central banks, but their studies are unrelated to constructing sentiment indices on financial (in-)stability. For example, Armelius et al. 
(2020) investigate cross-country spillovers in sentiment for a sample of 23 national central banks during the 2002–2017 period, emphasizing the 
role of the Fed as a primary generator of these spillovers. We decide not to compile our dictionary based on the speeches, as the language of speeches 
by central bank officials tends to be politically sensitive. Thus, the coverage of financial stability issues in the speeches may be selective and 
incomplete. In contrast, we believe that the working / discussion papers which are published by central bank researchers with a usual disclaimer 
stating that they reflect their personal views rather than those of the regulatory bodies are more impartial and comprehensive. 
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account for nearly 31 % of the papers in our sample, followed by the national central banks of the USA7 (22.2 %), the UK (5.4 %), 
Germany (5.3 %) and the Netherlands (4.9 %).8 Importantly, some emerging market economies (Brazil, Chile) also account for a 
notable fraction of the papers on financial stability posted on the BIS Central Bank Research Hub. 

Based on the sample papers, we compile a raw list comprising 327 terms and word collocations capturing various dimensions of 
financial stability. Unlike the dictionary compiled by Correa et al. (2017, 2021), this list does not include adjectives as standalone 
items. We classify 128 items from this list as negative, i.e. capturing deterioration in the financial stability stance, while the rest can 
bear a positive or negative meaning, conditional on the context, or possess a neutral connotation. Such terms and word collocations as 
“macroprudential regulation”, “regulatory capital”, “credit rating” exemplify the ambivalent part of our raw list. Since we are 
interested in the dynamics of global financial stress, only the terms and word collocations with a strictly negative connotation are 
retained in the analysis, thereby constituting our dictionary on financial instability. We document a minor overlap between our 
dictionary and the list of words with negative connotation assembled by Correa et al. (2017, 2021), as they have only 23 common 
items. In case of the dictionary by Püttmann (2018) and “negative” sentiment dictionary by Huang et al. (2019), the degree of 
commonality is even less, as there are 9 and 11 coincident words, respectively. Thus, our dictionary appears notably different from the 
analogous sources both in terms of the procedures we follow to compile it and its contents. 

Using Google Trends, a web application by Google, which estimates the popularity of queries in the Google search, we obtain the 
indices measuring the intensity of searches for each of the negative items from our dictionary for the period January 2004-December 
2020. 

In order to create a composite index synthesizing the information in these numerous indices of search intensity, we first standardize 
the series so that each of them has the mean equal to zero and standard deviation to one, and then adopt sparse principal component 
analysis (PCA). Similar to the conventional PCA, which is a common tool to construct financial stress indices,9 this method performs 
dimensionality reduction, but is better suited to the environments with multiple input variables and where it is vital to secure the 
interpretability of resultant principal components. The sparse PCA achieves the interpretability by assigning zero component loadings 
to unimportant input variables. 

Our sentiment index of global financial stress (the s-GFS index) is the first principal component extracted by means of the sparse 
PCA.10 The descriptive statistics for our index as well as for the variables which it interacts with in Sections 2.2-2.6 below are reported 
in the Appendix, Table A2. 

2.2. Estimating lead-lag relationships between the s-GFS index and alternative measures of global financial stress 

At the next stage of our study, we conduct a horse race between the s-GFS index and two sets of competing indicators. 
The first of them is made up of global financial stress indices based on hard data, including (i) the VIX index capturing global 

volatility and risk aversion; (ii) worldwide conditional capital shortfall, SRISK, a well-known systemic risk measure proposed by 
Brownlees and Engle (2017), which gauges the global shortage of equity in case of a severe world stock market decline11; (iii) the 
financial stress index proposed by Monin (2019) and published by the US Fed Office of Financial Research (OFR FSI). 

The second set of indicators to be compared with our s-GFS index encompasses two sentiment-based measures which are publicly 
available, i.e. the financial stability sentiment index (FSS index) by Correa et al. (2021) and newspaper-based financial stress indicator 
(NpFSI) by Püttmann (2018). 

The horse race aims to uncover in-sample lead-lag relationships between the s-GFS index and its contenders in each set of in-
dicators. We study these relationships in a linear and nonlinear setting. To this end, we first specify a vector autoregression (VAR) for 
each set of indicators and then run Granger (no) causality tests.12 The estimation period is January 2004-December 2020 for the first 
set of indicators, while for the second one it ends in December 2016, since this is the last time point available for the newspaper-based 
FSI (NpFSI) by Püttmann (2018). In addition to Granger (no) causality tests, we conduct generalized forecast error decomposition 
(GFEVD) to assess the effect of an orthogonalised shock to one of the variables on the rest in our VAR models. The GFEVD is based on 
Lanne and Nyberg (2016) whose procedure has an attractive property that the proportions of the impact accounted for by innovations 

7 The indicator includes the papers published under the auspices of the Federal Reserve Board of Governors and all Federal Reserve banks.  
8 We calculate the Herfindahl-Hirschman index (HHI) based on the countries and international financial institutions’ shares in the total number of 

papers on financial stability posted on the BIS Central Bank Research Hub. The indicator yields the value of 950, which is significantly less than 
1500, a benchmark below which any market is considered competitive. Thus, the distribution of working/discussion papers we observe is not 
dominated by a particular country or institution. This result additionally corroborates that our sample of papers allows for sufficient international 
variation in the contributions on financial stability, making it representative.  

9 PCA applies to develop financial stress indices both at the national level in the major economies (Kliesen et al., 2012) and globally (Monin, 
2019).  
10 We implement an R package nsprcomp to conduct sparse PCA (https://cran.r-project.org/web/packages/nsprcomp/nsprcomp.pdf).  
11 This scenario involves a 40-percent semiannual shrinkage in global stock market indices, e.g. the MSCI world index.  
12 Since our indicators are not necessarily I(0) series, we implement the Toda-Yamamoto correction to estimate the VAR models (Toda and 

Yamamoto, 1995). According to it, a VAR(p) model should be set up in levels, irrespective of the orders of integration of the data. An appropriate lag 
length for the variables in the VAR model is based on the Akaike information criteria. The model is also tested for overall stability and the absence of 
serial correlation in the residuals. If the maximum order of integration of the variables is m, then the preferred VAR model should be extended to 
include these m additional lags as exogenous parameters. For example, if the maximum order of integration is I=1 and the optimal model is VAR(2), 
the specification that ensures the validity of Granger causality test will be VAR(3). 
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in each variable in total yield unity. 
To capture potential nonlinear causalities, we extract residuals from the VAR models and apply to them a nonparametric multi-

variate Granger (no) causality test proposed by Diks and Wolski (2016). This test extends the bivariate nonparametric Granger (no) 
causality test introduced by Diks and Panchenko (2006) by applying so called data sharpening to minimize the bias of the bivariate test 
statistic in a high-dimensional setting. The extended test assumes the first-order VAR process in the residuals obtained after conducting 
Granger (no) causality tests in the linear framework.13 

If the s-GFS index appears to fare well relative to the competing measures, it should Granger cause at least some of them, while 
being cushioned from any significant causal feedback in the linear and nonlinear setting. 

