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Abstract

In this paper, we construct a weekly measure of systemic stress across arange of indicators for Irish financial markets, covering money, sovereignbonds, equity, banking and foreign exchange markets by using a time-varyingcorrelation-based approach. We compare the ability of the resulting indexto capture known financial market stress events in Ireland with existingalternative measures. Furthermore, we use the indicator as a proxy offinancial distress to assess the high-frequency propagation mechanism offinancial markets shocks to the macroeconomy. Given that macroeconomicvariables are sampled at a monthly frequency, the temporal transmissionof shocks is carried through a structural Bayesian mixed-frequency VectorAutoregressivemodel. We find evidence of amoderate temporal aggregationbias due to aggregating weekly observations of the financial stress indicatorto a monthly frequency. In particular, the results suggest that the responseof the macroeconomic variables depends on the timing of the shocks withinthe month.
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Non-technical summary
Since the 2007-08 Global Financial Crisis, there has been an increasing interest inunderstanding the transmission of financial market stress to the macroeconomy. Therecent COVID-19 outbreak and the rapid changes in the global macroeconomic outlookhave given rise to a renewed awareness of how a real-time monitoring of financialmarkets developments can be crucial in the analysis of macro-financial linkages (see e.g.Duprey, 2020).This paper analyses the high-frequency propagation of financial market disturbances to aset of macroeconomic and banking aggregates in Ireland, over the last two decades. Wepropose a new weekly indicator, the Irish Composite Stress Indicator (ICSI), to measurefinancial market stress in Ireland. The ICSI incorporates information from money,sovereign bonds, equity, banking, and foreign exchange markets by using the time-varying correlation-basedmethodology proposed byHolló et al. (2012). After comparingthe ICSI with existing alternative indicators of financial market distress computed by theEuropeanCentral Bank (ECB) for Ireland, we study the effects of high-frequency financialmarket shocks on the macroeconomic and banking variables. Given that these variablesare available only at a lower-frequency (i.e. monthly), the empirical analysis is carried outby relying on a mixed data sampling (MIDAS) approach.In terms of results, we find that an exogenous increase in the ICSI leads to a declinein economic activity (as proxied by the level of unemployment) and consumer prices.Furthermore, following a shock to financial market conditions, the empirical findingsreveal a reduction in both loans to the non-financial private sector and the relatedinterest rate. Moreover, the responses of the low-frequency macroeconomic andbanking variables depend on the timing of the shocks within the month (larger in thefirst weeks than at the end of the month). Finally, we find that in the case of mixed-frequency analysis, the responses of the macroeconomy and loan activity are smaller(with less uncertainty around the estimates) than those obtained by aggregating thevariables (including the ICSI) to the common low-sampling frequency.
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1 Introduction
Since the 2007-08 Global Financial Crisis, there has been an increasing interest inunderstanding the transmission of financial market stress to the macroeconomy. Therecent COVID-19 outbreak and the rapid changes in the global macroeconomic outlookhave given rise to a renewed awareness of how a real-time monitoring of financialmarkets developments can be crucial in the analysis of macro-financial linkages (see e.g.Duprey, 2020).In this paper, we contribute to the literature on macro-financial spillovers in two ways.First, we propose a new weekly measure of financial markets stress for Ireland, namelythe Irish Composite Stress Indicator (ICSI), that aggregates information from money,sovereign bonds, equity, banking and foreign exchange markets by using the time-varying correlation-based approach proposed by Holló et al. (2012).1This measure differs from the monthly Country-Level Index of Financial Stress (CLIFS)for Ireland proposed by Duprey et al. (2017). While the CLIFS includes series capturingstress only on sovereign bonds, equity and foreign exchange markets, we extend theinformation set to also include money and banking sectors.2 This choice is in line withthe daily Composite Indicator of Systemic Stress (CISS) for Ireland, recently introducedby Chavleishvili & Kremer (2021).3Following Chatterjee et al. (2017) and, more recently, Duprey (2020), we compare theability of the ICSI to capture known financial market stress episodes with the alternativemeasures available for Ireland, by computing the Area Under the Receiver OperatingCharacteristic (AUROC) curve. As a result, we find that the ICSI reports the largestAUROC among the alternative Irish financial stress indicators.Our second contribution is based on the assessment of the transmission mechanism offinancial market stress to the real economy. Empirical evidence of the negative responseof real economic activity to financial markets shocks has been provided for US (seeHubrich & Tetlow, 2015; Caldara et al., 2016; Alessandri & Mumtaz, 2017; Furlanetto
et al., 2019, among others), for euro area (Holló et al., 2012), for UK (Chatterjee et al.,2017), for Canada (Duprey, 2020) or for Italy (Miglietta & Venditti, 2019). While theaforementioned studies assess the propagation mechanism of financial distress usingdata sampled at the same low-frequency, we rely on a mixed data sampling (MIDAS)approach.In particular, we study the effects of high-frequency financial market stress (proxied byan unexpected increase in the weekly series of the ICSI) to a set of macroeconomic andbanking aggregates in Ireland, over the period 2003-2019. Since these variables are

1The index proposed in our paper is built on the work of O’Grady (mimeo) that constructs adaily financial stress indicator for Ireland based on Holló et al. (2012). However, our index differsfrom that proposed by O’Grady (mimeo) in terms of both methodology and data selection. Asfor the methodology, we closely follow the suggestion of Holló et al. (2012) and we compute thecalendar weekly average of each raw stress indicator (i.e. we do not rely on moving standarddeviation to compute daily volatility). Furthermore, in our paper the selection of the financialmarkets series entering the index is driven by the possibility to update the indicator without anydiscontinuity.2TheCLIFS is updated by the EuropeanCentral Bank (ECB) at the end of eachmonth reportingvalues for the previous month.3This indicator is published by the ECB at a daily frequency. We thank Manfred Kremer andPaul Konietschke for sending us details on the construction of the New Irish CISS.
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available only at a monthly frequency, we estimate a stacked mixed-frequency VectorAutoregressive (MF-VAR) model à la Ghysels (2016).To our knowledge, the only study that estimates the macroeconomic effects of financialmarket stress using data sampled at different frequencies is Cipollini & Mikaliunaite(2020) for the Lithuanian economy. However, differently from this study, where theauthors estimate a stackedMF-VAR via the ordinary least squares (OLS) method, we relyon Bayesian estimation techniques using the approach proposed by Götz et al. (2016)and, more recently, by Paccagnini & Parla (2021). This approach is suitable to deal witha potential parameters proliferation that is typical of stacked MF-VARs.4In our empirical application, the use of a MF-VAR allows to analyse the intra-monthresponse of themacroeconomic and banking variables toworsening financial conditions.Furthermore, the model allows to evaluate whether the aggregation of high-frequencyseries (i.e. the ICSI) to a lower frequency (that of the macro and banking variables) leadsto a temporal aggregation bias, affecting the impact of financial market distress on thevariables of interest.5 Empirical evidence of temporal aggregation bias has been providedby a number of studies (see Foroni &Marcellino, 2016; Bacchiocchi et al., 2020; Cipollini& Mikaliunaite, 2020; Paccagnini & Parla, 2021, among others).The empirical analysis provides interesting findings. First, the responses of themacroeconomic and banking variables resemble those generated by negative demandshocks. Moreover, the results reveal evidence of a moderate temporal aggregationbias. In particular, the response of the low-frequency variables depends on the timingof the shocks within the month (larger in the first weeks than at the end of themonth). Furthermore, we find that the responses of the macro and banking aggregatesto financial market stress from a MF-VAR are different (in terms of magnitude) fromthose obtained by estimating a common-frequency VAR (CF-VAR), where the ICSI isaggregated to a monthly frequency.The ICSI complements the existing analytical tools used by the Central Bank of Irelandfor the assessment of financial stability risks. Among other indicators, the ICSI providesa valid real-time measure for monitoring financial market conditions. Furthermore, asdiscussed in our empirical application, the ICSI can be also used as an input of empiricalmodels that seek to estimate the transmission mechanism of financial market distress tothe real economy, such as growth at risk models (i.e. O’Brien & Wosser, 2021).This paper is structured as follows. Section 2 provides a literature overview on financialstress indicators and on the analysis of the transmission of financial distress to thereal economy. Section 3 describes the approach used for the construction of theICSI. Section 4 assesses recent developments of the ICSI and provides a comparisonwith alternative financial stress indicators available for Ireland. Section 5 provides anempirical application on the propagationmechanism of high-frequency financial marketsshocks to the Irish macroeconomy and Section 6 concludes.
4See Götz et al. (2016), for a technical discussion.5Most of the studies that use high-frequency financial stress indicators generally aggregatedaily (or weekly) observations to match the lower frequency (e.g. monthly/quarterly) of themacroeconomic variables and then estimate a model fitted to series sampled at the samefrequency (see Holló et al., 2012; Miglietta & Venditti, 2019, among others).
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2 Related literature
In recent years, a large and growing amount of research has proposed measures offinancial stress by aggregating information on different market segments.6 One ofthe first studies that develops an index of financial stress is the work of Illing & Liu(2006). In this study, the authors propose a daily financial stress index for the Canadianeconomy by aggregating 9 raw indicators that capture stress in four segments of thefinancial system (equity, debt, banking and foreign exchange markets). Cardarelli et al.(2011) construct a quarterly financial stress index for 17 advanced economies (excludingIreland) by aggregating 7 indicators representative of banking, securities and foreignexchange markets through a variance-equal weighting scheme.7A number of financial stress indices have been proposed for the US economy. Forexample, Hakkio & Keeton (2009) aggregate 11 financial market series to construct amonthly measure of financial stress (Kansas City Financial Stress Index) using principalcomponent analysis. The same methodology is used by the study of Kliesen & Smith(2010), which develops a weekly financial stress index (Federal Reserve Bank of St. LouisIndex) by extending the information set to 18 financial market series, including interestrates and yield spreads.8While the aforementioned studies for the US take into account only cross-sectionalcorrelations to determine the weights of each financial series entering the index, thestudies of Brave & Butters (2011, 2012) construct a measure of financial conditions byalso exploring dynamic correlations across the series. In particular, the authors developa weekly measure of financial conditions (that is the National Financial Conditions Indexproduced by the Federal Reserve Bank of Chicago) through the estimation of a dynamicfactor model fitted to 100 financial market series, representative of money, debt, equityand banking markets.The study of Holló et al. (2012) proposes a Composite Indicator of Systemic Stress (CISS)for the euro area as a whole. The index, which is published by the European CentralBank (ECB) on a weekly basis, combines information on 15 indicators capturing stressin money, equity, sovereign bonds, banking and foreign exchange markets through theapplication of a standard portfolio theory. In particular, in a first step, the 15 indicatorsare grouped into five sub-indices (one for each market) through arithmetic average.Finally, these sub-indices are aggregated into the financial stress index for the euro areaby taking into account their time-varying cross-correlations structure.Recently, the ECB has published a daily version of the CISS (namely New CISS),developed by Chavleishvili & Kremer (2021), for a set of euro area countries (includingIreland), euro area as a whole, China, UK and US. Compared to the earlier version, thenew CISS aggregates daily series by using an alternative and equal weighting scheme.Other studies have used the methodology proposed by Holló et al. (2012). Forexample, Louzis & Vouldis (2012) construct a monthly index of financial stress forthe Greek economy by aggregating information on 14 indicators that capture stress in

