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Abstract: This paper focuses on returns comovements in global stock portfolios including the US 

Dollar as a defensive asset. The main contribution is the selection of a large set of macroeconomic 

and financial variables as potential drivers of these comovements and the emphasis on the predic-

tive accuracy of proposed econometric models. One-year US Expected Inflation stands out as the 

most important predictor, while models including a larger number of variables yield significant 

predictive gains. Larger forecast errors, due to parameters instabilities, are documented during ma-

jor financial crises and the COVID-19 pandemic period. Some research directions to improve the 

forecasting power of econometric models are discussed in the concluding section. 
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1. Introduction 

Investigating the determinants of asset returns comovements to obtain accurate fore-

casts at various time horizons is a crucial issue in the development of dynamic asset allo-

cation strategies. This issue is strongly related to some major topics in finance theory. Ac-

tually, in the context of modern portfolio theory assuming standard mean-variance pref-

erences originating from Markovitz’s (1952) seminal paper, and further developments in-

side the Capital Asset Pricing Model (Sharpe 1964; Lintner 1965; Mossin 1966), dynamic 

asset correlations provide, together with expected assets volatilities, crucial information 

to compute optimal portfolio weights (see, e.g., Kroner and Sultan 1993 and Kroner and 

Ng 1998 seminal contributions). 

In this perspective, the determinants of asset returns comovements have been widely 

explored in recent years, drawing on a large variety of methodologies ranging from stand-

ard linear regression frameworks (see e.g., Chiang et al. 2007; Syllignakis and Kouretas 

2011; Dua and Tuteja 2016; Tronzano 2021), to panel ARDL approaches (Behmiri et al. 

2019), time-varying copula models (see e.g., Poshakwale and Mandal 2016a, 2016b), and 

alternative Dynamic Conditional Correlation (DCC) models (see, e.g., Cai et al. 2009; 

Gomes and Taamouti 2016; Min et al. 2016; Aslanidis and Martinez 2021; Güngör and 

Taştan 2021; Shi 2022). 

Additionally, during the most recent years, significant advances have been made in 

the literature related to stock price forecasting: see, for instance, Garcia et al. (2018) as 

regards a hybrid neural network approach, and Meesad and Rasel (2013) as regards the 

use of support vector regressions. 

Overall, the main message from the empirical literature is that asset returns comove-

ments are mostly driven by two groups of variables, related both to macroeconomic and 

non-macroeconomic factors. 
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As regards the former group, recent research highlights a major influence of inflationary 

indicators (see, e.g., Cai et al. 2009; Poshakwale and Mandal 2016a, 2016b), economic policy 

uncertainty indicators (see e.g., Chiang 2019, 2021; Tronzano 2020), and the US short-term in-

terest rate (see e.g., Kallberg and Pasquariello 2008; Aslanidis and Martinez 2021). 

The latter group includes a wide set of influences stemming from the financial sector. 

Major effects on asset returns comovements have been documented for the Vix Volatility 

Index (Cai et al. 2009; Behmiri et al. 2019; Aslanidis and Martinez 2021); the sovereign 

credit ratings (see e.g., Chiang et al. 2007; Eraslan 2017); the financial stress indicators (e.g., 

Dua and Tuteja 2016); and the equity risk premium (see e.g., Xu 2019; Tronzano 2020, 

2021). In this context, moreover, some research emphasizes the need to distinguish be-

tween global and country-specific financial shocks (Min et al. 2016). 

The contribution of this paper belongs to the vast literature analyzing comovements 

between risky and safe-haven assets and their underlying macroeconomic and financial 

determinants. More specifically, this paper investigates the main drivers of these condi-

tional correlations over the last two decades and evaluates the predictive performance of 

various econometric models. 

I focus on bivariate asset portfolios including some outstanding aggregate stock mar-

ket indexes and the US Dollar as a defensive asset. This issue deserves attention because 

applied research about the determinants of stocks/currency returns comovements is still 

relatively limited. 

The emphasis on the US currency, moreover, is motivated by a large empirical evi-

dence documenting that this currency stands out as one of the most effective hedging in-

struments in global stock portfolios (see Campbell et al. 2010 and, more recently, Chan et 

al. 2018; Dong et al. 2021; Lilley et al. 2022; Tronzano 2023). 

The contribution of this paper to the existing literature is twofold: 

1. A set of potentially relevant drivers of asset returns comovements is considered. This 

set includes a comprehensive and balanced list of macroeconomic and non-macroe-

conomic factors; 

2. Differently from existing contributions focusing on stocks/currency returns comove-

ments, this paper evaluates the forecasting accuracy of models explaining time-var-

ying correlations. 

As regards point (1), the literature usually includes a small number of exogenous 

variables as potential determinants of asset comovements; moreover, research including 

a larger number of variables is often biased either towards macroeconomic or towards 

financial factors. Focusing on the sub-set of this literature devoted to stocks/currency cor-

relations, only the role of financial variables has been explored, considering financial stress 

indicators (Dua and Tuteja 2016) or global and country-specific financial shocks (Min et 

al. 2016). This paper fills this gap in the literature, focusing on new variables neglected in 

existing work. 

As regards point (2), evaluating the predictive performance of models explaining re-

turns comovements is an important issue, from the perspective of portfolio managers, in 

order to implement efficient asset allocation choices. This issue has given rise to interest-

ing contributions in the recent literature (see, e.g., Gomes and Taamouti 2016; Poshakwale 

and Mandal 2016a; Aslanidis and Martinez 2021). However, to the best of my knowledge, 

this topic is not yet covered in research dealing with stocks/currency returns, where the 

set of exogenous financial variables never enters in lagged form (see Dua and Tuteja 2016, 

sct. 6; Min et al. 2016, sct. 5). This paper overcomes this shortcoming analyzing the fore-

casting accuracy of best-performing econometric models selected in the present empirical 

investigation. 

The paper outline is as follows. 

Section 2 builds a comprehensive set of variables potentially affecting dynamic con-

ditional correlations between stock returns and US Dollar returns. This set includes 
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macroeconomic and non-macroeconomic factors and, for each of them, a detailed discus-

sion about expected coefficients signs is provided. 

Section 3 contains the empirical evidence. After a preliminary inspection of the effects 

of each variable on dynamic conditional correlations(Section 3.1), the analysis is extended 

inside a multiple linear regression framework (Section 3.2). This framework focuses on a 

more restricted group of exogenous driving factors, excluding all those that were previ-

ously found to be not statistically significant. 

On this basis, Section 3.3 assesses the forecasting performance of alternative econometric 

specifications including different combinations of macroeconomic and financial variables. 

An inspection of parameter stability is finally performed (Section 3.4). This step imple-

ments a rolling regression approach based on the more general specification among alterna-

tive econometric models previously selected. 

Section 4 concludes, summing up the main results and outlining some future research 

directions. 

2. Determinants of Asset Returns Correlations and Expected Coefficients Signs 

As pointed out in the introductory section, recent research exploring the determi-

nants of stocks/currency returns comovements is biased towards financial variables. 

This section describes the potential drivers of these comovements selected in the pre-

sent paper and the expected signs of their coefficients inside a linear regression frame-

work. 

In order to overcome the shortcomings of the existing literature, a wider and more 

balanced variables set has been selected. Although any list of potentially relevant factors 

is intrinsically non-exhaustive, the following variables set is proposed1: 

• CBOE VIX Volatility Index; 

• Equity Market Volatility Tracker: Business Investment and Sentiment Index; 

• ECB Systemic Stress Composite Indicator; 

• World Equity Risk Premium; 

• US 1-year Expected Inflation; 

• World Economic Policy Uncertainty Index; 

• Crude Oil Price; 

• US Term Structure; 

• US Consumer Confidence Index. 

The first four variables correspond to financial indicators. The remaining ones corre-

spond to standard macroeconomic variables and macroeconomic variables measuring the 

degree of agent confidence or the degree of economic policy uncertainty. 

The Chicago Board Options Exchange Volatility Index (CBOE-VIX) has often been 

used in the literature. The significant effects of this index have been documented by Cai 

et al. (2009) and Aslanidis and Martinez (2021) (stocks returns), Behmiri et al. (2019) (com-

modity futures returns), and Min et al. (2016) (stocks/currency returns)2. In addition to the 

VIX, this paper relies on another volatility indicator (Equity Market Volatility Tracker) 

retrieved from the Federal Reserve Bank of St. Louis (see Baker et al. 2023), which moves 

with the VIX and the realized volatility return of the S&P 500. 

The ECB Systemic Stress Composite Indicator is similar to other indicators used in 

the recent literature, where significant effects of analogous financial alert variables have 

been documented (Dua and Tuteja 2016). This indicator has been introduced by the ECB 

with the aim of analyzing, monitoring, and controlling systemic risk (Holló et al. 2012). 