2.3. Estimating lead-lag relationships between the s-GFS index, the global financial cycle proxy and real economic activity 

Miranda-Agrippino and Rey (2020) demonstrate that there is a significant co-movement in international asset and commodity 
prices, credit and capital flows, attributing it to the global financial cycle (GFC). They also show that the GFC is conditional on global 
volatility and risk aversion, i.e. the VIX index. Thus, the financial stress indices, both sentiment-based and building on hard data, may 
be covariates of the GFC. 

Besides, Miranda-Agrippino and Rey (2020) report that the dynamics of the GFC has real effects, i.e. during the contractionary 
phases of the GFC real economic activity diminishes. The adverse impact of traditional financial stress indices on economic activity is 
extensively studied in the literature, e.g. Mallick and Sousa (2013), Mittnik and Semmler (2013), Chen and Semmler (2018). As regards 
the sentiment-based measures, Püttmann (2018) examines the effect of NpFSI on US GDP and industrial production, finding that it lasts 
for about two years. 

In this light, we test for lead-lag relationships between our s-GFS index, the GFC proxy, and world industrial production. The GFC 
proxy is a dynamic factor derived by Miranda-Agrippino and Rey (2020) from over one thousand asset and commodity price series and 
explaining about 20 % of their dynamics. The data on world industrial production index (WIP) comes from the CPB Netherlands 
Bureau for Economic Policy Analysis. Similar to the techniques described in Section 2.2, we first specify a VAR model to conduct 
conventional Granger (no) causality tests along with the FEVD and then apply the Diks-Wolski (2016) test to the residuals from the 
VAR model to dissect causalities in the nonlinear setting. The estimation period is between January 2004 and April 2019 for this VAR 
model given the length of the GFC proxy series. 

2.4. Assessing the macrofinancial interaction between the s-GFS index and major economies 

We seek to extend the analysis described in Section 2.3 by studying the interaction between the s-GFS index and macrofinancial 
indicators of the major economic centers in the world, i.e. the USA, China and the Eurozone. 

We adhere to our econometric methodology which allows to uncover causal linkages in the linear and nonlinear setting. For each 
economy, we estimate the relationships between the s-GFS index, national financial stress index (FSI) and industrial production. To 
make our estimations comparable, we adopt uniform measures of financial stress and real economic activity. The FSI series are 
retrieved from the Asia Regional Integration Center of the Asian Development Bank and are based on the study by Park and Mercado 
(2014). These data series measure the degree of financial stress in four segments of the financial system, i.e. banks, foreign exchange, 
equity and bonds. The data on national industrial production indices comes from the OECD statistical database. The estimation period 
in this empirical exercise spans from January 2004 to December 2020. 

2.5. Estimating lead-lag relationships between the s-GFS index and central bank digital currency sentiment 

Given the rising importance of the debate on digital currencies in general and central bank digital currencies (CBDC) in particular, 
we assess the interaction between the s-GFS index and two recently proposed measures of CBDC sentiment, CBDC uncertainty index 
(CBDCUI) and CBDC attention index (CBDCAI). These indices are introduced by Lucey et al. (2021) and Wang et al. (2022), capturing 
trends and variations in the CBDC media coverage based on the LexisNexis News & Business digital database. In this analysis, we 
transform the original weekly CBDCUI and CBDCAI series into monthly ones by taking their 4-week average values and again resort to 
our baseline methodology for the estimation period between January 2015 and December 2020. 

2.6. Assessing the interaction between the s-GFS index and the occurrence of financial crisis waves 

Finally, we examine if the s-GFS index has any predictive power for the occurrence of financial crises. In contrast to Correa et al. 
(2021) who tackle this issue in the panel data framework by specifying a probit model, our analysis is again carried out from the time 
series perspective. Using the data on the starting dates of banking, sovereign debt and currency crises from Laeven and Valencia 

13 We are grateful to Dr. Marcin Wolski for sharing the code for a trivariate case of the test https://marcinwolski.org/download/code/dp3_ 
gaussian.c) and giving advice for its practical implementation. 
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(2020), we sum up the number of crisis outbreaks across the globe for each month during January 2004-December 2017. Thus, the 
series which capture the changing frequency of each crisis type are obtained. By running our baseline causality tests, we seek to test for 
lead-lag relationships between the s-GFS index and these waves of financial crises.14 In a similar vein, we assess the interaction be-
tween our index and the IMAPP index (Alam et al., 2019), which accounts for macroprudential policy tightening as a response to the 
occurrence of financial crises. 

3. Results and discussion 

3.1. Features of the s-GFS index 

Fig. 3 displays the evolution of the s-GFS index between January 2004 and December 2020. 
The index captures the major crisis episodes during the observation period. It starts to rise in the early 2007, reaching its maximum 

after the outbreak of the global financial crisis (GFC), i.e. in October 2008. Then it gradually decreases, exhibiting local peaks, which 
capture the most acute phases of the European financial crisis, e.g. in September 2011, when international concerns about the severity 
of the crisis substantially intensify, or in May 2012, when the political crisis in Greece unfolds, thereby elevating the risk of the 
Eurozone disintegration. However, based on the s-GFS index, since the middle of the year 2013 onwards the worldwide financial stress 
returns to the pre-GFC level and remains largely stable until the onset of the COVID-19 pandemic. 

Based on the sparse PCA, we identify 79 terms and word collocations out of 128 items included in our dictionary and conveying 
negative sentiment about global financial stability. They shape the dynamics of the s-GFS index, having non-zero component loadings 
(Table 1), while the complete dictionary is available in the Appendix, Table A1. 

Table 1 indicates that the dynamics of the s-GFS index is primarily driven by the intensity of cross-country search for the terms and 
word collocations describing disruptions in the banking sector, e.g. “credit crisis”, “banking crisis”, “bank failure”, “credit bubble”. Due 
to the intrinsic roots of the GFC, the list contains a number of items related to mortgage lending, e.g. “subprime crisis”, “foreclosure 
crisis”, “mortgage loss”, etc. However, such legacy of the GFC does not exert predominant influence over the dictionary composition: 
the fraction of the items explicitly related to the subprime origins of the GFC is 7.6 % of the whole list. There are also terms and word 
collocations underlying the s-GFS index which refer to the impaired activity of other parts in the financial system, e.g. the exchange 
rate market (“currency collapse”, “currency crisis”, “currency mismatch”), residential real estate market (“housing bust”, “housing 
bubble”), debt markets (“sovereign default”, “overborrowing”, “external debt”) and asset markets (“asset bubble”, “investment fund 
risk”). There are also items in the dictionary gauging negative phenomena which can affect all the mentioned segments, e.g. “illi-
quidity”, “speculative bubble”, “risk transmission”, etc. Besides, not only commonly used terms and word collocations are charac-
terized by non-negligible component loadings. Some professional items like “bank run” and “counterparty risk” significantly impacting 

Fig. 3. The s-GFS index dynamics, January 2004-December 2020.  

