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Epicenter or bystander? Currency connectedness

around the 2024 yen carry unwind

Abstract. When a carry-trade funding currency appreciates, investors may un-
wind positions in several currencies at the same time, reducing diversification
within the portfolio. The August 2024 yen carry unwind raised a practical ques-
tion about which positions are most exposed when currencies move together. We
estimate Diebold—Yilmaz and a multi-period Genizi R? connectedness measure
from the same time-varying forecast system for monthly dollar returns on EUR,
GBP, JPY, and CHF from February 1975 to January 2026. Connectedness rises
sharply around funding stress. Over the full sample, both measures identify GBP
and JPY as net receivers—the currencies most affected by the rest of the portfo-
lio. The August 2024 episode shows the same pattern, with both GBP and JPY
exposed to the unwind even though the measures disagree on which is more af-
fected. The visible jump in JPY therefore does not show that connectedness was
concentrated in JPY. For investors, GBP and JPY should be considered together
when the funding currency moves sharply.

Keywords: foreign exchange markets; dynamic connectedness; TVP-VAR; R? connectedness;
carry trade

1 Introduction

The risk in a carry trade becomes acute when the funding currency appreciates, be-
cause losses on the funding leg arrive just as leveraged investors unwind their positions
(Brunnermeier et al., 2008). August 2024 made this vulnerability concrete. After the
Bank of Japan raised its policy rate to around 0.25 percent on 31 July, market volatil-
ity rose and yen-funded positions were unwound (Bank of Japan, 2024; Aquilina et al.,
2024). JPY appreciated by 7.46 percent against the U.S. dollar during August, its eighth
largest monthly gain in our five-decade sample. The adjustment also extended beyond

the funding currency, as CHF, EUR, and GBP strengthened against the dollar (Figure 1).
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Figure 1. The August 2024 yen carry unwind. Panel A records the Bank of Japan policy change
and the subsequent unwind of yen-funded positions. Panel B reports the appreciation of each
currency against the U.S. dollar in August 2024. The appreciation values are the sign-reversed
monthly returns used to estimate connectedness.

For a currency investor, the episode raised a question that returns alone cannot an-
swer. Common movement across positions indicates that diversification has weakened,
but it does not show whether the dependence is concentrated in the funding currency,
a position held for protection, or a particular currency pair. The distinction matters
for portfolio management: a broad increase in dependence changes the risk of the port-
folio as a whole, whereas concentration in one currency or pair changes the assessment
of particular positions and hedges. Connectedness analysis measures both system-wide
dependence and its distribution across currencies and pairs.

This portfolio problem follows from two established features of currency markets.
Currency portfolios reveal common priced risk, and innovations in global foreign-exchange
volatility help explain differences in their average returns (Lustig et al., 2011; Menkhoff
et al., 2012; Lettau et al., 2014). Bilateral exchange rates against the U.S. dollar also
contain substantial systematic variation, but individual currencies differ in their exposure
to the common factors (Verdelhan, 2018). These differences matter for hedging, because
the appropriate currency exposure depends on the covariance between the currency and
the underlying foreign asset (Campbell et al., 2010). They are also visible during stress,
when JPY and CHF may provide protection but do not perform identically across episodes
(Ranaldo and Soderlind, 2010; Habib and Stracca, 2012). Common risk determines how

much diversification remains available; heterogeneous exposure determines where the
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resulting portfolio risk is concentrated.

Portfolio rebalancing connects these features to the August 2024 episode. Changes
in relative asset performance lead investors to adjust domestic and foreign positions,
while the exchange-rate response depends on the capacity of intermediaries to absorb
the resulting currency demand (Hau and Rey, 2006; Camanho et al., 2022; Gabaix and
Maggiori, 2015). Funding pressure can intensify this adjustment by limiting the ability of
investors and banks to maintain cross-currency positions (Bruno and Shin, 2017; Avdjiev
et al.; 2019), so dependence can rise across the portfolio even though the largest imbalance
remains concentrated in one currency or pair.

Connectedness methods bring system-wide, currency-level, and bilateral relations into
one forecast system (Diebold and Yilmaz, 2014; Greenwood-Nimmo et al., 2016). The
total connectedness index (TCI) measures dependence across the system, net total direc-
tional connectedness (NET) distinguishes currencies that contribute more connectedness
than they receive, and pairwise estimates show where the largest directional imbalances
occur. The allocation is not unique when forecast innovations are correlated. General-
ized forecast-error variance decompositions assign contributions to individual innovations,
whereas Genizi’s decomposition allocates the variation jointly explained by correlated
sources (Lastrapes and Wiesen, 2021; Genizi, 1993). The two approaches may therefore
produce similar total connectedness while locating that dependence in different currencies
and pairs.

