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Abstract
This paper studies the impact of macroeconomic factors on co-movement in the for-
eign exchange rate markets. Data of foreign exchange rates from 24 merging markets
is used to this end along with a dynamic spatial Durbin model as to examine spatial
dependencies among markets. Our empirical findings show no evidence that cultural
ties exert a role in spreading macroeconomic shocks in the exchange rate of a country
to the exchange rates of other countries. Moreover, we show that economic closeness
through foreign direct investment (FDI) and international bilateral trade is the most
prominent channel in spreading macroeconomic shocks and spatial effects in emerg-
ing markets through the foreign exchange rates. In addition, geographical proximity
reinforces the interdependence relationship of emerging markets. Our findings show
that the co-movement of foreign exchange rate markets across the selected emerging
markets is positively influenced by their gross domestic product (GDP) and interest
rate differential and negatively affected by the terms of trade and remittance. In addi-
tion, we reveal that terms of trade, the inflation differential, and remittance are the
most prominent fundamental factors affecting foreign exchange rate movements.
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1 Introduction

Examining the co-movement between exchange rates is of great importance for both
investors and the central banks as it reveals discernible patterns of how local currency
jointly appreciates or depreciates against a foreign currency. The central bank also
benefits from knowing how the exchange rates co-move when drafting policy inter-
ventions.Moreover, large swings in the exchange rate affect the real economy, financial
markets, international competitiveness, real income, and inflation, as exchange rate
movement affects the price of imported goods and the competitiveness of export firms.
Therefore, understanding the behaviour pattern of foreign exchange rate and how local
currency jointly moves against foreign currency becomes crucial given its countless
implications for economic policies and portfolio allocation since a negative shock
from one market can be quickly transmitted to other markets in the network through
contagion effect.

The issue of co-movement had received considerable thought in the impressive
literature devoted to examining the behaviour of financial markets. An appropriate
analysis of the co-movement of foreign exchange rates reduces the hedging costs of
exposure to it. Although there is limited research on the co-movement analysis of
foreign exchange rates focusing on emerging markets, assessing the co-movement
pattern of foreign exchange rates in emerging markets has become an exciting topic as
emergingmarkets are the largestmarketworldwide and characterised by high volatility
and uncertainty. According to International Monetary Fund (IMF) data, Emerging
markets (EMs) represent one of the largest economies around the world. Its total
population represents 57% of the world population, with the GPD estimated at 25%
of the global GDP, making these markets more attractive for investors seeking a risk-
returns opportunity.

Studies addressing the co-movement between foreign exchange rates and empha-
sising cross-markets or cross-regional analysis have more attraction and interest in
the emerging market context. Emerging markets represent more than 48% of the daily
turnover of global financial markets, with China the largest EMs. It is, therefore,
essential to understanding not only how a shock to one country is transmitted to other
countries through cross-country linkages but also to estimate the degree of spatial
autocorrelation between foreign exchange rates and macroeconomic factors that may
influence the co-movement in emerging markets. Assessing the co-movement among
currencies helps explore cross-border linkages, which transmit market-specific shocks
to other markets while constructing international portfolio diversification and explain-
ing how one market responds to currency fluctuations in other markets. Mensah and
Adam (2020) argued that currency markets are not only influenced by idiosyncratic
factors such as macroeconomic factors andmonetary policy direction but also by other
external drivers. These external drivers may be geographically related phenomena
(Asgharian et al. 2013; Amidi and Majidi 2020; Shikimi and Yamada 2019), cross-
market spatial effects, cross-market trade linkages (Frankel and Rose 1998; Jiang et al.
2022), cultural ties (Falck et al. 2012) and financial integration linkages. It is, there-
fore, imperative to assess the co-movement between foreign exchange rates through
these external channels.
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The dependence structure of foreign exchange rates, also known as the bilat-
eral linkages between currency pairs, can be defined as the co-movement between
the appreciation and depreciation of currency pairs. In contrast, spatial dependence
refers to the degree of spatial autocorrelation between independently measured val-
ues observed in geographical spaces (Crawford 2009). Legendre and Legendre (1998)
argue that spatial dependence is a property of a spatial stochastic process in which the
outcomes at a different locationmay be different. Further to the spatial dependence def-
inition that clearly emphasises the existence of spatial autocorrelation, Overmars et al.
(2003) define then the spatial correlation as the property of random variables to take
values over a distance that are more similar or less similar than expected for randomly
associated pairs of observations, due to geographic proximity. In recent years, scholars
and practitioners have begun to understand financial markets’ dynamic relationship
and co-movement. The extensive literature dealing with the issues of co-movement
and dependencies of financial markets has been more directed into stock markets and
commodities markets, while little attention has been placed on foreign exchange rate
markets and, more precisely, in the emerging markets context. A considerable number
of studies on the co-movement and dependencies have been devoted to examining
the co-movement between foreign exchange rate and stock market or commodities
markets (Carvalho and Gupta 2018; Embrechts et al.2002; Ghosh et al. 2021; Yeap
et al. 2020) while few studies look only to foreign exchange rates co-movement in
emerging markets. Many approaches and models have been proposed to study for-
eign exchange rates co-movement and interdependencies. These approaches range
from linear correlation models such as vector autoregressive (VAR) model (Donkor
et al. 2022; Sosa et al.2018; Casarin et al. 2018), Dynamic conditional correlation
(Engle 2002; Carsamer 2016; Zaiane and Jrad 2020) Bayesian-generalised autore-
gressive conditional heteroskedasticity (GARCH) model (Yeap et al. 2020) contagion
approach (Forbes and Rigobon 2002), cross-correlation (Reboredo 2012; Reboredo
et al. 2014); cointegration analysis (Tang and Yao 2018); Copula approach (Wang
et al. 2013 and Patton 2006;Wu et al. 2012);Wavelet decomposition approach (Kumar
et al. 2017; Yang et al. 2016; Xu et al. 2021), while other studies explored the network
approach in financial economics to analyse the co-movement among assets (see Man-
tegna 1999; Allen and Gale 2000; Gai and Kapadia 2010; Carvalho and Gupta 2018;
Wang et al. 2014). The drawback of these proposed approaches is the inability of linear
correlation to describe a nonlinear relationship between two heterogeneous variables
and the failure of the copula to account for the non-stationarity of the co-movement of
assets. In addition, such approaches use prior assumptions in the building block of the
copula function and do not take into account the time-varying effect of the exchange
rate, its stochastic property, and the spatial interconnectedness among markets.

In contrast, the network approach appears to be more suitable for assessing the
spatial interconnectedness of financial markets. It remains unclear whether the geo-
graphical proximity, cultural ties, and other measures of closeness influence the
transmission of foreign exchange rate movement from one country to another and
the extent to which the macroeconomic variables affect the co-movement between
foreign exchange rates. Moreover, the afford-mentioned approaches failed to investi-
gate the co-movement of foreign exchange rate markets and their spatial dependence
in emerging markets. The closest study is that of Fernández-Avilés et al. (2020) which
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examined the co-movement in commodity markets during distress periods. This is a
study that focus on co-movement in commoditymarkets, but did not focus on exchange
rate. It also did not use spatial econometric approach. To the best of our knowledge,
no study has attempted to investigate the spatial dependence and co-movement of the
foreign exchange rates in emerging markets and analyse how macroeconomic factors
influence co-movement in the foreign exchange rate markets.

