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1 Introduction

Akey question in international financial research iswhether the currencymarket leads or lags the stock

market. Competing theoretical models support different causal directions. The flow-oriented model

(Dornbusch and Fischer, 1980) suggests that exchange rate movements influence stock prices, whereas

the stock-oriented model (e.g., Gavin, 1989; Branson, 1981; Frankel, 1992; Hau and Rey, 2004) posits

the reverse, attributing changes in exchange rates to stock market dynamics. When both mechanisms

operate simultaneously, a feedback loopmay arise, resulting in a complex and potentially nonlinear re-

lationship. Furthermore, geopolitical risk has been increasingly recognized as a key factor in shaping

this interaction (Berkman et al., 2011; Caldara and Iacoviello, 2022). Periods of heightened geopoliti-

cal tension often trigger simultaneous reactions in both markets, amplifying volatility and altering the

strength and direction of their correlation. Thus, understanding the role of geopolitical uncertainty

is essential in assessing both the contemporaneous co-movements and the lead-lag dynamics between

exchange rates and stock prices.

This paper considers a broad set of equity-currency pairs and examines their nonlinear contempo-

raneous and lead-lag relationship. More specifically, we construct aggregate stock and exchange rate

indices using a set of 20 countries (10 advanced economies (AEs henceforth) and 10 emerging and devel-

oping economies, (EMDEs, henceforth)) and employ a nonlinear local measure of dependence called

local Gaussian correlation. Using a bootstrap procedure allows us to distinguish, on the one hand, be-

tween positive and negative local dependence quantifying the validity of the correlation estimations by

the construction of confidence intervals and, on the other hand, between different states of the market

(bulling or bearing).

With regard to the relationship between the stock and foreign exchange markets, there are valid

arguments for both positive and negative correlations. For AEs, Hau and Rey (2006) using data from 17

OECD countries, develop a theoretical model that generates a systematic negative relationship between

stock and exchange rate returns through order flows in the foreign exchangemarket, leading to the first

hypothesis:

H1: Stock and currency markets in the AEs are negatively correlated.

Yet, the relationship between foreign exchange (FX) and the stock market is of equal significance

in EMDEs, since both play an important role in their financial system. Because bond markets in these

economies are exposed to factors such as policy changes, managing exchange rates, speculative at-

tacks, and capital inflows and outflows (Reboredo et al., 2016), they are less attractive to international

investors compared to equities (Cho et al., 2016). Thus, we expect that the EMDEs currencies appre-

ciate (depreciate) when stock market prices increase (decrease). This aligns with the idea that rising
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(falling) stock markets tend to attract (deter) capital inflows, as foreign investors show greater (less) in-

terest in local assets—ultimately increasing (lowering) the value of the domestic currency. This forms

our second hypothesis:

H2: Stock and currency markets in the EMDEs are positively correlated.

Furthermore, geopolitical risks are considered key determinants of investment decisions and fi-

nancial market dynamics, and therefore they will plausibly exert movements in the stock and currency

markets (ChenandSiems, 2007; BrounenandDerwall, 2010; Berkmanet al., 2011). An increase in geopo-

litical risk can significantly affect the correlation between the two major financial markets, but the ef-

fect differs between AEs and EMDEs. Consequently, our objective is to address this empirical question

by adopting the partial local Gaussian correlation approach of Otneim and Tjøstheim (2022), which al-

lows us to simultaneously examine the dependence structure of the two major financial markets for

four different market states (bull or bear markets associated with currency appreciation or deprecia-

tion), under moderate and high levels of geopolitical uncertainty. To capture global geopolitical risks,

we employ the geopolitical risk (GPR) index provided by Caldara and Iacoviello (2022). This index is

constructed by using the number of occurrences of words linked to geopolitical tensions (such as wars,

terrorist events, and political tensions) that appeared in 11 of the foremost international newspapers.

These adverse events induce additional uncertainty in capital markets that strain both domestic and

international relations.

Academic research has shown that during times of uncertainty or geopolitical tension, foreign cap-

ital tends to shift from EMDEs to AEs, based on the assumption that currencies of developed countries

can serve as safe havens when risk aversion increases (Fatum and Yamamoto, 2016; Caldara and Ia-

coviello, 2022). In this context, in AEs we would expect a stock market decline due to capital flight and

a currency appreciation as investors seek safety. Since the stock market is falling while the domestic

currency is strengthening, the correlation between the two becomes more negative. EMDEs typically

have riskier assets andweaker currencies that aremore sensitive to external shocks. Thus, when geopo-

litical risk rises, stock markets decline as foreign investors pull out capital, and the domestic currency

depreciates as capital outflows intensify. Since both the stockmarket and the currency are falling at the

same time, the correlation between the two becomes more positive. This forms our third hypothesis:

H3: When geopolitical risk increases, the correlation becomes more negative in AEs and more positive in

EMDEs.

Our baseline results reveal a clear divergence in the contemporaneous relationship between the

stock and foreign exchange markets across AEs and EMDEs. For advanced markets, the local Gaussian

correlation estimates are consistently negative across the conditional distribution, ranging from ap-

proximately -0.25 to -0.45. This negative correlation aligns with the return chasing hypothesis of Hau
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and Rey (2006), where rising domestic equity prices attract foreign capital inflows, leading to currency

appreciation and thus a negative co-movement between stock returns and exchange rate changes. Addi-

tional theoretical support is provided by the portfolio balance and flow-orientedmodels, which empha-

size capital reallocation and trade dynamics in shaping exchange rate movements. In contrast, for the

EMDEs, we observe a significant and positive contemporaneous correlation, which can be interpreted

through the lens of the portfolio rebalancing theory, whereby stock market booms may trigger capital

outflows and currency depreciation, as well as through portfolio balance effects that reflect shifts in

investor preferences between domestic and foreign assets.

Considering the exchange rate as the leading market, we find that in advanced countries, moder-

ate currency depreciations precede stock market increases, with significant negative local correlations

observed in the right tail of the conditional distribution—consistent with the export competitiveness

effect proposed by Dornbusch (1976). However, in EMDEs, the relationship is concentrated in the left

tail, where extreme currency appreciations precede stock market declines, reflecting vulnerabilities

related to export dependency, interest rate sensitivity, capital flow shifts, and commodity exposure. In

contrast, when stock markets are modelled as the leading market, AEs exhibit significant positive local

correlations in the right tail, suggesting that stock price increases may lead to currency depreciations,

potentially due to capital outflows, monetary policy expectations, or deteriorating trade balances. In

EMDEs, the estimated local correlations are weaker and statistically insignificant across the distribu-

tion, highlighting the relatively limited role of the stock markets in influencing exchange rates. This

asymmetry underscores the structural and institutional differences between country groups, with cur-

rency markets playing a more dominant role in EMDEs, while advanced markets exhibit more bidirec-

tional interactions.

Under conditions of elevated geopolitical risk, we reveal distinct patterns in the dependence struc-

ture for the twomajorfinancialmarkets betweenAEs andEMDEs. In advanced countries, wefind strong

negative local partial correlations during both downturns and booms in equity markets, suggesting an

intensifiedflight-to-quality effect and the role of domestic currencies as safe-haven assets. These results

align with the risk-aversion and safe-haven flow mechanisms observed in the literature (e.g., Ranaldo

and Söderlind, 2010; Habib and Stracca, 2012). In contrast, EMDEs exhibit consistently positive local

dependencies across market regimes, with the strongest effects occurring when stock markets decline

and local currencies appreciate. This pattern is consistent with the flow-oriented exchange rate mod-

els (Dornbusch and Fischer, 1980) and reflects structural vulnerabilities such as capital flight, foreign

debt exposure, current account imbalances, and pro-cyclicalmonetary responses (e.g., Calvo and Rein-

hart, 2002; Krugman, 1988). These contrasting dynamics highlight the differentiated roles that financial

markets and policy environments play under geopolitical stress between country groups.
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The theoretical justification for examining the tail dependence between exchange rate volatility and

stock return volatility lies in the interconnectedness of financial markets through mechanisms such

as shock transmission, risk, and uncertainty (see for example, Bekaert and Harvey, 1997; Dungey and

Martin, 2007; Diebold and Yilmaz, 2009). During periods of high uncertainty, these interactions are am-

plified, leading to extreme co-movements between the volatilities of the two variables. Under elevated

geopolitical risk, we find a substantial increase in tail dependence in both country groups, with strong

co-movements observed across the different market conditions. Our results highlight that in periods

of increased global uncertainty, shocks can propagate more synchronously across asset classes, rein-

forcing the view that financial market volatility is increasingly shaped by global risk factors rather than

domestic fundamentals alone.