14 Since we test for these relationships in the bivariate setting, we implement the Diks-Panchenko (2006) nonparametric Granger (no) causality test 
to the residuals extracted from the VAR models. The test runs in both directions for lags from 1 to 10 and for the bandwidth equal to 1.5, taking into 
account our time series length. 
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Table 1 
Terms and word collocations determining the s-GFS index dynamics.  

Term/word collocation Component loading Term/word collocation Component loading 

credit crisis  0.30 panic  0.06 
credit crunch  0.29 recession risk  0.06 
subprime crisis  0.27 exchange rate risk  0.05 
Great Depression  0.25 currency collapse  0.05 
banking crisis  0.24 currency crisis  0.05 
bank failure  0.22 liquidity risk  0.05 
financial turmoil  0.21 contagion  0.05 
foreclosure crisis  0.21 overborrowing  0.04 
mortgage loss  0.20 external debt  0.04 
mortgage default  0.19 financial vulnerability  0.04 
turmoil  0.18 risk transmission  0.04 
bankruptcy  0.18 banking distress  0.04 
bank run  0.17 loan forbearance  0.04 
global financial crisis  0.16 moral hazard  0.03 
failed bank  0.16 financial pressure  0.03 
loss  0.15 risk connectivity  0.03 
default risk  0.13 asset bubble  0.03 
sovereign default  0.13 liquidity shock  0.02 
credit bubble  0.13 market turmoil  0.02 
insolvency  0.12 currency mismatch  0.02 
counterparty risk  0.12 volatility spillover  0.02 
bank risk  0.11 credit contraction  0.02 
bubble  0.11 credit loss  0.02 
market vulnerability  0.11 market stress  0.02 
market collapse  0.10 fire sales  0.02 
liquidity crunch  0.10 credit risk  0.01 
loan default  0.10 risk spillover  0.01 
illiquidity  0.09 debt overhang  0.01 
illiquid assets  0.09 asset price bubble  0.01 
liquidity shortage  0.09 sovereign debt crisis  0.01 
speculative bubble  0.08 housing price bubble  0.01 
systemic risk  0.08 European debt crisis  0.01 
systemic crisis  0.08 herd behavior  0.01 
financial panic  0.07 financial stress  0.01 
distressed bank  0.07 bank distress  0.01 
risk  0.07 investment fund risk  0.01 
liquidity crisis  0.07 coordination failure  0.01 
financial instability  0.07 global risk  0.01 
housing bust  0.06 volatility in financial markets  0.01  

Fig. 4. Most important countries by search intensity for all the items underlying the s-GFS index with non-zero component loadings.  
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the s-GFS index appear in the top-25 of terms and word collocations by the value of component loadings. 
The Google Trends app allows to investigate through its mapping add-on where this or that term or word collocation is most actively 

searched for. After obtaining country rankings based on search intensity for each of the items with non-zero component loadings, we 
weigh all the countries’ values in each ranking by the respective component loading. Then, we sum up the values across the countries 
and the items, and compute each country’s share in the resultant indicator, thereby capturing the geographical distribution of search 
intensity underlying the s-GFS index. Although we consider only English terms and word collocations, the shares of the USA and the UK 
leading in the geographical distribution of search intensity appear quite moderate, hardly totaling altogether 10 %. Meanwhile, the list 
of top 18 countries with the shares in the geographical distribution of search intensity exceeding 1 % includes Malaysia, the United 
Arabic Emirates and Bangladesh, where English is neither national, nor an official language (Fig. 4). 

Using the full list of countries and territories covered by the Google Trends mapping add-on, we calculate the Herfindahl-Hirschman 
index (HHI) based on their shares, obtaining the value of 175.7. This is a low estimate of concentration, indicating a substantial cross- 
country dispersion in the search intensity with respect to the terms and word collocations conveying negative sentiment about 
financial stability. The finding provides further evidence that searches only in English are unlikely to undermine the informativeness of 
the s-GFS index. 

3.2. Lead-lag relationships between the s-GFS index and alternative measures of global financial stress 

Table 2 below indicates that the contemporaneous linkages between the s-GFS index and the alternative indicators of financial 
stress are positive, i.e. consistent with theoretical expectations. The biggest correlation ratios are observed between the s-GFS index 
and the OFR FSI as well as the NpFSI. However, even in case of the SRISK the moderate absolute value of correlation is significant at the 
1 % level. 

In order to examine if the s-GFS index bears more information about global financial stress compared to the contenders, we now 
investigate lead-lag relationships between the former and two sets of competing measures: SRISK, the VIX index, OFR FSI, which are 
based on hard data, and the NpFSI along with the FSS index, which are sentiment-based. 

We begin this empirical horse race by estimating vector autoregressions (VAR) for the two sets of indicators, including the s-GFS 

Table 2 
Correlation coefficients between the s-GFS index and alternative measures of financial stress.  

Financial Stress indicators Correlation with the s_GFS index 

SRISK  0.32*** 

VIX  0.77*** 

OFR FSI  0.82*** 

NpFSI (Püttmann, 2018)  0.79*** 

FSS index (Londono et al., 2021)  0.64***    

*** - denotes statistical significance at the 1% level. 

Table 3 
Results of parametric and non-parametric Granger (no) causality tests for the VAR(2) model including the s-GFS index and global financial stress 
measures based on hard data.  

Null hypotheses Conventional Granger causality tests,  

χ2 

Nonparametric multivariate Granger causality tests, T-statistic  

OFR FSI FSI → s − GFS  0.03  1.20 
SRISK → s − GFS  0.54  − 0.48 
VIX → s − GFS  0.25  0.90    

s − GFS → OFR FSI  23.22***  1.90*** 

SRISK → OFR FSI  0.72  0.56 
VIX → OFR FSI  0.00  2.47    

OFR FSI → SRISK  4.41  0.99 
s − GFS → SRISK  1.48  − 1.62 
VIX → SRISK  0.57  − 0.36    

OFR FSI → VIX  0.55  1.73 
s − GFS → VIX  35.54***  1.80*** 

SRISK → VIX  0.11  0.33  

*** - denotes statistical significance at the 1% level. 
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index itself. Before specifying the VAR models, we run the augmented Dickey-Fuller unit root (ADF) tests to examine the data series for 
stationarity. Based on the ADF tests, the s-GFS index, SRISK, the VIX index, OFR FSI and the FSS index have unit root, i.e. they are I(1) 
series, while the NpFSI is I(0).15 Keeping the ADF test results in mind, we set up the VAR models in levels by applying the Toda- 
Yamamoto (1995) correction to preserve information embedded in the raw data. In case of the s-GFS index and the indicators 
based on hard data, the best specification based on the Akaike criteria which also ensures model stability and no serial correlation in 
the residuals is VAR(2). For the s-GFS index and sentiment-based measures the optimal model specification is VAR(3). 