We explore applying the spatial econometric approach that has recently emerged as
one of the best approaches to investigating the spatial dependence between variables
to address this gap. Our econometric approach is motivated by Santi et al. (2021),
who show that spatial dependence is modelled through spatial weight matrices, which
departs from the standard Gauss-Markov assumption of no serial correlation and exo-
geneity of regressors. In other words, individual foreign exchange rate markets are
assumed to be spatially correlated andbe affected bymacroeconomic factors.Although
Fernández-Avilés et al. (2012) first applied the spatial model to financial assets to
model the pairwise relationship in financial markets. They found that stock market co-
movements are unrelated to geographical proximity, while foreign direct investment
(FDI) proxy to financial linkages is responsible for financialmarket co-movement. The
study fails to emphasise the presence of spatial dependence and explore the degree of
influence of macroeconomic factors on foreign exchange rate co-movement. Follow-
ing the same methodology, Asgharian et al. (2013) attempted to investigate the extent
to which countries’ economic and geographical relations affect the co-movements of
their respective stock markets. Their findings revealed a strong effect of a unit shock
to regionally dominant countries on other countries through the trade linkages. The
studies mentioned above (see Fernández-Avilés et al. 2012; Asgharian et al. 2013)
focused on stock markets, while foreign exchange markets are omitted in the liter-
ature. Previous studies that apply spatial techniques to model the co-movement of
exchange rate concentrate effort on inter-country analysis and fail to consider cross-
regional analysis, especially the emerging markets. Moreover, few studies (see Zhang
et al. 2019; Hondroyiannis et al. 2009; Fernandez 2011) attempted to focus on the
co-movement of the foreign exchange rate in emerging markets have considered only
a single geospatial effect. These studies do not investigate spatial dependence channels
such as colonial legacy’s proximity, financial integration and international trade link-
ages, and geographical closeness. We also noticed that they did not investigate the role
of fundamental macroeconomic variables in transmitting shocks into foreign exchange
rates, which are vital for policy interventions in international trade and finance.

The innovation in this paper lies in the fact that we explore the role of cultural
identity, geographical phenomena, financial integration, and trade linkages in spread-
ing macroeconomic shocks in a country’s exchange rate to other countries’ exchange
rates. Wemodel the spatial effects on foreign exchange rate co-movement in emerging
markets and perform a robust analysis to control spatial autocorrelation through the
spatial weight matrices, which synthesise the spatial relation for all pairs of curren-
cies in the emerging markets considered to control the cross-country linkages. We will
address themisidentification of the degree of spatial interconnectedness in the selected
emerging foreign exchange markets that affect the risk of exchange rate spillover. To
address this shortcoming, we propose a methodology based on the dynamic spatial
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Durbin model (SDM) with fixed effects to analyse the spatial dependence among cur-
rencies, taking into account the space and time-varying of exchange rate movement
spillover of the model’s features that identify the most significant interconnectedness
among currencies. TheSDMassesses the cross-border linkageswhere negative shocks,
such as depreciation or appreciation in one currency, may affect the entire network,
especially when this currency is at the node’s centre. Our findings show that terms of
trade, inflation differential, and remittance are themost prominent fundamental factors
affecting foreign exchange rate movements within the spatial network.

Moreover, we suggest that economic ties and financial integration reinforce the
spatial interdependence relationship of emerging markets. Furthermore, we find that
economic closeness through international trade linkages is themost prominent channel
in spreading a spatial effect among emerging foreign exchange rate markets. We find
no evidence that cultural ties play a role in spreading macroeconomic shock to foreign
exchange rates in emerging markets.

The rest of this paper is structured as follows: Sect. 2 presents a brief literature
review; Sect. 3 focuses on the methodology and data; Sect. 4 provides the empirical
results and an interpretation thereof, and Sect. 5 presents our conclusions and policy
recommendations.

2 Literature review

Understanding the co-movement across emerging financial markets is extremely
important given its substantial implications in constructing international portfolio
allocation and designing risk mitigation strategies. Due to market integration, lib-
eralisation, and globalisation, global financial markets have become increasingly
interdependent. That has compelled researchers to investigate the cross-market link-
ages in emerging foreign exchange rate markets because a shock in one market can
affect returns and volatility in others, with severe implications for portfolio risk assess-
ment. In this regard, exploring the transmission of exchange rate movement from one
country to another may significantly contribute to investors’ diversification strategy
and thus mitigate the underlying risk attached to foreign exchange rate exposure.
Therefore, it remains necessary to understand the co-movement among currencies;
explore the cross-border linkages which transmit market-specific shocks to other mar-
kets and explain how one market responds to currency fluctuations in other markets.
Doing so will help decision-makers design an efficient hedging technique against for-
eign exchange rate exposure and help investors build an efficient and optimal portfolio
allocation. Kole et al. (2007) and Chollete et al. (2009) argued that failing to capture
the co-movement or misidentification could lead investors to make costly decisions.
However, the proper assessment of co-movement among currencies pair in emerging
markets is only achieved by clearly defining the spatial weight matrix, which syn-
thesises the spatial relation for all currency pairs in the emerging markets in order to
capture not only the spatial effect (spatial autocorrelation and spatial heterogeneity) but
also the nonlinear properties of the joint distribution of foreign exchange rates returns.
This study aimed to investigate the co-movement between foreign exchange rates in
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emerging markets, focusing on spatial dependence and macroeconomic influence on
the considered currency pairs.

Past studies have proposed several techniques to model the co-movement of finan-
cial markets. Approaches such as the capital asset pricing model and the arbitrage
pricing theory mainly use the Pearson correlation coefficient to measure the co-
movement between financial markets. Campbell et al. (1998) andHenry (1998) argued
that correlation is central in financial theory. The Pearson correlation coefficient only
captures the linear correlation, thus considering random variables uncorrelated when
the dependence is nonlinear. However, the absence of autocorrelation between two ran-
dom variables does not necessarily mean that there is no dependence among variables
but instead assumes finite variances of the assets. In addition, Embrechts, et al. (2002)
concluded that assuming finite variances of financial assets could be a problem when
assessing the dependence structure of financial assets with heavy-tailed distributions.
The copula has emerged as a powerful model for overcoming correlation’s linear-
ity assumption and capturing co-movement between assets. Patton (2006) applied a
copula to capture the co-movement in the foreign exchange markets and found that
foreign exchange markets are asymmetrically dependent. This result suggests that it
is essential for central banks to develop asymmetric responses to exchange rate move-
ments. It stated that the currency rate fluctuates more significantly when it depreciates
than when it appreciates. Thus, examining the co-movement beyond the simple linear
correlation is pivotal when making investment decisions.

To this end, Patton (2006) proposed a simple framework for modelling the co-
movement of the exchange rate based on a conditional copula. This conditional copula
model to foreign exchange rate data shows that currencies are more correlated during
appreciation than depreciation and exhibit asymmetric dependence in the tails. Similar
studies on co-movement using copula such as Reboredo et al. (2014); Longin and
Solnik (2001) pointed out that asymmetric dependence is where financial returns
exhibit superior correlation during the market downturn than market upturns. Several
studies, such as those (Joe et al.2010; Smith et al. 2010), have argued that the copula
allows for nonlinear and asymmetric cross-sectional and serial dependence. However,
the dynamic conditional copula model developed by Patton (2006) is based on AR (p).
T-GARCH (M) (autoregressive-generalised autoregressive heteroscedasticity model)
failed to capture both cross-sectional and serial dependence, only capturing the latter.
Therefore, findingmodels that enable riskmanagers to capture both cross-sectional and
serial dependence of exchange rate risk remains a challenge in the finance literature.

Several studies (such as Longin and Solnik 2001; Garcia and Tsafack 2011)
emphasised that asymmetric dependence is due to evidence of a nonlinear causal-
ity between international financial assets. Lien et al. (2013), Boero et al. (2011), and
Wang et al. (2011) pointed out that foreign exchange markets exhibit asymmetric
dependence. Henceforth, the most suitable methodology for modelling this asymmet-
ric dependence shall account for spatial proximity, time-varying interconnectedness,
economic proximity, cross-sectional dependence, and serial dependence. None of the
reviewed literature discussed above clearly develops a methodology to examine the
co-movement among foreign exchange rate markets while accounting for asymmetric
dependence features of this asset. However, some studies have proposed methodology
based on spatial econometrics, whereas others are based on the network approach.
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Nevertheless, it is widely acknowledged that foreign exchange rate markets
exhibit dynamic features such as heavy-tailed distribution, volatility cluster, volatility
spillover, and asymmetric volatility. It is thus unsuitable to use the Pearson correla-
tion coefficient to capture the co-movement among the foreign exchange rate markets.
The drawbacks of the Pearson correlation coefficient have motivated scholars to seek
an alternative statistical model to estimate the co-movement of financial markets.
To overcome the constant conditional correlation problem observed in the GARCH
model on other linear models, Engle (2002) proposed the dynamic conditional corre-
lation (DCC) model with the flexibility of a univariate GARCH model coupled with
parsimonious models for the correlation. After that, several studies on co-movement
adopted the DCC approach. Among others, Carsamer (2016) empirically assesses the
co-movement of foreign exchange rates in selected African countries using the DCC
model to unearth the determinants of foreign exchange rates co-movement. The result
shows evidence of external determinants of foreign exchange rate co-movement. It
concludes that regional interest rate differential, trade intensity, competition and world
interest rate decrease the degree of co-movement. Zaiane and Jrad (2020) employed
the DCC and vector error correlation (VEC) model to examine the dynamic linkages
between exchange rates and the stock markets of Tunisia. They found a unidirectional
relationship between foreign exchange rates and stockmarkets. Mohd Amin and Janor
(2016) also find unidirectional movement from foreign exchange rates to stock prices
in emerging markets. These results are consistent with the flow-oriented theory (Dorn-
busch and Fischer 1980), stating that exchange rate fluctuations affect international
competitiveness. Although the DCC is used to estimate the bilateral linkages, it is
proven that shocks to one country are transmitted to other countries through cross-
country linkages such as bilateral trade, export competition, capital account openness
or bilateral investment flows.