The equity risk premium measures the degree of risk aversion and represents the 

compensation required by investors to hold risky assets. The variable used in the present 

paper is an average measure covering major world economic areas and has been success-

fully used in Tronzano (2020, 2021) to explain, respectively, safe-haven assets and stock 

returns comovements. Further evidence supporting the relevance of risk premium 



J. Risk Financial Manag. 2024, 17, 167 4 of 26 
 

 

indicators is provided by Poshakwale and Mandal (2016a, 2016b), using an empirical 

proxy for risk aversion relying on the external habit specification of Campbell and 

Cochrane (1999). 

The focus on a wide range of macroeconomic variables is a peculiar feature of the 

present investigation. Selected macroeconomic indicators include standard macrovaria-

bles (US 1-year Expected Inflation, US Term Structure, oil price), and variables reflecting 

uncertainty about policy-makers’ actions (World Economic Policy Uncertainty), or con-

sumers’ confidence (US Consumer Confidence). 

On the whole, the emphasis on US variables is motivated by the nature of pairwise 

correlations studied in this research, which always involve the US Dollar. 

All these macroeconomic indicators appear in the existing literature, although, to the 

best of my knowledge, none of them has previously been employed to explore the deter-

minants of stocks/currency returns comovements. Some existing contributions, moreover, 

do not focus on dynamic asset returns correlations, but on potential drivers of hedge port-

folio returns. 

Poshakwale and Mandal (2016a, 2016b) use inflation uncertainty (measured as a non-

linear combination between current and expected inflation) in order to investigate the de-

pendence structure of a wide range of asset comovements. Inflationary expectations are 

also employed by Yousaf et al. (2021) as potential drivers of hedge returns. 

The use of economic policy indicators is quite diffuse in the literature: see, e.g., Li and 

Lucey (2017) (as regards stocks and bonds correlations versus major precious metals) and 

Dong and Yoon (2019) and Tronzano (2021) (as regards stock markets returns comovements). 

Although applied research emphasizing the role of oil as a financial asset is quite 

large (see, e.g., Filis et al. 2011; Ciner et al. 2013; Tronzano 2020), research exploring oil’s 

role as a potential driver of dynamic correlations is much scanter (Li and Lucey 2017). 

The US Term Structure of interest rates has attracted more attention in the literature, 

given its prominent role as a leading indicator of future economic activity; term spread 

changes have been used in Poshakwale and Mandal (2016a, 2016b) to explain dynamic 

returns comovements, and in other contributions as potential drivers of hedge returns 

(Saaed et al. 2020; Batten et al. 2021). 

Various consumer sentiment indicators have finally been employed, ranging from the 

OECD Consumer Confidence Index (Dong and Yoon 2019) to the US Consumer Confi-

dence Index (Tronzano 2021), or a large array of consumer sentiment indicators published 

by various national statistical sources (see Li and Lucey 2017, Appendix M, pp. 60–65). 

In order to set the stage for the empirical investigation, I now discuss expected coef-

ficient signs for the above variables. 

A widely held view in the finance literature is that a significant degree of asset vola-

tility, a high risk about asset payoffs, and Knightian uncertainty about the economic envi-

ronment, increase agents’ risk aversion, leading them to sell risky assets and purchase 

safer financial instruments. This is the so-called “flight-to-quality” phenomenon, outlined 

in Caballero and Krishnamurthy's (2008) seminal contribution, and strongly supported by 

the evidence presented by Campbell et al. (2010) for major global equity indexes and some 

outstanding safe-haven currencies (US Dollar, Euro, Swiss Franc). 

Since dynamic returns correlations explored in this paper refer to risky assets (global 

stock indexes) versus a safe-haven asset (US Dollar), a significant fraction of the empirical 

evidence can be interpreted in this perspective. 

In line with the “flight-to-quality” argument, I expect increases in the World Equity 

Risk Premium, volatility indicators, and the ECB systemic stress indicator to produce, on 

average, portfolio shifts from risky assets (global stocks) towards safe-haven instruments 

(US Dollar in our case), thus generating a fall in stock returns and an increase in US Dollar 

returns. A negative coefficient sign is therefore expected, for all the above indicators, in 

linear regression analyses assuming Dynamic Conditional Correlations as dependent var-

iables. The intensity of portfolio shifts associated with the systemic stress variable could, 

however, be lower, or even not statistically significant, since the ECB composite indicator 
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captures systemic risk, i.e. structural financial imbalances that might not instantaneously 

be reflected in agents' expectations. 

An important non-financial variable potentially related to “flight-to-quality” effects 

is represented by World Economic Policy Uncertainty. Higher economic policy uncer-

tainty increases Knightian uncertainty about future macroeconomic prospects and thus 

prospective asset payoffs, motivating significant portfolio readjustments in order to lower 

aggregate portfolio risk. Since this variable measures global worldwide uncertainty about 

policy-makers’ actions, increases in this indicator should negatively affect, quite homoge-

neously, all global stock returns. 

Turning to other macroeconomic variables, coefficients related to the US Consumer 

Confidence Index and the US Term Structure are expected to deliver positive signs. The 

former variable positively affects worldwide consumer spending given the crucial role of 

the US economy, and should therefore positively affect global equity returns through 

large aggregate demand upsurges. The latter variable is widely recognized as a leading 

predictor of real economic activity (see, among others, Estrella and Hardouvelis 1991); a 

higher positive slope of the US Term Structure should therefore positively affect stock re-

turns through the anticipated effects of better future macroeconomic prospects. Since an 

increase in these variables provides good news for the US economy, US Dollar returns are 

expected to react positively. The net effect on returns correlation should therefore be pos-

itive in both cases. 

The potential effects of oil price changes are not easy to establish. Since an oil price 

increase acts as a supply shock, economic intuition suggests a negative impact on stock 

returns via stagflationary effects, although the applied literature does not yield univocal 

findings (see the discussion in Ciner et al. 2013, sct. 1). The effects of oil price increases on 

US Dollar returns should instead be unambiguously positive, since oil prices are quoted 

in the US currency. The net expected effect on asset returns correlation is therefore nega-

tive, although the oil coefficient could also turn out to be not statistically significant. 

Consider finally the effects of US 1-year expected inflation. This requires a careful 

discussion about: 

(a) The effects of US Expected Inflation on stock returns; 

(b) The effects of US Expected Inflation on US Dollar returns. 

Focusing on point (a), it is instructive to refer to the recent empirical evidence ob-

tained by Chaudhari and Marrow (2022) for the US economy in the post-2000 period (i.e., 

the same temporal range addressed in the present paper). Using market-based expecta-

tions measures and alternative aggregate US stock indexes, these authors document, dif-

ferently from the earlier literature, a strong positive correlation between stock returns and 

expected inflation. This positive correlation is highly robust to the choice of the expecta-

tions measure, is present across the cross-section of stocks, and appears highly stable over 

time. Further empirical investigation relying on accurate identifying assumptions reveals 

that changes in expected inflation cause stock prices to rise, thus documenting that since 

the 2000s stocks provided a hedge against changes in inflation expectations. 

Drawing on this empirical evidence on the US economy, and assuming the existence of 

significant spillover effects from US stock returns to other major macroeconomic areas, a pos-

itive correlation between US 1-year Expected Inflation and all global stock returns is expected. 

Turning to point (b), economic intuition suggests that an increase in US Expected 

Inflation may positively affect US Dollar returns through two main channels which find 

consistent support in the literature. 

According to the first channel, the domestic Central Bank is likely to react to higher ex-

pected inflation with a more restrictive monetary policy, thus inducing a US Dollar apprecia-

tion. This channel is widely recognized in the literature, which underlines how the intensity 

of this effect is crucially affected by the credibility of monetary policies relying on Taylor rules 

(Clarida and Waldman 2019), and by agents' perceived weight on price stability in the Central 

Bank’s monetary policy reaction function (Ehrmann and Fratzscher 2004). 



J. Risk Financial Manag. 2024, 17, 167 6 of 26 
 

 

According to the second channel, higher expected inflation induces an upward revi-

sion in expected output (see the empirical evidence about the US economy obtained in 

Chaudhari and Marrow 2022, sct. 6); this, in turn, is likely to foster a US appreciation 

driven by better future economic prospects. 

To sum up, the expected sign for the coefficient relative to US Expected Inflation is 

positive in the present empirical investigation, since both stock returns and US Dollar re-

turns are expected to react positively to an increase in US inflationary expectations. 

3. Empirical Evidence 

3.1. Effects of Single Macroeconomic and Financial Variables on Returns Correlations 

This paper uses monthly data extending from November 2000to April 2023 (270 ob-

servations). 

The set of potential drivers of asset returns comovements includes five macroeco-

nomic variables and four financial indicators. Details about data sources and codes for 

these variables are provided in the Appendix A. 

Dynamic Conditional Correlations between US Dollar returns and aggregate stock 

market returns are obtained from Tronzano (2023). This paper documents that, when com-

pared with other safe-haven currencies (Swiss Franc, Euro, Yen), the US Dollar stands out 

as the best defensive instrument in hedged global stock portfolios. 