Table 3 reports the results of Granger (no) causality tests for the s-GFS index and the first set of indicators, while Table 4 does the 
same for the second set. The statistically significant relationships involving the s-GFS index are in bold. 

Both analyses indicate that the s-GFS index Granger causes the VIX index and OFR FSI. This relationship is unidirectional, being 
significant at the 1 % level in the linear framework and at the 5 % level in the nonlinear one. Meanwhile, we do not document any 
linkage between the s-GFS index and SRISK. The FEVD analysis reveals that the s-GFS index on impact explains 8.3 and 13.4 % of the 
VIX index and OFR FSI variance, while at the horizon of 12 periods the proportions reach 37.7 and 37.9 %, respectively. Meanwhile, 
the VIX index and OFR FSI only account for 9.7 and 18.5 % of our index variance at the one-year horizon.16 All in all, based on the in- 
sample estimation of lead-lag relationships, our sentiment-based index appears to be more informative than the two well-known 
metrics, the VIX index and OFR FSI. 

We document scarce evidence for causal relationships within the set of sentiment-based measures (Table 4). There is a single 
linkage running from the s-GFS index to the FSS index in the linear setting, and also one relationship directed from the FSS index to 
NpFSI in the nonlinear framework. However, both of them are marginally significant at the 10 % level. Given the diverse method-
ologies underpinning the sentiment-based indices, it is unsurprising that there is a limited number of causal linkages among them. The 
FEVD analysis confirms the weak effects exerted by the sentiment-based measures on each other. For instance, irrespective of the 
significant causality running from the s-GFS index to the FSS index, the former accounts for the scanty 0.4 % of the latter on impact, 
and 3.2 % at the horizon of 12 periods. Against this backdrop, the s-GFS index at least appears cushioned from any causal impact by its 
competing measures. 

3.3. Lead-lag relationships between the s-GFS index, the proxy of global financial cycle and world industrial production 

The correlation ratios between the contemporaneous values of the s-GFS index, the GFC index and WIP are equal to − 0.32 and 
− 0.27, both significant at the 1 % level, i.e. increases in our sentiment-based index are associated with a decline in asset and com-
modity prices, retrenchment in capital and credit flows as well as with a decrease in the world industrial production index. In the realm 
of causal analysis, we find that the s-GFS index drives the global financial cycle (GFC) proxy developed by Miranda-Agrippino and Rey 
(2020) in the linear and nonlinear settings without any causal feedback (Tables 5). Based on FEVD, s-GFS index on impact explains 9.4 
and 24.2 % of the GFC proxy variance in a year, which is an economically sizeable proportion. There is also a bi-directional relationship 
between the s-GFS index and world industrial production. 

Thus, the sentiment about financial instability embedded in the s-GFS index is an important driver of the co-movement in inter-
national asset and commodity prices as well as in global credit and capital flows. The findings suggest that our index anticipates the 
dynamics of the global financial cycle. Besides, the dynamics of the s-GFS index and global real economic activity appear to feed each 
other. The results matter for policymakers, corroborating that the s-GFS index can be used as an indicator aimed at monitoring and/or 
stress testing global financial conditions. Similar indicators or even their dashboards are developed by national central banks and 
international regulatory bodies, e.g. the IMF (Huang et al., 2019). Furthermore, the statistically significant interaction with world 
industrial production reinforces the potential value added of the s-GFS index inclusion into these monitoring systems. 

Table 4 
Results of parametric and non-parametric Granger (no) causality tests for the VAR(3) model including the s-GFS index and global financial stress 
measures based on sentiment data.  

Null hypotheses Conventional Granger causality tests,  

χ2 

Nonparametric multivariate Granger causality tests, T-statistic  

NpFSI → s − GFS  2.39  − 1.03 
FSS → s − GFS  3.48  1.03    

s − GFS → NpFSI  1.91  0.94 
FSS → NpFSI  0.59  1.51*    

s − GFS → FSS  4.72*  1.00 
NpFSI → FSS  0.26  − 1.10 

Note: *- denotes statistical significance at the 10% level. 

15 The detailed results of the ADF test for this and other lead-lag analyses in the paper are available from the authors upon request.  
16 For space reasons we do not report generalized impulse response functions (GIRFs) related to our FEVD analysis. However, the GIRFs are 

available from the authors upon request. 
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3.4. The relationship between the s-GFS index and macrofinancial indicators of the major economic centers 

The s-GFS index also plays a notable role in the macrofinancial linkages in case of the major economic centers in the world 
(Table 6). The index unidirectionally leads the US FSI, while exhibiting bi-directional linkages with the financial stress indices for 
China and the Eurozone.17 The s-GFS index Granger causes industrial production in the USA, the Eurozone and China. Its causal impact 

Table 5 
Results of parametric and non-parametric Granger (no) causality tests for the VAR(6) model including the s-GFS index, the GFC proxy and WIP.  

Null hypotheses Conventional Granger causality tests,  

χ2 

Nonparametric multivariate Granger causality tests, T-statistic  

WIP → s − GFS  15.91**  0.07 
GFC → s − GFS  5.70  0.82    

s − GFS → GFC  22.28***  3.08*** 

WIP → GFC  9.17  1.32*    

s − GFS → WIP  22.73***  0.76 
GFC → WIP  28.66***  0.79  

*** - denotes statistical significance at the 1% level. 
** - at the 5% level. 
* - at the 10% level. 

Table 6 
Results of parametric and non-parametric Granger (no) causality tests for the VAR models including the s-GFS index, industrial production index and 
the FSI for the USA (VAR(7)), Euro area (VAR(2)) and China (VAR(3)).  