We study monthly dollar returns on EUR, GBP, JPY, and CHF from February 1975
to January 2026. Diebold-Yilmaz (DY) and multi-period Genizi R? connectedness are
calculated from the same time-varying parameter vector autoregression (TVP-VAR), so
the currencies, information set, forecast horizon, and estimated parameter paths are iden-
tical. The empirical differences therefore come from the way correlated forecast variation
is assigned within the system. Monte Carlo experiments evaluate the recursive R? es-
timator under stable, gradually changing, and reversing dependence, and the empirical
results are confirmed across alternative estimators, specifications, and sample periods.

At the system level, DY and R? connectedness move closely together. The two TCIs
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have a correlation of 0.918, although the R? estimate is 9.92 percentage points higher on
average. The currency and bilateral estimates are less alike. Around the August 2024
unwind, DY identifies JPY as having the lowest NET, whereas R? identifies GBP. Both
measures nevertheless place GBP and JPY below EUR and CHF in the NET ordering.
Over the full sample, the two currencies remain at the lower end of the NET ordering,
but EUR-GBP has the largest average absolute NPDC under DY and JPY-CHF under
R?. Comparisons with earlier episodes show that the size of the TCI difference does not
indicate whether the same currencies and pairs account for it.

The paper makes three contributions. First, it introduces TVP-VAR-R? connected-
ness by applying the Genizi decomposition to the multi-period forecast-error correlation
matrix generated by a TVP-VAR. Existing R? connectedness research develops contem-
poraneous and lagged allocations, whereas the proposed construction measures jointly
explained forecast-error variation at a chosen horizon and yields additive currency-level
and bilateral contributions. Second, the paper estimates DY and R? networks from the
same evolving forecast system, so the currencies, information set, forecast horizon, and pa-
rameter paths are identical; their differences can therefore arise only from how correlated
forecast variation is assigned, isolating the role of the decomposition itself. Third, to-
tal connectedness follows similar paths under the two allocations, whereas currency-level
and bilateral estimates are more sensitive to the allocation of correlated forecast-error

variation.

2 Literature Review

Evidence on currency risk combines a common component with heterogeneous currency
exposures. Returns on interest-rate-sorted currency portfolios covary with common cur-
rency and global foreign-exchange volatility factors (Lustig and Verdelhan, 2007; Lustig
et al., 2011; Menkhoff et al., 2012; Lettau et al., 2014), while bilateral exchange rates
against the U.S. dollar have a compact factor structure with unequal currency exposures

(Verdelhan, 2018). This heterogeneity matters for hedging because optimal currency po-
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sitions depend on their covariance with the underlying foreign assets (Campbell et al.,
2010), and because exchange-rate dependence varies with market conditions and can be
asymmetric between joint appreciations and depreciations against the dollar (Bekaert,
1996; Patton, 2006). JPY and CHF can likewise provide protection during stress without
performing identically across episodes (Ranaldo and Séderlind, 2010; Habib and Stracca,
2012; De Bock and de Carvalho Filho, 2015; Grisse and Nitschka, 2015; Sato et al.,
2024). These findings explain why a loss of diversification need not be concentrated in
one currency, but they do not show how the dependence is distributed within a forecast
network.

Portfolio adjustment provides an economic channel for this distribution. Order flow
conveys information into exchange rates, and changes in relative equity performance in-
duce investors to rebalance between domestic and foreign assets (Evans and Lyons, 2002;
Froot and Ramadorai, 2005; Hau and Rey, 2006; Camanho et al., 2022). The response
of each currency depends on the exposure being adjusted and on the capacity of inter-
mediaries to absorb the resulting demand (Gabaix and Maggiori, 2015; Maggiori, 2017).
Carry-trade stress intensifies this process: returns are exposed to global foreign-exchange
volatility, crash risk, and appreciation of the funding currency (Menkhoff et al., 2012;
Brunnermeier et al., 2008; Jurek, 2014; Farhi and Gabaix, 2016), while dollar borrowing,
bank leverage, and deviations from covered interest parity constrain cross-currency po-
sitions (Bruno and Shin, 2017; Du et al., 2018; Avdjiev et al., 2019). Foreign-exchange
liquidity also has a strong common component whose sensitivity to funding stress differs
across currencies (Mancini et al., 2013; Karnaukh et al., 2015). During the global finan-
cial crisis, these pressures coincided as investors and dealers reduced positions (Melvin
and Taylor, 2009). They can therefore raise dependence across a currency portfolio while
leaving uneven net exposures across funding, investment, and defensive positions.