Drawing on this evidence, this paper extends forward the sample used in Tronzano 

(2023) and re-estimates the same multivariate Garch model focusing on the US Dollar and 

four aggregate stock markets (i.e., MSCI aggregate stock series for Europe, US, Emerging 

Markets and Japan). This allows to obtain four updated series of returns comovements 

between the US Dollar and global equity markets.3 

The relationship between time-varying returns comovements and their potential macro-

economic and financial determinants is explored inside a linear econometric framework. 

This sub-section performs a preliminary investigation in order to identify which var-

iables significantly impact returns comovements, and assess whether their coefficients 

conform to the expected signs outlined in Section 2. 

In line with the above remarks, this analysis focuses on the explanatory power of 

each single macroeconomic or financial variable, and the estimated equation is specified 

as follows: 

⍴usd,j,t = c + α (vt) + εt (1) 

where: 

⍴usd, j,t: time-varying conditional correlation, at time (t), between US Dollar returns and 

stock prices (j) returns (j: European Stocks; US Stocks; Emerging Markets Stocks; Japanese 

Stocks); 

c: constant term; 

vt: macroeconomic or financial variable, at time (t); 

εt: error term. 

Since preliminary data inspection carried out in Tronzano (2023) documents Arch 

effects and significant serial correlation in return series, Equation (1) is estimated using 

the Newey and West (1987) heteroscedasticity and autocorrelation consistent estimator of 

the covariance matrix. 

Table 1 summarizes the results. 
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Table 1. Effects of Single Macroeconomic and Financial Variables on Returns Correlations. 

Monthly Data: November 2000–April 2023 (270 Obs.). 

Variables USD/European Stocks USD/US Stocks USD/Em. Mark. Stocks 
USD/Japanese 

Stocks 

 α R2 α R2 α R2 α R2 

CBOE VIX 
0.060 0.001 0.07 0.001 0.06 0.011 −0.08 0.002 

(0.21)  (0.28)  (0.72)  (−0.40)  

Equity Market 

Volatility Tracker 

0.07 0.041 0.07 0.038 0.06 0.017 0.05 0.023 

(1.01)  (1.30)  (0.72)  (0.90)  

ECB Systemic 

Stress 

−0.09 0.008 0.002 0.000 0.02 0.000 −0.03 0.001 

(−0.63)  (0.12)  (0.70)  (−0.25)  

World Equity Risk 

Premium 

−1.00 *** 0.465 −0.83 *** 0.349 −1.18 *** 0.422 −0.57 *** 0.212 

(−7.59)  (−6.01)  (−5.22)  (−4.04)  

US 1-Year Ex-

pected Inflat. 

1.32 *** 0.288 1.25 *** 0.291 1.40 *** 0.215 0.88 *** 0.184 

(5.81)  (5.12)  (3.27)  (3.41)  

World Economic 

Pol. Uncertainty 

−0.88 ** 0.166 −0.78 ** 0.145 −1.57 *** 0.350 −0.93 *** 0.262 

(−2.76)  (−2.52)  (−5.40)  (−4.03)  

Oil Price 
−0.22 ** 0.169 −0.13 0.063 −0.22 * 0.101 −0.04 0.009 

(−2.14)  (−1.23)  (−1.78)  (−0.50)  

 US Term Struc-

ture 

0.04 0.001 −0.08 0.003 0.19 0.012 0.11 0.009 

(0.16)  (−0.38)  (0.58)  (0.58)  

US Consumer 

Confidence 

1.08 0.027 0.93 0.022 −0.67 0.006 0.04 0.000 

(1.02)  (0.94)  (−0.59)  (0.04)  

Notes: Estimated equations have the following specification ⍴USD,j,t = c + αvt + εt, where ⍴USD,j,t: condi-

tional correlation between the defensive asset (US Dollar) and stock price (j: European Stocks; US 

Stocks; Emerging Markets Stocks; Japanese Stocks) returns at time (t). c: constant term; vt: single 

macroeconomic or financial indicator at time (t); εt: error term. Newey and West (1987) heterosce-

dasticity and autocorrelation consistent estimates. t-statistics in parentheses below parameters esti-

mates. ***: significant at a 1% level; **: significant at a 5% level; *: significant at a 10% level. 

Overall, this table documents a greater influence of macroeconomic variables in driv-

ing conditional correlations. 

Focusing on financial indicators (the first four lines), neither volatility indexes nor the 

ECB systemic risk indicator turn out to be statistically significant. 

The World Equity Risk Premium exerts instead a major influence in driving return 

comovements. All coefficients relative to this variable display correct (i.e., negative) signs 

and are strongly significant. The intensity of “flight-to-quality” effects associated with the 

World Equity Risk Premium is quite high, on average, with only the Japanese stock mar-

ket displaying a quantitatively lower response. Moreover, the explanatory power of risk 

premium estimated equations is the highest, thus documenting the important role of 

agents' risk aversion in driving worldwide portfolio shifts from global stock markets to-

ward the US currency. 

Turning to macroeconomic indicators (the last five lines), a larger number of variables 

display significant effects. 

An important influence is observed for US 1-year expected inflation and World Eco-

nomic Policy Uncertainty, while a more modest influence is recorded for the oil price var-

iable (whose coefficients, however, exhibit the correct expected sign). No statistically sig-

nificant effects are finally documented for the US Term Structure and the US Consumer 

Confidence indicators. 

The quantitative effects of US Expected Inflation and World Economic Policy Uncertainty 

on returns comovements are broadly similar. In both cases, estimated parameters are strongly 
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significant and in line with expected signs. Estimated equations for these macrovariables, fi-

nally, exhibit for all stock markets a satisfactory degree of explanatory power. 

The results for US Expected Inflation are consistent with the positive correlation be-

tween US aggregate stock indexes and US inflationary expectations documented in the 

recent literature (Chaudhari and Marrow 2022); moreover, according to our empirical 

findings, the positive effects stemming from the US equity market significantly spread to 

other major international stock markets. 

The results for World Economic Policy Uncertainty suggest that “flight-to-quality” 

effects are not only related to the degree of agents’ risk aversion, but also to uncertainty 

about policy-makers’ actions. 

Overall, the empirical evidence for financial indicators is only partially in line with 

existing contributions, since the CBOE-Vix and other volatility indicators have often been 

found to exert significant influences on returns correlations (see, among others, Dua and 

Tuteja 2016; Min et al. 2016; Aslanidis and Martinez 2021). Although the World Equity 

Risk Premium has been less intensively studied, our results are instead in line with exist-

ing contributions (see, e.g., Poshakwale and Mandal 2016a, 2016b; Tronzano 2021). 

A similar conclusion holds as regards macroeconomic variables. Differently from ear-

lier work (see e.g., Behmiri et al. 2019; Poshakwale and Mandal 2016a, 2016b; Li and Lucey 

2017; Dong and Yoon 2019), the US Term Structure and US Consumer Confidence do not 

exert any influence in this empirical investigation; in line with the existing literature, how-

ever, this paper documents an important role for US inflationary expectations (Yousaf et 

al. 2021) and economic policy uncertainty (Li and Lucey 2017; Dong and Yoon 2019). 

3.2. Multiple Regressions 

As previously documented, returns comovements between the US Dollar and global 

stocks are predominantly driven by macroeconomic variables, while the World Equity 

Risk Premium represents the only financial indicator playing a significant role. 

This sub-section extends this analysis, exploring the joint effects of statistically sig-

nificant variables on return correlations. 

This approach is propedeutic to further empirical investigation about the predictive 

performance of alternative forecasting models of return comovements. 

This multiple regression framework excludes all variables previously found to be not 

statistically significant. Estimated equations focus therefore on the joint explanatory 

power of one financial indicator (World Equity Risk Premium), and three macroeconomic 

variables related, respectively, to economic policy uncertainty (World Economic Policy 

Uncertainty), inflationary expectations (US 1-year Expected Inflation), and one commod-

ity price (Oil Price). 

All explanatory variables appear now with a 1-period lag. This is consistent with the 

spirit of the present analysis, where a hypothetical portfolio manager needs to forecast 

return comovements in order to implement optimal dynamic asset allocation strategies. 

The portfolio manager exploits all relevant macroeconomic and financial information 

available at time (t) in order to forecast, as accurately as possible, asset return comove-

ments at time (t + 1). 

In line with the above discussion, estimated equations for return comovements are 

specified as follows: 

⍴USD,j,t = c + β1 (Repungl)t−1 + β2 (Rerp)t−1 + β3 (Roil)t−1 + β4 (Rinf1Y)t−1 + εt (2) 

where 

⍴USD,j,t: conditional correlation between the defensive asset (US Dollar) and stock price (j: 

European Stocks; US Stocks; Emerging Markets Stocks; Japanese Stocks) returns at time 

(t); 

c: Constant Term; 

Repungl: World Economic Policy Uncertainty Index (rescaled by/1000); 
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Rerp: World Equity Risk Premium (rescaled by/10); 

Roil: Oil Price (rescaled by/100); 

Rinf1Y: US 1-year Expected Inflation (rescaled by/10); 

εt: Error Term. 

Multivariate regressions relying on Equation (2) are again estimated using the Newey 

and West (1987) heteroscedasticity and autocorrelation consistent estimator for the covar-

iance matrix. 