Null hypotheses Conventional Granger causality tests,  

χ2 

Nonparametric multivariate Granger causality tests, T-statistic  

USA 
IP US → s − GFS  6.82  1.12 
FSI US → s − GFS  4.92  1.27    

s − GFS → FSI US  31.39***  1.65* 
IP US → FSI US  12.24*  0.10    

s − GFS → IP US  6.21  1.80** 

FSI US → IP US  31.61***  2.72*** 

Euro area 
IP Euro → s − GFS  0.22  1.17 
FSI Euro → s − GFS  0.05  1.87**    

s − GFS → FSI Euro  17.13***  1.89** 

IP Euro → FSI Euro  11.82***  1.74    

s − GFS → IP Euro  5.80**  1.57* 
FSI Euro → IP Euro  0.00  0.27 
China 
IP China → s − GFS  1.46  1.12 
FSI China → s − GFS  1.02  1.42*    

s − GFS → FSI China  37.51***  1.65* 
IP China → FSI China  16.37***  0.39    

s − GFS → IP China  1.91  2.02** 

FSI China → IP China  2.16  0.52  

*** - denotes statistical significance at the 1% level. 
** - at the 5% level. 
* - at the 10% level. 

17 In unreported results which involve an alternative financial stress measure, the composite indicator of systemic stress (CISS) introduced by Holló 
et al. (2012) and published under the auspices of the ECB, the s-GFS index appears to Granger cause this index for all the three major economic 
centers. However, since the CISS series for China are somewhat shorter than for the USA and the Eurozone, in the baseline estimations we adopt the 
FSI series provided by the Asia Regional Integration Center which are fully uniform in length. 
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on industrial production is unilateral, being especially pronounced in the nonlinear setting. 
Based on FEVD, we find that our index accounts for 44.7 % of the US FSI variance, while the latter explains 4.7 % of the s-GFS index 

at the horizon of 12 months. Regarding the magnitude of the impact produced by our index on industrial production, the USA out-
performs other central economies. Namely, the proportion accounted for by the innovations in s-GFS index reaches 25.8 % of the 
variance in the US industrial production in a year, whereas in case of the Eurozone and China the indicator is equal to 17 and 4.9 %, 
respectively. 

However, the effects of the s-GFS index documented above may not be confined to the central economies under consideration. In 
the literature there is compelling evidence that the USA, the Eurozone and China tend to spread their domestic shocks, both financial 
and real ones, to the rest of the world, e.g. Beutel et al. (2020), Fadejeva et al. (2017), Fu et al. (2019), Metiu et al. (2016). Hence, the 
effects of the s-GFS index on financial stress and industrial production in the central economies can be spread to the rest of the world 
and potentially amplified through these macrofinancial spillovers. This mechanism provides a plausible rationale for the causal 
linkages between the s-GFS index, the global financial cycle and world industrial production reported in Section 3.3. 

3.5. The interaction between the s-GFS index and central bank digital currency sentiment 

Table 7 indicates that the s-GFS index and central bank digital currency sentiment do not exhibit any lead-lad relationships, i.e. 
there are no causal linkages between our index and the CBDCUI/CBDCAI indices in the linear and non-linear settings. Thus, fears about 
global financial stress do not appear important for uncertainty in central bank digital finance, and vice versa. 

3.6. The interaction between the s-GFS index and the occurrence of financial crisis waves 

Fig. 5 visualizes the changing frequencies of banking, sovereign debt and currency crises, suggesting that they tend to occur in 
waves. 

Table 7 
Results of parametric and non-parametric Granger (no) causality tests for the VAR(3) model including the s-GFS index, CBDCUI and CBDCAI indices.  

Null hypotheses Conventional Granger causality tests,  

χ2 

Nonparametric multivariate Granger causality tests, T-statistic  

s − GFS → CBDCUI  1.65  0.44 
CBDCUI → s − GFS  3.33  0.13    

s − GFS → CBDCAI  0.85  0.06 
CBDCAI → s − GFS  2.99  0.33  

Fig. 5. Worldwide waves of banking, sovereign debt and currency crises, January 2004-December 2017. 
Source: Laeven and Valencia (2020) 
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The contemporaneous correlations between the waves of financial crises and the s-GFS index are close to zero, except for the 
coefficient involving the frequency of banking crises, which is positive and significant at the 1 % level (Table 8). Thus, our index 
exhibits the signs of being a coincident indicator for the global waves of banking crises during the observation period. 

In order to examine if the s-GFS index can be a leading indicator for these waves of crises, we specify bivariate VAR models and run 
conventional and nonlinear Granger (no) causality tests. In case of banking and currency crises, the optimal VAR order is eight, while 
for sovereign debt crises the preferred specification is VAR(6). Tables 9-10 report the results of Granger (no) causality tests. 

The analyses indicate that there is a bi-directional relationship between the frequencies of banking and sovereign debt crises 
worldwide and the s-GFS index, i.e. a rise in the negative sentiment among Google users about financial stability tends to increase the 
number of these crises, but their occurrence itself leads to the deterioration (increase) in the s-GFS index, as the users start to search 
more actively for the terms and word collocations with a negative connotation. This evidence suggests that the s-GFS index has no 
predictive power for the frequencies of these crisis waves. Nonetheless, the estimations show that our index can be a leading indicator 
for the frequency of currency crises, as it Granger causes their total number worldwide. 

The conclusion that the s-GFS index is a leading indicator for the frequency of currency crises and a coincident one for the wave of 
banking crises meshes well with the literature studying interlinkages between different types of financial crises. Namely, Glick and 
Hutchison (2000) are the first to find that banking crises tend to precede currency ones. Similar evidence is provided by Eijffinger and 
Karatas (2020) as well as by Laeven and Valencia (2020). Hence, a coincident indicator for banking crises can be a leading one for 
currency crises in the meantime. Overall, our findings are generally in line with Huang et al. (2019) who find that sentiment-based 
indicators have certain potential to predict financial crises. 

The occurrence of financial crises involves an increase in the number of macroprudential measures implemented worldwide. Since 
the s-GFS index is a coincident indicator for the waves of banking crises and leads currency ones, it is feasible to examine if a surge in 
our index can be a precursor of macroprudential policy tightening. In order to figure it out, we estimate a bivariate relationship be-
tween the s-GFS index and a dummy-type index measuring the worldwide stance of macroprudential policy based on Alam et al. 
(2019). This index (IMAPP) is a sum of introduced and canceled macroprudential measures coded with +/– 1 respectively for 134 
countries covered by Alam et al. (2019). The absence of changes in macroprudential policy with respect to this or that measure relative 
to the previous month is coded with zero and does not affect the overall value of the IMAPP index. This index is available for the period 
January 2004-January 2019. 

The results reported in Tables 11 and 12 indicate that the s-GFS index indeed tends to anticipate the increase in the number of 
macroprudential measures implemented worldwide. However, this relationship is significant at the 5 % level and is only found in the 
linear setting. Thus, the s-GFS index can weakly signal about an upcoming macroprudential policy tightening worldwide. Yet, we treat 
the result with caution and are far from asserting that policymakers in standalone countries need to adopt our index to introduce or 

Table 8 
Correlation coefficients between the s-GFS index and the frequency of banking, sovereign 
debt and currency crises.  