Finally, using the cross-quantilogram methodology introduced by Han et al. (2016), this study ex-

plores the dependence structure in the tails of the joint distribution between stock market returns

and exchange rate changes, with a particular focus on the persistence and asymmetry of extreme co-

movements. By analyzing high- and low-quantile interactions over a horizon of up to 30 trading days,

we uncover notable differences betweenAEs and EMDEs. In advancedmarkets, large increases in stock

returns tend to coincide with short-term depreciation of the domestic currency, possibly reflecting

profit-taking behavior or portfolio rebalancing by foreign investors. In contrast, when stock returns

decline sharply, a mild appreciation of the currency is observed, potentially driven by flight-to-safety

dynamics. In contrast, in emerging markets, tail dependencies tend to be more persistent and pro-

nounced. Specifically, simultaneous sharp increases in both stock and exchange rate returns can lead

to continued currency depreciation over several days, indicating structural vulnerabilities such as shal-

low markets, policy uncertainty, or limited hedging capacity. Conversely, sharp stock market declines

in EMDEsmay temporarily reverse exchange rate pressures, suggesting possible investor repositioning

or expectations of policy intervention. These findings highlight the importance of accounting for ex-

treme market conditions and tail risks when analyzing asset market inter-linkages, particularly in less

mature financial systems.

Our sensitivity analysis shows that our baseline results are robust when using monthly inflation-

adjusted series.

The remainder of the paper is organized as follows: Section 2 provides a review of the literature.

Section 3 describes the data. Section 4 describes the methodology. Section 5 presents the main empiri-

cal results and the robustness tests. The last section concludes.
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2 Literature review

In the last decade, there has been a growing empirical literature investigating the cross-market linkages

between stock prices and exchange rates (Ajayi et al., 1998; Granger et al., 2000; Phylaktis and Ravaz-

zolo, 2005; Kodongo and Ojah, 2012). The findings generally suggest that the causal relationship can

operate in both directions. For instance, Hatemi-J and Irandoust (2002) find evidence that stock prices

lead exchange rate movements in Sweden, showing that stock market gains are followed by a strength-

ening of the Swedish Krona. Moore (2007), accounting for potential structural breaks, reports a cointe-

gration relationship between equity prices and exchange rates in Hungary and Poland. Malliaropulos

(1998) explores how disparities in international equity returns relate to deviations from relative pur-

chasing power parity among major OECD countries using a VAR framework. Additionally, the dynam-

ics of volatility transmission between the two markets are examined by Kanas (2000), who documents

volatility spillovers from stock returns to exchange rate changes.

An extended number of studies have explored the nexus between exchange rates and stock prices

for different sets of EMDEs and AEs. These studies may be classified into two broad categories. First,

many studies use conventional Granger causality tests, cointegration techniques and vector autoregres-

sive model (VAR) to examine the stock price-exchange rate linkages in the AEs (see for example, Chen

and Chen, 2012; Tsagkanos and Siriopoulos, 2013; Caporale et al., 2014; Inci and Lee, 2014). Along with,

a large number of research papers have investigated the stock price-exchange rate nexus for emerg-

ing markets (see, Chkili and Nguyen, 2014; Lin, 2012; Moore and Wang, 2014; Pan et al., 2007; Sui and

Sun, 2016; Tang and Yao, 2018). Another branch of literature uses panel techniques (panel unit root

and panel cointegration test) to examine the stockmarket-exchange rate relationship (Lean et al., 2011;

Liang et al., 2013; Wong, 2017).

Recent research is increasingly based on nonlinear modelling approaches to better understand the

complex dynamics that connects exchange rates and stock markets (e.g., Bahmani-Oskooee and Saha,

2016; Liu andWan, 2012; Salisu andNdako, 2018;Walid et al., 2011). A central argument in this literature

is that conventional linearmodelsmay be insufficient if the true relationship is nonlinear, leading to re-

duced statistical power in unit root, cointegration, and causality tests, and consequently to misleading

inferences. In light of this, a number of studies have turned to conditional volatility models to investi-

gate the nature of volatility transmission between the equity and foreign exchange markets (Andreou

et al., 2013; Caporale et al., 2014;Wong, 2017; Zhao, 2010). Although few studies employ quantile regres-

sion to examine this linkage (Tsai, 2012), others have utilized wavelet methods to capture the dynamics

in different time and frequency domains (Andries, et al., 2014; Afshan et al., 2018).

Our study is closely aligned with research on nonlinear dependence that utilizes copula models,
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auto-distance correlation functions, and the cross-quantilogram methodology (Zhou, 2012; Han et al.,

2016; Oh and Patton, 2017). Nevertheless, much of the existing literature focuses primarily on esti-

mating and testing dependence between two time series composed of independent and identically dis-

tributed variables or on examining serial dependencewithin a single time series. Han et al. (2016) intro-

duced the cross-quantilogram as a tool to assess quantile-based dependence between two time series,

providing insights into directional predictability. However, this approach does not directly quantify the

strength of cross-dependence simultaneously or facilitate testing for independence between general

stationary time series. In contrast, the local Gaussian correlation framework offers a more intuitive

interpretation by directly capturing both average dependence and tail dependence, thereby enhancing

the understanding of cross-asset relationships. This local perspective introduces greater flexibility, al-

lowing conditional dependence to vary across different regions of the conditional distribution. Such

flexibility is particularly valuable in financial applications, where tail behavior is a key consideration.

Additionally, by testing conditional independence in specific parts of the distribution, this approach

has the potential to enhance the power of statistical inference.

An expanding stream of research has explored how various forms of uncertainty influence the be-

havior of macroeconomic and financial variables. Among these, geopolitical risk (GPR)—broadly en-

compassing threats such as war, terrorism, and inter-state tensions—has been identified as a major

factor shaping investor behavior and financial market movements (Berkman et al., 2011; Pástor and

Veronesi, 2013). Several studies highlight the effects of GPR on equity market returns and volatility

(e.g., Balcilar et al., 2018; Brounen and Derwall, 2010; Chesney et al., 2011) as well as its impact on cur-

rency markets (Balcilar et al., 2017). Beyond financial markets, GPR has also been linked to downturns

in economic activity (Blomberg et al., 2004; Cheng and Chiu, 2018).

From a theoretical point of view, geopolitical risk can influence exchange rate movements and

volatility through a variety of channels, including its dampening effect on international trade, changes

in cross-border capital allocation, and its influence on the expectations ofmarket participants (Eckstein

and Tsiddon, 2004; Glick and Taylor, 2010; Abadie and Gardeazabal, 2019). For example, a higher GPR

is likely to increase trade costs and depress both investment and consumption of foreign goods, thus

reducing trade volumes. At the same time, elevated risk can drive investors to reallocate capital away

from more exposed economies toward perceived safe havens, resulting in exchange rate fluctuations.

The ultimate impact on exchange rates is likely to vary by country, depending on factors such as expo-

sure to geopolitical shocks, macroeconomic fundamentals, currency regime, and the safe-haven status

of the currency. In support of this, recent empirical work shows that during periods of increased global

risk, capital tends to flow from EMDEs to AEs, whose currencies often function as safe havens (Caldara

and Iacoviello, 2022).
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The literature on the implications of geopolitical risk in financial markets has largely concentrated

on the effects of terrorism. For example,Karolyi and Martell (2010) and Arin et al. (2008) assess how

stockmarkets respond to terrorist incidents. Johnston and Nedelescu (2006) comparemarket reactions

to the September 11 attacks in the United States and the Madrid bombings of 2004, concluding that

financial markets face both operational disruptions and increased volatility in the aftermath of such

events. In a related study, Chen and Siems (2007) examine the U.S. capital market’s response to a series

of terrorist and military events between 1915 and 2001, with a special focus on 9/11 and the invasion of

Kuwait by Iraq in 1990. Their findings suggest that U.S. markets have become more resilient over time,

recovering more rapidly after shocks, a trend they attribute to the robustness of the country’s finan-

cial infrastructure. Eldor and Melnick (2007), analyzing nearly 640 terrorist attacks in Israel between

1990 and 2003, finds that terrorism exerts a persistent negative impact on the stockmarket, but has lim-

ited influence on the currency market. Their results imply that, while investors react strongly to news

related to terrorism, market efficiency remains intact, with no evident desensitization over time.

Recent literature has increasingly examined how geopolitical risk (GPR) interacts with financial

markets, often emphasizing its role in amplifying systemic vulnerabilities and triggering cross-market

spillovers. Tuzcuoglu (2024) shows that financial stress can magnify adverse shocks through nonlin-

ear spillovers, deepening downturns in interconnected economies. Banerjee et al. (2024) extend this

perspective by documenting that GPR serves as a risk transmitter across multiple asset classes, with

stronger spillovers during military conflicts. Similarly, NguyenHuu and Örsal (2024) demonstrate that

GPR exacerbates financial stress in emerging markets, with foreign exchange markets disproportion-

ately exposed relative to equities. Together, these studies underscore the destabilizing role of GPR in

financial systems.