The empirical investigation carried out in Equation (2) is immune from multicolline-

arity problems since unconditional correlations between explanatory variables are con-

sistently lower than 0.5.4 

Table 2 summarizes the results from multiple linear regressions. 

Table 2. Multiple regressions: Effects of Selected Macroeconomic and Financial Variables on Returns 

Correlations. Monthly Data: November 2000–April 2023 (270 Obs.). 

Estimated Coef-

ficients 
USD/European Stocks USD/US Stocks USD/Em. Mark. Stocks 

USD/Japanese 

Stocks 

c −0.30 *** (−3.47) −0.19 ** (−2.24) −0.21 ** (−2.43) −0.26 *** (−2.96) 

β1 −0.48 * (−1.77) −0.44 (−1.57) −1.18 *** (−4.35) −0.75 *** (−3.53) 

β2 −0.29 * (−1.67) −0.29 (−1.27) −0.28 (−1.04) −0.10 (−0.55) 

β3 −0.17 ** (−2.34) −0.07 (−0.98) −0.16 (−1.56) −0.01 (−0.20) 

β4 1.04 *** (4.26) 0.96 *** (4.54) 0.98 *** (4.09) 0.69 *** (2.89) 

Overall Regres-

sion Fit, 

Regression 

Standard 

Errors, 

F-Statistic 

        

R2 0.590  0.476  0.598  0.402  

S.E. 0.104  0.112  0.128  0.106  

F-Stat. 95.6 ***  60.4 ***  98.7 ***  44.5 ***  

Notes: Estimated equations have the following specification: ⍴USD, j, t = c + β1 (Repungl)t−1 + β2 (Rerp)t−1 

+ β3 (Roil)t−1 + β4 (Rinf1Y)t−1 + εt, where: ⍴USD,j,t: conditional correlation between the defensive asset 

(USD: US Dollar) and stock price (j: European Stocks; US Stocks; Emerging Markets Stocks; Japanese 

Stocks) returns at time (t); c: constant term; Repungl: World Economic Policy Uncertainty Index 

(rescaled by/1000); Rerp: World Equity Risk Premium (rescaled by/10); Roil: Oil Price (rescaled 

by/100); Rinf1Y: US 1-year Expected Inflation (rescaled by/10); εt: error term. Newey and West (1987) 

heteroscedasticity and autocorrelation consistent estimates. t-statistics in parentheses below param-

eters estimates. ***: significant at a 1% level; **: significant at a 5% level; *: significant at a 10% level. 

The upper section reports parameters estimates and correspondent t-statistics; the 

lower section includes basic information about the overall fit of estimated regressions. 

Coefficients estimates yield correct expected signs across all equations. More specifi-

cally, these coefficients are positive for US 1-year Expected Inflation (β4) and negative for 

remaining regressors (β1, β2, β3). 

The prominent role of US inflationary expectations is confirmed inside this multivar-

iate econometric framework. The β4 parameter is always strongly significant and displays 

a high quantitative impact on return comovements.5 

Again, in line with previous results, World Economic Policy Uncertainty represents 

a further important variable affecting return comovements. As documented in Table 2 

(second row), the β1 parameter is (almost) always statistically significant, while its impact 

on return comovements appears particularly strong in Emerging Markets and Japanese 

financial markets. 
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The relatively higher negative estimate obtained for β1 in the case of Emerging Mar-

kets Stocks reflects the greater influence exerted by economic policy uncertainty on 

“flight-to-quality” effects in these more unstable countries. A converse argument holds 

for US Stocks, where the not significant β1 estimate reflects the more stable macroeconomic 

environment characterizing the US economy. 

The two remaining variables in Table 2 (oil price, World Equity Risk Premium) dis-

play modest effects. 

As regards oil price (β3 parameter), the empirical evidence is in line with previous 

results, where this variable was found to be strongly significant only with reference to US 

Dollar/European Stocks comovements. The marginal role played by this variable does not 

come unexpected since, as already underlined, oil price effects on asset returns comove-

ments are difficult to disentangle and the existing literature provides mixed empirical 

findings in this regard. 

Turning to the World Equity Risk Premium (β2 parameter), estimated coefficients are 

never statistically significant, except in the US Dollar/European Stocks case when this var-

iable is marginally significant. These results differ from previous findings, where the eq-

uity risk premium has been found to exert a relevant influence (Table 1). 

The rationale for this discrepancy lies in the different specifications underlying Equa-

tion (1) (assuming a contemporaneous effect of exogenous variables on return comove-

ments), and Equation (2) (assuming a lagged effect of exogenous variables on return 

comovements). An increase in the equity risk premium measures an increase in the degree 

of agents’ risk aversion, and its adverse effects on stock markets returns (i.e., “flight to 

quality” shifts from equity markets towards safe-haven assets) are likely to materialize 

almost instantaneously, or very quickly, on financial markets. This explains why “flight-

to-quality” effects induced by an increase in the World Equity Risk Premium are captured 

by Equation (1) (contemporaneous effects) but not by Equation (2) (lagged effects). To put 

it differently: the effects of an increase in risk aversion quickly vanish over time, thus mak-

ing (β2) not significant in Equation (2) where this variable enters with a 1-month lag. 

Focusing on the lower section of Table 2, multiple regressions analyzing the joint ef-

fects of macroeconomic and financial variables provide, on the whole, satisfactory results. 

The null hypothesis that all coefficients are zero is always strongly rejected by F-tests. 

The overall fit of estimated equations, as shown by R-squared values, lies in a 0.4–0.6 

range. This interval for the fraction of variance explained by estimated models is adequate, 

taking into account the nature of dependent variables and the results obtained in the ex-

isting literature. Note, moreover, that R-squared values from Table 2 are consistently 

higher than those reported in Table 1, although such a comparison is not strictly homoge-

nous given the different lag structures of estimated models. 

Standard errors of estimated regressions, finally, comprise a 0.10–0.12 interval. This 

range of values appears fairly good, taking into account the complex nature of dynamic 

return comovements. However, since the final purpose of this empirical exercise is to pro-

vide accurate covariance matrix forecasts for dynamic asset allocation processes, further 

research efforts to minimize standard errors of estimated models are clearly needed. 

3.3. Forecasting Performance of Alternative Models 

Previous sub-sections have explored the effects of macroeconomic and financial var-

iables on asset return correlations. Drawing on these results, this sub-section explores the 

forecasting performance of alternative models. 

I select three models exploring the macro-financial determinants of dynamic correla-

tions between the US Dollar and global stock returns and compare their forecasts through 

various predictive performance criteria. 

Focusing on the effects of single macroeconomic and financial factors, US 1-year Ex-

pected Inflation stands out as the most influential variable (see Table 1). This empirical 

evidence motivates the choice of a first simple model assuming only US inflationary ex-

pectations as an explanatory variable (Model (1)). 
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Focusing on the joint effects of some selected macroeconomic and financial factors, 

World Economic Policy Uncertainty stands out as a further relevant variable, whereas the 

Equity Risk Premium and Oil Price display, overall, modest effects (see Table 2). These 

results motivate the choice of a latter, more complex model, assessing the joint forecasting 

power of US inflationary expectations and global economic policy uncertainty (Model (2)). 

Finally, in order to provide a useful reference benchmark, a wider model including 

all macroeconomic and financial variables is selected (Model (3)). This model corresponds 

to Equation (2), and includes one financial indicator (World Equity Risk Premium) and 

three macroeconomic variables (World Economic Policy Uncertainty, US 1-year Expected 

Inflation, Oil Price).6 

Forecast values of return comovements are obtained using a recursive regression ap-

proach. Models (1), (2), and (3) are thus estimated recursively, starting from 2000.2 and 

adding one observation at each iteration until the end of the sample (2023.4) is reached. 

The accuracy of forecasting models is evaluated by means of two standard measures and 

one non-parametric test of predictive performance. The two former indicators are represented 

by the Mean Absolute Error (MAE) and by the Root Mean Squared Error (RMSE), namely two 

commonly used measures in the literature on the expost forecast (i.e., forecasts for which ex-

ogenous variables do not have to be forecast, see, e.g., Greene (1993), p. 197). 

Additionally, the non-parametric test proposed by Pesaran and Timmermann (1992) 

is implemented. This is a directional accuracy test, which is meant to assess whether the 

proposed model does a good job of predicting the direction of change of the series under 

investigation.7 This test is appealing in the present context since the direction of change of 

return comovements represents one relevant piece of information from a portfolio man-

ager's perspective. 

The Pesaran and Timmermann (1992) test is based on the proportion of times that the 

direction of change is correctly predicted; this statistic is distributed as a standard normal 

under the null hypothesis that actual and forecast values are independently distributed. 

Table 3 summarizes the performance of alternative forecasting models for asset re-

turn correlations. 

Table 3. Forecasting Performance of Alternative Models. Monthly Data: May 2001–April 2023 (264 

observations). 