Frequency of financial crises Correlation with the s_GFS index 

Banking  0.43*** 

Sovereign debt  0.12 
Currency  0.01    

*** - denotes statistical significance at the 1% level. 

Table 9 
Results of Granger (no) causality tests for the bivariate VAR 
models including the s-GFS index and the frequency of 
banking, sovereign debt and currency crises.  

Null hypothesis χ2 

s − GFS → CURRENCY  42.00*** 

CURRENCY → s − GFS  6.01   

s − GFS → BANKING  48.73*** 

BANKING → s − GFS  51.02***   

s − GFS → SOVEREIGN  19.49*** 

SOVEREIGN → s − GFS  9.33  

*** - denotes statistical significance at the 1% level. 
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Table 10 
Results of nonparametric multivariate Granger (no) causality tests for the VAR models including the s-GFS index and the frequency of crises.   

lag 
s − GFS → CURRENCYT- 
statistic 

CURRENCY → s − GFST- 
statistic 

s − GFS → BANKINGT- 
statistic 

BANKING → s − GFST- 
statistic 

s − GFSvSOVEREIGNT- 
statistic 

SOVEREIGNvs − GFST- 
statistic 

1  − 1.29  0.51  1.28  1.91**  1.10  0.48 
2  − 0.43  1.18  1.98**  1.60*  0.75  0.44 
3  0.10  1.21  1.97**  1.85**  0.74  0.81 
4  0.39  0.76  2.01**  2.00**  0.18  0.49 
5  0.15  − 0.02  2.75***  1.70**  0.37  0.09 
6  − 0.24  − 0.88  2.78***  1.79**  − 0.24  0.93 
7  0.34  − 1.08  2.72***  1.65*  − 0.25  1.37* 
8  − 0.28  − 1.47  2.58**  1.75**  0.03  1.16 
9  − 0.81  − 1.53  2.00**  1.68*  0.09  1.17 
10  − 0.13  − 1.40  2.55**  1.58*  − 0.06  0.88  

*** - denotes statistical significance at the 1% level. 
** - at the 5% level. 
* - at the 10% level. 
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cancel their national macroprudential measures or replace conventional indicators used to calibrate and implement such measures, e. 
g. credit-to-GDP gaps, with the s-GFS index. 

In general, we qualify the findings in this Section as largely tentative. In our time series framework, we cannot assess the effect of 
our index on the likelihood of these crises by means of a probit/logit model. Besides, we have data only on the starting dates of the 
crises and are therefore unable to control for their duration.18 Also, the crisis sample we use contains relatively few episodes, and most 
of them are clustered around the years of the global financial crisis. All this can potentially bias our findings, emphasizing the need for 
additional tests for the predictive power of the s-GFS index with respect to various types of financial crises. 

4. Robustness check 

We conduct a threefold check to examine the robustness of the s-GFS index. First, we alter the econometric methodology and apply 
structural VAR analysis to the lead-lag relationships involving more than two variables, i.e. reported in Sections 3.2-3.5. To this end, 
we specify structural VAR models of order equal to one, adopting the Cholesky identification. Based on the impulse response functions 
(IRF) derived from the SVAR models, the results appear qualitatively close to the baseline estimations. The s-GFS leads the VIX and 
OFR FSI. We also find that the s-GFS index unilaterally leads the global financial cycle proxy as well as financial stress indices in the 
USA, Eurozone and China. As for the sentiment-based contenders of the s-GFS index (the NpFSI by Püttmann (2018) and the FSS index 
by Correa et al. (2021)), there are no any significant lead-lag relationships among them and our index. The results of the IRF analysis 
are represented in the Appendix, Figs. A1-A6. We also test for such relationships between the s-GFS index and recently developed CBDC 
uncertainty and CBDC attention indices in order to capture potential linkages between global financial stress and the central bank 
digital currency sentiment. Similar to our baseline approach, the IRF analysis does not reveal any significant linkages among the three 
indicators (Fig. A7 in the Appendix). 

Second, we invite three independent readers with relevant expertise19 to validate our dictionary on financial instability. Based on 
the same set of research papers, they suggest replacing seven items from the dictionary with alternative terms and word collocations 
coming from the raw list of 327 items which, according to our reading, do not bear clear-cut negative connotation with respect to 
financial stability. The suggested changes are summarized in Table 13. 

We follow the suggestions and re-construct our index based on the modified dictionary. The alternative index, s-GFS_alt, mimics the 
dynamics of our baseline index having a correlation ratio with it equal to 0.97 (Fig. 6). 

Third, we construct another alternative version of the s-GFS index, building on the items which come from the working/discussion 
papers in the BIS repository published by major world central banks (the Fed, ECB, Bank of England, Bank of Japan). This approach to 

Table 11 
Results of conventional Granger (no) causality tests 
for the bivariate VAR(2) model including the s-GFS 
index and the IMAPP index.  

Null hypotheses χ2 

IMAPP → s − GFS  0.17 
s − GFS → IMAPP  3.86**  

** - denotes statistical significance at the 5% level. 

Table 12 
Results of nonparametric bivariate Granger (no) causality tests for the VAR(2) model including the s-GFS index 
and the IMAPP index.  

lag IMAPP → s − GFST-statistic s − GFS → IMAPPT-statistic 

1  − 2.67  − 1.39 
2  − 2.87  − 2.17 
3  − 2.92  − 2.49 
4  − 2.42  − 2.63 
5  − 2.65  − 2.77 
6  − 2.80  − 2.89 
7  − 3.01  − 2.83 
8  − 3.10  − 2.73 
9  − 2.98  − 2.70 
10  − 2.80  − 2.70  

18 As far as we know, only the European financial crisis database (Lo Duca et al., 2017) provides information on the duration of crisis episodes, i.e. 
not only on the starting, but also on the so called “end of crisis management” dates. However, given the length of our observation period and the 
geographical scope of the database, we doubt that it is representative enough.  
19 Two of them represent the Monetary Policy Division of the Central Bank of Russia and the third reader is affiliated with the Department of 

Economics at the University of Konstanz. 
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the s-GFS index construction leads to a decrease in the number of terms and world collocations in our dictionary from 128 to 87. The 
number of items with non-zero component loadings totals 39. This reduced s-GFS index still appears strongly correlated with the 
baseline, with the correlation ratio equal to 0.97 (Fig. 7). 

We next apply our standard econometric methodology to test for a lead-lag relationship between the s-GFS and its alternative 
versions, the s-GFS_alt and s-GFS_reduced (Tables 14-15). 

Although no Granger causality is found in the linear setting, the Diks-Panchenko test indicates that our baseline index leads the s- 

Table 13 
Changes in the dictionary on financial instability suggested by inde-
pendent readers.  