In most cases, historical data, including these transmission channel data, are avail-
able in low-frequency dimensions (monthly, quarterly, and yearly frequencies), which
does not provide relevant information to portfolio allocation as trading decisions
require high-frequency information (hourly, daily or weekly). The DCC model fails
to analyse the cross-linkages at high frequency, and hence model with the ability to
decompose the series into high and low frequency is required to study co-movement
conducted independently for the high and low frequency.

In this regard, the Wavelet analysis has emerged as a powerful tool to analyse
the time–frequency co-movement of financial markets. Assessing the co-movement
in daily returns of currency pairs, Kumar et al. (2017) employ the Wavelet cohesion
approach and found that currency markets are nearly perfectly integrated in the long
run scale (monthly, quarterly and biannual) while the cross-correlation analysis shows
that British pound (GBP) act as potential leader/follower across the scale. Further to
this, they found the presence of a dynamic pattern of co-movement among the major
currency futures. Owusu Junior et al. (2018) found the existence of amixed interplay of
lead-lag relationship, while Amewu et al. (2022) found the low-medium term lead-lag
connection between foreign exchange rates. Özmen and Yılmaz (2017) investigated
the relationship between exchange rate change in some selected emerging markets
and its foremost financial determinants. They found that the change in the exchange
rate is correlated with interest differentials, risk premium, the Federal Reserve Bank
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(FED) monetary policy implementation and policy uncertainty, with the strongest
co-movement of exchange rate change occurring with risk premium in all countries
considered. Exploring the co-movement between foreign exchange rates and emerging
stockmarkets using thewavelet analysis,He et al. (2023) foundunidirectional causality
runs from the emerging stock market to foreign exchange rates. Qureshi and Aftab
(2020), investigating the interdependencies and contagion among exchange rates of
Asian emerging markets, found regional market convergence in the long run with a
substantial increase of co-movement among exchange rate pairs during the global
financial crisis.

Contrary to the previous literature on wavelet analysis in emerging markets, Yang
et al. (2016) addressed the co-movement problem of foreign exchange rates in devel-
oped markets (GBP/USD, EUR/USD and JPY/USD) using the wavelet analysis. This
study found strong interdependence between Euro and Pound at all frequencies.
Although the wavelet analysis can decompose the data into low and high frequency,
allowing the researcher to study the shorter time period (daily, weekly) and more
extended time period (monthly, quarterly, bi-annually or yearly) independently, it
cannot cater to the spatial relation of the bilateral exchange rate.

Wang et al. (2014) analysed the foreign exchangemarket network using the network
approach’sminimumspanning tree (MST)model. The study found that the distribution
of the cross-correlation coefficient in the foreign exchange market network is fat-
tailed and negatively skewed. In other words, the study found asymmetric dependence
between foreign exchange rate markets of the 42 major currencies. Chen et al. (2015)
analysed the interaction effect among industries and stocks using a network approach
and found a close relationship between stock centrality and stock returns. Wang et al.
(2012) studied the topology of similarity networks in foreign exchange markets using
the MST approach and found that the Singapore dollar became a new centre currency
for the network after theUnitedStates sub-prime crisis.Huang et al. (2009) showed that
a small-world network is sensitive to long-distance attacks. Thus, a topological change
can help understand correlation patterns among foreign exchange rates, although it
fails to tackle emerging markets’ spatial effect issues.

A novel technique based on spatial econometric analysis was proposed to unearth
the spatial dependence. Santi et al.(2021) argued that spatial dependence is modelled
through a spatial weigh matrix which synthesises the spatial relation for all pairs of
foreign exchange rates in the model, while Asgharian et al. (2013) argued that the spa-
tial econometrics approach allows for the modelling dependence between countries’
financial markets and investigates the linkages effect of shocks among countries.

The spatial econometric model is widely used in the context of emerging markets
(Hondroyiannis et al. 2009; Miled et al.2022; Chen et al. 2020; Jiang et al. 2022) to
investigate the contagion between financial markets. These studies found evidence of
the existence of contagion among emerging markets.

Chen et al. (2020) focused their attention on China’s stock markets. They investi-
gated the interdependence of thismarket and attempted to understand the co-movement
and its spatial pattern. The results show that the co-movement between provinces is
positively influenced by their GDP and negatively affected by the economic structure.
Although their study investigated co-movement and spatial dependence, it was con-
ducted for a specific emerging market (China), focused on cross-provincial linkages
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rather than cross-country linkages, and directed to stock markets instead of foreign
exchange rate markets.

Asgharian et al. (2013) investigate how geographical relation affects stock mar-
ket co-movement in emerging and developed economies. The study indicated a strong
effect of a unit shock to regionally dominant countries on other countries through trade
linkages. That implies that bilateral trade outperforms the other linkages that are con-
sideredwhen capturing the dependencies between stockmarkets. There is no empirical
evidence on whether their findings are relevant to the exchange rate markets. Addi-
tionally, the study omitted to assess the spatial dependence and other spatial linkages
such as common language closeness and financial integration linkages. Previously to
their work, Fernández-Avilés et al. (2012) studied the dependencies of the financial
market using spatial econometric techniques. Their study showed that geographically
clustered countries are more concerned about stock market co-movement. However,
the study was limited to the stock market rather than the foreign exchange rate market.
The study concluded that financial linkages are important in accounting for market co-
movement. Prior to Fernández-Avilés et al. (2012), Asgharian et al. (2013) suggested
that financial dependencies are more pronounced in the geographically proximate
country. Similarly, Orlov (2009) argued that geographically proximate countries are
more likely to have similar trade and investment patterns, thus transmitting shock to
neighbouring countries through the dependent variables. The spatial techniques could
thus help to assess the foreign exchange co-movement. Zhang et al. (2019) inves-
tigated the spatial returns spillover among G20 financial markets using the spatial
autoregressive (SAR) model and found that the space weight matrix captures multidi-
mensional spatial spillover effects among stock markets. Further, the study concludes
that inflation and government debt and macroeconomic performance are significantly
positively correlated with stock returns, while interest rate and stock market volatility
have a negative effect on stock returns.

Flavin et al. (2002) argued that physical distance might be important in explaining
cross-country stockmarket correlation. Similarly, Fazio (2007) found that contagion is
more likely to occur between countries in the same geographical region, while Benos
et al. (2015) showed that proximately located countries are likely to have stronger
links that cause spillover. Thus, geographical proximity appears to be an important
determinant of international capital flows andmay affect co-movement among foreign
exchange rates in emerging markets. Contrary to the previous literature, Fernández-
Avilés et al. (2012) argued that physical distance does not play a critical role in stock
market co-movement as has been previously thought. However, this study was limited
to the stock market under volatility spillover and did not investigate the same for
the foreign exchange rate market, where high volatility is experienced due to trade
linkages.

Contrary to Fernández-Avilés et al. (2012), who argued that geographical distance
does not influence stock market co-movement, Amidi and Majidi (2020) argued that
geographical position and bilateral trade flow are key determinants of spatial depen-
dence. It added that proximity is one way of creating a spillover. In other words, a
shock in the home currency in the region will impact the neighbouring countries. In
this regard, Anselin (1988) argued that ignoring spatial dependence in an econometric
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analysis while variables are spatially correlated would lead to bias in econometric
estimation. It is, therefore, essential to assess the determinants of spatial dependence.