A growing body of research emphasizes the role of exchange rates as a key transmission channel of

shocks. Hossain et al. (2024) show that the Russia–Ukraine conflict triggered sharp currency depreci-

ations in energy-dependent and geographically proximate economies, while Iyke et al. (2022) demon-

strate that the GPR improves the predictability of exchange rate returns. Glebocki and Saha (2024) find

that global uncertainty shocks heighten exchange rate volatility and pressure, particularly in emerging

markets, and Ojea-Ferreiro and Reboredo (2022) reveal that exchange rates can either buffer or amplify

equity market shocks depending on context. Yet, despite these advances, the joint dynamics of stock

and exchange rate markets under different levels of geopolitical risk remain largely underexplored.

Addressing this gap, our paper makes three distinct contributions. First, we provide new evidence on

A number of recent studies highlight the importance of distinguishing between types and sources
of uncertainty in shaping financial and macroeconomic outcomes (for applications of these measures,
see Kumar et al., 2021, 2023; Kim et al., 2024; Kumar and Mallick, 2024).
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the interconnected behavior of stock and exchange rate markets across geopolitical risk regimes, high-

lighting how these two core markets transmit and amplify uncertainty. Second, unlike much of the

existing literature whose samples end before recent high-impact events, our dataset extends through

2024, enabling us to capture the profound effects of the Russia–Ukraine war and other geopolitical dis-

ruptions. Third, by analyzing aggregate indicators at the group level rather than at the country level, we

offer amore comprehensive viewof the structural dynamicswithin advanced and emerging economies,

thereby reducing country-specific noise and uncovering broader patterns of systemic vulnerability.

3 Data

Our sample includes a total of twenty economies that havehigh tradeopenness or cross-borderfinancial

flows, ten AEs (United States, Canada, Euro area, United Kingdom, Norway, Switzerland, Australia, New

Zealand, Japan and Singapore) and ten EMDEs (Mexico, Peru, Argentina, Brazil, Chile, Czech Republic,

Poland, South Africa, China and India). All economies included in this study are members of the WTO,

represented in MSCI’s market indices. Currency linkages often affect groups of nations connected by

international trade flows, as these connections assessed through exports to common third markets or

bilateral trade relationships. Additionally, fluctuations in capital flows from foreign countries can affect

a home country’s exchange rate via changes in the terms of trade. This research incorporates both

advanced and emerging markets, as dependence may be more pronounced in nations with advanced

foreign exchange and stock markets compared to EMDEs. Furthermore, combining AEs and EMDEs

not only expands the sample size and enhances the statistical power of the analysis but also allows for

generalization of our results for a group of countries.

We download the nominal effective exchange rates and the closing value of the stockmarket bench-

mark indices for each country from the Bank of International Settlements and the Datastream, respec-

tively. Based on the availability of the data, we utilize daily data over the period 3/1/2005 to 12/4/2024,

which is the same for all analyzed countries. For each market, weekends and national holidays are

excluded from the sample. The stock returns and the exchange rate changes are constructed by multi-

plying the log-difference of the stock index and the nominal exchange rates by 100, respectively.

The aggregate indices for each country group (AEs and EMDEs) are calculated as weighted aver-

ages. The respective weights were constructed by calculating the average share of PPP-GDP for each

constituent over the years spanning from 2005 to 2024. Subsequently, these weights normalized to en-

sure that they sum up to unity. The PPP-GDP data are obtained from the World Economic Outlook of

https://www.wto.org/english/thewto_e/whatis_e/tif_e/org6_e.htm and https://www.msci.com/
our-solutions/indexes/market-classification/
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the International Monetary Fund.

Table 1: Descriptive Statistics

Advanced economies EMDEs

Stock Market Exchange Rate Stock Market Exchange Rate

Mean 0.000 0.000 0.001 0.000
Std. Dev. 0.009 0.001 0.015 0.002
Max 0.079 0.010 0.515 0.013
Min -0.105 -0.007 -0.092 -0.035
Skewness -1.309 0.635 16.959 -2.914
Kurtosis 20.297 8.827 606.348 48.756
J-B 0.000 0.000 0.000 0.000
Q(20) 0.000 0.001 0.000 0.450
ARCH 0.000 0.000 0.023 0.055

Table 1 presents the descriptive statistics for stock market and exchange rate returns across AEs

and EMDEs. The average returns of the stock markets and those of exchange rates are being close to

zero and positive for both markets. Stock market returns in EMDEs show a standard deviation of 0.015

compared to 0.009 in the advancedmarkets, while exchange rate volatility is also higher (0.002 vs. 0.001).

These findings align with the broader literature that documents greater macroeconomic and financial

instability in less mature markets. Extremes (maxima and minima) further underscore this volatility

asymmetry. Themaximum return for emergingmarket stocks (0.515) is more than six times that of AEs

(0.079), and the minimum is also less extreme in AEs (-0.105 vs. -0.092). Exchange rate returns follow a

similar pattern,withEMDEsexperiencingbothhighermaximum(0.013) and lowerminimum(-0.035) re-

turns. Skewness in advancedmarkets ismoderate: negative for stocks (-1.309) and positive for exchange

rates (0.635), suggesting occasional large losses in equities and appreciations in currencies. In contrast,

emerging stock markets show extreme positive skewness (16.959), driven by infrequent but exception-

ally large gains. Exchange rate returns in EMDEs are strongly negatively skewed (-2.914), indicating a

higher frequency of large depreciations. The J-B test outcomes confirm the non-normality hypothe-

sis of the variables, which supports the use of an asymmetrical estimation for examining dependence

among the variables. The null hypothesis of no autocorrelations at lag 20 at the 5% significance level

is rejected based on the Ljung-Box test for almost all cases (marginally for the exchange rate series in

EMDEs at the 5% level). Finally, the null hypothesis of no ARCH effects is rejected at the 5% significance

level for both markets.

9



4 Methodology

4.1 Local Gaussian cross-correlation estimation

Let Xt and Yt be strictly stationary time series. If we denote f (k)(x, y) = f{Xt,Yt−l}(x, y) the density

function ofXt, Yt−k, k ∈ Z∗, then a Gaussian distribution ψ can be fitted in a specific neighborhood of

(x, y), as:

ψ((υ, ω), θ(k)(x, y)) =
1

2πσ
(k)
1 (x, y)σ

(k)
2 (x, y)

√
1− ρ(k)(x, y)2

exp

[
− 1

2(ρ(k)(x, y)2)

]
(1)

×

(
(υ − µ

(k)
1 (x, y))2

σ
(k)
1 (x, y)2

− 2ρ(k)(x, y)
(υ − µ

(k)
1 (x, y))(ω − µ

(k)
2 (x, y))

σ
(k)
1 (x, y)σ

(k)
2 (x, y)

+
(ω − µ

(k)
2 (x, y))2

σ
(k)
2 (x, y)

)

where, θ(x, y) = (µ
(k)
1 (x, y), µ

(k)
2 (x, y), σ2

1(x, y), σ
2
2(x, y), ρ(x, y)) is a vector of parameters of the bivari-

ate density ψ. Specifically, µ(k)
1 (x, y) and µ(k)

2 (x, y) are the mean values, σ2
1(x, y) and σ2

2(x, y) are the

variances and ρ(x, y) is the local Gaussian correlation. Our focus is on ρ(x, y) = ρ(k)(x, y). We estimate

θ(x, y) using the local log-likelihood of Hjort and Jones (1996). In this case, the local neighborhood can

be written as:

Ln,b = ((Xn, Y n), θb(x, y)) =
1

n

n−|k|∑
t=1

Kb(Xt − x, Yt − y) log(υ((Xt, Yy), θb(x, y)))

−
∫
Kb(υ − x, ω − y)ψ((υ, ω), θb(x, y))dυdω (2)

where,Xn = (X1, . . . , Xn), Y n = (Y1, . . . , Yn), n is the number of observations andx, y, υ, ω ∈ R. All pa-

rameters ofψ are affectedbyabandwidth b, as indicatedby θb.Kb(υ−x, ω−y) = (b1b2)
−1K(

υ − x

b1
)K(

ω − y

b2
)

is a product kernel and K is a non-negative kernel function with bandwidth b = bn = (b1, b2) =

(b1n, b2n).

Following Lacal and Tjøstheim (2017) we define θ0,b as theminimizer of the following penalty func-

tion:

∫
Kb(υ − x, ω − y)ψ((υ, ω), θb(x, y))dυdω (3)

According to Tjøstheim and Hufthammer (2013), it holds that θ0,b → θ as b → 0 where θ stands for the

true vector of parameters. We obtain the estimates of θn,b(x, y) by minimizing the log-likelihood (2).