6For an extensive survey on financial stress and financial conditions indicators, see alsoKliesen et al. (2012).7Ireland is not included in the sample due to lack of observations in the long-term corporatebond yield series.8Also the study of Oet et al. (2011) proposes a daily financial stress index for US (ClevelandFinancial Stress Indicator) by aggregating information on 11 series representative of credit,foreign exchange, equity and interbank markets.
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the economic fundamentals, equity market, banking sector and money market.9 Morerecently, Duprey et al. (2017) have proposed a Country-Level Index of Financial Stress(CLIFS) for each of the 27 EU countries (including Ireland) and for UK, whose seriesare published by the ECB on a monthly basis. The index combines information on 6indicators capturing stress in three financial market segments: sovereign bonds, equityand foreign exchange markets. Chatterjee et al. (2017) aggregate information on 13indicators representative of six financial market segments, including equity, governmentbonds, foreign exchange, corporate bonds, money and housing markets, to constructa financial stress index for UK, available at a monthly frequency. Miglietta & Venditti(2019) construct a weekly measure of financial distress for the Italian economy bycombining information on 13 financial measures that capture stress in five sub-markets,i.e. money, sovereign bonds, equity, foreign exchange and financial intermediariesmarkets. Finally, Duprey (2020) proposes a financial stress index for Canada (availableat a monthly frequency), constructed by aggregating series representative of seven sub-market segments, including equity, sovereign bonds, foreign exchange, money, banking,corporate bonds and housing markets.
Extensive research has shown that an increase in financial market distress is associatedwith a contraction in real economic activity. Dynamic stochastic general equilibrium(DSGE)-based studies have highlighted the important role played by financial frictionsas a source of business cycle and as amplification of the transmission mechanism ofuncertainty shocks to the real economy (see Jermann & Quadrini, 2012; Gilchrist et al.,2014, among others).10A large number of empirical studies have shown that a worsening in financial conditionshas detrimental effects on real economic activity. Caldara et al. (2016) assess themacroeconomic impact of financial and uncertainty shocks, finding that, while bothshocks have negative effects on the real economic activity, uncertainty shocks havea larger effect in presence of concomitant tightening of financial conditions. Similarresults for US have been provided by the study of Furlanetto et al. (2019), which showsthat financial shocks (e.g. those originating in credit markets) have a stronger impact onmacroeconomic aggregates than uncertainty shocks.Another strand of literature has investigated the non-linear interactions betweenfinancial stress and real economic activity. In particular, these studies highlight astate-dependent response of the macroeconomic outlook to financial distress, with realeconomic activity contracting more during high-stress periods than during low-stressperiods (see Holló et al., 2012; Hubrich & Tetlow, 2015; Alessandri & Mumtaz, 2017;Miglietta & Venditti, 2019, among others).All the aforementioned studies analyse the transmission mechanism of financial distressto the real economy by relying on a common-frequency approach. However, the

9Differently fromHolló et al. (2012), in the study of Louzis & Vouldis (2012) the aggregation ofthe 14 indicators into the four market sub-indices (i.e. economic fundamentals, banking sector,equity market and money market) is carried out by extracting common factors from each groupof indicators.10In a second stage, Gilchrist et al. (2014) use micro-level data on daily stock returns fordomestic non-financial corporations to investigate the interactions between uncertainty andfinancial conditions. Both at a micro and aggregate level, the authors provide evidence onthe important role played by financial conditions in influencing the response of investment tofluctuations in idiosyncratic uncertainty.
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aggregation of high-frequency data to a lower-frequency could lead to a temporalaggregation bias, whichmight affect the impact of financial shocks to themacroeconomy(see Ghysels, 2016).11 To our knowledge, the only study that investigates thetransmission of financial markets shocks to the real economy using a mixed-frequencydata model is Cipollini & Mikaliunaite (2020), for Lithuania. The empirical evidenceprovided by the authors suggests the presence of a mild temporal aggregation bias dueto estimating the model with data sampled at a common (lower) frequency.
3 The Irish Composite Stress Indicator
In line with Holló et al. (2012) and, more recently, with Miglietta & Venditti (2019),the ICSI is constructed by combining information on 5 representative financial marketsegments, that is money (MON), equity (EQU), sovereign bonds (GOV), banking (BANK)and foreign exchange (FX) markets.The raw series capturing stress in the Irish financial markets are selected based on theaforementioned studies (see Table 1). As can be seen from Table 1, financial marketstress is captured mainly by asset return volatilities, risk spreads, valuation losses andtime-varying correlations. These price-based financial indicators are available at a higherfrequency and for a longer time period than quantity-based series. In particular, weuse daily observations on 12 financial market series to compute 13 weekly raw stressindicators, over the period January 1973 – October 2020 (see Figure 1).12As suggested by Holló et al. (2012), the aggregation of the weekly raw indicators intothe financial stress index requires two steps.The first step consists of standardizing each financial market series by computing itsempirical cumulative distribution function (ECDF). In particular, given a raw stressindicator xt = {x1, x2, . . . , xn}, for t = 1, . . . , n, where n is the sample size, and orderingthe observations in a non-decreasing sequence, such that x[1] ≤ x[2] ≤ . . . x[n], the ECDFis computed as follows:

x̂t = Fn(xt) =

{
r
n

for x[r] ≤ xt < x[r+1] , r = 1, 2, . . . , n− 1

1 for xt ≥ x[n]
(1)

where r is the ranking associated with a particular realization of xt. This standardizationallows to obtain unit-free indicators, x̂t, whose values range in the interval (0, 1].Following Holló et al. (2012), the ECDF is first computed over an initial fixed sample (i.e.pre-recursive sample), ending on 4 January 2002.13 After this period, the observationsare standardized by applying the ECDF recursively over expanding samples (that is byadding a new observation at time) (see Figure 2).In the second step, the standardized indicators, x̂t, are combined into the compositestress index for Ireland. In particular, the transformed series are aggregated into 5 sub-indices, Si,t, for i = 1, . . . , 5, one for each of the five selected financial markets (MON,
11Evidence of temporal aggregation bias has been reported by a number of empirical studiesbased on aMIDAS approach (see e.g. Foroni &Marcellino, 2016; Bacchiocchi et al., 2020; Cipollini& Mikaliunaite, 2020; Paccagnini & Parla, 2021, among others).12Data are from Thomson Reuters Datastream. The last observation is 23 October 2020.13In line with Holló et al. (2012), the number of observations included in the pre-recursivesample varies across the different raw stress indicators, that is depending on the data availability(see Table 1).
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GOV, EQU, BANK and FX) through arithmetic average (see Figure 3).Once obtaining the 5 financial markets sub-indices, the ICSI is computed using the time-varying correlation-based approach proposed by Holló et al. (2012) as follows:
ICSIt = (w × St) Ct (w × St)′ , for t = 1, . . . , T (2)

where St = (SMON,t, SGOV,t, SEQU,t, SBANK,t, SFX,t)
′ is a 5-dimensional vector of sub-indices and w is a 5-dimensional vector of equal time-invariant weights.14 Furthermore,