Moreover, previous studies using spatial techniques mainly consider the physical
distance andomit the financial, economic, and cultural distance,whichmight be crucial
as they reflect market interdependence. Falck et al. (2012), study the effect of cultural
ties proxy by linguistic identity on the economic exchange using gravity analysis and
show that highly timepersistent cultural ties impact economic exchange across regions.
Although Fernández-Avilés et al. (2012) first applied the spatial model to financial
assets, our research is the first to use the spatial regression approach to examine co-
movement among foreign exchange rates, investigate their spatial dependencies in
emerging markets, and consider cultural proximity in the transmission link of foreign
exchange rate co-movement. We focus on understanding the role of some selected
macroeconomic variables in the transmission of foreign exchange rate movement to
neighbouring markets while considering the cultural, geographical, economic, and
financial closeness of the countries in the network to capture the effect of currency
movements on a country’s neighbours.

We revisited several modelling techniques used in the literature to assess co-
movement, including the copula approach, spatial analysis, wavelet decomposition
approach, correlation and network approaches and highlighted a shortcoming in the
existing literature. The linear model ignores the nonlinearity between two hetero-
geneous financial assets. This nonlinearity can be captured by spatial econometric
analysis newly applied in foreign exchange markets, especially the SDM approach,
which emerges as a robust spatial econometric model. However, the latter accounts
for the non-stationarity of co-movement in asset dynamic features such as asymmetric
volatility spillover and can detect the spatial dependence effect of macroeconomic
variables used to control foreign exchange rate co-movement.

This study looks to fill the gap in the literature by assessing the co-movement of
foreign exchange rate markets, taking into account the importance of geographical
and cultural distance, international trade, and financial integration while considering
that foreign exchange movement will be transmitted to neighbouring countries.

3 Materials andmethods

3.1 Econometric modelling

Numerous studies approach the problem of co-movement of foreign exchange rates
with the view that fundamental macroeconomic variables are likely to influence the
direction of foreign exchange rates (Djemo et al. 2021; Mulugetta et al. 2004), it
remains controversial in the literature how the imported shocks spillover to other
countries and affect theirs fundamental macroeconomic variables.

In this study,webasedour analysis on the theoryof anopen economy,wheremarkets
becomemore dependent on one another.We investigate the co-movement by assessing
how shock in one countrymay spread to neighbouring country providing that exchange
rates movement depend on its own fundamentals. According to Held et al. (2000), we
also consider the concept of globalisation that embodies a transformation in the spatial
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organisation of social relations, interregional flows, and network of activity. They
argued that globalisation increases the magnitude of interconnectedness and flows of
trade, culture, migration, investment, and finance. For this concept, we introduce the
cultural identity with the assumptions that it is likely for international investors to
trade with the trading partner which speak the same language; trade, geographical,
and finance flows in our model to assess their influence on the spatial dependence
of foreign exchange rates in emerging markets. Therefore, we reject the assumptions
that countries are independent of each other. We use a spatial econometric approach to
model spatial effects and investigate the co-movement among foreign exchange rates
in emerging markets.

The spatial analysis proposed in this studywill help us to examine the co-movement
between foreign exchange rates across the selected emerging markets focusing on
four transmission channels: cultural linkages, international trade linkages, financial
linkages, geographical linkages, and understand how one currency’s appreciation or
depreciation (exchange rate change) is affected by shocks in another country while
accounting for neighbouring effects.

3.1.1 Spatial model

Since our panel data contains both time series and cross-sectional data, we employ a
spatial model for the regression analysis. We assume that foreign exchange rates are
spatially correlated and can be affected by fundamental macroeconomic variables such
as remittance, GDP, inflation differential, terms of trade, interest rate differential, and
stock returns. To analyse the spatial dependence, we focus our study on four transmis-
sion channels: geographical linkages, economic linkages, cultural identity linkages,
and financial integration linkages. Shikimi and Yamada (2019) and Haile and Pozo
(2008) suggest that cross-country linkages are more likely to occur in geographically
clustered countries through trade and financial channels, contrary to Fernández-Avilés
et al. (2012) who find no evidence of geographical closeness to influence the cross-
country linkages. Falck et al. (2012) show that cultural ties faster economic exchange
across countries. We also investigate the role of fundamental macroeconomic vari-
ables (i.e., control variables) in the co-movement of foreign exchange rate markets
(dependent variables). We thus focus on the interaction among a network of foreign
exchange rate markets. LeSage (2008); Basile et al. (2014) defined spatial depen-
dence in a regression model as a situation where the value of the dependent variable
at one location depends on the value of the neighbouring observations at other loca-
tions. Thus, spatial dependence may be the consequence of spatial correlated omitted
variables rather than being the result of spillover (Basile et al. 2014).

Several alternative spatial regression models have been proposed based on the
source of spatial dependencies, ranging from the spatial error model (SEM) to the
spatial Durbin model (SDM) and the spatial autoregressive (SAR) model.

Spatial autoregressivemodel The SAR model, also known as the spatial lag model,
assumes that the autoregressive process occurs only in the response variables, and this
implies that spatial dependence ensues from the error term and control variables. It
means that shocks to both error terms and explanatory variables at one location are
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transmitted to other locations within the spatial system. In contrast, the SEM model
assumes that only shocks in the error term are transmitted to other locations.

Fex � Xβ + γWi , j Fex + ε with ε ∼ Nn(0, σ 2 In) (1)

where Wi , j Fex capture the co-movement between foreign exchange rate markets;
γ is the spatial autoregressive parameter; Wi , j is weight matrix that captures the
cross-country correlation. X is a matrix that controls country-specific factors; β is a
coefficient vector that measures changes in the country-specific variables on foreign
exchange rate change in the respective country.

Spatial error model The SEM model assumes that the autoregressive process is
found only in the error term. In other words, spatial dependence affects only the error
terms.

Fex � Xβ + γWi , jμ + ε with ε ∼ Nn(0, σ 2 In) (2)

where γ is the spatial autoregression coefficient;Wi , j is the spatial weight matrix that
models howmarket i is affected by the shock frommarket j ; β is a vector representing
the slope;X are the fundamental macroeconomic variables ( stock returns, interest rate
differential, inflation differential, term of trade, remittance and GDP) of the countries
being considered.

Spatial Durbin model To estimate the spatial dependence in the selected emerging
foreign exchange rate markets and account for different sources of spatial correlation,
we employ the SDM with the fixed-effect model. Asgharian et al. 2013 argued that
SDM has the capability to nest the SAR and SEM and produce unbiased coefficient
estimates under the data generating process. The SEM looks to correct the inefficiency
of estimates, whereas the SAR model appears suitable for model decomposition into
direct and indirect effects. LeSage and Pace (2014) recommend using the SDM in
general to overcome the shortcoming in the SAR and SEMmodels. Thus, our proposed
model will help us capture spatial dependence through the spatial lag of the dependent
variable and the spatial externalities in the idiosyncratic random shock through the
spatial autoregressive error term.

The model is written as follows:

Fexit � ρ

N∑

j�1

Wi j Fex jt + βXit + ϕ

N∑

j�1

Wi j Xit + δi + γi + εi t ; εi t ∼ N
(
0, σ 2 In

)
(3)

where Fexit is a vector of the dependent variables (foreign exchange rate changes of
country i); Xit is a matrix that controls for country-specific factors in period t , includ-
ing stock returns, inflation differential, interest differential, term of trade, remittance
and GDP per capita (explanatory variables) with an associated vector of coefficient β;
εi t is a vector of the idiosyncratic error (error term);Wi j is a spatialweightmatrixwhich
synthesises the spatial correlation and enables the spatial dependence to be modelled
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in various ways; ρ is a SAR parameter; ϕ is a spatial effects coefficient of the con-
trol variables; and δi and γi represent specific effects in time and space, respectively.
Wi j Xi j captures the impact of foreign explanatory variables across country.Wi j Fex jt

capture the co-movement between foreign exchange rate markets. The advantage of
an SDM model is the simplicity of decomposing the foreign exchange movement
into contagion, systematic, and idiosyncratic components. The linkages, denoted by∑N

j�1 Wi j Xit , Fexit , explore how shock from one foreign exchange market is trans-
mitted to other markets in the network.