Given the complicated asymptotic expressions for the distributions of the local parameter estimates,
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we employ the stationary bootstrap and the moving block bootstrap procedures, as suggested by Lacal

and Tjøstheim (2019).

Lacal andTjøstheim (2019) develop a test to examine the null hypothesis of the pair {Xt, Yt−k}being

independent against the alternative that {Xt, Yt−k} of not being independent. Although the lag k can

vary between two points, in practice we choose a specific value (including). For k = 0 the test statistic

is defined as:

Tn,b =

∫
S

h(θn,b(x, y))dFn(x, y) (4)

where, the function h takes on specific forms to test against specified types of dependence, Fn is the

empirical distribution function andS is a compact subspaceR2. In addition, Lacal and Tjøstheim (2019)

provide a bootstrap version of the test. The two series are block bootstraped separately to create the

bootstrap distribution underH0. In this case, the test statistic is given by:

T ∗
n,b =

∫
S

h(θ∗n,b(x, y))dF
∗
n(x, y) (5)

where, now F ∗
n =

1

n

∑
t 1(X

∗
t ≤ x, Y ∗

t ≤ y).

4.2 The local Gaussian partial correlation and the conditional inde-

pendence test of Otneim and Tjøstheim (2022)

Let Y =(Y1, .., Yp) be a random vector. We consider a partition of Y, (Y1, Y2, Y3) such that the dimen-

sion of Yi is di, i = 1, 2, 3. Then, we can denote Y(1)=(Y1,Y2) = (Y1, .., Yd1+d2
), that is the first two

components of the partition ofY, andY(2)= Y3 = (Yd1+d2
, .., Yd1+d2+d3

). Based on the above, we can

partition the mean vector µ and covariance matrixΣ ofY as:

µ=


µ1

µ2

µ3

 ,Σ =


Σ11 Σ12 Σ13

Σ21 Σ22 Σ23

Σ31 Σ32 Σ33


where, Σij is the covariance matrix of (Yi,Yj) i, j = 1, 2, 3. This setup allows us to differentiate be-

tween the concepts of partial and conditional correlation, which may coincide in the Gaussian distri-

bution as well as in several other joint distributions.

The partial variance-covariance matrix ofY(1)=(Y1,Y2) givenY(2)= Y3 can be expressed as:
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Σ12|3 = Σ11 −Σ12
(
Σ22

)−1
Σ21, (6)

where,Σ12|3 denotes the covariancematrix in the conditional (Gaussian) distribution ofY(1) givenY3,

under the assumption that Y is jointly normal. Using Σ12|3, we define the partial correlation matrix

betweenY1 andY2 givenY3, as:

R12|3 = D−1/2Σ12|3D
−1/2 (7)

where,D is the vector of diagonal elements ofΣ12|3. The partial correlation matrix

If the components ofY are continuous, we are able to approximate the joint density function fY of

a point y in a neighborhood of y as a multivariate Gaussian density ϕ (y, x), which at the point y = x is

ϕ (y) =
1

(2π)
p/2 |Σ (y)|1/2

exp
{
−1/2 (y − µ (y))

T
Σ−1 (y) (y − µ (y))

}
(8)

where, y =(y1, .., yp) , µ (y) = {µj (y)} and Σ (y) = {σjk (y)} for j, k = 1, ..., p. If x ̸= x,then fY is ap-

proximated by a family ofmultivariate Gaussian densities given by a set of smooth parameter functions

{µ (y) ,Σ (y)}. Assuming that fY is a Gaussian density and that ϕ (y) = fY (y), the parameter functions

converge to constants.

The estimation of the local parameter functions {µ (y) ,Σ (y)}becomes straightforward if we trans-

form each Yj to a standard normal variableZj = Φ−1 (Uj) (for more details see, Otneim and Tjøstheim,

2017, 2018). In this case, Uj is a uniform variable Uj = Fj (Yj) where, Fj denotes the cumulative distri-

bution function of Yj . If we define the random vector Z as transformation of Y to marginal standard

normality:

Z =
(
Φ−1F1 (Y1) ,Φ

−1F2 (Y2) , ....,Φ
−1Fp (Yp)

)
This notation allows us to simplify the local Gaussian approximation (8) by writing the density fZ

of Z at the point x = z as:

fz(z) = ϕ (z, R (z)) =
1

|2πR (z)|1/2
exp

{
−1/2zTR−1 (z) z

}
(9)

from where we can obtain the fixed local means µj (z) = 0 and standard deviations σ2
j (z) = 1, for

j = 1, ..., p. R (z) = {ρjk (z)} is the local correlation matrix.

If we consider a partition
(
Z(1),Z(2)

)
=(Z1,Z2,Z3) of Z, similar toY, then we can define the local

We will refer to Z and its probability function FZ as being on the z-scale.
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partial covariance matrix of Z(1) | Z(2) similarly to the local version of (6):

Σ12|3 (z) = R11
(
z(1)

)
−R12 (z)

(
R22

(
z(2)

))−1

R21 (z) (10)

In the special case where d1 = d2 = 1,Σ12|3 (z) boils down to a 2× 2matrix. In this case, we define

the local Gaussian partial correlation α (z) between the two variables inZ(1) = (Z1, Z2) givenZ(2) = Z3

similar to the ordinary (global) partial correlation provided by (7):

α (z) = R12|3 (z) =

{
Σ12|3 (z)

}
12{

Σ12|3 (z)
}1/2
11

{
Σ12|3 (z)

}1/2
22

where in the special case that Z(2) = Z3 is scalar reduces to

α (z) = ρ12|3 (z1, z2 | z3) =
ρ12 (z1, z2)− ρ13 (z1, z3) ρ23 (z2, z3)√

1− ρ213 (z1, z3)
√
1− ρ223 (z2, z3)

We estimate the local Gaussian partial correlation between Y1 and Y2 conditional to Y (2) = Y3, on

the z-scale as:

α̂ (z) = R12|3 (z) =

{
Σ12|3 (z)

}
12{

Σ12|3 (z)
}1/2
11

{
Σ12|3 (z)

}1/2
22

(11)

where at point y =F̂ (Φ (z)), we obtain the corresponding value of α̂ (y) by replacing in the above equa-

tion z =Φ−1
(
F̂ (y)

)
.

Otneim and Tjøstheim (2022) propose a test for conditional independence based on the local Gaus-

sian partial correlation approach. The test examines the null hypothesis ofH0 : Y1 ⊥ Y2 | Y3 or equiva-

lently the null hypothesis ofH0 : Z1 ⊥ Z2 | Z3 by constructing a test statistic in terms of the marginally

Gaussian pseudo observations by aggregating the local measure of dependence over the sample space

ofY (or Z). The test statistic on the z-scale is:

Tn,b =

∫
S

h (α̂b (z) dFn (z))

where h (·) denotes an even and non-negative real-valued function and S ⊆ Rp is an integration area

which can be altered in order to test specific portions of the sample space. Tn,b converges in probability

towards its population value (under the law of large numbers and regularity conditions):

T =

∫
S

h (α (z) dFn (z))

The null hypothesis, in favor of conditional independence, is rejected when Tn.b exceeds the re-
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spective critical value (for a more technical description, see Otneim and Tjøstheim, 2022).

5 Empirical Results

5.1 Baseline results

Figure 1 shows the plots of the local Gaussian correlation ρ̂ (x, x), along the diagonal x = y, for the

Xt = FX rate and the Yt−k = Stock market for k = 0 (a contemporaneous relationship between the two

markets).

The vertical axis of the local Gaussian correlation diagrams denotes themagnitude of the local cor-

relation estimates between the returns of the two markets, while the horizontal axis shows a vector

of (diagonal) gridpoints, that is the returns of both markets on the data rich portion of their condi-

tional distribution. In this manner, wemay distinguish between twomarket states: (i) gridpoints above

zero, where the stock returns are positive and the local currency depreciates (exchange rate increases),

and (ii) gridpoints below zero, where the stock returns are negative and the local currency appreci-

ates(exchange rate decreases).

For the contemporaneous relationship between the two markets, the results in Figure 1 show that

for the AEs (upper panel), the local correlation estimates are negative throughout the spectrum of the

conditional distribution. A negative correlation between the stock and foreign exchange markets indi-

cates that both stock returns and exchange rate changesmove in the opposite direction. This is broadly

in line with the return chasing effect of Hau and Rey (2006), who postulate that a booming domestic

stock market attracts international investors, which in turn leads to an appreciation of the booming

country’s currency (i.e., a decrease in the nominal exchange rate, which is defined as the number of

units of national currency per foreign currency). In such a case, the high stock price coexists with

lower exchange rates, thus producing a negative correlation. In a bear market condition, (stock price

decrease) investors may sell foreign assets and repatriate funds to invest in the domestic market (the

portfolio balance approach). This increases the demand for the local currency, leading to its appreci-

ation. One additional explanation relies on the flow-oriented model, where falling stock prices reflect

economic downturns, leading to decreased imports as consumers and businesses cut spending. Lower

In our study, before proceeding to the bivariate and trivariate local correlation analysis, we first test
for conditional independence between the two markets. In all cases, the null hypothesis is rejected at
the 5% significance level in favor of the conditional dependence (given the global geopolitical risk level
for the trivariate case).For the sake of brevity, these results are not presented here but are available
upon request.