Ct is the 5 × 5 matrix containing the time-varying correlations computed across thefinancial market sub-indices, ρij,t:

Ct =


1 ρ12,t ρ13,t ρ14,t ρ15,t
ρ21,t 1 ρ23,t ρ24,t ρ25,t
ρ31,t ρ32,t 1 ρ34,t ρ35,t
ρ41,t ρ42,t ρ43,t 1 ρ45,t
ρ51,t ρ52,t ρ53,t ρ54,t 1

 , for i, j = 1, . . . , 5 and for t = 1, . . . , T (3)

where each entry element of the time-varying cross-correlations matrix (Ct), that is
ρij,t = σij,t/σi,tσj,t, for i, j = 1, . . . , 5 and for i 6= j, is estimated recursively using anexponentially weighted moving average (EWMA) specification. In particular, the EWMAfor the covariances (σij,t) and the volatilities (σ2

i,t) is computed as follows:{
σij,t = λσij,t−1 + (1− λ)S̄i,tS̄j,t , for i, j = 1, . . . , 5 and i 6= j

σ2
i,t = λσ2

i,t−1 + (1− λ)S̄2
i,t , for i = 1, . . . , 5

(4)
where λ is a constant smoothing parameter and S̄i,t = Si,t − 0.5 is the i-th demenaedfinancial market sub-index (with 0.5 being its “theoretical” median value).15 As in Holló
et al. (2012), the covariances (σij,t) and the volatilities (σ2

i,t) are initialized using theiraverage values over the pre-recursive sample.
4 Financial market stress in Ireland
In this section, we document how the ICSI and the different composite indicatorsavailable for Ireland capture financial market stress episodes. In particular, Section 4.1describes the ICSI’s dynamics around a set of financial stress events and how the sub-market sectors contribute to these dynamics. Section 4.2 compares the ICSI with thefinancial stress indicators for Ireland published by the ECB.

14The equal weighting scheme differs from the strategy proposed by Holló et al. (2012),which compute the weights based on the impact of each sub-index on the euro area industrialproduction growth rate, through the estimation of VARs (i.e. by computing impulse responses).Given that the results might change depending on the lag structures and on the forecast horizons,we prefer to assign the same weight to each sub-index. This strategy is also in line with the workof Duprey et al. (2017) and of Chavleishvili & Kremer (2021). However, it is important to notethat Holló et al. (2012) find small differences between the CISS constructed using weights basedon impulse responses and that computed using equal weights.15Following Holló et al. (2012), we set the smoothing parameter λ equal to 0.93.
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4.1 ICSI and financial market stress

In Figure 4, we report the weekly ICSI computed from equation 2, over the period1999M1 – 2020M10.16 The figure also displays a list of financial distress episodes,including the recent COVID-19 outbreak.17 As can be seen from the chart, the ICSIcaptures the financial market stress episodes over the last 20 years. In particular, theindex shows its highest values around the Global Financial Crisis (GFC), reaching itspeak in January 2009. Large values of the ICSI are registered during the sovereign debtcrisis (started around late 2009), with notably high level of stress captured during thedowngrade of the Irish government bonds ratings (July 2011). More recently, on 3 April2020, the financial stress index jumps at 0.34 (from a value of 0.07 reported one monthbefore, i.e. 6 March 2020).Figure 5 shows the time-varying average pairwise correlations computed across the 5financial market sub-indices (panel a) and the ICSI (panel b).18 Following Holló et al.(2012) andMiglietta & Venditti (2019), we also report the ICSI computed under a perfectcorrelation scenario (ICSIp.c.), that is the scenario where the financial sub-markets areperfectly correlated (see Figure 5, panel b). The average pairwise correlations can beinterpreted as a measure of synchronization of the stress reported in a specific sub-market (e.g. GOV) with that arising from the rest of the financial system. Given thatthe ICSI (as described in Section 3) puts relatively more weight on situations in whichstress prevails in several financial markets at the same time, the higher the correlationacross the sub-markets the larger the value reported by the financial stress indicator. Forexample, as can be seen from Figure 5 (panel a), during the GFC all the financial marketsectors are highly positive correlated. This high degree of synchronization is associatedwith an increase in the ICSI that reaches values above 0.8 (almost overlapping thosereported by the ICSIp.c.) (see Figure 5, panel b).The contributions from the financial market sub-sectors to the ICSI’s dynamics areshown in Figure 6.19 As can be seen from the chart, all the financial markets contributeto the increase observed in the ICSI during the GFC, while the large values registeredaround the sovereign debt crisis are mainly driven by stress in the sovereign bondsmarket. In Figure 6, we also report the contribution from all the cross-correlations,jointly, to developments in the financial stress indicator, which is computed as thedifference between the ICSI and the ICSIp.c. (i.e. the sum of the financial sub-marketscontributions). As shown in Figure 6, the contribution from the cross-correlations,jointly, tends to be small during periods of high synchronization across financial marketsrisks (e.g. during GFC). This suggests that when the degrees of stress in multiple financial
16As a further exercise, we also extend the ICSI to a daily frequency (see Appendix A).17Financial market stress episodes include: the Dot-com bubble (around March 2000), theSeptember 11 attacks, the collapse of Lehman Brothers (15 September 2008), the Greek financialsupport programme (May 2010), the downgrade of the Irish government bonds ratings (July2011), the Brexit referendum (23 June 2016) and the COVID-19 outbreak (with the first casesof Coronavirus registered in the Republic of Ireland in early March 2020).18The time-varying average pairwise correlations are computed as follows: ρ̄it =

(∑5
j=0 ρijt−

1
)
/(5− 1), for i, j ∈ (SMON,t, SGOV,t, SEQU,t, SBANK,t, SFX,t), i 6= j and t = 1, . . . , T .19Each contribution (Vit) is computed as follows: 1) sit = (Sit × wi)2/

∑5
i=1(Sit × wi)2, where

Sit is the i-th financial market sub-index, with Sit ∈ (SMON,t, SGOV,t, SEQU,t, SBANK,t, SFX,t); 2)
Vit = sit× ICSIp.c.. To avoid clutter, in Figures 5 and 6, we report information from January 2004.The same charts containing data from January 1999 are available upon request.

9



markets are highly correlated, portfolio diversification (and cross-correlations) play alimited role in lowering systemic risk.
4.2 Alternative measures of financial market stress in Ireland

In this section, we compare the ICSI with two alternative measures of financial marketstress available for Ireland: the CLIFS (Country-Level Index of Financial Stress) and theNew CISS (Composite Indicator of Systemic Stress) (see Figure 7).The CLIFS, which has been introduced by the study of Duprey et al. (2017), incorporatesinformation on three financial market segments (equity, sovereign bonds and foreignexchange markets) and it is updated by the ECB at a monthly frequency (see Figure7, panel a).20 A second alternative measure is the New CISS that has been recentlydeveloped by Chavleishvili & Kremer (2021) for a set of euro area countries (includingIreland), UK, US and China (see Figure 7, panel b). This daily indicator (updated bythe ECB) is constructed by aggregating both euro area and country-specific financialmarket series. The raw indicators capture stress in equity market (for both non-financialand financial corporations), money market, sovereign and corporate bond markets andforeign exchange markets.21 Finally, we also report the weekly series of the ICSI (seeFigure 7, panel c).In each of the three charts, we include the set of financial market stress events describedin Section 4.1. As can be seen fromFigure 7 (panel a), the CLIFS captures theGFC and thestress associated with the Greek’s government debt crisis. However, the index does notcapture well the other financial market stress episodes. Oppositely, both the New CISSfor Ireland and the ICSI capturemost of the selected financial market stress episodes (seeFigure 7, panel b and c). What is striking in these two charts is the difference betweenthe level of stress reported by the two indicators around the European sovereign debtcrisis. In particular, while the ICSI reaches higher level of stress during the downgrade ofthe Irish government bonds ratings than the Greek’s debt crisis, the New CISS exhibitsthe opposite dynamic.Following Chatterjee et al. (2017), and more recently, Duprey (2020), we compare theability of the three aforementioned measures to capture episodes of financial distressby computing the area under the receiver operating characteristic (AUROC) curve. Thisstatistic captures the ability of an indicator to signal the onset of a crisis.22 As inChatterjee et al. (2017), we select the financial market stress episodes for Ireland byusing the database provided by Lo Duca et al. (2017) for a set of European countries.23The AUROC curve computed for each of the three measures of financial market stressis reported in Figure 8. In particular, for each value of the threshold, the AUROC curvereports the percentage of false alarm (horizontal axis), i.e. the index is above a thresholdvalue and no crisis occurs (Type II error), and the percentage of well predicted crisis
20The series of CLIFS for Ireland starts from February 1983 and it is available at https:

//sdw.ecb.europa.eu/browse.do?node=9693347.21The series of New CISS for Ireland is available (from 5 January 1999) at https://sdw.ecb.
europa.eu/browse.do?node=9689686.22The AUROC curve has been extensively used in studies on early warning signals andproviding an overview of the literature is beyond the scope of this paper. See Chatterjee et al.(2017), for technical details on the use of the AUROC curve in financial stress indicators.23For Ireland, only one financial stress episode is labelled as systemic financial crisis (i.e. the2008M9–2013M12 period).
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(vertical axis), i.e. the index is above a threshold value and a crisis occurs (1 - Type Ierror, where Type I error denotes the missed crisis). The larger the area under the curvethe better the ability of an indicator to predict a crisis. The 45-degree diagonal linecorresponds to an uninformative indicator. As can be seen from Figure 8, the AUROCcomputed for the ICSI (87.5%) is higher than that computed for the New CISS (82.8%)and for the CLIFS (73.4%).
5 Transmission of financial market stress onmacro-financial

outcomes
In this section, we study the transmission mechanism of financial market distress onthe Irish macro-financial environment, over the period 2003-2019.24 The weekly seriesof the ICSI is used as a proxy of financial market stress. Given that the selectedmacroeconomic and banking variables are observed only at a monthly frequency, werely on aMIDAS approach. In particular, Section 5.1 introduces the model and describesthe structural identification strategy. Section 5.2 describes data. Section 5.3 providesempirical findings and Section 5.4 describes some robustness checks.
5.1 Structural mixed-frequency VAR

We estimate a stacked MF-VAR à la Ghysels (2016) fitted to a Kh = 1 high-frequency variable (i.e. weekly ICSI) and to proxies of real economic activity and bankingaggregates, which are sampled at a monthly frequency:
Zt =

p∑
`=1

A`Zt−` + c+ ut (5)
where Zt =

[
X ′t, ICSI

′
t−3/4, ICSI

′
t−2/4, ICSI

′
t−1/4, ICSI

′
t

]′, is theK-dimensional stackedvector of mixed-frequency variables, with K = Kl + (m × Kh), and ut ∼ N (0,Σ)are the reduced-form residuals, with a covariance matrix Σ which is not assumed to bediagonal. The Kl-dimensional vector of monthly variables (Xt), observed every m = 4weeks, includes proxies of the real and the banking sectors of the economy: the levelof consumer price index (CPI), the level of unemployment (UNEMP), the outstandingamounts of loans to non-financial private sector (LOANS) and the interest rate on loans(LENDING RATE) (see Section 5.2 for more details on the data).25 All the variablesenter the MF-VAR in log levels, with the only exception of the ICSI and the LENDING
24In our empirical application, we exclude data after December 2019 from the sample period.The choice is made to avoid the inclusion of extreme observations reported by several aggregatesduring the COVID-19 period (e.g. the level of unemployment in Ireland increases by 18 percentin July 2020 compared to the previous month, source Eurostat database). For example, for US,Lenza & Primiceri (2020) suggest to treat the presence of such outliers by introducing breaksin the shock volatilities. However, the authors find that the results (i.e. impulse responses) aresimilar to those obtained by estimating the model without data related to the COVID-19 period.We leave the treatment of COVID-19 data using MIDAS techniques for future research.25As a robustness check, we estimate the model by replacing the level of unemployment withthe unemployment rate. The results, which are qualitatively similar to those obtained in thebaseline specification (see Section 5.3), are available upon request.
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RATE, which enter the model in levels.26 The MF-VAR is estimated over the 2003M1 -2019M12 time span. The lag length is set equal to 13, which is a standard choice withmonthly data.27Themodel in equation (5) is estimated using Bayesian methods.28 In particular, followingthe approach recently proposed by Paccagnini & Parla (2021), which in turn buildson the work of Götz et al. (2016), we impose a Natural conjugate prior on the MF-VAR coefficients by augmenting the system in equation (5) with a set of dummyobservations.29 While the artificial data for the lagged endogenous variables (Xd) areconstructed as in Bańbura et al. (2010), to match the Minnesota prior moments for MF-VAR, Yd is specified ad-hoc:

Yd
[(Kp+1)+K]×K

=



diag(ρmL σL
λ

)
Kl×Kl

0Kl×1 . . . 0Kl×1 0Kl×1

0[(m−1)×Kh]×K

01×Kl
ρHσH
λ

. . .
ρm−1
H σH
λ

ρmHσH
λ

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
0K(p−1)×K

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .diag(σ1,L, . . . , σKl,L, σ1,H , . . . , σm,H)K×K

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
01×K


(6)

where the prior mean of the ICSI (ρH ) is set equal to zero (as suggested by Ghysels,2016), while the prior means of themonthly variables, ρL = (ρ1,L, . . . , ρKl,L) are centeredaround the OLS estimates obtained from an AR(1) regression fitted to each variable overa training sample. The scaling factors σH and σL = (σ1,L, . . . , σKl,L) are set equal to thestandard deviations of the residuals from AR(m) and AR(1) regressions fitted to the high-and low-frequency variables, respectively. The hyperparameter that controls for theoverall tightness around the prior (λ) is selected by maximizing the marginal likelihood oftheMF-VAR (see Carriero et al., 2012). Finally, we impose a diffuse prior on the constantterm.As in CF-VAR, we use the Gibbs sampling algorithm to simulate the posterior distributionof theMF-VAR coefficients (see Appendix B, for more technical details on the estimationprocedure). The weekly financial market shocks (proxied by an exogenous increase inthe ICSI) are identified by computing the Cholesky decomposition of the reduced-form
26Since themodel is estimated using Bayesian techniques (i.e. by imposing a Natural conjugateprior on the model coefficients), inference can be conducted also in presence of non-stationarytime series (see Sims et al., 1990, for technical details).27As a robustness check, we estimate the model using different lag lengths (3 and 6 lags) (seeSection 5.4).28The stackedMF-VAR can be estimated also viaOLS (see Ferrara &Guérin, 2018; Bacchiocchi

et al., 2020; Cipollini & Mikaliunaite, 2020, among others). However, to cope with a potentialparameters proliferation, we rely on Bayesian estimation techniques.29As stated by Bańbura et al. (2010), in CF-VAR, augmenting the system with a set ofdummy observations is equivalent to imposing a Normal-inverse Wishart prior that satisfies theMinnesota prior moments described in Litterman (1986) (see Sims & Zha, 1998; Bańbura et al.,2010, for technical details).
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residuals covariance matrix (Σ), such that ut = A0εt and Σ = A0A
′
0, where A0 containsthe contemporaneous effects of the structural disturbances (εt) and εt ∼ N (0, IK).The ordering of the variables in the system follows that used in Hubrich & Tetlow (2015)and, more recently, in Cipollini & Mikaliunaite (2020).30 In particular, as mentionedbefore, the ICSI is placed after the block of monthly macroeconomic and bankingvariables (Xt), where Xt =

[
CPI ′t, UNEMP ′t , LOANS

′
t, LENDING RATE ′t

]′. UnlikeHubrich & Tetlow (2015) and Cipollini & Mikaliunaite (2020), we use the level ofunemployment to proxy the real economic activity instead of directmeasures of demand,such as industrial production index or consumer spending.31 Furthermore, since the aimof our research is to assess how financial market distress affects the macroeconomy andlending activity (i.e. banking aggregates), we extend the set of endogenous variables toalso include proxies of quantity (i.e. outstanding amount of loans to non-financial privatesector) and price (i.e. corresponding lending rate) of credit.This ordering of the variables has two implications.32 First, we assume that stress arisingfrom financial markets affects real economic activity and banking aggregates only with aone-month delay.33 Second, this ordering implies that financial market shocks occurringfor example in week 2 have a contemporaneous impact only on that week and on thefollowing ones (i.e. week 3 and week 4).34

5.2 Data

In the baseline specification, we use the weekly series of the ICSI and proxies of realeconomic activity, prices and banking aggregates available at a monthly frequency, over
30Hubrich & Tetlow (2015) study the effects of financial stress on real economic activity,inflation and monetary policy in US using a (common-frequency) Markov-switching VAR. In thisstudy, the financial stress index for US is ordered after personal consumption expenditures,inflation, short-term federal funds rate and the nominal M2 monetary aggregate. The work ofCipollini & Mikaliunaite (2020) uses a similar scheme to identify financial distress in Lithuaniathrough the estimation of a MF-VAR.31The choice of excluding the Irish industrial production index reflects issues around theNational accounting framework, for example contract manufacturing (see Conefrey & Walsh,2018). Moreover, since in our empirical application we focus on the mismatch between weekly(ICSI) and monthly (macroeconomic and banking aggregates) frequencies, we do not rely onconsumption whose observations are available only at a quarterly frequency.32Since our focus is on financial market shocks (proxied by an exogenous increase in the ICSI),the ordering of the variables in the macroeconomic block (i.e. level of unemployment and levelof consumer prices) does not affect the identification of the shock of interest. However, as arobustness check, we estimate the baseline model specification, i.e. the MF-VAR(13), by placingthe level of consumer prices after the level of unemployment. The results are qualitatively andquantitatively similar to those discussed in Section 5.3 and they are available upon request.33A similar ordering of the variables is also used by Mumtaz et al. (2018) that estimate theeffects of credit supply shocks in US using different identification schemes, including a recursiveVAR model. In particular, the authors order the financial variables (i.e. Financial Condition Index)after theGDP growth rate, the credit growth rate and the spread of lending rate over the 3-monthtreasury bill rate.34The same intra-month ordering of the high-frequency variables is used in Ferrara & Guérin(2018) and in Paccagnini & Parla (2021), whose focus is on the estimation of the macroeconomiceffects of high-frequency uncertainty shocks.
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the period 2003M1–2019M12. In particular, we rely on the level of unemployment as aproxy of real economic activity, while price levels are measured by the harmonised indexof consumer prices. Both the two series are from the Eurostat database. Furthermore,the outstanding amounts of loans granted by credit institutions to the Irish non-financialprivate sector is used as a proxy of bank credit.35 Finally, we use a composite lending ratecomputed as the weighted average of the interest rate on loans granted to non-financialcorporations and that on loans to households, using the corresponding outstandingamounts of loans as weights. The proxies of quantity and price of credit are taken fromthe statistical database of the Central Bank of Ireland.The weekly series of the ICSI is used as a proxy of financial markets distress. Sincethe number of calendar weeks is likely to vary across months (i.e. four or five weeksper month), to obtain a fixed number of observations, the ICSI is constructed such thateach month contains four weekly observations.36 All the macroeconomic and bankingvariables are seasonally adjusted using TRAMO-SEATS from the Demetra software.
5.3 Results