Models CDUSDDEU CDUSDDUS CDUSDDEM CDUSDDJP 

MODEL 1 

(Rinf1y)t−1 

MAE: 0.115 MAE: 0.107 MAE: 0.132 MAE: 0.099 

RMSE: 0.139 RMSE: 0.130 RMSE: 0.179 RMSE: 0.124 

PT TEST: n.a. PT TEST: 2.097 ** PT TEST: n.a. PT TEST: n.a. 

MODEL 2 

(Rinf1y)t−1; (Repungl)t−1 

MAE: 0.099 MAE: 0.101 MAE: 0.120 MAE: 0.085 

RMSE: 0.129 RMSE: 0.122 RMSE: 0.146 RMSE: 0.110 

PT TEST: n.a. PT TEST: −0.536 PT TEST: n.a. PT TEST: −0.152 

MODEL 3 

(All Variables)t−1 

MAE: 0.087 MAE: 0.097 MAE: 0.107 MAE: 0.087 

RMSE: 0.111 RMSE: 0.118 RMSE: 0.133 RMSE: 0.112 

PT TEST: n.a. PT TEST: 6.322 *** PT TEST: n.a. PT TEST: −0.153 

Notes: CDUSDDEU: Conditional Correlation US Dollar/European Stocks returns; CDUSDDUS: 

Conditional Correlation US Dollar/US Stocks returns; CDUSDDEM: Conditional Correlation US 

Dollar/Emerging Markets Stocks returns; CDUSDDJP: Conditional Correlation US Dollar/Japanese 

Stocks returns. Model 1: Estimated Equation: ⍴USD,j,t = c + β4 (Rinf1Y)t−1 + εt (agged US inflationary 

expectations only). Model 2: Estimated Equation: ⍴USD,j,t = c + β1 (Repungl)t−1 + β4 (Rinf1Y)t−1 + εt 

(lagged US inflationary expectations; Lagged World Economic Policy Uncertainty). Model 3: Esti-

mated Equation: ⍴USD,j,t = c + β1 (Repungl)t−1 + β2 (Rerp)t−1 + β3 (Roil)t−1 + β4 (Rinf1Y)t−1 + εt (All Lagged 

Variables). See notes in Table 2 for the meaning of all symbols appearing in estimated equations. 
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The first column refers to the alternative forecasting models previously defined; sub-

sequent columns include predictive performance measures computed for pairwise corre-

lations between US Dollar returns and global stock returns. 

Consider, first, standard forecasting accuracy measures (MAE, RMSE). 

A strong empirical regularity emerging from Table 3 is represented by the gains, in 

terms of forecasting accuracy, obtained when moving from simpler to more complex mod-

els. This empirical regularity is robust to alternative forecasting metrics, and to (almost) 

all pairwise correlations between US Dollar and global stock returns.8 

The average MAE value computed for Model 1 on all conditional correlations 

amounts to 0.113, while the corresponding value for Model 3 is 0.0945. On average, there-

fore, a more sophisticated regression model yields an improvement in forecasting perfor-

mance of almost 2 basis points. An even greater forecasting improvement is obtained in 

terms of RMSE. Focusing on this latter metric, and replicating the same comparison, yields 

an average improvement in forecasting performance amounting to 2.5 basis points. 

These forecasting improvements are quite homogeneously distributed across various 

global stock markets. In the case of Emerging Market stocks (CDUSDDEM), however, 

these forecasting improvements are substantial, both in terms of MAE (2.5 basis points) 

and in terms of RMSE (4.6 basis points). 

Consider now the results from the Pesaran and Timmermann (1992) non-parametric 

test. Before commenting on these results, it is useful to take a quick glance at the values of 

asset return correlations obtained from the estimated DCC model. 

As shown in Figure 1, these correlations are almost always negative during the sam-

ple period, thus reflecting the peculiar nature of the US Dollar as a strong defensive in-

strument against riskier financial instruments. More specifically, only two of these corre-

lations display sporadic fluctuations between negative and positive values: namely those 

related to US Dollar/US Stocks returns (blue line), and those related to US Dollar/Japanese 

Stocks returns (green line). 

 

Figure 1. Conditional correlations between US Dollar returns and stocks returns. Monthly data: No-

vember 2001–April 2023. 
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This explains why, as documented in Table 3, the PT test can actually be computed 

for these time-varying conditional correlations, but not for those involving European 

Stocks and Emerging Markets Stocks (see, for this purpose, footnote 7). 

Focusing on comovements between US Dollar and US Stocks returns, the PT test 

strongly rejects the null hypothesis that actual and forecast values are independent in most 

cases (Model 1, Model 3), thus suggesting that these models do a good job in terms of 

directional accuracy. 

The null hypothesis, on the other hand, is never rejected as regards the US Dollar/Japa-

nese Stocks empirical evidence, thus implying that all proposed models are less accurate, in 

this case, in correctly predicting the change in the direction of asset returns comovements. 

To sum up, the PT test is often undefined, in the context of the present paper, as a 

consequence of some specific features of asset return comovements. Overall, the empirical 

evidence from this test provides mixed results, which underline the superiority of the US 

stock market in order to implement efficient hedging strategies relying on the US Dollar 

as a defensive currency. 

In order to offer a more complete picture of the results associated with this forecast-

ing exercise, this sub-section ends by providing some comparisons between actual values 

of conditional correlations and their recursive forecasts relying on the previously de-

scribed regression approach. 

I analyze three conditional correlation patterns corresponding, respectively, to US 

Dollar return comovements with US, European, and Japanese Stock returns.9 In line with 

the previous discussion, only more complex regression models are considered, since they 

yield better forecasting results (see Table 3). More specifically, Model (3) is considered as 

regards US and European stocks, while Model (2) is selected as regards Japanese stocks. 

In all cases, this model selection is dictated by those regression models that provide the 

lowest values in terms of MAE and RMSE. 

Figure 2 summarizes this empirical evidence. 
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Figure 2. Conditional correlations between US Dollar returns and stock returns. Actual values ver-

sus recursive forecasts. Monthly data: May 2001–April 2023. 

In all plots, blue lines correspond to actual values of time-varying conditional corre-

lations obtained from the estimated DCC models; red lines correspond instead to forecast 

values derived from recursive estimates of Model (3) or Model (2). 

Two relevant features of Figure 2 deserve attention: 
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1. A common pattern of forecast errors relative to different asset return comovements; 

2. A close correspondence between the results from PT tests and some relevant direc-

tional accuracy features emerging from various plots. 

Focusing on the former point, recursive forecasts displayed in Figure 2 display, over-

all, good tracking of asset return comovements. 

An important empirical regularity emerging from these plots is that the largest fore-

cast errors are always concentrated during the 2008–2012 interval and toward the end of 

the sample. These periods correspond, respectively, to major financial crises that occurred 

during the last decades (Great Financial Crisis, Eurozone Debt Crisis) and to the destabi-

lizing effects associated with the COVID-19 pandemic in 2020–2021. 

A large strand of applied literature documents the devastating effects and the mas-

sive contagion episodes associated with the 2008 US financial crisis and the 2010–2012 

Eurozone Debt Crisis; an equally large strand of the literature, moreover, analyzes the 

strong financial turmoil induced by the COVID-19 pandemic.10 

In this perspective, it is not surprising that the bulk of forecast errors for asset returns 

comovements concentrates during the above periods. 

Turning to the latter point, the PT test results reported in Table 3 document a major 

difference between US Stock returns comovements (where this test is strongly significant) 

and Japanese Stock returns comovements (where this test is never statistically significant). 

The better directional accuracy performance recorded for US Dollar/US Stock 

comovements is clearly apparent when comparing actual and recursive forecast values 

reproduced in plots (2A) and (2C). 

Consider, for instance, the tracking performance of model forecasts during the initial 

part of the sample, i.e., from mid-2001 until the burst of the Great Financial Crisis. Com-

paring red forecast lines in these plots, it is evident that the former (2A) tracks much more 

accurately actual returns comovements, closely following major turning points. This bet-

ter directional accuracy performance is again documented at the burst of the Great Finan-

cial Crisis, when the strong downturn in asset market comovements is better captured in 

plot (2A), whereas in plot (2C), forecast values actually follow the sharp fall in conditional 

returns correlation, largely underestimating the magnitude of this movement. Overall, 

this visual evidence closely reflects the sharp difference between directional accuracy tests 

documented in Table 3. 

To sum up, recursive regression models proposed in this sub-section provide satis-

factory forecasting results. The empirical evidence suggests that more complex models 

yield significant gains, in terms of forecasting accuracy, as shown by the consistent im-

provements in standard forecasting measures (MAE, RMSE). 

The results relative to directional forecasting accuracy (PT test) are instead more 

mixed and display significantly better outcomes in the US Dollar/US Stocks case. 

Visual evidence comparing actual and forecast values, finally, reveals strong similar-

ities in forecast error patterns and corroborates the main differences pointed out by the PT 

test in terms of directional accuracy. 

3.4. Parameters Stability 

The investigation carried out in the previous sub-section has documented large fore-

cast errors, mostly concentrated during the US Great Financial Crisis and the Eurozone 

Debt Crisis. 