We used the GARCH-filtered series in order to remove marginal auto-dependence over time and
volatility’s effects (for more details see, Støve et al. (2014)).
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imports reduce the demand for foreign currency, causing the local currency to appreciate. The local

Gaussian correlation estimates for the AEs range between -0.25 and -0.35 at the left tail, between -0.4

and -0.45 at themiddle, and between -0.35 and -0.2 at the right tail of the distribution. Quantifying these

estimates by their confidence intervals, we observe that the contemporaneous relationship is signifi-

cant across the whole conditional distribution except for very few extreme values on the right tail of the

distribution.

Figure 1: Bootstrap local Gaussian correlation estimations for the exchange rates ver-
sus stock market for the AEs (upper panel) and EMDEs (lower panel). Shaded area
denotes the 95% confidence intervals for the local Gaussian correlation estimates.
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The lower panel of Figure 1 illustrates the local Gaussian correlation estimates for the group of

EMDEs. We observe significant and positive local correlation estimates across the whole distribution,

with estimated values ranging from 0.42 on the left tail to 0.1 on the right shoulder of the distribution.

This positive correlation between the two markets can be attributed to the theory of the portfolio re-

balancing model of Hau and Rey (2006), who suggest that a surge in domestic stock prices encourages

investors to realize their gains and reallocate their capital to other markets which offer better bargains.

This will lead to a depreciation of the booming country’s currency, thus increasing the country’s ex-

posure to exchange rate risks. As a result, rising stock prices can coexist with currency depreciation

(i.e., an increase in the exchange rate), which in turn creates a positive correlation between the two
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markets. Mundell (1963)’s portfolio balance approach also suggests that investors allocate their wealth

across domestic and foreign assets. Changes in stock prices influence the demand for domestic and

foreign bonds, impacting the exchange rate. When stock prices increase (bull market), investors may

sell domestic stocks to lock in gains and rebalance their portfolios by buying foreign assets. This leads

to an increased demand for foreign currency, causing the local currency to depreciate. In a bearmarket

condition (stock price decrease), investors may sell foreign assets and repatriate funds to invest in the

domestic market. This increases the demand for the local currency, leading to its appreciation.

Figure 2 illustrates the hypothesis that the currency market is the leading market. The solid lines

show the local correlation estimates between the two markets setting k = -1 for the stock market.

For the AEs group (upper panel), we observe significant negative local correlation estimates only

on the right shoulder of the conditional distribution, with estimated values ranging between 0 and -

0.28. This is in line with the export competitiveness effect proposed in Dornbusch (1976), where a local

currency depreciation, makes a country’s exports cheaper and more competitive in the global market.

This can lead to higher sales for export-oriented companies, boosting their revenues and profits. As a

result, the stock prices of these companies, and consequently the overall stockmarket, may rise. Thus,

in AEs moderate movements in the exchange rate (currency depreciation) can precede and potentially

predict movements in the stock market (increase in stock prices).

For the emerging countries group (lower panel), we observe significant local correlation estimates

on the left tail of the conditional distribution, with estimated values ranging from 0.1 to 0.2. This signif-

icant impact of an extreme appreciation in exchange rates on falling stock markets may be explained

by several factors in EMDEs (see also, Pan et al., 2007). For example, since many EMDEs rely on ex-

ports for economic growth, a stronger local currencymakes exportsmore expensive for foreign buyers,

reducing demand and hurting corporate revenues and profits. If the stock market is heavily weighted

toward exporting firms (e.g., commodities, manufacturing, or agriculture), their declining earnings

can drive the overall market down. Moreover, currency appreciation can be the result of higher do-

mestic interest rates aimed at controlling inflation. Higher interest rates increase borrowing costs for

businesses, reducing investment and corporate profitability. Domestic firms with high debt, especially

those borrowing in local currency, may see lower stock valuations due to increased financial burdens.

Additionally, exchange rate appreciation may attract foreign capital into fixed-income assets (e.g., gov-

ernment bonds) rather than stocks. A shift in capital from equities to bonds can lower stock prices

due to weaker demand for shares. Eventually, if an emerging economy depends on commodity exports

(e.g., oil, metals, or agricultural products), currency appreciation can reduce local revenues from ex-

ports (since commodities are often priced in USD). This can lower profitability for companies in these

sectors, leading to stock market declines.
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Figure 2: Bootstrap localGaussian correlation estimations for the lagged exchange rate
versus stock market for the AEs (upper panel) and EMDEs (lower panel). Shaded area
denotes the 95% confidence intervals for the local Gaussian correlation estimates.
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Collectively, the above findings underscore the heterogeneity in exchange rate–stock market dy-

namics across different economic structures. In advanced markets, moderate currency depreciation

acts as a leading signal for stock market gains, while in emerging markets, sharp appreciations may

serve as precursors to downturns, reflecting potential vulnerabilities related to export dependence, fi-

nancial structure, and macroeconomic policy trade-offs.

Figure 3 illustrates the hypothesis that the stockmarket is the leadingmarket. Again, the solid lines

show the local correlation estimations between the two markets setting k = 1 for the stock market.

For the advanced countries group (upper panel), we observe significant positive local correlation

estimates only on the right tail of the conditional distribution, with estimated values ranging between

0.1 and 0.18. This positive moderate relationship can be explained by a number of reasons, such as

capital outflows, policy expectations (signal policy tightening), a worsening trade balance, and specu-

lative positioning. For the EMDEs (lower panel in Figure 3), the local Gaussian correlation estimates

range between -0.09 and 0.16, however, zero is included inside the confidence interval across the whole

spectrum of the estimated values. This finding highlights the more limited role of the stock markets in

EMDEs compared to the currency market.
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Figure 3: Bootstrap local Gaussian correlation estimations for the exchange rate versus
lagged stock market for the AEs (upper panel) and EMDEs (lower panel). Shaded area
denotes the 95% confidence intervals for the local Gaussian correlation estimates.
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5.2 Testing forconditional independencebetweenFXandstockmar-

ket in different levels of geopolitical risk

In this section, we use the local Gaussian partial correlation (LGPC) approach of Otneim and Tjøstheim

(2022) to illustrate the local partial dependence structure and examine for conditional independence

between FX and stock markets given the different levels of geopolitical uncertainty. An advantage of

this technique is that it allows us to discuss the dependence and tail dependence of two financial mar-

kets for four different market statuses: bull or bear markets associated with currency appreciation or

depreciation.

For example, Figure 4 illustrates the trivariate local Gaussian partial correlation between the ex-

change rate and the stock markets for the AEs (left panel) and EMDEs (right panel) in the plane defined

by moderate geopolitical risk levels.

This figure can be divided into four quadrants: the movement from quadrant 1 to 4 follows an anti-

clockwise rotation starting from the upper right quadrant to the bottom right quadrant. Thus, the first

quadrant, is the upper right quadrant. Both the stockmarket returns (x-axis) and exchange rate returns

(y-axis) have positive returns in quadrant 1: the stock market is booming and the local currency depre-
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ciates. The upper left quadrant is the second quadrant, in which the stock market (x-axis) has negative

returns while the exchange rate returns (y- axis) are positive: the stockmarket is in a bear state and the

local currency depreciates. The bottom left quadrant is the third quadrant, in which bothmarkets have

negative returns: stock market is bearing and the local currency appreciates. The bottom right quad-

rant is the fourth quadrant, where the stock returns (x-axis) are positive and the exchange rate returns

(y-axis) are negative: the stock market is booming and the local currency appreciates.

Figure 4: Local partial dependencemapof exchange rates vs stockmarket on the plane
defined by median geopolitical risk levels.
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Turning to our results in Figure 4, the LGPC estimates are negative for the group of the AEs (left

panel). The lower LGPC estimates are observed in the second quadrant, with LGPC values ranging from

-0.23 to -0.83. In this respect, a higher negative dependence between the stock and currency market for

the AEs is observed in the state where the stock market is experiencing negative returns and the local

currency depreciates. This is in line with the findings of Cho et al. (2016), who observed a negative cor-

relation duringmarket downturns, for a number of AEs, suggesting a flight-to-quality phenomena. The

portfolio balance model also contends that investors are risk averse and they move their investments

to countries with higher stock returns, which by implication leads to currency appreciation in coun-

tries with higher stock returns and depreciation in countries with lower stock returns (Branson, 1981;

Frankel, 1992). Consistently low LGPC estimates are also observed in the second quadrant ranging from
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-0.16 to -0.55. In line with our previous findings, declining stock prices in EMDEs signal an economic

downturn, prompting consumers and businesses to reduce spending, which lowers import demand.