In this section, we report the results obtained from the estimation of the baseline MF-VAR (see Section 5.1).37 In particular, Figures 9-10 show the orthogonalized impulseresponses of themacroeconomic and banking variables to a one standard deviation high-frequency financial markets shocks, proxied by an increase in the ICSI. All the chartsshow the median response (red line) and the 68% and 90% credibility intervals (shadingareas). The impulse responses are computed over a 36-month (i.e. 3-year) forecasthorizon.Figure 9 shows the weekly responses of consumer prices, level of unemployment, loansto non-financial private sector and lending rate. As can be seen from the charts, wefind that an unexpected increase in the ICSI leads to a decline in economic activity -proxied by the level of unemployment (see Holló et al., 2012; Hubrich & Tetlow, 2015;Duprey, 2020, among others). Moreover, in linewith the study ofMallick & Sousa (2013),which focuses on the transmission of financial market stress to the real economy inthe euro area, we find that a shock to financial stress conditions is associated with areduction in consumer prices.38 As for the banking aggregates, we find that an increasein financial stress negatively affects both the loans to non-financial private sector andthe corresponding lending rates. Overall, the impulse response profiles resemble thosegenerated by negative demand shocks. Our findings are consistent with the view that anegative demand shock would trigger a decline in loan demand (i.e. as a consequence ofa decrease in the aggregate income). As a result, a reduction in loan demand is associated
35The series of loans to non-financial private sector is constructed by taking the sum of loansgranted to households and to non-financial corporations.36In particular, we discard the first observation in months that contain more than four weeks.See Götz et al. (2016), for a similar approach with daily data.37See Appendix C, for more details on the convergence diagnostics for the Gibbs sampleralgorithm.38The response of inflation to aworsening in financial conditions is ambiguous in literature. Forexample, a negative response of consumer prices is also found in Alessandri & Mumtaz (2017),which study the effects of financial market shocks (proxied by an increase in the FCI) on themacroeconomy in US. Oppositely, Hubrich & Tetlow (2015) find a positive relationship betweenfinancial stress and consumer prices in the US economy by using counterfactual simulationsinvolving alternative paths for the proxy of financial stress. See also Prieto et al. (2016).
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with a decrease in both the amount of loans and lending rates. Furthermore, the drop inlending rates could be driven by the implicit monetary policy reaction, which is likely tolower money market rate in response to deteriorating financial market conditions. Thedecrease in the monetary policy instrument might subsequently be transmitted to thebank lending rate (see Hristov et al., 2012).39The estimation of a stacked MF-VAR allows to evaluate whether the responses of themacroeconomic variables depend on the timing of the shock in the month (see Figure 9).In line with a recent strand of literature that studies the high-frequency transmission ofuncertainty shocks to business cycle aggregates (i.e. Ferrara & Guérin, 2018; Paccagnini& Parla, 2021), we find that the responses of the macroeconomic and banking variablesat the end of the month are different from those obtained in the first weeks.40To investigate the presence of temporal aggregation bias in the responses of the low-frequency variables, we compare the results obtained from the MF-VAR with thoseobtained from a CF-VAR (i.e. using variables sampled at a monthly frequency).41 Inparticular, we aggregate the high-frequency impulse responses by computing the meanover the four weeks.Figure 10 shows the aggregated median impulse responses of the macroeconomic andbanking variables obtained from the estimation of the MF-VAR (red line) and the 68%and 90% credibility intervals (red shading). Each chart displays also the median responseobtained from the CF-VAR (black solid line) and the corresponding 90% credibilityintervals (black dashed lines).42 As shown in Figure 10, the responses of the variablesexhibit a similar shape in both theMF-VAR and the CF-VAR. However, what is striking inthe charts is that the magnitude of the responses obtained from the MF-VAR is smallerthan that obtained from the common-frequencymodel (although the credibility intervalsoverlap after a 6-month forecast horizon). Furthermore, we find that the uncertaintyaround the median estimates from the MF-VAR is smaller than that obtained fromthe CF-VAR. These results, together with the different responses of the low-frequencyvariables within the month, suggest evidence of a moderate temporal aggregation bias.
5.4 Robustness checks