3.1.2 Weighting matrix

The weight matrix determines the structure of the spatial dependence between foreign
exchange rate markets and allows us to determine the connectivity structure between
foreign exchange rate movement and the channel of cross-sectional linkages. We
construct the weights from pair economies among n countries at time t using the
cross-sectional data as follows:

Wi . j �

⎡

⎢⎢⎢⎢⎢⎣

0
w21

w31

w12 w13 . w1n

0 w23 . w2n

w32 0 . w3n

.

wn1

.

wn2

.

.

0 .

. 0

⎤

⎥⎥⎥⎥⎥⎦
(4)

where wi j denotes the weight, which corresponds to country pairs i j .

3.1.3 Transmission channels

This study considers different spillover channels, including economic, financial, cul-
tural, and geographical closeness, through which shocks in the explanatory variables
propagate to other cross-sectional units. We expect these spillover channels to exert a
role in spreading macroeconomic shocks in a country’s exchange rate to the exchange
rates of other countries, this type of shock transmission will be capture in our analysis
as an indirect effect whereas the effect of local fundamental shock on its own foreign
exchange will be capture as direct effect. The innovation in this study lies in the fact
that we investigate the cross-market multidimensional spatial effects around emerging
foreign exchange markets in contrast to existing studies on the spatial effect that focus
on a single spatial effect. The transmission channels proposed in constructing the spa-
tial weight matrix in this study are motivated by the existing empirical and theoretical
underpinning arguments in the spatial analysis literature. Frankel and Rose (1998)
and Jiang et al. (2022) show that trade linkages capture by bilateral trade and trade
competition and capital account proxy of financial integration linkages are the main
transmission channels of financial spillover. Amidi and Majidi (2020) and Shikimi
and Yamada (2019) argued that geographic closeness and bilateral flows (FDI, trade)
are the most prominent channels of regional spillover. Falck et al. (2012) argued that
linguistic ties foster economic exchange across regions.

123



992 C. R. T. Djemo, J. H. Eita

Geographical distance We define geographical distance as the great circle distance
between two countries’ capital cities. In this paper, we use the Haversine distance
which is a built in the Stata software to compute the physical distance by measuring
the length of the shortest path between two capitals along the surface. Although it
does not provide high accuracy that Vincenty offers, it remains more practical to
compute the distance on sphere since it uses longitude and latitude. It is also simple to
compute compared to the Vincenty procedure which requires intensive computation
and sophisticated algorithm.

In fact, because of migration, investors with different level of gain appetite or risk
appetite might migrate from one capital city or country to another. Thus, affecting the
fundamentals macroeconomics of both the original and the destination country. More-
over, investor’s decision to relocatemight be prompted by economic agentwelfare such
as labour markets conditions, conflict, political instability, and other socioeconomic
factors.

Geographic proximity can be an important driver of foreign exchange rate spillover
since geographically clustered countries with similar trade patterns tend to import the
samegoods from the sameexporter country.Having a similar import pattern, a currency
appreciation of their leading supplier will reduce their export from this country. As a
result, the price of imported goods will increase, leading to inflation. The central bank
policy intervention will affect the exchange rates. We use the Haversine formula to
compute the physical distance from the latitude and longitude as follows:

Disti j � 2RarcSin
(√

ψ + ϑ
)

with

⎧
⎨

⎩
ψ � sin2

(
Lati−Lat j

2

)

ϑ � Cos
(
Lat j

)
Cos(Lati )Sin2

(
loni−lon j

2

) (5)

where R is the earth radius; Lati and Loni are latitude and longitude of the capital city
of country i, respectively, and vice versa for country j; Disti j is the physical distance
between country i and country j; Cos and Sin are cosinus and sinus, respectively.
Geographical proximity tends to accentuate common information spillover among
countries that are close to each other’s. For example, Amidi and Majidi (2020) argued
that geographical position and bilateral trade flow are key determinants of spatial
dependence.However, geographic proximitymay not be the only transmission channel
when investigating the spillover effect across foreign exchange rates markets.

Economic linkages Wemeasure the economic distance using bilateral trade (export)
and bilateral net foreign direct investment (FDI) inflows to calculate the closeness
between two countries. The theoretical motivation to choose these variables lies in the
assumption that foreign exchange rates co-movement can be transmitted to neighbour-
ing countries through trade competition and income. A country’s loss of competitive
position in the international trade market and the decrease in demand for goods from
this countrywill negatively affect itsmajor trading partners, and hence, this leads to the
depreciation of its domestic currency. Moreover, foreign exchange rate in a domestic
country with high inflation, low GDP, interest rate would likely to react to the changes
in fundamentals of neighbouring countries with similar economic or financial char-
acteristics. Fundamentals economics shock would affect foreign exchange rate within
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the country, creating volatility in the currency markets. This disturbance in currency
markets will be transmitted to currency markets in foreign country through various
transmission channels including economic integration, financial integration, cultural
integration, and geographical proximity.

Illustratively, international importer tends to import goods from country with weak
currency where the price of goods is cheaper than a competitor’s countries with strong
currency. This phenomenon will lead to more demand of currency in this country. As
a result, domestic currency demand will increase which lead to the appreciation of
foreign exchange rate and it will be transmitted to importer country and vice versa.
We calculate the inverse economic distance as follows:

Wi j � 1(∣∣EXi − EX j
∣∣) + 1

∗ exp−βDisti j (6)

where Disti j is the distance between the capital city of country i and country j
obtained from Eq. (5), EXi is export of country i , and EX j is export of country j .

Wi j � 1(∣∣FDI i − FDI j
∣∣) + 1

∗ exp−βDisti j (7)

where FDI i is a net FDI inflow of country i and FDI j is net FDI inflow of country j .
We calculate the economic and financial integration distances using the cross-sectional
mean across time of economic and financial variables (FDI, export, net capital account,
and external debt).

Financial integration linkages The spatial correlation can be explained by financial
integration, which may be associated with either country’s assets or liability. Illustra-
tively, a rise of interest rate in one country could lower the borrowing cost ofmost firms
and their regional branch. In effect since most firms are more likely to have regional
branches in other country, the change of share price in one country will encompasses
their foreign representation. We use the bilateral portfolio investment to construct the
capital weight and external debt for financial weight. We derive the capital weight and
financial weight, respectively, as follows:

Wi j � 1(∣∣I nvi − I nv j
∣∣) + 1

∗ exp−βDisti j (8)

Wi j � 1(∣∣Debti − Debt j
∣∣) + 1

∗ exp−βDisti j (9)

where I nvi and Inv j are the portfolio investment in country iand j respectively,
DebtiandDebt j represent external debt in country i and j respectively.

Cultural identity linkages Colonial legacies between countries, such as common lan-
guage and common colonial relationships between countries colonised by the same
coloniser or between coloniser and their former colonies, affect bilateral trade and,
therefore, may be a channel of financial contagion. In this regard, Sousa and Lochard
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(2012) investigated the role of colonisation in trade performance across develop-
ing countries and found that former British colonies trade more on average than
their French counterparts. This finding is supported by the fact that British colonies
favoured free trade policies in contrast to French colonies that enforced protectionist
measures. A common language clustered countries may tend to have intensive trade
patterns among them as they develop a comparative advantage to reduce the trade cost.
Therefore, it is important to investigate the contribution of colonial legacies (common
language) in transmitting the shock from one country to another. We built the colonial
weight matrix using a binary weight by assigning one to countries with a common
language and zero otherwise following with row normalization as follow:

Wi j �
{
1 if location i and location j share a common language
0 if otherwise

(10)

where i and j denote country and it trading partner. Our study uses the weight based on
the assumption that country that do not share the same language might exhibit spatial
dependence based on their language barrier among traders.