Items to be added Items to be removed 

stress test shock 
restructured loan risk 
flight to liquidity financial frictions 
regulatory intervention bank distress 
shadow banking liquidity shock 
flight to safety herd behavior 
capital injection liquidity mismatch  

Fig. 6. Dynamics of the baseline s-GFS index vs s-GFS_alt, January 2004-December 2020.  

Fig. 7. Dynamics of the baseline s-GFS index vs s-GFS_reduced, January 2004-December 2020.  
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GFS_alt index. Thus, our initial index appears superior to the version incorporating the changes in the dictionary suggested by the 
independent experts. 

Moreover, the baseline s-GFS index leads its reduced version in the nonlinear framework, whereas in the linear setting there are no 
causal linkages between them at the conventional significance level. 

Table 14 
Results of Granger (no) causality tests for the bivariate VAR 
(4) model including the s-GFS and the s-GFS_alt indices and 
the VAR(5) model including the s-GFS index and its reduced 
version (Fed, ECB, BOE, BOJ).  

Null hypotheses χ2 

s − GFS → s − GFS alt  2.60 
s − GFS alt → s − GFS  1.02 
s − GFS → s − GFS reduced  1.85 
svGFS reduced → s − GFS  3.65*  

* - denotes statistical significance at the 10% level. 

Table 15 
Results of nonparametric bivariate Granger (no) causality tests for the VAR(4) model including the s-GFS and the s-GFS_alt indices and the VAR(5) 
model including the s-GFS index and its reduced version (Fed, ECB, BOE, BOJ).   

lag 
s − GFS alt → s GFST-statistic s − GFS → s − GFS altT-statistic s − GFS → s − GFS reducedT-statistic s − GFS reduced → s − GFST-statistic 

1  0.66  0.98  1.34*  1.37* 
2  0.36  1.55  1.99**  1.44* 
3  0.51  1.50  1.92**  1.18 
4  − 0.06  1.54  2.09**  1.31* 
5  0.56  1.82**  1.92**  1.62* 
6  − 0.06  1.92**  1.94**  1.36* 
7  − 0.39  2.12**  1.99**  1.45* 
8  0.71  2.08**  1.98**  1.31* 
9  0.07  1.65*  1.60  1.34* 
10  0.13  1.56  1.57  1.05  

** - denotes statistical significance at the 5% level. 
* - at the 10% level. 

Fig. A1. Impulse response functions from the SVAR model, including the s-GFS index, VIX, SRISK and OFR FSI.  
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Thus, the Google search for terms and word collocations related to global financial stress and based only on the research conducted 
in leading central banks appears less informative in comparison with the search involving all the regulators which upload research on 
financial stability to the BIS repository. The superiority of the baseline s-GFS index in this robustness exercise meshes well with the 
finding reported in Section 2.1, showcasing the low concentration of research on financial stability in terms of the reporting countries’ 
shares. 

5. Conclusion 

The objective of this study is to construct a sentiment index of global financial stress based on the intensity of Google searches for 
specific terms and word collocations capturing the negative perception of worldwide financial stability stance. We select these terms 

Fig. A2. Impulse response functions from the SVAR model, including the s-GFS, NpFSI, FSS indices.  

Fig. A3. Impulse response functions from the SVAR model, including the s-GFS, GFC, WIP indices.  
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and word collocations based on the titles and abstracts of the working/discussion papers covering different dimensions of financial 
stability and posted on the BIS Central Bank Research Hub. Using Google Trends, we obtain search intensity indices for each of the items 
from our dictionary specific to financial instability for the period January 2004-December 2020. By adopting sparse principal 
component analysis we derive a composite measure, which is our sentiment index of global financial stress (s-GFS index). 

The index captures the most severe episodes of financial stress during the observation period. As for its informational contents, the 
s-GFS index is largely underpinned by the terms and word collocations describing the impaired functioning of the banking sector. 
Although we select only the terms and word collocations in English, the index is likely to be robust, as even leading countries (the USA, 
the UK) which are on the top of the geographical distribution by search intensity account for less than 6 % each of total searches. The s- 
GFS index performs reasonably well compared to the alternative measures of global financial instability. Namely, it Granger causes the 

Fig. A4. Impulse response functions from the SVAR model, including the s-GFS, US FSI and US IP indices.  

Fig. A5. Impulse response functions from the SVAR model, including the s-GFS, FSI and IP indices for China.  
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VIX index and OFR FSI among the indicators based on hard data. Within the set of sentiment-based metrics the s-GFS index weakly 
leads the financial stability sentiment index by Correa et al. (2021). In general, in this framework the number of causal linkages is very 
limited, but at least our index is not driven by any competing measures. Since global financial stress measures can be viewed as the 
covariates of the global financial cycle and can influence real economic activity, we examine if the s-GFS index has lead-lag re-
lationships with these variables. The relationship runs from the s-GFS index to the global financial cycle proxy by Miranda-Agrippino 
and Rey (2020). Furthermore, based on forecast error variance decomposition, our index accounts for nearly 25 % of the variance in 
the GFC proxy, which is an economically sizeable proportion. There is also a bi-directional causal linkage between our index and world 
industrial production. Our index plays a pivotal role in the macrofinancial linkages assessed for leading economic centers in the world, 
the USA, the Eurozone and China. It leads the financial stress index for the USA, exhibiting a bi-directional relationship with the 
European and Chinese indices. Besides, the s-GFS index Granger causes industrial production in all the three economic centers. Such 

Fig. A6. Impulse response functions from the SVAR model, including the s-GFS and FSI and IP indices for the Eurozone.  

Fig. A7. Impulse response functions from the SVAR model, including s-GFS, CBDCUI and CBDCAI.  

M. Stolbov et al.                                                                                                                                                                                                        



Journal of International Financial Markets, Institutions & Money 81 (2022) 101692

22

paramount role of the s-GFS index in these macrofinancial linkages helps explain why the index matters for the global financial cycle 
and global real economic activity. We also provide tentative evidence for the s-GFS index to be a leading indicator for the frequency of 
currency crises and a coincident one for the frequency of banking crises. Besides, the index appears a precursor of worldwide mac-
roprudential policy tightening. Nonetheless, our index has no significant lead-lag relationships with central bank digital currency 
uncertainty and attention indices, which suggests that fears about global financial stress do not affect uncertainty related to central 
bank digital finance, and vice versa. 

The s-GFS index withstands a threefold robustness check. Its first ingredient involves applying an alternative econometric meth-
odology – structural VAR models instead of the conventional VAR models. The second ingredient consists in inviting three external 
experts to validate the dictionary on financial instability. Largely supportive of out dictionary, the experts still suggest introducing 
minor changes, and we construct an alternative version of the s-GFS index following their recommendations. Finally, we construct a 
reduced s-GFS version, building only on the terms and word collocations present in the working/discussion papers released by the 
major world central banks, i.e. the Fed, ECB, Bank of England and Bank of Japan. However, all the alterations do not affect the baseline 
trends in the index dynamics or the statistically significant causalities uncovered in our main estimations. 