This sub-section revisits the forecasting performance of estimated models in light of 

this empirical evidence. 

More specifically, it tries to understand to what extent the poor forecasting perfor-

mance documented during the US Great Financial Crisis and the Eurozone Debt Crisis 

may be ascribed to parameters instability that occurred during these periods.11 

In line with the above remarks, I now focus on the time-varying patterns of various 

recursive coefficients. 



J. Risk Financial Manag. 2024, 17, 167 16 of 26 
 

 

Since it has been documented that more complex model specifications yield better 

forecasting results, all plots refer to the wider model including all macroeconomic and 

financial variables (Model (3)). Moreover, in order to save space, I focus on recursive esti-

mates relative to the variables displaying the most significant effects on returns comove-

ments, whereas oil price effects, which retain minor importance, are not discussed here.12 

Figures 3–5 display recursive estimates of Model (3) parameters related, respectively, 

to the lagged effects of US Expected Inflation, World Economic Policy Uncertainty, and 

the World Equity Risk Premium. 

As explained inside these figures, blue lines refer to estimated recursive coefficients, 

while red and green lines refer to confidence intervals. 

 
Figure 3. Timevarying effects of lagged US Expected Inflation coefficients on conditional correla-

tions: a comparison. 
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Figure 4. Time-varying effects of lagged World Economic Policy Uncertainty coefficients on condi-

tional correlations: a comparison. 

 

 
Figure 5. Time-varying effects of lagged World Equity Risk Premium coefficients on conditional 

correlations: a comparison. 

Each figure contains plots relative to pairwise conditional correlations between US 

Dollar returns and US Stocks (CDUSDDUS), European Stocks (CDUSDDEU), Japanese 

Stocks (CDUSDDJP), and Emerging Markets Stocks (CDUSDDEM) returns. Recursive pa-

rameter estimates are obtained assuming May 2001 as the first terminal date and progres-

sively enlarging the sample size, adding one (monthly) observation at each iteration. 

On the whole, two main features stand out: 

1. Recursive coefficients plots for each exogenous variable display notable similarities 

across various pairwise correlations (compare, for this purpose, the plots reported, 

respectively, in Figures 3–5); 

2. Focusing on various figures, a clear instability is apparent, for all recursive coeffi-

cients, during the period corresponding to the 2007/2008 US Great Financial Crisis. 

Consider Figure 3, which shows the effects of lagged US Expected Inflation, i.e. the 

most important variable influencing conditional correlations in this research. Huge drops 

in this parameter are documented for all pairwise correlations; these sharp downward 

movements, moreover, pinpoint in the benchmark scenario (blue lines) a temporary shift 

from positive to negative values. 
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This empirical evidence documents a significant, albeit temporary, structural break 

in US expected inflation coefficients, thus capturing a tremendous destabilizing influence 

brought about by the 2007/2008 Great Financial Crisis. This destabilizing influence pro-

gressively vanishes over time during the period corresponding to the Eurozone Debt Cri-

sis. Subsequent recursive coefficient values display a highly stable pattern, except for a 

minor instability associated with the COVID-19 period, stabilizing in most cases around 

the end of the sample, which is consistent with the empirical findings displayed in Table 

2 (see β4 parameter in this table). 

Figure 5, relative to the World Equity Risk Premium, provides quite a similar picture. 

In line with previous findings, recursive coefficients show some instability during the in-

itial years and exhibit a slump from positive to negative values during the Great Financial 

Crisis. This structural break is consistent with a sharp risk aversion increase in global stock 

markets as a consequence of panic and contagion effects characterizing this crisis period. 

The much lower risk appetite gave rise to frequent “flight to quality” episodes: in this 

context, the US currency benefited from significant portfolio shifts, which caused an in-

creased decorrelation, clearly documented in Figure 5, between the US Dollar and global 

stock returns. After this major financial crisis episode, recursive coefficients display a 

quick stabilizing tendency, although persisting on slightly negative values until the end 

of the sample. This persistence on negative but quantitatively small values explains why 

world equity risk premium coefficients are rarely found to be statistically significant in 

Table 2 (although always displaying the correct negative expected sign). 

Consider, finally, Figure 4, where the dynamic effects of World Economic Policy Un-

certainty are shown. In line with previous patterns, a high instability for these coefficients 

is documented along the initial part of the period. Peak values are documented during the 

Great Financial Crisis. However, as documented in this figure, these values are almost 

always positive (contrary to the a priori expected sign), while a negative value is docu-

mented only as regards the correlation between the US Dollar and Emerging Markets 

stock returns. 

This last result is the only one in line with a priori expectations and suggests a higher 

sensitivity of Emerging Market stocks to “flight to quality” effects generated by increases 

in global economic policy uncertainty. 

After the Eurozone Debt Crisis, all recursive coefficients exhibit a long-run down-

ward trend until the end of the sample. This trend is stronger in the Emerging Markets 

Stocks case, thus confirming the higher sensitivity of these equity markets to portfolio re-

adjustments motivated by increases in economic policy uncertainty. Negative values of 

recursive coefficients are observed, in this case, during the whole second half of the sam-

ple, whereas for other stock markets negative coefficients are observed only since the end 

of 2017. 

Overall, the relatively higher negative values observed for all recursive coefficients at 

the very end of the sample explain why these parameters are, in most cases, highly signif-

icant in multiple regressions estimates appearing in Table 2.13 

To sum up, this empirical evidence documents, for all pairwise conditional correla-

tions, the existence of some instabilities in all models’ parameters, culminating during the 

period corresponding to the 2007/2008 US financial crisis. 

The recursive patterns of coefficients relative to the effects of lagged US Expected 

Inflation deserve particular attention since, according to our previous empirical evidence, 

US inflationary expectations exert a major influence on conditional returns correlations. 

As shown in Figure 3, these patterns display sharp downturns during the Great Financial 

Crisis, with average recursive estimates exhibiting abrupt temporary shifts from positive 

to negative values. 

Overall, these results suggest that the poor forecasting performance documented in 

Section 3.3 during the Great Financial Crisis may be ascribed, at least partially, to struc-

tural parameters instabilities culminating during this period. 
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This empirical evidence must be evaluated from a critical perspective, possibly out-

lining some fruitful extensions of this research. 

A recent survey paper by Rossi (2021) provides useful insights in this regard, and it 

appears to be particularly interesting since it refers to various case studies strictly related 

to the present paper, such as the instabilities related to the 2007/2009 US Great Recession 

(which originated from the US Great Financial Crisis), the US inflationary process, asset 

returns, and exchange rates predictability. 

One key insight put forward by Rossi (2021) is that breaks in model parameters are nei-

ther necessary nor sufficient to generate time variation in the model’s forecasting performance. 

They are not necessary because the effects of instabilities in various parameters could 

cancel themselves out, thus leaving the model’s forecasting performance unchanged over 

time; they are not sufficient either, because the source of forecast errors could lie in the 

model’s misspecification or instabilities not entirely captured by the selected model. 

This latter issue, i.e., misspecification problems, might affect the temporary forecast-

ing instabilities documented in this paper since they might depend not only on changes 

in the conditional mean of various predictors, but also on changes in their conditional 

variance and the volatility of various shocks. 

An extension of this investigation implementing time-varying and stochastic volatil-

ity models, therefore, represents an interesting future research direction. 

Rossi (2021) provides, moreover, an accurate discussion about two estimation ap-

proaches aimed at improving models’ forecasting performance in the presence of instabil-

ities: the former explicitly models the instability in model parameters, while the latter ex-

ploits information from additional data dimensions.14 

Both approaches are relevant from the perspective of the present paper and provide 

additional insights for further research extensions. 

The former approach relies on past observations of exogenous predictors, re-estimat-

ing their parameters each time a forecast is made. Various techniques have been devised 

to optimally choose the weights of past observations, accounting for large, discrete breaks, 

or smooth, continuous breaks.15 A complementary research line, always inside this ap-

proach, explicitly models non-linearities and time variation in model coefficients, in order 

to provide good out-of-sample forecasts using simpler (Teräsvirta 2006) or more complex 

models (Pesaran et al. 2006). 

The latter approach relates instead to a large strand of the recent applied literature im-

proving forecast performance through a large set of predictors, data sampled at different fre-

quencies, and cross-sectional data. This research strategy, commonly labeled as the “Big Data” 

approach, is particularly appealing from the perspective of the present paper, since neither 

economic nor finance theory provide specific suggestions about potential drivers of asset re-

turns comovements, while the relevance of these drivers may also vary over time. 

This time-varying pattern of asset returns drivers, most likely occurring during peri-

ods of intense financial stress, is consistent with the empirical evidence documented in 

the present paper. Actually, as shown in Figure 2, large forecasting instabilities occurred 

not only during the 2007/2008 Great Financial Crisis, but also during the 2010/2012 Euro-

zone Debt Crisis and, towards the end of the sample, during financial turmoil associated 

with the COVID-19 pandemic. 

Under these circumstances, namely when the predictive ability of selected models 

denotes a significant degree of time variation, the availability of a much larger number of 

predictors clearly represents a major advantage in order to avoid potential misspecifica-

tion problems. 