3.2 Data and variable selection

This study uses yearly data of 24 emerging markets – 10 large emerging markets
(Argentina, Brazil, China, India, Indonesia,Mexico, Poland, Turkey, andSouthAfrica)
and other emerging markets around the world (Chile, Columbia, Hungary, Thai-
land, Philippines, Nigeria, Egypt, Malaysia, Morocco, Russia, Singapore, Ukraine,
the United Arab Emirates, Mauritius, and the Czech Republic) – covering the period
of January 2001 to January 2021. Table 1 describes the data source and variables used
in this study. We define the neighbourhood effect by the geographical distance, eco-
nomic and financial integration, and cultural distance. We employ the capital account
to calculate the capital weight, while the external debt is used as a proxy to compute the
financial weight matrix. Both capital and financial account are measures of financial
integration distance.

We consider a common language to capture cultural closeness since two countries
with the same language will tend to have intensive trade and close migration patterns.
The spatial weight matrix W measured by linguistic distance is given a value of one
if both countries speak the same language and zero if otherwise. We normalise all the
spatial weight matrices so that the sum of each row is equal to one.

We use a set of control variables that capture the state of each economy. The leading
macroeconomic indicators reflecting the free capital mobility and financial integration
are remittance and interest rate differential.We also include the gross domestic product
(GDP) as a proxy of income, inflation differential, terms of trade, capital account as a
proxy of financial linkage, and equity market returns.
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Table 1 Variables employed

Variables Sources Abbreviation

GDP per capita World Bank indicators GDP

Inflows remittance to GDP (proxy of
finance mobility)

World Bank indicators Remit

Interest rate International Financial Statistics (IFS) Interest

Consumer price index all items in the
domestic country and foreign country
(proxy as inflation)

International Financial Statistics (IFS) Inflation

total export (proxy for economic
distance)

World Integrated Trade Solution (WITS) Exp

Portfolio investment (proxy of capital
investment)

International Financial Statistics (IFS) Capital

External debt (proxy of financial
distance)

International Financial Statistics (IFS) Financial

Net foreign direct investment inflows
(proxy for financial integration)

International Financial Statistics (IFS) FDI

Equity indices Thomson Reuters Stock

Inflation differential Author (compute as the difference in
inflation between two countries)

INFD

Interest rate differential Author (compute by the author as the
change in the interest rates (3-month
Bonds) between the currencies of two
countries

INRD

Interest rates, government securities,
treasury bills (proxy as interest rate)

International Financial Statistics (IFS)

Terms of trade Author (compute as a ratio between
Export prices and Import prices)

TOT

Bilateral exchange rate (domestic
currency against US dollar)

Thomson Reuters Forex

Colonial legacy (common language;
proxy for cultural distance)

CIA World Factbook Linguistic

Distance (longitude and latitude) KAGGLE World capitals GPS

Large 10 emerging markets are Argentina, Brazil, China, India, Indonesia, Mexico, Poland, Turkey, and
South Africa. South Korea is excluded from the sample due to the non-availability of data. We selected
emergingmarkets by continent Africa (SouthAfrica, Egypt, Nigeria,Mauritius, andMorocco), Asia (China,
India, Indonesia, Singapore, Malaysia, Philippines, the United Arab Emirates, and Thailand), Europe
(Turkey, Ukraine, Russia, Hungary, the Czech Republic, and Poland) and South America (Argentina, Brazil,
Columbia, Chile, and Mexico)

4 Results

We compute the spatial weight matrix, which synthesises the spatial relation for all
pair of currencies considered and enables us to model the spatial dependence. We
derive a variety of spatial weight matrices to analyse the multidimensional spatial
effects around emerging foreign exchange rate markets. The spatial weight matrix
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Table 2 Descriptive statistics of the selected variables

Variables Observations Mean Standard Deviation Minimum Maximum

Forex 480 2.845 13.865 −33.706 117.272

GDP 478 5.49 0.563 3.683 7.168

Interest 475 6.509 6.812 −0.001 59.252

Financial 429 3696.551 10,102.341 −8341.06 89,505.22

Capital 480 204,292.94 354,076.93 786.784 2,811,779.9

Inflation 480 2.005 0.166 1.502 2.978

Stock 480 9.989 30.171 −135.968 110.099

Remittance 455 2.23 2.889 0 12.784

TOT 479 1.041 0.223 0.52 2.429

Bfdi 480 0.5 0.037 −0.304 0.262

BT 480 −1.615 5.177 −32.617 2

Forex is Bilateral exchange rate (domestic currency against US dollar); GDP is gross domestic products per
capita; interest is interest rate differential; financial is external debt; capital is portfolio investment; inflation
is inflation differential; stock is equity indices; remittance is inflows remittance; TOT id terms of trade; Bfdi
is bilateral foreign direct investment; BT is bilateral trade

helps us analyse the spatial relationship among economic variables and the economic
and financial closeness with the minimum of the spatial weight object. Table 2 display
the summary statistic of the selected weights matrices.

Table 2 display the descriptive statistics of the model. From the standard deviation,
we notice that GDP, inflation, remittance, TOT, Bfdi are mostly centred around the
mean whether the remaining variables are dispersed. We find that external debt and
portfolio investment are highly dispersed and exhibit the largest mean.

In this study, we chose to perform a robust analysis approach of our sample. We
conduct the Hausman test, which compares random effect (RE) and fixed effect (FE)
models before selecting the best-fitted model to analyse the spatial dependence of
the foreign exchange rate co-movement. Table 3 exhibits the specification test result
for the robustness check. “Appendix” display the SDM with random effects outputs
across different spatial distance. Comparing the Akaike information criterion (AIC)
value of Table 8 in the appendix with the AIC value of the SDM analysis displayed in
Table 5, we find that SDM with random effect (Table 8) exhibits a greater AIC value.
We conclude that SDM-RE is not robust enough for our study, and this result supports
our choice of using the SDM fixed-effect (SDM-FE) to perform the analysis.

Table 3 reports that SDM-FE with time and individual effects are consistent across
spatial distance types. We conclude that our model specification is robust enough
to account for a time-varying spatial dependence structure and to detect the spatial
spillover effect of independent variables in foreign exchange rate markets.

Table 4 reports the optimal spatial lag test to select the structure of the spatiotemporal
model in the construction of the dynamic SDM-FE estimation. The result shows that
the time-lagged dependent variable is included in themodel for all the spatial distances
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Table 4 Optimal spatial lag test results

Weight matrix Time lagged dlag (1) Space time-lagged dlag (2) Time and space time-lagged
dlag (3)

Geospatial 3337.651 3337.912 3338.899

Linguistic 3324.907 3325.254 3326.097

FDI 3215.444 3215.492 3216.744

Trade 3269.62 3269.77 3271.621

Financial 3293.67 3294.347 3295.514

Capital 3336.321 3336.744 3337.709

Figures report the AIC for model selection. The value in bold represents the best-fitted lag for the fixed
effects andmarginal fixed effects. dlag (1) indicates time-lagged dependent variables; dlag (2) is space-time,
and dlag (3) refers to both time and space–time lag

and better accounts for temporal interdependence between individual economies than
the other models.

Table 5 shows that the spatial Durbin model (SDM) has larger spillovers than the
SAR models with a spatially lagged dependent variable. Panel (1) exhibit the SDM
with FE estimations, while panel (2) displays the robust analysis with SAR regres-
sion. Comparing the AIC of both panels, we find that the SDM-FE is more suitable
for the data generating process. This implies that the selected model is robust for this
analysis. We observe that the coefficients related to the spatial lags in the explanatory
variables are generally non-significant and negative except for cultural and capital
distance. The SDM-FE regression results show that remittance and terms of trade are
significant and negatively correlated with foreign exchange rates, and stock returns
are non-significant and negatively correlated with foreign exchange rates. At the same
time, GDP and interest differential are positively correlated with foreign exchange
rates. Our findings align with the theory that economic growth and interest rates pos-
itively affect the exchange rate. The results show from the estimated coefficient of
remittance and terms of trade that these two factors have a significantly negative influ-
ence on foreign exchange rate co-movement in the emerging markets overall, with
a severe impact in countries with geographical and cultural closeness financial inte-
gration. We observe that remittance and terms of trade play an important role in the
depreciation and appreciation of foreign exchange, and these two factors negatively
impact foreign exchange rate movement in spatial networks. A high volume of remit-
tance inflow in the country contributes to the local currency appreciation, as indicated
by the negative sign of the estimated coefficient across the spatial distance. Although
inflow remittance contributes to foreign exchange rate appreciation of the receiver
country, it leads to depreciation of the sender country, thus contributing substantially
to foreign exchange rate spillover. As expected, the coefficient of spatial autocorre-
lation factor (rho) is positive and significant across spatial weights matrices. In other
words, it implies that our model has proven able to address the misidentification of the
degree of interconnectedness in the foreign exchange network that affects the exchange
rate risk transmission and captures the spatial dependence.
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Moreover, our model empirically shows that not only macroeconomics variables
are responsible for the foreign exchange rate movement, but remittance and external
debt are also likely to play an important role in analysing a country’s foreign exchange
rate movement. A positive coefficient of the spatial parameter reveals that FDI, inter-
national trade, external debt, and remittance are strong channels for exchange rate
risk transmission between emerging markets. We find evidence that geographically
clustered countries and economic and financial integration linkages play a role in
spreading foreign exchange rate co-movement in emerging markets.