In this section, we describe a number of robustness checks, including (i) the use ofalternative lag structures, (ii) a different ordering of the ICSI in the vector of endogenousvariables and (iii) a comparison of the results discussed in Section 5.3 with different
39See also Gambetti & Musso (2017), for a discussion on the role played by aggregate andcredit demand shocks in shaping both loans and lending rates. However, it is important tonote that, since in our paper we do not identify other exogenous disturbances (such as demand,monetary policy, and credit market shocks) beyond those to financial markets, the results shouldbe interpreted with caution. We leave the identification of different structural shocks usingmixed-frequency data for future research.40As stated by Ferrara & Guérin (2018), the decreasing magnitude in the response of the low-frequency variables from week 1 to week 4 can be explained by different frequencies in theeconomic agents’ decisions. For example, if economic agents make their decisions at a high-frequency, it is plausible that the responses of the macroeconomic variables (which generallyshow a strong degree of persistence) are larger in the first weeks than those reported at the endof the month.41The monthly ICSI is computed by averaging out the weekly observations.42For comparison, the CF-VAR is estimated using the same specification (i.e. lag structure,variables) and estimation techniques (i.e. Bayesian methods) as the MF-VAR.
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measures of financial market stress for Ireland.First, we consider alternative lag structures. Figure 11 shows the aggregated impulseresponse profiles obtained from the estimation of mixed- and common-frequency VARusing different lag structures. In particular, the models are estimated using 3 and 6lags. As can be seen from the charts, the evidence of temporal aggregation bias (dueto aggregating the weekly series of ICSI to a monthly frequency) is also confirmed in thecase of different lag lengths.Second, we check whether the results described in Section 5.3 remain valid alsowhen the variables are ordered differently. In particular, we repeat the empiricalexercise by placing the ICSI before the block of macroeconomic and banking variables(hence assumuming exogeneity of the financial stress indicator to macroeconomicfluctuations).43 Following Holló et al. (2012) and, more recently, Miglietta & Venditti(2019), we impose that innovations to the real economy and to the banking aggregatesdo not affect the financial stress indicator contemporaneously.44 As shown in Figure 12,the responses of the macroeconomic and banking variables are similar to those obtainedby ordering the ICSI last in the vector of observables. Moreover, the evidence of amoderate temporal aggregation bias described in Section 5.3 remains valid.Third, we compare the responses of the macroeconomic and banking variables to ICSIshocks with those obtained from models where financial stress is proxied by alternativemeasures available for Ireland (see Figure 13). In particular, we estimate MF-VARs fittedto the weekly series of financial distress (together with the monthly macroeconomicvariables) in case of ICSI and New CISS, while the impulse responses to CLIFS shocksare obtained by estimating a monthly VAR (CF-VAR).45 As can be seen from the charts,the responses obtained by estimating the MF-VAR with the ICSI (Figure 13, panel a)show a similar shape of those obtained by using, respectively, the New CISS (Figure13, panel b) and, to a lesser extent, the CLIFS (Figure 13, panel c). In particular, whilethe responses obtained by estimating the MF-VARs with ICSI and New CISS are allstatistically significant, we find a relatively larger uncertainty around the estimates inthe case of financial stress proxied by the CLIFS.Overall, the results document a negative effect of high-frequency financial marketshocks (proxied by an increase in the ICSI) on the macroeconomic and banking variables.Moreover, the responses of the low-frequency variables depend on the timing of theshocks (i.e. whether they occur in the first weeks or late in the month). Finally, we findevidence of a moderate temporal aggregation bias by comparing the high-frequencyresponses of the macroeconomic variables with those obtained from a CF-VAR. Inparticular, we find that the magnitude of the aggregated weekly responses is smaller
43See Caggiano et al. (2020), for a discussion on the exogeneity of financial conditions tomovements in the business cycle.44For example, Holló et al. (2012) assess the transmission of financial distress to the realeconomy in the euro area by estimating a Threshold VAR, where the financial shock is identifiedthrough Cholesky decomposition with the CISS ordered before the growth rate of the industrialproduction index. The authors motivate this choice by arguing that due to publication lags,financial market participants cannot directly observe the current level of the macroeconomicvariables, hence these cannot be properly reflected in contemporaneous asset prices (see alsoMiglietta & Venditti, 2019).45The weekly series of the New CISS for Ireland (available daily) is constructed by followingFerrara & Guérin (2018) (see also Appendix A).
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(and with associated tighter confidence bands) than those obtained using a common-frequency approach.
6 Conclusions
In this paper, we have extended the literature on macro-financial linkages by, first,constructing a measure of financial market stress for Ireland (namely ICSI) that isavailable at a weekly frequency. The ICSI includes financial markets series capturingdistress in money, sovereign bonds, equity, banking and foreign exchange markets.Second, we have assessed the propagation mechanism of high-frequency financialmarket shocks (proxied by an exogenous increase in the ICSI) to a set of Irishmacroeconomic and banking aggregates, over the period 2003 – 2019.Given that the macroeconomic variables are available only at a monthly frequency, theempirical analysis is carried out by using a mixed-frequency data sampling approach.This allows to circumvent the issue of temporal aggregation bias that might arisewhen aggregating high-frequency information to a lower-frequency. In particular, thetransmission of financial stress to the macroeconomy has been studied by estimating astructural mixed-frequency VAR à la Ghysels (2016).Overall, we find that financial market distress is associated with negative effects onthe real economic activity (i.e. Hubrich & Tetlow, 2015; Alessandri & Mumtaz, 2017,among others) and banking aggregates. The impulse response analysis reveals evidenceof a moderate temporal aggregation bias. In line with a large body of literature (see i.eFerrara & Guérin, 2018, among others), we find that the timing of the shocks mattersin the response of the low-frequency variables. In particular, the results show that theresponses of the macroeconomic variables to financial market shocks diminish movingfrom week 1 to week 4. Finally, by comparing the impulse responses obtained from aMF-VAR with those from a CF-VAR, we find that the magnitude of the response in thecase of mixed-frequency data is smaller (and with tighter confidence bands) than thatobtained when aggregating data at the same frequency.These findings suggest that the use of high-frequency information can assist policymakers to reach a timely interpretation of financial market shocks. Moreover, it mightalso avoid an overestimation (or underestimation) of the impact of financial market stresson the macro-financial environment. Possible future extensions to this paper include forexample the use of COVID-19 data in the estimation sample. In particular, the empiricalmethodology described in this work could be adapted to take into account potentialnon-linearities in the relationship between (low-frequency) macroeconomic and (high-frequency) financial market series, due to the current economic crisis.
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Appendix A: Extension of the ICSI to a daily frequency
In this appendix, we extend the weekly series of the ICSI to a daily frequency (see FigureA.1). The scope of this exercise is to construct a measure of financial stress for Irelandthat can complement (for monitoring purpose), at a higher-frequency, the one describedin this paper.The methodology used for the construction of the daily series of ICSI is the same of thatdescribed in Section 3, that is the time-varying correlation-based approach of Holló et al.(2012). Also, the raw stress indicators entering the index are the same of those used forthe construction of theweekly series (see Table 1). The only difference between the dailyand weekly versions of the financial stress index is that in the former the raw series arenot aggregated by computing the mean over five consecutive traded days. Hence, weapply the ECDF (for standardization) directly to the daily raw stress indicators.We repeat the empirical exercise described in Section 5 using the daily series of theICSI as a measure of financial market stress. However, to compare the results withthose described in the manuscript, we aggregate the daily ICSI to a weekly frequency,by following the appraoch of Ferrara & Guérin (2018). In particular, given a number oftraded days (Dt) in a specific month, we take the observations Dt − 15, Dt − 10, Dt − 5and Dt as values for week 1, week 2, week 3 and week 4, respectively.Figure A.2 shows the structural impulse responses obtained from the estimation of aMF-VAR(13) to a one standard deviations ICSI shock. In particular, we report the posteriormedian of the aggregated weekly responses (red line) and the corresponding 68% and
90% credibility intervals (red shading). As in the empirical exercise described in Section5, we also report the median response from a CF-VAR (black line) and the associated
90% credibility intervals (black dashed lines), where the weekly series of the ICSI isaggregated to a monthly frequency. As can be seen from Figure A.2, the responsesof the macroeconomic and banking variables are similar to those reported in Section5.3. There is also evidence of a moderate temporal aggregation bias corroborated bythe different magnitude in (and by the different uncertainty around) the responses ofthe low-frequency variables between mixed- and common-frequency models.Finally, we compare these responses with those obtained using alternative measuresof financial market stress: (1) the weekly ICSI introduced in this paper and describedin Section 3, (2) the daily CISS for Ireland and (3) the monthly Irish CLIFS. Figure A.3collects the impulse responses obtained from the different measures of financial marketstress. In particular, we estimate a MF-VAR for the two versions of the ICSI (daily andweekly) and for the Irish CISS, while a CF-VAR is estimated when the CLIFS is used as ameasure of financial market stress.46 Figure A.3 shows identical responses of the low-frequency variables when estimating MF-VARs with either the daily or weekly series ofICSI. As for the other two alternative measures of financial market stress, we find similarmedian responses (of those obtained fromMF-VARs including the ICSI) when estimatingthe models using the Irish CISS and the CLIFS, with some exceptions for the responseof the consumer prices (i.e. CISS) and of the lending rate (i.e. CLIFS).

46Similar to the daily ICSI, also the CISS for Ireland is aggregated to a weekly frequency byfollowing the approach of Ferrara & Guérin (2018).
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Appendix B: Estimation procedure
In this appendix, we describe the technical details for the estimation of the Bayesianmixed-frequency Vector Autoregressive (MF-VAR) model described in section 5.1. Inparticular, the model in equation 5 can be written in compact matrix notation:

Z = ZB + U (B.1)
where Z = (Z1, . . . , ZT )′, Z = (Z1, . . . ,ZT )′, with Zt = (Z′t−1, . . . ,Z′t−`, 1′), B =
(A1, . . . , Ap, c)

′, U = (u1, . . . , ut)
′ and U ∼ N (0,Σ).As in Bańbura et al. (2010), we use a Natural conjugate prior implemented via a dummyobservations approach:

vec(B)|Σ ∼ N
(
vec(B0), Σ⊗ Ω0

) (B.2)
Σ ∼ IW

(
S0, v0

)

where B0, Ω0, S0 and v0 are the prior parameters. Following Götz et al. (2016) and, morerecently, Paccagnini & Parla (2021), these parameters are selected in order to match theMinnesota moments for the MF-VAR coefficients. In particular, the prior distributionof the slope coefficients (i.e. A`, for ` = 1, . . . , p) are centered around a restricted MF-VAR(1):

E(a`ij) =


ρm+i−j
H if i > Kl & j = K & ` = 1

ρmL if i = j & i ≤ Kl & ` = 1

0 otherwise
(B.3)

where a`ij are the i, j-th entry element inA`,Kl is the number of low-frequency variablesthat are observed everym fixed period (i.e. m = 4 in our case) andK = Kl+ (m×Kh),withKh being the number of high-frequency variables (e.g. our proxy of financial marketstress). Moreover, ρ = (ρH , ρL) are the prior means for the high- and low-frequencyvariables, with ρL = (ρx1 , . . . , ρxKl
). The prior variance is set as in a CF-VAR:

V AR(a`ij) =


φ
λ2σ2

H

`2σ2
L

if i > Kl & j ≤ Kl

φ
λ2σ2

L

`2σ2
H

if i ≤ Kl & j > Kl

λ2

`2
otherwise

(B.4)

where λ controls the overall tightness of the prior, σH and σL account for different scalesof the variables and φ controls the influence of the low-frequency variables on the high-frequency ones and vice versa.47The Normal-inverse Wishart prior is imposed by augmenting the model in equation B.1with a set of artificial data (Yd, Xd):
Z∗ = Z∗B + U∗ (B.5)

47We set φ = 1 (see Götz et al., 2016).
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where Z∗ = (Z ′, Y ′d)
′ and Z∗ = (Z′, X ′d)′.Tomatch the priormeans and variances of B specified in equations B.3-B.4, we construct

ad hoc artificial observations for Yd as follows:

Yd
[(Kp+1)+K]×K

=



diag(ρmL σL
λ

)
Kl×Kl

0Kl×1 . . . 0Kl×1 0Kl×1

0[(m−1)×Kh]×K

01×Kl
ρHσH
λ

. . .
ρm−1
H σH
λ

ρmHσH
λ

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
0K(p−1)×K

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .diag(σ1,L, . . . , σKl,L, σ1,H , . . . , σm,H)K×K

. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .
01×K


(B.6)

while Xd is constructed as in Bańbura et al. (2010):

Xd
[(Kp+1)+K]×(Kp+1)

=


JP ⊗ diag(σ1,L, . . . , σKl,L, σ1,H , . . . , σm,H)Kp×Kp 0Kp×1
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

0K×Kp 0K×1
. . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . . .

01×Kp ε

 (B.7)

The prior hyperparameters are set as follows:
ρH = 0 as suggested by Ghysels (2016), while ρL = (ρ1,L, . . . , ρKl,L) are set equalto the coefficients obtained from the OLS estimation of an AR(1) regression fittedto each endogenous variable;
σH is set equal to the residuals standard deviation obtained from the estimationof an AR(m) regression fitted to the high-frequency variable, while σL =
(σ1,L, . . . , σKl,L) are equal to the residuals standard deviations obtained from theestimation of AR(1) regressions fitted to each low-frequency variable;
λ is selected by maximizing the marginal likelihood from a grid of values, that is
λ ∈ {0.01, 0.05, 0.1, 0.2, 0.5, 1, 1.5, 2, 3} (see also Paccagnini & Parla, 2021);
ε = 1/10000, denoting a diffuse prior on the intercept.

As in CF-VAR, the conditional posterior distributions for the MF-VAR coefficients, B =
[A1, . . . , Ap, c]

′, and the covariance matrix (Σ) can be defined as follows:

vec(B)|Σ, Y ∼ N
(
vec(B∗), Σ⊗ (Z∗′Z∗)−1) (B.8)

Σ|Y ∼ IW
(
S∗, v∗

)

where B∗ = (Z∗′Z∗)−1Z∗′Z∗ is the OLS estimate of the augmented regression.Furthermore, S∗ = (Z∗ − Z∗B̃)′(Z∗ − Z∗B̃) and v∗ are, respectively, the scale parameter
20



and the degrees of freedom of the inverse Wishart distribution in equation (B.8), with B̃being a draw of the MF-VAR coefficients and v∗ equal to the number of observations inthe augmented regression.Finally, the Gibbs sampling algorithm is used to simulate the posterior distribution of theMF-VAR coefficients. In particular, we set the number of replications equal to 15000,using the last 5000 for inference.
Appendix C: Convergence diagnostics
In this appendix, we assess the convergence of the Gibbs sampler algorithm used for theestimation of the baseline MF-VAR described in Section 5.1. As suggested by Primiceri(2005), we compute the autocorrelation functions (ACF) of the retained draws. FigureC.1 shows the 20th order sample autocorrelation computed for the 840VAR coefficients(i.e. slope coefficients and constant terms) and for the 64 elements entering the residualcovariance matrix. As can be seen from Figure C.1, the autocorrelation functions arebelow 0.1 (in absolute value), suggesting convergence of the algorithm.48

48The results based on the ACF plots for the alternative specifications of the MF-VAR (i.e.those discussed in Section 5.4) are available upon request.
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Table 1: Raw stress indicators grouped by financial market segment.
Market segment Stress indicator Label & first obs.

MONEY
• Volatility of the 3-month Euribor rate Volatility calculated as the weekly average of Vol.Euriborabsolute daily rate changes. 4 January 1999
• Interest rate spread between the 3-month Euribor Variable computed as weekly average of daily Int.rate spread
and the yield on the government short-term rate data. 4 January 1999

SOVEREIGN BONDS
• Volatility of the 10-year Govt. benchmark bond Volatility calculated as the weekly average of Vol. 10YR Govt
index absolute daily yield changes. 7 January 1985

• 10-year interest rate swap spread Variable computed as weekly average of daily 10YR Swap spreaddata. 12 August 1996
• 10-year IR-DE Govt. Bond spread Variable computed as weekly average of daily 10YR IR-DE Spreaddata. 7 January 1985
EQUITY
• Volatility of the non-financial sector stock market Volatility calculated as the weekly average of Vol. Non-Fin. DS
price index absolute daily log returns. 8 January 1973

• CMAX for the non-financial sector stock market Maximum cumulated losses of the non-financial CMAX Non-Fin
index sector stock market index, over a 2-year rolling 8 January 1973window, that is:

CMAXt = 1− xt/max[x ∈ (xt−j|j = 0, 1, . . . , T )]where T = 104 for weekly data.
• Stock-bond correlation Variable computed as weekly average of the Stock-Bond corr.difference between the 4-year (1040 business days) 2 January 1989and the 4-week (20 business days) correlationcoefficients between daily log returns of totalstock market index and the changes in the 10-yearGovt. bond yield. The indicator takes value of zerofor negative differences.
BANKING
• Volatility of the idiosyncratic equity return of Idiosyncratic return calculated as the residual from Vol. Bank
the bank sector stock market index over the an OLS regression of the daily log bank return on 8 January 1973
total market index the log market return over a 2-year rolling window(i.e. 522 business days). Realised volatility calculatedas the weekly average of absolute daily idiosyncraticreturns.

• CMAX for the financial sector stock market Maximum cumulated losses of the financial sector CMAXinvPB Fin.
index interacted with the inverse of its stock market index, over a 2-year rolling window, i.e. 7 January 1985
price-to-book ratio CMAXt = 1− xt/max[x ∈ (xt−j|j = 0, 1, . . . , T )]where T = 104 for weekly data. The final indicator isconstructed as transforming first the CMAX and theinverse price-to-book ratio by their recursive CDFand then take the square root of the interactionbetween the transformed series.

FOREIGN EXCHANGE
• Volatility of the bilateral exchange rate Volatility calculated as the weekly average of Vol. EURO/USD
between the Euro and the US dollar absolute daily log foreign exchange returns. 23 October 1989

• Volatility of the bilateral exchange rate Volatility calculated as the weekly average of Vol. EURO/GBP
between the Euro and the British Pound absolute daily log foreign exchange returns. 2 July 1990

• Volatility of the bilateral exchange rate Volatility calculated as the weekly average of Vol. EURO/YEN
between the Euro and the Japanese Yen absolute daily log foreign exchange returns. 4 June 1990

Notes. The table reports the thirteen raw indicators entering the ICSI with a brief description of their calculation (for more details see Holló et al., 2012; Miglietta &Venditti, 2019). The table also reports the labels assigned to each stress indicator and their first observation available. The last observation for all the raw stress indicatorsis 23 October 2020.
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Figure 1: Raw stress indicators (weekly frequency). 1999M1 – 2020M10.
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Notes. The charts display the 13 weekly financial stress indicators only from January 1999. Adetailed description of the raw stress indicators is reported in Table 1.
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Figure 2: Standardized stress indicators (weekly frequency). 1999M1 – 2020M10.
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Notes. The figure shows the 13 standardized financial stress indicators computed by applyingthe empirical cumulative distribution function (ECDF) (see Section 3).
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Figure 3: Financial markets sub-indices (weekly frequency). 1999M1 – 2020M10.
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Notes. The figure displays the financial market sub-indices obtained by aggregating (througharithmetic average) the standardized raw stress indicators. In particular, the stress indicators aregrouped as follows: 1) Vol.Euribor and Int.rate spread (MON); 2) Vol. 10YR Govt, 10YR Swapspread and 10YR IR-DE Spread (GOV); 3) Vol. Non-Fin. DS, CMAX Non-Fin and Stock-Bondcorr. (EQU); 4) Vol. Bank and CMAXinvPB Fin. (BANK); 5) Vol. EURO/USD, Vol. EURO/GBP andVol. EURO/YEN (FX). See Table 1 for a detailed description of the raw stress indicators.
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Figure 4: Irish Composite Stress Indicator (ICSI) (weekly frequency). 1999M1 –2020M10.
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Notes. The figure shows the ICSI computed over the period 1999M1 – 2020M10 (black line).Financial market stress episodes are also reported (vertical red dashed lines). In particular, thelist of financial market stress events includes: 1) the Dot-com bubble (around March 2000); 2)the September 11 attacks; 3) the collapse of Lehman Brothers (15 September 2008); 4) theGreek financial support programme (May 2010); 5) the downgrade of the Irish government bondsratings (July 2011); 6) the Brexit referendum (23 June 2016); 7) the COVID-19 outbreak (firstcases of Coronavirus registered in the Republic of Ireland in early March 2020).
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Figure 5: Synchronization of stress in the Irish financial markets (weekly frequency).2004M1 – 2020M10.
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Notes. The figure displays the time-varying average pairwise cross-section correlationscomputed across the sub-market indices, that is money (MON), sovereign bonds (GOV), equity(EQU), banking (BANK) and foreign exchange (FX) markets (panel a) and two versions of the ICSI,i.e. the ICSI described in Section 3 (black line) and the ICSI computed under a perfect correlationscenario (ICSIp.c.) (blue line) (see panel b). The average cross-correlations are computed as follows:
ρ̄it =