While exploiting additional dimensions through “Big Data” approaches helps to pro-

tect against misspecification, large-dimensional models raise technical estimation prob-

lems and the “curse of dimensionality” issues related to parameter proliferation. Various 

solutions have therefore been devised in the recent literature, proposing suitable aggre-

gation and dimensionality reduction techniques.16 
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To conclude, the empirical investigation performed in the present sub-section pin-

points significant parameter instabilities, mostly concentrated during the initial part of the 

sample, which explain the large forecast errors documented during the 2007/2008 Great 

Financial Crisis. 

A critical evaluation of these results in light of the recent literature dealing with mod-

els with forecasting instabilities suggests that the analysis of this sub-section can be prof-

itably extended along various directions. 

These new research lines include the following topics: addressing model misspecifi-

cations allowing for time-varying conditional variances or using stochastic volatility mod-

els; accounting for structural breaks in models parameters either optimally choosing past 

observations weights or explicitly modeling nonlinearities and time-varying coefficients; 

and, finally, exploiting information from additional data dimensions. This last research 

direction, i.e., relying on large-dimensional models including a wide number of predic-

tors, is particularly appealing in the present context, given the complex set of influences 

affecting asset returns comovements, their time-varying nature, and the frequent financial 

turmoil occurred over the last two decades. 

These financial turbulences, unfortunately, are likely to occur again in the foreseeable 

future, given the recent strong increases in worldwide geopolitical risks, the persistent 

imbalances in public finances of some major industrialized countries, and the slow emer-

gence of a new multipolar international financial architecture, where a representative 

group of Emerging Market countries is challenging the leading role of the US Dollar as a 

world reserve currency. 

4. Concluding Remarks 

What are the main macroeconomic and financial factors affecting asset returns 

comovements? This is a crucial issue from the perspective of portfolio managers, since 

accurate forecasts of these comovements provide essential information in order to imple-

ment optimal dynamic asset allocation strategies. 

Although some determinants of asset returns comovements have been explored in 

the recent literature, existing work is still relatively scant as regards portfolios including 

global stock indexes and some major currencies as defensive assets. This work, moreover, 

explores only the role of a limited number of financial factors (Dua and Tuteja 2016) or 

that of country-specific financial shocks (Min et al. 2016). 

This represents a significant drawback in existing contributions since, as widely doc-

umented in the literature, major reserve currencies (particularly the US Dollar) display 

notable hedging properties in international stock portfolios. 

This paper fills the above gap. 

I focus on time-varying returns correlations between the US Dollar and major global 

stock indexes during the last two decades. Drawing on this database, I select a compre-

hensive set of potential drivers of these returns comovements, and assess the forecasting 

accuracy of econometric models relying on these variables. 

The contribution to the existing literature is twofold: 

1. Differently from existing research, a large set of potential drivers of asset returns cor-

relations is explored. This set includes macroeconomic variables, economic policy 

uncertainty and consumer sentiment indicators, financial variables related to market 

volatility, systemic stress, and risk premium indicators; 

2. Differently from existing contributions, a major focus of this paper is on the predic-

tive accuracy of alternative econometric models, evaluated both through standard 

forecast metrics (MAE, RMSE) and through a non-parametric test for directional ac-

curacy (Pesaran and Timmermann 1992). 

The main findings may be summarized as follows. 
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In a preliminary investigation based on univariate regression estimates, a first assess-

ment of potential drivers is performed. This step identifies four macroeconomic and fi-

nancial variables potentially exerting a significant impact on returns correlations. 

Drawing on these results, the analysis is extended inside a multiple regression frame-

work. In this context, a prominent influence of US 1-year Expected Inflation and the World 

Economic Policy Uncertainty Index is documented, whereas the World Equity Risk Pre-

mium and Oil Price denote a more limited influence. All coefficients signs, moreover, are 

in line with a priori expected values. 

These results pave the way for the central part of the empirical analysis, where the 

forecasting performance of alternative models is explored (Section 3.3), and the role of 

temporary parameter instabilities during specific periods characterized by large forecast 

errors is discussed (Section 3.4). 

Section 3.3 proposes three alternative models to evaluate predictive accuracy: 

1. A simpler model, including only the lagged value of 1-year US Expected Inflation as 

an explanatory variable (Model 1); 

2. A more complex model, adding lagged World Economic Policy Uncertainty as a pre-

dictor (Model 2); 

3. A more general model, including all lagged significant macroeconomic and financial 

variables (i.e., in addition to the above quoted predictors, lagged values of the World 

Equity Risk Premium and Oil Price) (Model 3). 

Focusing on standard predictive measures (MAE, RMSE), a robust empirical regular-

ity is the gain in terms of forecasting accuracy obtained using more complex models. In 

terms of RMSE, for instance, the average forecasting improvement using Model (3) instead 

of Model (1) amounts to 2.5 basis points. 

Average RMSE values obtained for Model (3) oscillate around 0.111–0.118 for almost 

all pairwise correlations, with a slightly higher value recorded in the case of Emerging 

Markets Stocks (0.133). 

Overall, these forecast errors are acceptable, given the complex nature of this fore-

casting exercise, although there is space for further improvements in these results. 

The Pesaran and Timmermann (1992) non parametric test could be computed only in 

half of the cases, since conditional correlations display sporadic fluctuations between neg-

ative and positive values. The best results in terms of directional accuracy are obtained in 

the US Dollar/US Stocks case. 

The last part of Section 3.3 compares time-varying patterns of actual and forecast val-

ues derived from more complex models. Two main features stand out. 

First, a common pattern of forecast errors across different pairwise return comove-

ments is detected. More specifically, larger forecast errors are documented around major 

financial crises (2008–2012), and other highly turbulent periods, such as the financial tur-

moil that occurred after the burst of the COVID-19 pandemic in early 2020. This empirical 

evidence is closely in line with the time variation in the predictive ability of econometric 

models documented in existing work, where the ability to forecast often shows up in some 

sub-samples (see, e.g., Rapach and Wohar (2006) as regards stock market predictability, 

and Timmermann (2008) as regards the intrinsically time-varying nature of financial re-

turns predictability). 

Second, the better directional accuracy results documented for US Dollar/US Stocks 

return comovements are visually confirmed by comparing plots (2A) and (2B) in Figure 2. 

Section 3.4 explores to what extent the poor forecasting performance during some 

sub-periods can be ascribed to parameter instability. 

Focusing on recursive coefficients plots relative to Model (3), this section documents, 

for all comovements, significant structural breaks in parameters relative to lagged US Ex-

pected Inflation during the 2007/2008 Great Financial Crisis (Figure 3). This result shows 

that the poor forecasting performance observed during this period can largely be ascribed 
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to huge downward drops in these coefficients, induced by the tremendous destabilizing 

effects of this event. 

Analogous instability patterns are detected for recursive coefficients relative to other 

important predictors, such as World Economic Policy Uncertainty (Figure 4) and World 

Equity Risk Premium (Figure 5). 

In line with previous results, these instabilities display close similarities across all 

returns comovements. Moreover, while the bulk of structural coefficient breaks occurred 

again during the 2007/2008 Great Financial Crisis, some minor instabilities in recursive 

coefficient patterns were also apparent during the 2010/2012 Eurozone Debt Crisis and the 

COVID-19 pandemic period. 

Overall, this evidence suggests that the large forecast errors observed during specific 

sub-periods can largely be ascribed to temporary instabilities in the model’s parameters. 

The results of Section 3.4 may be evaluated from a critical perspective in light of a 

recent interesting survey paper discussing how to assess and improve the forecasting abil-

ity of models in the presence of instabilities (Rossi 2021). 

The main point underlined in this survey is that the source of forecast errors, in ad-

dition to parameter instabilities, might also lie in the model’s misspecification or in insta-

bilities not entirely captured by the selected models. These issues pave the way for many 

potential extensions of this empirical investigation. 

Time-varying and stochastic volatility models are good candidates in this regard, 

since our proposed models do not allow to account for changes in the conditional variance 

and the volatility of various shocks. Other econometric approaches explicitly modeling 

instability in model parameters, either relying on past observations of exogenous predic-

tors or introducing nonlinearities and time variation in model coefficients, represent an-

other fruitful research line. 

As suggested by an anonymous referee, an interesting research direction is the use 

of Markov regime-switching models in order to better investigate the effects of macrodriv-

ers on asset return comovements, since these effects may be crucially affected by the state 

of the economy (recession vs. expansion; high vs. low volatility). 

Although the present paper improves upon the existing literature, including a larger 

number of potential drivers of asset return comovements, this research line can be pushed 

further ahead in future work. In this perspective, again as suggested by an anonymous 

referee, incorporating other macroeconomic and financial indicators like GDP, unemploy-

ment, interest rates, and credit spreads represents a relevant extension of this research. 

Further research extensions along these lines in order to minimize the omitted variables 

bias might include additional factors related to investor’s risk appetite, monetary policy, 

or macroeconomic fundamentals relative to other major economies. 