Overall, our s-GFS index can be of interest for policymakers. It tracks the buildup of global and US financial stress with a certain 
lead time compared to the alternative measures. Thus, the index can be included into the systems of indicators aimed at monitoring 
and/or stress testing global financial conditions. 

However, all the promising results regarding the s-GFS index reported in the paper rest on the in-sample estimations. A natural 
extension of our research would therefore consist in validating the s-GFS index as an out-of-sample predictor of various financial and 
macroeconomic variables, in particular, those which are used by regulators to calibrate and implement policy measures, e.g. credit-to- 
GDP gaps, debt service ratios, etc. Besides, further research should be conducted to investigate if this index can be useful in predicting 
various types of financial crises at the national, regional and international levels. In contrast to our preliminary analysis building on the 
global waves of financial crises in the time series dimension, future studies should focus on the interaction between the s-GFS index and 
the occurrence of financial crises in the panel data and country-level framework. The outcome of such research will elucidate if the s- 

Table A1 
Dictionary of terms and word collocations conveying negative sentiment about global financial stability.  

currency crisis, shock, banking crisis, risk, sovereign credit risk, bank run, twin crisis, volatility spillover, financial vulnerability, financial stress, moral hazard, 
financial frictions, credit crunch, credit rationing, REPO run, financial imbalances, default risk, debt overhang, banking panic, tail risk, asset price bubble, credit 
constraints, bank distress, fire sales, liquidity crisis, loan forbearance, global risk, stress event, systemic crisis, systemic risk, global financial crisis, mortgage 
default, exchange rate risk, financial disruption, downside risk, external imbalances, non performing loans, risky loans, volatility in financial markets, market 
stress, counterparty risk, bubble, financial instability, financial pressure, banking distress, credit risk, currency attack, financial distress, bankruptcy, balance of 
payment crisis, stock market crash, speculative bubble, financial turmoil, panic, contagion, market collapse, risk spillover, central counterparty risk, bank risk, 
credit crisis, stock market contagion, turmoil, sudden stops, asset bubble, subprime crisis, currency collapse, liquidity shock, housing price bubble, financial 
market shock, loan default, bank failure, liquidity risk, risk connectivity, foreclosure crisis, European debt crisis, loss, credit loss, Great Recession, external 
shock, credit bubble, shock propagation, failed bank, external debt, domestic debt, mortgage loss, housing bubble, rollover risk, crisis severity, flash crash, 
recession risk, illiquidity, Great Depression, currency depreciation, herd behavior, insolvency, systemic stress, bad balance sheet, overborrowing, risk 
transmission, liquidity crunch, bank closure, default correlation, debt burden, currency mismatch, market turmoil, coordination failure, exchange market 
pressure, market vulnerability, financial panic, sovereign debt crisis, mortgage arrears, liquidity mismatch, credit contraction, housing bust, stressed bank, 
distressed bank, bank misconduct, currency devaluation, liquidity shortage, asset encumbrance, overleveraging, capital flight, financial tsunami, illiquid assets, 
capital constraints, sovereign default, redemption risk, investment fund risk  

Table A2 
Descriptive statistics.   

Mean Median Max. Min. Std. Dev. Skewness Kurtosis Jarque-Bera p-value 

S_GFS  0.49 − 0.57 20.80 − 3.21  3.33  2.96  15.93  1214.36  0.00 
SRISK  2.61 2.87 4.37 0.85  0.98  − 0.63  2.16  13.58  0.00 
VIX  19.40 16.50 62.67 10.82  9.06  2.39  9.99  430.51  0.00 
OFR FSI  0.44 − 0.88 24.75 − 4.99  5.26  2.24  9.18  350.37  0.00 
NpFSI  100.85 100.63 105.89 99.54  0.98  2.09  9.21  336.72  0.00 
FSS  0.00 0.00 0.01 − 0.01  0.01  0.40  2.60  4.80  0.09 
GFC  0.64 0.50 2.85 − 2.69  1.13  − 0.14  2.95  0.47  0.79 
WIP  102.39 103.83 118.64 83.36  9.34  − 0.43  2.21  8.24  0.02 
FSI_US  − 0.11 − 0.82 10.02 − 3.28  2.66  2.29  8.34  297.25  0.00 
IP_US  0.55 2.22 8.52 − 15.29  4.82  − 1.72  5.84  119.63  0.00 
FSI_EURO  − 0.11 − 0.57 4.79 − 2.14  1.45  1.43  4.72  66.66  0.00 
IP_EURO  0.51 1.78 9.34 − 21.25  5.77  − 1.81  6.65  158.32  0.00 
FSI_CHINA  − 0.38 − 0.69 3.54 − 1.45  0.97  2.46  8.98  359.78  0.00 
IP_CHINA  12.03 12.35 21.30 5.40  4.41  0.15  1.83  8.71  0.01 
CBDCUI  99.76 99.60 101.68 99.21  0.55  1.86  6.50  65.41  0.00 
CBDCAI  99.76 99.67 100.79 99.47  0.29  1.49  5.07  32.97  0.00 
BANKING  0.19 0.00 22.00 0.00  1.84  11.67  138.66  113687.60  0.00 
SOVEREIGN  0.08 0.00 1.00 0.00  0.27  3.19  11.17  645.01  0.00 
CURRENCY  0.22 0.00 4.00 0.00  0.62  4.15  23.34  2895.32  0.00 
IMAPP  16.75 7 219 − 3  36.98  3.86  18.45  745.22  0.00  
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GFS index is worth becoming a constituent of early warning systems of indicators. 
Another plausible extension of our study lies in using our dictionary to construct sentiment sub-indices aimed at capturing stress in 

the specific segments of the global financial system, e.g. the banking sector, exchange rate market, etc. This can be performed by 
grouping the terms and word collocations from our dictionary that are undoubtedly associated with this or that segment and applying 
the sparse PCA to them. One can conjecture that such sentiment sub-indices may be even more useful than the s-GFS index to capture 
sector-specific financial vulnerabilities or stress events. 

Finally, we also view certain potential in constructing national sentiment-based indices of financial stress. They can build on our 
dictionary and Google search confined to a particular country. This approach is mostly feasible in case of the countries where English is 
either a national or official language. Direct translation of the terms and word collocations from our dictionary is possible to build such 
indices for the countries where English plays a less significant role, but we would treat this strategy with caution. For example, Du et al. 
(2022) show that the translations of the Loughran and McDonald (2011) finance-specific dictionary into Chinese yield poor results in 
terms of sentiment analysis, as this approach does not account for cultural, societal and regulatory subtleties among languages. 
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