Table 6 reports a short-term spatial and time lags SDM-FE marginal output based
on six spatial weight matrices. It shows direct and indirect effects. The direct effect is
when the exchange rate in a country is determined by its own fundamentals. The direct
effect is when the exchange rate in one country is determined by the fundamentals
of another country. The total effect is the summation of direct and indirect effects.
The short-term decomposition result shows that a change in the stock, terms of trade,
inflation differential, and remittance of the local country contribute to the appreciation
of the overall foreign exchange rate in the network. At the same time, a change in
interest differential and GDP contributes to the foreign exchange rate depreciation in
the country. It is noteworthy that remittance, terms of trade, and inflation differential
are more than 80% responsible for the overall country’s local foreign exchange rate
movement in the short term. In addition, the shock in foreign exchange rate move-
ment is transmitted to the neighbouring countries through the inflation differential,
remittance, and terms of trade. We observe that for foreign exchange rate movement
change within the overall economy, more than 65% of the overall foreign exchange
rate movement in the network results from a shock in the individual market. A foreign
exchange rate movement change is attributed to spillovers in other markets. This result
implies the presence of spillover effects and a feedback loop in emerging markets in
the short run. A country with a massive volume of remittance and terms of trade can
adversely influence the exchange rate policy in a stable country, and the instability of
the foreign exchange rate in the initially stable country is directed back to the country
where the shock originated.

Table 7 displays themodel decomposition result in the long run. The spatial spillover
effects are significantly negative concerning remittance and terms of trade and positive
in relation to GDP. The latter implies that, in the long run, a country with good eco-
nomic performance within the selected emerging markets helps stabilise the foreign
exchange rate of its main trading partners. The direct and indirect effects of remit-
tance and terms of trade are negative in the long and short run, while the coefficient of
remittance is significantly negative. These results indicate that remittance and interna-
tional trade have a negative effect on foreign exchange rate co-movement in emerging
markets. We observe a negative coefficient for the direct and indirect effects of GDP
in cultural clusters in emerging markets, which implies that foreign exchange rate
movements in countries with the same language are likely to be negatively influenced
by the GDP. We conclude that cultural relations influence the destination of economic
migrants and favour their economic interaction. In these countries, the central bank
should implement an exchange rate policy that will reduce remittance outflow and thus
potential net economic gains from their activities will be reinvested in the economy
and contribute to growth.
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Table 6 Short-term spatial and time lags SDM-FE marginal output

Variables Physical
distance

Cultural
distance

Economic distance Financial integration
distance

Geospatial Linguistic FDI Trade Financial Capital

Direct effects

Stock −0.0072
(0.040)

0.0021
(0.039)

−0.0036
(0.037)

0.0150
(0.037)

−0.0183
(0.038)

−0.0103
(0.038)

INRD 0.3092
(0.254)

0.3309
(0.222)

0.2844
(0.271)

0.3208
(0.260)

0.2968
(0.201)

0.3288
(0.263)

INFD −0.0300
(0.046)

−0.0498
(0.072)

−0.0539
(0.723)

0.0323
(0.082)

−0.0147
(0.053)

−0.0950
(2.476)

Tot −9.546
(2.844)***

−10.1493
(2.707)***

−7.8506
(2.99)**

−9.4855
(3.242)***

−11.8046
(2.528)***

−9.2315
(2.476)***

Remit −1.7501
(0.666)**

−2.0148
(0.769)***

−1.8835
(0.666)***

−1.1461
(0.691)**

−1.8397
(0.984)**

−2.1697
(0.952)**

GDP 2.4272
(1.609)

1.2363
(1.480)

2.6067
(1.614)

−1.4614
(0.691)**

2.1839
(1.860)

2.4352
(1.773)

Indirect (spillover) effects

Stock 0.0020
(0.0367)

0.0344
(0.032)

−0.0215
(0.136)

0.3641
(0.110)***

−0.2466
(0.119)**

−01018
(0.075)

INRD −0.0076
(0.286)

−0.1448
(0.177)

0.2966
(0.643)

0.4960
(0.438)

1.0174
(0.775)

0.8773
(0.644)

INFD 0.8452
(0.286)***

−0.0915
(0.164)

−0.4174
(0.976)

0.8321
(0.728)

0.9569
(0.406)***

−1.0493
(0.379)**

Tot −4.5290
(4.823)

−3.9450
(6.169)**

38.2730
(21.106)**

−8.7018
(21.955)

−34.2757
(22.854)

−6.3041
(9.967)

Remit −2.899
(1.990)

−1.0665
(0.522)**

1.0549
(2.875)

6.6420
(3.532)*

−2.3808
(7.086)

−3.1217
(3.121)

GDP 1.486
(1.124)

−3.3642
(2.021)

15.650
(19.870)

21.9963
(19.055)

7.0300
(21.880)

7.9922
(6.154)

Total effects

Stock −0.0052
(0.049)

0.0366
(0.052)

−0.0252
(0.139)

0.3789
(0.110)***

−0.2650
(0.120)**

−0.1121
(0.081)

INRD 0.3015
(0.353)

0.1861
(0.283)

0.5810
(0.557)

0.8165*
(0.433)

1.3142
(0.791)

1.2062
(0.649)*

INFD 0.8151
(0.289)***

−0.1414
(0.194)

−0.4713
(1.010)

0.8641
(0.793)

0.9421
(0.411)**

−1.1444
(0.416)**

Tot −14.0756
(2.745)***

−14.0943
(7.3833)*

30.4222
(22.331)

−18.1473
(22.591)

−46.0803
(23.340)**

−15.5356
(9.989)

Remit −4.6495***
(1.973)

−3.0813
(1.1137)***

−0.8286
(2.813)

5.1886
(3.699)

−4.2205
(7.862)

−5.2914
(3.8427)

GDP 3.9142
(2.038)

−2.1278
(2.901)

18.257
(20.592)

24.8089
(19.513)

9.2139
(22.874)

10.4274
(6.611)

Figures displayed are estimates with standard errors in brackets. *, ** and *** denote significance at the
10%, 5% and 1% significance level, respectively
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Table 7 Long-term spatial and time lags SDM-FE marginal output

Variables Physical
distance

Cultural
distance

Economic distance Financial integration
distance

Geospatial Linguistic FDI Trade Financial Capital

Direct effects

Stock −0.0072
(0.040)

0.0021
(0.039)

−0.0036
(0.037)

0.1503
(0.037)

−0.0182
(0.038)

−0.0104
(0.038)

INRD 0.3090
(0.254)

0.3312
(0.222)

0.2839
(0.270)

0.3195
(0.259)

0.2950
(0.200)

0.3299
(0.264)

INFD −0.0300
(0.046)

−0.0499
(0.072)

−0.0538
(0.072)

0.0324
(0.082)

−0.0143
(0.053)

−0.0953
(0.070)

Tot −9.5427
(2.843)***

−10.1583
(2.709)***

−7.8329
(2.987)**

−9.4455
(3.228)***

−11.7307
(2.511)***

−9.2643
(2.485)***

Remit −1.7494
(0.666)**

−2.0165
(0.769)**

−1.8801
(0.665)***

−1.4533
(0.688)**

−1.8274
(0.979)*

−2.1773
(0.956)**

GDP 2.4262
(1.608)