(∑5
j=0 ρijt − 1

)
/(5 − 1), for i, j = 1, . . . , 5, i 6= j and t = 1, . . . , T . Financial market stressepisodes are also reported (vertical red dashed lines): 1) the collapse of Lehman Brothers (15September 2008); 2) the Greek financial support programme (May 2010); 3) the downgrade ofthe Irish government bonds ratings (July 2011); 4) the Brexit referendum (23 June 2016); 5)the COVID-19 outbreak (first cases of Coronavirus registered in the Republic of Ireland in earlyMarch 2020).
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Figure 6: Decomposition of the Irish Composite Stress Indicator (ICSI) (weeklyfrequency). 2004M1 – 2020M10.
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Notes. The figure shows the contribution from the financial market sub-indices (coloured stackedareas) and from all the cross-correlations jointly (red line) to the dynamics of the ICSI (blackline). The sum of the contributions equals the financial stress index under a perfect correlationscenario (ICSIp.c.). The contribution from a specific sub-index (Vit) is computed as follows:1) sit = (Sit × wi)
2/
∑5

i=1(Sit × wi)
2, where Sit is the i-th financial market sub-index, with

Sit ∈ (SMON,t, SGOV,t, SEQU,t, SBANK,t, SFX,t); 2) Vit = sit × ICSIp.c.. The contribution fromthe cross-correlations is computed as the difference between the ICSI and the ICSIp.c. (see Holló
et al., 2012; Miglietta & Venditti, 2019, for more details).
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Figure 7: Comparison of the ICSI with alternative measures of financial market distressfor Ireland.
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Notes. The figure shows three measures of financial market stress for Ireland. Panel (a) showsthe CLIFS (Country-Level Index of Financial Stress) over the period 1999M1–2020M9. It is amonthly index developed by the study of Duprey et al. (2017) and it is updated by the ECB atthe end of each month, reporting values for the previous month. The series of CLIFS for Irelandis available at https://sdw.ecb.europa.eu/browse.do?node=9693347. Panel (b) displays thedaily New CISS (Composite Indicator of Systemic Stress) for Ireland introduced by Chavleishvili& Kremer (2021). The series is downloaded from the Statistical Data Warehouse (SDW) of theECB (available at https://sdw.ecb.europa.eu/browse.do?node=9689686). Panel (c) shows theICSI (Irish Composite Stress Indicator).Financial market stress episodes are also reported, including A) the Dot-com bubble (aroundMarch 2000); B) the September 11 attacks; C) the collapse of Lehman Brothers (15 September2008); D) the Greek financial support programme (May 2010); E) the downgrade of the Irishgovernment bonds ratings (July 2011); F) the Brexit referendum (23 June 2016); G) the COVID-19 outbreak (first cases of Coronavirus registered in the Republic of Ireland in early March 2020).
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Figure 8: AUROC for alternative measures of financial market stress for Ireland.
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Notes. The figure shows the receiver operating characteristic (ROC) curve computed for threedifferent measures of financial market stress for Ireland: ICSI (red line), CLIFS (blue line) andNew CISS (green line). The area under the receiver operating characteristic (AUROC) curve inpercentage is also reported: ICSI (87.5%), CLIFS (73.4%) and CISS (82.8%). The chart displays,for each value of the threshold (see Section 4.2, for technical details), the percentage of falsepositive (i.e. Type II error) (horizontal axis) and the percentage of true positive (i.e. 1− Type Ierror) (vertical axis). The 45-degree diagonal line corresponds to an uninformative indicator.
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Figure 9:Weekly responses of macroeconomic and banking variables to financial marketdistress.
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Notes. Impulse responses of the consumer price index (CPI), unemployment (UNEMP), loansand lending rate levels to a one standard deviation ICSI shock (in percentage points), obtainedfrom the estimation of the MF-VAR(13) (see Section 5.1). Each row displays the response ofthe variable of interest to shocks occurring in week 1, week 2, week 3 and week 4. Each chartshows the median response (red line) and the corresponding 68% and 90% credibility intervals(red shading).
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Figure 10: Aggregated responses of macroeconomic and banking variables from MF-VAR to financial market distress.
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Notes. Impulse responses of the consumer price index (CPI), unemployment (UNEMP), loans andlending rate levels to a one standard deviation ICSI shock (in percentage points). Each chart showsthe aggregated median responses from the MF-VAR(13) and the corresponding 68% and 90%credibility intervals (red shading). The aggregated impulse responses are obtained by averagingout the weekly responses (see Section 5.3). The median responses from a CF-VAR (black line)and the associated 90% credibility intervals (black dashed lines) are also reported.
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Figure 11: Aggregated responses of macroeconomic and banking variables from MF-VAR to financial market distress. Different lag structures.
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(a) 3 lags
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(b) 6 lags
Notes. Impulse responses of the consumer price index (CPI), unemployment (UNEMP), loansand lending rate levels to a one standard deviation ICSI shock (in percentage points), obtainedfrom the estimation of a MF-VAR with 3 (Panel a) and 6 lags (Panel b). Each chart shows theaggregated median response from the MF-VARs and the corresponding 68% and 90% credibilityintervals (red shading). The aggregated impulse responses are obtained by averaging out theweekly responses. The median responses from a CF-VAR (black line) and the associated 90%credibility intervals (black dashed lines) are also reported.
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Figure 12: Aggregated responses of macroeconomic and banking variables from MF-VAR to financial market distress. ICSI ordered first.
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Notes. Impulse responses of the consumer price index (CPI), unemployment (UNEMP), loansand lending rate levels to a one standard deviation ICSI shock (in percentage points). TheIRFs are obtained from the estimation of a MF-VAR(13) with the ICSI placed before the blockof macroeconomic and banking variables. Each chart shows the aggregated median responsefrom the MF-VAR and the corresponding 68% and 90% credibility intervals (red shading). Theaggregated impulse responses are obtained by averaging out the weekly responses. The medianresponses from a CF-VAR (black line) and the associated 90% credibility intervals (black dashedlines) are also reported.
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Figure 13: Responses of macroeconomic and banking variables using alternativemeasures of financial market stress for Ireland.
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(a) Proxy of financial stress: ICSI.
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(b) Proxy of financial stress: New CISS for Ireland.
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(c) Proxy of financial stress: CLIFS for Ireland.
Notes. Impulse responses of the consumer price index (CPI), unemployment (UNEMP), loans andlending rate levels to a one standard deviation financial shock proxied by alternative measuresof financial market stress (in percentage points). Panel a shows the responses obtained from theestimation of a MF-VAR fitted to weekly series of ICSI. Panel b shows the responses obtainedfrom the estimation of a MF-VAR with financial distress proxied by the weekly series of NewCISS (see Section 5.4). Finally, Panel c shows the responses obtained from the estimation of amonthly VAR using the CLIFS as a measure of financial market stress. The models are estimatedusing a lag length equal to 13. Each chart shows the median response (aggregated for MF-VARs)and the corresponding 68% and 90% credibility intervals (red shading).
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Figure A.1: Irish Composite Stress Indicator (ICSI) at a daily frequency. 1999M1 –2020M10.
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Notes. The figure shows the ICSI computed at a daily frequency over the period 1999M1 –2020M10 (black line). The financial market series entering the index are the same of thosedescribed in Table 1. Financial market stress episodes are also reported (vertical red dashed lines).In particular, the list of financial market stress events includes: A) the Dot-com bubble (aroundMarch 2000); B) the September 11 attacks; C) the collapse of Lehman Brothers (15 September2008); D) the Greek financial support programme (May 2010); E) the downgrade of the Irishgovernment bonds ratings (July 2011); F) the Brexit referendum (23 June 2016); G) the COVID-19 outbreak (first cases of Coronavirus registered in the Republic of Ireland in early March 2020).
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Figure A.2: Aggregated responses of macroeconomic and banking variables from MF-VAR using the daily series of ICSI.
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Notes. Impulse responses of the consumer price index (CPI), unemployment (UNEMP), loansand lending rate levels to a one standard deviation ICSI shock (in percentage points). Each chartshows the aggregatedmedian response from aMF-VAR(13) and the corresponding 68% and 90%credibility intervals (red shading). The aggregated impulse responses are obtained by averagingout the weekly responses (see Appendix A). The median responses from a CF-VAR (black line)and the associated 90% credibility intervals (black dashed lines) are also reported.
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Figure A.3: Responses of macroeconomic and banking variables using alternativemeasures of financial market stress.
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Notes. Impulse responses of the consumer price index (CPI), unemployment (UNEMP), loans andlending rate levels to a one standard deviation financial market shock (in percentage points). Eachchart shows the aggregatedmedian response from aMF-VAR(13) (red line) and the corresponding68% and 90% credibility intervals (red dashed lines) using the (aggregated) daily series of ICSI.The median responses from a MF-VAR(13) using the weekly ICSI (described in Section 3) (blueline), from a MF-VAR(13) using the Irish CISS (green line) and from a monthly CF-VAR(13) usingthe CLIFS (yellow line) are also reported.
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FigureC.1: Convergence diagnostics for VAR coefficients and residual covariancematrix.
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Notes. 20th order sample autocorrelation of the retained draws (i.e. 5000) computed for the 840VAR coefficients (slope coefficients and constant terms) (upper panel) and for the 64 elementsentering the residual covariance matrix (lower panel). The VAR parameters and the residualcovariance matrix are obtained from the estimation of the baseline MF-VAR (see Section 5.1).
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