As imports decrease, the need for foreign currency diminishes, leading to an appreciation of the local

currency. Moreover, according to the portfolio balance approach, during a bear market, when stock

prices decline, investors may liquidate foreign assets and bring funds back to the domestic market, fol-

lowing the portfolio balance approach. This rise in demand for the local currency strengthens its value,

leading to appreciation.

Regarding the EMDEs, on the right panel of Figure 4, we document positive LGPC estimates across

the whole coordinate plane, with higher values observed in the third quadrant. Thus, for the EMDEs,

when geopolitical risk is at a moderate level, we document a higher positive correlation between the

exchange rates and stock markets, when the stock market is in a bear state and the local currency ap-

prepreciates. This is also in agreement to Mundell (1963)’s portfolio balance approach, according to

which during a bear market, characterized by declining stock prices, investors liquidate foreign assets

and repatriate funds for investment in the domestic market. This repatriation increases the demand

for the local currency, resulting in its appreciation.

Figure 5 illustrates the trivariate local Gaussian partial correlation between the exchange rate and

stock markets on the plane defined by high geopolitical risk levels. For the AEs, given a high level of

geopolitical risk, the twomarkets possess significant negative dependence when stock market is plum-

meting and the local currency depreciates (2nd quadrant). This finding implies that the flight-to-quality

phenomenon is intensified during periods of high geopolitical risk in advancedmarkets. High negative

LGPC estimates are also observed in the first quadrant, when the stockmarket is booming and the local

currency depreciates, in line with the risk appetite and safe-haven flows hypotheses (see, e.g., Ranaldo

and Söderlind, 2010; Habib and Stracca, 2012). In many AEs, the local currency serves as a safe-haven

asset. When risk appetite increases (e.g., during a stockmarket boom), investors may shift capital away

from safe-haven assets (such as the local currency) into riskier assets, leading to depreciation. In gen-

eral, we observe that a higher geopolitical risk is associated with an increased dependence between the

two major financial markets in AEs.

The right panel of Figure 5presents the trivariate localGaussianpartial correlation for theEMDEs in

the plane defined by high geopolitical risk levels. The LGPC estimates are positive in all four quadrants

with very few exceptions (at the extreme values of the first and fourth quadrant). Thus, higher geopolit-

ical risk is associated with positive dependence between the two major financial markets in emerging

countries. In more detail, the higher LGPC estimates are observed in the third quadrant with estima-

tions ranging between 0.42 to 0.97, in which bothmarkets have negative returns: stockmarket is bearing

and the local currency appreciates. This finding is in linewith the flow-orientedmodel of exchange rate
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Figure 5: Local partial dependencemapof exchange rates vs stockmarket on the plane
defined by high geopolitical risk levels.
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determination of Dornbusch and Fischer (1980), which postulates that that currency movements affect

international competitiveness and the balance of trade position, and consequently the real output of

the country, which in turn affects current and future cash flows of companies and their stock prices.

An appreciation of the domestic currency increases prices and this reduces foreign demand, thereby

leading to a fall in value and stock. From this point of view, there is a positive relationship between

exchange rates and stock prices, with causation running from exchange rates to stock prices. Posi-

tive local dependence estimates are found in the second quadrant with LGPC ranging between 0.42 to

0.77(the stock market is in a bear state and the local currency depreciates). This situation of a weaken-

ing domestic currency during periods of stockmarket downturns, may be explained by several theories

for EMDEs, such as loss of investor confidence and capital outflows (Dornbusch et al., 1985; Cho et al.,

2016), increased risk perception (Bekaert and Harvey, 1997), current account imbalances (Dornbusch

and Fischer, 1980), monetary policy responses (Calvo and Reinhart, 2002) as well as foreign debt depen-

dence (Krugman, 1988).

Thus, under high geopolitical risk, AEs and EMDEs exhibit contrasting patterns in the relationship

between exchange rates and stockmarkets. InAEs, a significant negative dependence emerges, particu-

larly during market downturns, reflecting a flight-to-quality effect where investors move from equities
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to safe-haven currencies. In contrast, EMDEs show a predominantly positive dependence, with both

markets often moving in the same direction. This pattern reflects structural vulnerabilities and capital

flow dynamics, where geopolitical shocks simultaneously affect investor confidence, exchange rates,

and equity valuations.

5.3 Examining the tail dependencebetweenexchangerateandstock

market volatility

In this section, we examine the tail dependence between exchange rate volatility and stock return

volatility for the two country groups. Since mean returns for both variables are close to zero, we use

as volatility proxy their squared returns. We would expect the exchange rate volatility and stock return

volatility to be interconnected through the transmission of economic shocks (see, Bekaert and Harvey,

1997; Diebold and Yilmaz, 2009). For instance, sudden changes in exchange rates can affect the prof-

itability of firms engaged in international trade, leading tofluctuations in stockprices. Conversely, stock

market volatility can influence investor sentiment and capital flows, which may impact exchange rates

(Dungey and Martin, 2007).

Moreover, both exchange rate volatility and stock return volatility reflect underlying economic and

financial uncertainty. Tail dependence, which measures the likelihood of extreme co-movements, is

particularly relevant during periods of financial stress or crises when both markets are likely to expe-

rience heightened volatility simultaneously (Forbes and Rigobon, 2002). Additionally, investors often

rebalance their portfolios in response to changes in exchange rates, which can lead to correlatedmove-

ments between stock returns and exchange rates. During extreme market conditions, this rebalancing

can amplify tail dependence between the two variables.

For the contemporaneous relationship in volatility between the two markets, the results in Fig-

ure 6 show that for the AEs (upper panel), the local correlation estimates are close to zero in the tails

of the distribution. The same picture emerges for the EMDEs (lower panel), with insignificant LGPC

estimates almost across the whole spectrum of the conditional distribution. We find significant and

positive LGPC estimates for the AEs at the right shoulders of the distribution, with estimated values

ranging between 0.1 and 0.22. As noted in Chari et al. (2024), in a bullish stock market, investors are

generally more optimistic and risk-tolerant. However, if the domestic currency is depreciating even in

such a bullish period, it could introduce uncertainty or concern among investors—especially foreign

ones—about macroeconomic fundamentals, monetary policy, or external imbalances. This can result

in increased capital flow volatility, which increases both stock and currency market fluctuations. Fur-

thermore, a depreciating exchange rate could raise concerns about imported inflation (especially in

22



Figure 6: Bootstrap local Gaussian correlation estimations for the exchange rates ver-
sus stockmarket volatility for the AEs (upper panel) and EMDEs (lower panel). Shaded
area denotes the 95% confidence intervals for the local Gaussian correlation estimates
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economies heavily dependent on imports). Firms with international exposure (importers or those with

foreign-denominated debt) might see their valuations becomemore volatile, feeding into stock market

volatility. Investors may also reassess firm profitability and macro conditions, causing stock prices to

fluctuate more (see, Campa and Goldberg, 1999). In AEs, central banks typically respond to exchange

rate depreciations when they affect inflation expectations or financial stability. This potential reaction

may generate uncertainty about future interest rates, which can amplify both exchange rate and equity

market volatility as investors try to price in future policy shifts.

However, in globally integrated financial markets, a shock—say, a geopolitical event—can cause si-

multaneous volatility in the currency and equity markets, even when equities generally trend upward

(Kalemli-Ozcan et al., 2009; Tang and Yao, 2022). To test this premise, we employ the local Gaussian

Partial correlation estimation for the exchange rate and stock market volatility series. From Figure 7,

we observe that the dependence of volatility on the twomarkets remains low irrespective of the state of

the two markets, under the condition of moderate geopolitical risk. However, under high geopolitical

risk levels, in Figure 8 we observe that the dependence increases considerably in all four quadrants. If

Lag effects were found very close to zero or insignificant and are included in the Appendix.
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Figure 7: Local partial dependence map of exchange rates vs stock market volatility
on the plane defined by moderate geopolitical risk levels.
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the bull market is driven by foreign capital inflows, a currency depreciation could signal that investors

are beginning to hedge or reverse those positions, causing volatility in bothmarkets (positive LGPC esti-

mates at the extreme values of the first and fourth quadrant). This finding could also suggest a scenario

where growth expectations are high (bull market), but there are concerns about monetary policy credi-

bility, trade competitiveness, or external balances—hence a weaker currency andmarket volatility. For

policymakers, this could indicate the need tomonitor capital flows andmarket perceptions of economic

imbalances more closely during bullish periods. For investors, it might be a signal that bullish equity

markets do not necessarily reflect macroeconomic stability—exchange rate volatility could be an early

warning sign. Moreover, we observe quite similar LGPC estimated values for AEs and EMDEs alike.