1.2372
(1.481)

2.6035
(1.612)

2.8125
(1.323)**

2.1702
(1.851)

2.4434
(1.780)

Indirect (spillover) effects

Stock 0.0020
(0.036)

0.0344
(0.032)

−0.0215
(0.136)

0.3639
(0.110)***

−0.2463
(0.119)*

−0.1028
(0.076)

INRD −0.0076
(0.286)

−0.1449
(0.177)

0.2970
(0.643)

0.4969
(0.437)*

1.0172
(0.773)

0.8795
(0.646)

INFD 0.8449
(0.284)**

−0.0916
(0.165)

−0.4174
(0.976)

0.8316
(0.728)

0.95501
(0.405)**

−1.0521
(0.380)**

Tot −4.5283
(4.822)

−3.950
(6.176)

38.2543
(21.105)*

−8.7018
(21.955)

−34.2751
(22.798)

−6.3127
(9.996)

Remit −2.8986
(1.989)

−1.0678
(0.522)**

1.0515
(2.874)

6.6420
(3.532)

−2.3881
(7.077)

−3.1283
(3.129)

GDP 1.4866
(1.123)

−3.3674
(2.023)

15.6535
(19.869)

21.996
(19.055)

7.0273
(21.840)

8.0130
(6.173)

Total effects

Stock −0.0052
(0.049)

0.0366
(0.052)

−0.0252
(0.139)

0.3789
(0.110)***

−0.2646
(0.120)**

−0.1125
(0.081)

INRD 0.3014
(0.353)

0.1862
(0.283)

0.5810
(0.557)

0.8165
(0.433)

1.3122
(0.790)

1.2095
(0.651)*

INFD 0.8149
(0.289)***

−0.1415
(0.194)

−0.4713
(1.010)

0.8641
(0.793)

0.9406
(0.410)**

−1.1474
(0.417)***

Tot −14.0710
(5.743)***

−14.1091
(7.392)*

30.4214
(22.331)

−18.1473
(22.591)

−46.0058
(23.290)*

−15.5771
(10.016)

Remit −4.6480
(1.973)***

−3.0844
(1.114)**

−0.8285
(2.813)

5.1886
(3.699)

−4.2156
(7.849)

−5.3057
(3.853)

GDP 3.912
(2.038)*

−2.1302
(2.904)

18.2571
(20.591)

24.8089
(19.513)

9.1976
(22.835)

10.456
(6.631)

Figures displayed are estimates with standard errors in brackets. *, ** and *** denote significance at the
10%, 5% and 1% significance level, respectively
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5 Conclusion

The rising volume of foreign exchange trade in emerging markets has drawn the atten-
tion of both policymakers and academics. Due to market integration and liberalisation,
foreign exchangemarkets have become increasingly interdependent. That has impelled
researchers to investigate the cross-market linkages, as a shock in onemarket can affect
depreciation or appreciation and volatility in another, with severe implications for port-
folio construction and monetary policy. In this regard, analysing the co-movement of
foreign exchange rates from one country to another may significantly contribute to
investors’ diversification strategies and guide policymakers in designing policies that
protect individual economies from financial crises. The question arises regarding the
extent to which the fundamental macroeconomic variables affecting foreign exchange
rate co-movement may affect the investor’s portfolio. This study investigates factors
that influence foreign exchange rate direction with specific attention to understanding
the spatial dependencies among emerging foreign exchange rate markets. Our study
was the first attempt to address the co-movements of foreign exchange rates in emerg-
ingmarkets, taking into accountmultidimensional spatial effects such as geographical,
cultural, economic, and financial integration clustering. We applied spatial analysis
and found that cultural proximity is important in accounting for foreign exchange rate
co-movement.

Moreover, our results supported the evidence of economic integration as we
observed a spillover effect through FDI, trade, and financial integration channels.
We also found that remittance, terms of trade and interest rate differential are the most
prominent factors affecting the co-movement of foreign exchange rates in emerging
markets. This finding justifies the choice of economic migrants as they tend to migrate
to a country that has a common language, and, in addition to defining "distance" in
spatial analysis in terms of capital flow, gravity, international trade, and external debt,
this paper highlights the importance of cultural links in economics. Our result revealed
evidence of spatial dependence through the transmission channels under consideration
in this study and spatial spillover of foreign exchange rates to the neighbouring coun-
try. We proposed a better strategy for managing foreign exchange rate co-movement
and implementing a policy that controls remittance flow.

Further to this research, we suggest important implications for theory and practice
of international portfolio diversification to investors and fund managers on the one
hand, and on the other, a strong economic policy to policymakers. In order to benefit
from international portfolio diversification, fund managers should account for the
geographical proximity that impacts the trade patterns among countries, thus and
impacts co-movement between foreign exchange rate markets through international
trade and financial integration channels. Change in the direction of foreign exchange
rate across space and time should be accounted for in quantifying foreign exchange
rate risk. Future research could use spatiotemporal statistics tomodel foreign exchange
rate risk spillover in emerging markets. The finding in this paper can help decision-
makers design an efficient hedging technique against foreign exchange rate exposure
and build an efficient and optimal portfolio allocation.
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Table 8 SDM-RE output across different spatial distances

Variables Geospatial Linguistic Economic distance Financial integration
distance

FDI Trade Financial Capital

Stock −0.024
(0.054)

−0.063
(0.056)

0.023
(0.053)

0.022
(0.053)

0.023
(0.053)

0.017
(0.050)

INRD 0.328
(0.176)

0.300
(0.186)

0.312
(0.168)

0.311
(0.167)

0.317
(0.166)

0.311
(0.554)

INFD −0.016
(0.381)

−0.031
(0.049)

−0.044
(0.039)

−0.045
(0.038)

−0.034
(0.040)

−0.053
(0.055)

Tot −10.490
(4.519)***

−10.070
(4.529)***

−10.058
(4.327)***

−9.769
(4.298)***

−9.987
(4.297)**

−10.260
(4.829)**

Remit −0.778
(0.384)**

−0.645
(0.415)**

−0.700
(0.337)**

−0.692
(0.331)***

−0.686
(0.342)*

−0.550
(0.317)

GDP 1.735
(0.841)**

2.924
(1.149)***

2.209
(0.877)***

2.184
(0.860)***

2.322
(0.857)**

20.243
(0.924)**

W × stock −0.182
(0.094)

−0.060
(0.052)

−0158
(0.073)**

−0.156
(0.074)***

−0.160
(0.070)**

−0.166
(0.062)**

W × interest 0.421
(0.354)

0.120
(0.167)

0.339
(0.373)

0.400
(0.351)

0.349
(0.441)

0.397
(0.287)

W × inflation −0.125
(0.396)

−0.095
(0.156)

−0.403
(0.522)

−0.287
(0.519)

−0.269
(0.517)

−0.705
(0.299)**

W × tot −17.161
(7.320)***

1.918
(2.555)

−7.506
(13.880)

−4.924
(13.056)

−5.168
(14.581)

−170,598
(12.950)

W × remit −2.975
(1.200)***

−0.258
(0.461)

−2.384
(2.174)

−2.140
(1.973)

−2.785
(2.167)

0.208
(1.111)

W × gdp 4.575
(1.688)***

0.143
(0.697)

1.223
(4.192)

1.609
(4.161)

2.003
(3.434)

−4.270
(5.500)

Rho 0.460
(0.888)***

0.258
(0.063)***

0.381
(0.070)***

0.389
(0.070)***

0.381
(0.069)**

0.362
(0.079)**

Sigma2 133.157
(30.453)***

132.997
(30.377)***

127.130
(29.84)***

126.850
(29.745)***

127.482
(29.959**

125.849
(29.03)**

Adj-R squared 0.209 0.163 0.239 0.239 0.242 0.242

Log-likelihood −1748.883 −1748.883 −1748.883 −1748.883 −1748.883 −1748.883

AIC 3774.027 3781.942 3752.553 3751.845 3752.476 3748.92

Figures displayed are estimates with standard errors in brackets where applicable. *, ** and *** denote significance
at the 10%, 5% and 1% level of significance, respectively
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