In a more general perspective, finally, exploiting information from additional data 

dimensions represents perhaps the most intriguing extension of this paper. 

“Big Data” approaches, relying on large data sets of predictors, seem particularly ap-

propriate in the present context, since neither economic nor finance theory provide spe-

cific suggestions about potential drivers of asset returns comovements, while the rele-

vance of these drivers may also vary over time, as witnessed by the empirical evidence 

presented in this paper. 
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Appendix A 

Time Series used to compute Dynamic Conditional Correlations between US Dollar Re-

turns and Global Stock Returns (Tronzano 2023): 

US Dollar Nominal Effective Exchange Rate, Thomson Reuters code: “USJPNEBBF”; 

MSCI United States of America, Thomson Reuters code: “MSUSAML”; 

MSCI Europe, Thomson Reuters code: “MSEROP$”; 

MSCI Japan, Thomson Reuters code: “MSJPAN$”; 

MSCI Emerging Markets US Dollar, Thomson Reuters code: “MSEMKF$”. 

 

Potential Drivers of Asset Returns Comovements (this paper): 

 

Financial Indicators: 

CBOE Volatility Index VIX, Fed. Res. Bank of St. Louis code: “VIXCLS”; 

Equity Market Volatility Tracker, Fed Res. Bank of St. Louis code: “EMVMACRO BUS”; 

ECB Systemic Stress Composite Indicator, Thomson Reuters code: “EMCISSI”; 

World Equity Risk Premium, Thomson Reuters code: “WDASERP”. 

 

Macroeconomic Indicators: 

US 1-year Expected Inflation, Fed. Res. Bank of St. Louis code: “EXPINF1YR”; 

World Economic Policy Uncertainty Index, Thomson Reuters code: “WDEPUCUPR”; 

Crude Oil Brent Spot Price, Thomson Reuters code: “EIACRBR”; 

US Consumer Confidence Index, Thomson Reuters code: “USCNFCONQ”; 

US Term Structure of Interest Rates, computed as the difference between US Government 

Bond Yield 10-year and US Treasury Bill Rate 3-month: 

US Government Bond Yield 10-year, Thomson Reuters code: “TRUS10T”; 

US Treasury Bill Rate 3-month, Thomson Reuters code: “USGBILL3”. 

Notes 
1. Data sources and codes for these series, as well as for other time series used in this paper, are provided in Appendix A. 
2. Min et al.’s work (2016) is closely related to the present paper, and documents that increases in global volatility shocks, 

measured by various volatility indicators, decrease conditional correlations between equity returns and safe-haven currencies 

returns. 
3. All asset prices data are obtained from Thomson Reuters—Datastream. See Tronzano (2023), sct.3, for details about these series and 

relative Thomson Reuters codes. See also Appendix A. The Multivariate Garch model is the standard Dynamic Conditional 

Correlation model outlined in Engle’s (2002) seminal paper. The Maximum Likelihood algorithm converged after 38 iterations, 

providing statistically significant coefficients for all variables at standard significance levels. More details about asset returns 

properties, the Multivariate Garch model specification, and diagnostic tests can be found in Tronzano (2023), sct. 4.2. 
4. An identical conclusion applies to the empirical investigation carried out in sct. 3.3, where a more restrictive specification 

(Model (2)) is also applied in order to evaluate the forecasting performance. The unconditional correlation between World 

Economic Policy Uncertainty and US 1-year Expected Inflation is in fact negligible (−0.15). See Model (2) in sct. 3.3. 
5. According to one referee, inflationary expectations might sometimes be jointly determined with stocks/US Dollar return 

comovements, thus raising a simultaneity problem that could bias β4 coefficient estimates. The theoretical discussion carried 

out in Section 2, based on the effects of US 1-year Expected Inflation on stock returns and US Dollar returns, leads to exclude 

the existence of this simultaneity problem, while the estimates of the US inflationary expectations parameter are always fully 

in line with a priori expectations (see Table 1; Table 2). The argument put forward by the referee must, however, be taken into 

account when evaluating the effects associated with US inflationary expectations. Thus, although the existence of a strongly 

significant and positive coefficient is a robust empirical regularity, I agree that, occasionally, there may be a small bias in the 

estimated value of this coefficient. 
6. Following one referee’s suggestion, standard diagnostic tests have been performed on regression equations employed in this 

sub-section. Since Model (3) provides the best forecasting performance (see Table 3 below), I focus on this specific model, 

which includes all four lagged explanatory variables. Results from diagnostic tests (available from the author upon request) 

are evaluated assuming a significance level of 1%. The absence of residuals serial correlation is always strongly rejected, 

whereas the null hypothesis of homoscedasticity is never rejected. Serial correlation, however, is not a problem in this setup 

since the Newey and West (1987) estimator is robust to autocorrelation. The functional form specification is not rejected, 

except in the case of US Dollar/Emerging Markets Stocks return correlations. Therefore, although nonlinear econometric 

techniques may provide further useful insights, linear regression models appear broadly appropriate in this context. The null 
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hypothesis of residuals normality is not rejected for US Dollar returns against Emerging Markets Stocks returns and Japanese 

stock returns, while being rejected in the remaining cases. In these last cases, therefore, statistical inferences should be 

interpreted with some caution, given the small sample size of our data set. Finally, following a further referee suggestion, the 

Cumulative Sum of Recursive Residuals and Cumulative Sum of Squares of Recursive Residuals tests were also carried out 

(plots available upon request). Overall, this evidence reiterates the strong destabilizing effects (documented later in Section 

3.4, see Figures 3−5), exerted by the 2007–2008 Great Financial Crisis, the 2010/2012 Eurozone Debt Crisis and the COVID-19 

pandemic period. 
7. Note that, if the sign of all the elements of the actual dependent variable (or its forecast values) is the same, the Pesaran and 

Timmermann (1992) statistic is undefined. 
8. One minor exception is represented by returns comovements relative to Japanese stocks. In this case, there is a consistent 

forecast improvement when moving from the simpler model (Model 1) to Model 2. However, differently from other cases, no 

further improvement is observed when comparing Model 2 with the more sophisticated specification including 

macroeconomic and financial variables (Model 3). 
9. Additional plots related to the US Dollar/Emerging Markets case are available upon request. 
10. See, among many others, Pesaran and Pesaran (2010) and Hwang et al. (2013) as regards conditional volatility and conditional 

correlation patterns during the 2008 Great Financial Crisis. Contagion effects during this crisis are discussed, among others, in 

Hemche et al. (2016). Lane (2012) provides an in-depth analysis of the main features of the European Sovereign Debt Crisis. 

Financial turmoils induced by the burst of the COVID-19 pandemic are discussed, among others, in Tarchella et al. (2021), as 

regards their effects on equity markets, and in Sikiru and Salisu (2021), as regards hedging strategies to protect asset 

portfolios against major turbulences. 
11. The analysis of parameter stability through recursive coefficients plots is the simplest way to explore the stability of proposed 

regression models. As documented in this sub-section, this analysis points out some instabilities in regression models, mainly 

related to major financial crises of the last two decades and the COVID-19 pandemic period. As observed by an anonymous 

referee, structural breaks or regime changes could be captured through different and more complex methodologies relying on 

dummy variables or Markov regime-switching models. I acknowledge that the search for structural breaks or regime changes 

is strongly related to the analysis of the present sub-section: the use of the above quoted methodologies represents, therefore, 

a relevant extension of this empirical investigation (see alsothe critical remarks in the concluding section (§ 4)). 
12. As previously documented, oil price exerts a minor influence on conditional correlations (see Table 1; Table 2). Recursive 

coefficients plots relative to this variable are available upon request. 
13. Recursive estimates relative to oil price effects on conditional correlations display very stable patterns except for some 

instabilities during the Great Financial Crisis. In subsequent periods, these coefficients always display negative values, in line 

with their expected sign. Since quantitative estimates of these coefficients are very low, in most cases they are not statistically 

significant (see β3 coefficients in Table 2). 
14. See, respectively, Rossi (2021), sct. 4.1 and 4.2, for an in-depth discussion of these issues. 
15. The former type of data break is clearly more consistent with the present empirical investigations (see Figure 2). 
16. See Rossi (2021), sct. 4.2, for an in-depth technical discussion about these issues. In short, these solutions involve “aggregate 

then forecast” strategies (i.e., the use of Factor Models), “forecast while aggregating” approaches, and “forecast then 

aggregate” approaches (i.e., forecasts combination from a variety of different models). As discussed in Rossi (2021), sct. 4.2.2, 

the “forecast while aggregating” approach is an emerging field, currently widely used not only in economics and finance, but 

also in many other research areas. Moreover, while in traditional Factor Models, information is not directly extracted with a 

forecasting purpose, “shrinkage methodologies” employed in the “Big Data” literature perform this task. These 

methodologies, i.e. all those techniques aimed at reducing parameters proliferation, are often based on automated predictive 

algorithms (machine learning) in complex environments. Shrinkage methodologies, moreover, may be imposed either in 

frequentist or in Bayesian setups. 
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