Thus, under the notion of global financial integration, stocks and currency markets experience more

synchronized shocks in volatility stemming from high geopolitical risk.
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Figure 8: Local partial dependence map of exchange rates vs stock market volatility
on the plane defined by high geopolitical risk levels.
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5.4 Robustness analysis

5.4.1 Baseline analysis employingmonthly inflation-adjusted series

Next, we conduct a robustness analysis using inflation-adjusted monthly returns in place of daily re-

turns, following the approach of Billio et al. (2012). Given that daily data may be subject to short-term

noise and market microstructure effects, the use of monthly returns allows us to assess the stability

of our results over a longer horizon. This additional analysis ensures that the observed dependence

structures between exchange rates and stock markets are not artifacts of high-frequency fluctuations

but reflect more persistent co-movement patterns under varying levels of geopolitical risk.

For the contemporaneous relationship between the two markets, the results in Figure 9 show that

for the AEs (upper panel), the local correlation estimates are negative throughout the spectrum of the

conditional distribution. However, we observe that the estimated LGPC are higher and significant com-

pared to the daily data with estimated values ranging between -0.27 and -0.52. For emerging countries

(lower panel), we observe that the estimated coefficients are larger and statistically significant in the left

tail of the distribution, with the estimated coefficients close to 0.5. In this respect, the monthly series

show quantitatively similar and even stronger dependence between the two markets.
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Figure 9: Bootstrap local Gaussian correlation estimations for the exchange rates ver-
sus stock market for AEs (upper panel) and EMDEs (lower panel) monthly series.
Shaded area denotes the 95% confidence intervals for the local Gaussian correlation
estimates
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Turning to the lead-lag relationships, Figures 10 and 11 illustrate that the local Gaussian correlation

curves are smoother compared to the daily estimates, although with higher confidence intervals. Set-

ting the currency market as the leading market in Fig. 10, we observe that the relationship between the

two markets is not significant for both the AEs and EMDEs, across the whole spectrum of conditional

distribution. When we set the stockmarket as the leading market in Fig.11 we observe a significant and

negative dependence on the left shoulder of the conditional distribution, with LGPC estimates close to

-0.4. This finding is again in line with our daily analysis, although significant and double in magnitude

(see Fig. 3), consistent with the notion that in advanced economies the stockmarkets lead the currency

markets in times of economic downturns.

5.4.2 Testing for conditional independence in different levels of geopolitical risk

usingmonthly inflation adjusted series

In Figs. 12 and 13 are illustrated the trivariate local Gaussian partial correlation between the exchange

rate and stockmarkets for theAEs (left panel) and EMDEs (right panel) in the plane defined bymoderate
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Figure 10: Bootstrap local Gaussian correlation estimations for the lagged exchange
rates versus stockmarket for the AEs (upper panel) and EMDEs (lower panel) monthly
series. Shaded area denotes the 95% confidence intervals for the local Gaussian cor-
relation estimates.
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and high geopolitical risk levels, respectively.

Results in Fig. 12, show that the LGPC estimates are negative for the group of the AEs (left panel).

The lower LGPC estimates are observed at the second quadrant, with LGPC values ranging from -0.29 to

-0.78. Similar to the daily analysis, higher negative dependence between the stock and currencymarket

for the AEs is observed in the state that the stock market is experiencing negative returns and the local

currency depreciates. As mentioned above this is consistent with the flight-to quality phenomena as

well as the portfolio balancemodel. These phenomena are further intensified in advancedmarkets at a

state of high geopolitical risk, as is observed in Fig. 13 (left panel), with estimated LGPC values ranging

between -0.44 to -0.82.

Turning to the EMDEs, in the right panel in Fig. 12, we observe positive LGPC estimates across

almost the whole coordinate plane (except some values in the second quadrant), with higher values ob-

served in the first and third quadrant, consistent with the Mundell (1963)’s portfolio balance approach.

However, the estimated positive values are lower than those calculated ondaily data (see Fig. 4), ranging

between 0 and 0.41.

The right panel of Figure 13 presents the trivariate local Gaussian partial correlation for the EMDEs
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Figure 11: Bootstrap local Gaussian correlation estimations for the exchange rates ver-
sus lagged stock market for AEs (upper panel) and EMDEs (lower panel) monthly se-
ries. Shaded area denotes the 95% confidence intervals for the local Gaussian correla-
tion estimates
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on the plane defined by high geopolitical risk levels. The LGPC estimates are positive in the first and

second quadrants, with higher estimates observed in the first quadrant, ranging between 0.19 and 0.70.

Thus, under high geopolitical risk, in emerging markets investors may shift out of bonds or currency

holdings and turn into stocks of large, politically-connected or resource-based firms, which are seen as

better inflation hedges or more resilient. This may result in a weak currency, but in stocks (especially

of specific sectors) increase. Moreover, geopolitical tensions often raise global commodity prices, es-

pecially energy, metals, and food. If the country is a commodity exporter, depreciationmight be driven

by global fears, but the stockmarket benefits due to increasing firmprofits in the resource sectors. Dur-

ing high geopolitical risk, depreciation can signal higher future inflation. Equities, especially in sectors

with pricing power, can act as a hedge against inflation. As a consequence, investors may move out of

cash or bonds and into equities to protect real wealth.

The negative LGPC estimates in the third and second quadrant imply a negative dependence when

exchange rate appreciates. In high geopolitical risk environments, currency appreciation accompa-

nied by falling stock prices may indicate, for example, a defensive policy tightening. Authorities may

intervene to stabilize the currency (e.g., raise interest rates) in response to geopolitical tensions. Higher
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Figure 12: Local partial dependence map of exchange rates vs stock market on the
plane defined by median geopolitical risk levels (monthly series).
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rates lead to stronger currency, but also to tightermonetary conditions, hurting stock valuations (partic-

ularly for leveragedfirms), which can be considered as a policy trade-off on stabilizing exchange rates at

the expense of growth. Moreover, in export oriented countries, geopolitical events can cause terms-of-

trade deterioration (e.g., commodity sanctions). Currency appreciates (perhaps due to reduced imports

or capital controls), but investors expect earnings to fall, pushing down stock prices. In this case, appre-

ciation is a by-product of disrupted trade or capital flowpatterns (Calvo et al., 1993). Moreover, currency

appreciation during conditions of high geopolitical risk may be driven by short-term inflows into safer

domestic assets (e.g., government bonds), or foreign repatriation of capital. Meanwhile, equitymarkets

decline because investors exit risky local stocks, especially those exposed to domestic consumption or

geopolitics. Thus, the currency strengthens due to capital seeking short-term safety, rather confidence

in the economy.

5.4.3 Cross-quantilogram results

Linton and Whang (2007) introduced the (auto-)quantilogram as a tool to examine dependence struc-

tures across different quantiles of a stationary time series, by utilizing the correlogram of quantile ex-

ceedances. Building on this idea, Han et al. (2016) proposed the cross-quantilogram, a multivariate
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Figure 13: Local partial dependence map of exchange rates vs stock market on the
plane defined by high geopolitical risk levels (monthly series).
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extension that enables the analysis of quantile dependence between two time series. This approach

serves multiple purposes: it can be employed to assess quantile-specific dependence, evaluate direc-

tional predictability, and perform model specification tests. It can also capture quantile or extreme

value dependence between markets based only on their returns.

Our analyses now extend the lag up to 30 and look at various quantiles of exchange rate and stock

returns. That is, we let the lag k=1,2, ... , 30, signifying a one month interval for daily observations.

The quantile range for exchange rate and stock returns are set to different levels of extreme high and

low returns, [0.95, 0.05]. The left panel in Figure 14 shows the cross-quantilograms ρ̂τ1,τ2(k) for the AEs.

The first two rows illustrate the hypothesis that both markets are in the high [τ1=0.95,τ2=0.95] and low

quantile[τ1=0.05,τ2=0.05], respectively. In the third raw, the stock market is set in the low quantile and

the currency market in the high quantile [τ1=0.95,τ2=0.05], and in the forth raw, the stock market is set

in the high quantile and the currency market in the low quantile [τ1=0.05,τ2=0.95]. In each graph, we

show the 95% bootstrap confidence intervals for no quantile dependence based on 5000 bootstrapped

replicates.

For the AEs (left panel), we observe that in the case when a change in stock returns is in high quan-

Interested readers may refer to the cited publication for technical details
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Figure 14: The sample cross–quantilogram ρ̂τ1,τ2(k), between the stock and cur-
rencymarket, when stockmarket rapidly increases [τ2=0.95] or decreases[τ2=0.05].Bar
graphs describe sample cross-quantilograms for k = 0,1,2,. . .,30 and the shaded area
denotes the 95% bootstrap confidence intervals, based on 5000 replications.
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(b) EMDEs
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tile , i.e., [τ2=0.95], the cross-quantilogram is positive and significant up to five lags (first raw of the left

panel), and negative and significant for the first two lags (bottom raw of the left panel). Thus, in AEs,

when the exchange rate is high, and the stock returns increase rapidly the depreciation of the the do-

mestic currency will continue for about five days (exchange rate increases). When the exchange rate

is low, and the stock returns increase rapidly the depreciation will continue for about two days. In the

case that stock returns are set in the low quantile, [τ2=0.05], (2nd and 3rd row in the left panel), the

cross-quantilogram for [τ1=0.05] and [τ1=0.95], is negative for both cases but significant only for the for-

mer case. This indicates that when stock returns decrease rapidly, the exchange rate depreciation may

continue until the next day.

Overall, our results suggest that in advanced markets, large increases in stock returns may signal

greater foreign investor inflows or speculative activity, which could put downward pressure on the do-

mestic currency in the short-run, possibly due to expectations of future profit-taking or capital outflows.

Itmay also reflect portfolio rebalancing, where gains in the stockmarket are accompanied by a reduced

demand for the domestic currency. When stock returns fall sharply (τ2=0.05), the domestic currency
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tends to appreciate slightly the next day, especially when the exchange rate is already high (τ1=0.95).

This could be driven by flight-to-safety dynamics, where a drop in asset prices leads to repatriation of

capital or increased demand for domestic currency as investors move into less risky assets.

For the EMDEs (right panel), we observe a positive and significant spike at the first lag when both

markets lie in the same quantile [τ1=0.95,τ2=0.95] or [τ1=0095,τ2=0.05]. The estimate is larger in magni-

tude when both markets are in the low quantile. This indicates that in emerging markets the exchange

rate will appreciate the next day in response to a large decrease in the stock market. This result may

reflect themarket rebalancing positions, where large drops in stock pricesmay trigger foreign investors

to close short positions in the currency market, creating temporary appreciation pressure. Moreover,

sharpmarketmovementsmay be perceived bymarket participants as signals for potential central bank

interventions or policy adjustments, which could support the domestic currency.

Figure 15 represents the casewhen a change in exchange rate is set in the high and lowquantile, i.e.,

[τ2=0.05,0.95]. For the AEs in panel (a), the cross-quantilogram appears to be broadly insignificant for

various quantiles across the different stockmarket levels. Thus, extrememovements in exchange rates

have a limited impact on extreme stock market movements. This complements our previous findings

for AEs, that moderate and not extreme movements in the exchange rates may likely predict move-

ments in the stock market. This result also suggests that a high degree of market maturity and insula-

tion, where exchange rate shocks (even large ones) are likely already anticipated, hedged, or otherwise

neutralized by diversified investors and central bank credibility. Moreover, the financial systems are

more robust in AEs, possibly with deeper derivative markets that help cushion shocks between the FX

and equity markets.

For the EMDEs (panel b), we observe that in the case when a change in exchange rate returns is

in high quantile , i.e., [τ2=0.95], the cross-quantilogram is positive and significant up to six lags (first

raw from the right panel). Thus, in EMDEs, when the stock returns are high, and the exchange rate

returns increase rapidly, the appreciation of the exchange rate will continue for about six days. This

could reflect a scenario where strong equity inflows or speculative capital movements drive up stock

prices while simultaneously putting pressure on the currency due to profit repatriation or hedging ac-

tivities. Investors might be selling local currency after gains in the stock market, resulting in sustained

depreciation. The persistence suggests that these dynamics may be driven by behavioral or structural

factors, such as low market depth, policy uncertainty, or financial frictions, that prevent quick rebal-

ancing. When the stock market is low (last raw in panel b), and the exchange rate returns increase

rapidly the depreciation will continue over the next day. This indicates that in the face of simultaneous

equity sell-offs and currency depreciation, possibly triggered by capital flight or negative sentiment,

the depreciation pressure continues but only briefly. It may also reflect prompt monetary or policy re-
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Figure 15: The sample cross–quantilogram ρ̂τ1,τ2(k), between the stock and currency
market, when currency market rapidly increases [τ2=0.95] or decreases[τ2=0.05].Bar
graphs describe sample cross-quantilograms for k = 0,1,2,. . .,30 and the shaded area
denotes the 95% bootstrap confidence intervals, based on 5000 replications.
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(b) EMDEs
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sponses (e.g., central bank intervention, rate hikes, communication strategies) that help stabilize the

currency more quickly. Alternatively, it may indicate that investors quickly exit the market, with the

most intense pressure concentrated in the initial shock.

6 Conclusions

This study provides a comprehensive analysis of the nonlinear and asymmetric interactions between

stock andcurrencymarkets in a groupof advanced (AEs) andemergingmarkets anddeveloping (EMDEs)

economies, with particular emphasis on the role of geopolitical risk. Employing the advanced frame-

work of local Gaussian partial correlation (LGPC) alongside bootstrap techniques, the findings reveal

substantial heterogeneity in financial market linkages across countries and under varying levels of un-

certainty.

Our baseline findings show that in AEs, the contemporaneous relationship between stock returns

and exchange rate changes is negative, aligning with the “return chasing” hypothesis and the theo-
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retical frameworks of portfolio balance and flow-oriented models. Conversely, in emerging markets,

the correlation is positive, reflecting capital inflows during bull markets that drive both asset prices

and currency values upward. This structural difference highlights the fundamentally distinct nature

of financial market functioning across the two groups: while AEs exhibit more complex, bidirectional

financial flows, EMDEs are largely driven by currency-sensitive capital movements.

In the analysis of market lead-lag dynamics, we uncover that when exchange rates lead in AEs, a

depreciation may enhance export competitiveness and stimulate equity markets. Our results for the

EMDEs suggest vulnerability to abrupt currency appreciations that undermine stock market perfor-

mance—anoutcomeoften linked to external shocks or policy shifts. When stockmarkets lead, advanced

countries exhibit positive tail dependence, potentially due to capital reallocation, signaling ofmonetary

policy changes, or current account effects. In contrast, EMDEs reveal weak and statistically insignifi-

cant relationships, underscoring the limited role of equity markets in driving exchange rate dynamics

in these economies.

A critical contribution of this paper is the detailed analysis of how geopolitical risk reshapes the

stock-exchange rate nexus. Under conditions of high geopolitical risk, advanced markets demonstrate

intensified negative dependence across multiple market regimes, especially in downturns, reinforcing

the notion of domestic currencies as safe-haven assets. On the other hand, EMDEs display strong and

widespread positive dependence under high geopolitical risk, particularly when both markets are un-

der stress, consistent with the structural vulnerabilities of EMDEs. Our findings suggest that EMDEs

may bemore susceptible to synchronous declines across financial assets when geopolitical uncertainty

increases.

Another novel contribution is the analysis of the tail dependence between stock return volatility

and exchange rate volatility. We find evidence of significant co-movement under extreme conditions,

especially in AEs during bullish equity phases accompanied by currency depreciation. For EMDEs,

tail dependence is generally weaker but still present, indicating that volatility synchronization can be

exacerbated by structural weaknesses, especially under risk shocks.

Our results have significant policy implications. For policymakers in AEs, the evidence suggests a

need to closely monitor exchange rate movements during periods of geopolitical stress, as these can

drive equity market responses and investor flows. For EMDEs, the findings highlight the importance

of strengthening financial market depth, improving communication of monetary policy, and build-

ing buffers against external shocks. Investors, in turn, should account for asymmetric and regime-

dependent risks in their global allocation strategies, especially during periods of heightened uncer-

tainty.

Future research could investigate the time-varying nature of these dependencies using dynamic lo-
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cal correlation techniques, or extend the analysis to sectoral indices, commodities, and other financial

assets. Moreover, disaggregating the types of geopolitical risk (e.g., wars, sanctions, or threats) could

further enhance our understanding of how uncertainty translates into market stress. The interaction

between induced uncertainties—such as economic policy uncertainty—and geopolitical events also re-

mains an open area of inquiry. We leave these avenues for future research.
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A Appendix

Figure 16: Bootstrap local Gaussian correlation estimations for the lagged exchange
rates versus stock market for the AEs (upper panel) and EMDEs (lower panel)
economies. Shaded area denotes the 95% confidence intervals for the local Gaussian
correlation estimates.
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Figure 17: Bootstrap local Gaussian correlation estimations for the exchange rates
versus lagged stock market for the AEs (upper panel) and EMDEs (lower panel)
economies. Shaded area denotes the 95% confidence intervals for the local Gaussian
correlation estimates.
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