The distribution of that dependence also changes over time. Volatility innovations
pass across international trading centres, and high-frequency exchange-rate volatility
varies markedly within and across trading days (Engle et al., 1990; Andersen et al.,

2001). Multivariate studies find stronger return and volatility spillovers during adverse
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market states and crisis periods (Bubdk et al., 2011; Barunik et al., 2017; Rigana et al.,
2023). Event-based evidence likewise shows that identifiable global developments alter
both the strength and direction of foreign-exchange relations (Albrecht and Kocenda,
2025). Studies using different regional samples and observation frequencies show that the
currencies contributing most to a network, and the bilateral relations carrying its largest
imbalances, are not fixed over time (Albrecht and Kocenda, 2024; Rubaszek et al., 2025;
Zhu et al., 2024; Greenwood-Nimmo et al., 2025).

Connectedness analysis measures this changing dependence within a multivariate fore-
cast system. The Diebold—Yilmaz framework uses forecast-error variance decompositions
to construct total and directional spillover measures (Diebold and Yilmaz, 2009, 2012).
Its network representation also yields net positions and bilateral directions (Diebold and
Yilmaz, 2014). The total connectedness index records the share of forecast uncertainty
associated with cross-variable innovations. Directional measures separate the connect-
edness received by a currency from the connectedness it contributes, while net pairwise
measures compare the two directions within a currency pair. These quantities describe
different features of the same forecast system rather than competing definitions of a single
statistic.

Later connectedness research extends this framework to large systems, frequency de-
compositions, time-varying parameters, and different parts of the conditional distribution
(Demirer et al., 2018; Barunik and Krehlik, 2018; Antonakakis et al., 2020; Ando et al.,
2022). Foreign-exchange applications use the resulting networks to study changes in
aggregate spillovers, the currencies that contribute or receive them, and the bilateral re-
lations through which they occur (Greenwood-Nimmo et al., 2016, 2025). This literature
establishes the value of moving from a system-wide measure to currency and pairwise es-
timates. It leaves open how stable those estimates are when correlated forecast variation
is decomposed in different ways.

Generalized forecast-error variance decompositions evaluate each innovation without
imposing a recursive ordering and then normalise the resulting shares by target equation

(Koop et al., 1996; Pesaran and Shin, 1998; Diebold and Yilmaz, 2012). This approach is
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well suited to directional connectedness, but the contribution attached to one innovation
is evaluated in a system in which the innovations are correlated. Lastrapes and Wiesen
instead begin with the forecast variation explained jointly by the remaining variables.
They show that this joint contribution need not equal the sum of contributions assigned
to the same variables individually (Lastrapes and Wiesen, 2021).

Correlated innovations are especially likely in currency markets, where common fac-
tors, portfolio rebalancing, and shared funding conditions all operate. How those corre-
lations are treated can affect both the level of measured dependence and its distribution,
and the effects need not be proportional across total, net, and pairwise measures. Genizi’s
decomposition provides an additive allocation of a multiple coefficient of determination
among correlated predictors (Genizi, 1993), an alternative to assigning variation to each
source separately. Recent connectedness research uses this allocation to construct con-
temporaneous and lagged R? networks (Gabauer et al., 2023; Balli et al., 2023), making
it possible to recover directional and bilateral contributions from joint explanatory vari-
ation. Whether a Genizi allocation and generalized variance shares support the same
financial interpretation when applied to the same multi-period currency forecast system
remains unknown. The question matters because total dependence, net currency po-
sitions, and bilateral imbalances combine the same forecast relations in different ways.

Agreement at one level need not extend to the others.

3 Forecast system and connectedness measures

3.1 Time-varying parameter vector autoregression

We first estimate one forecast system for the four currency returns and then construct two
connectedness measures from its forecast errors. Time-varying parameter VARs allow the
predictive relations to evolve over time (Primiceri, 2005; Koop and Korobilis, 2013). The
forecast system and horizon remain fixed throughout, so differences between the resulting
networks arise from the allocation of correlated forecast-error variation rather than from

different exchange-rate dynamics.
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Let y: = (y1t, - - -, yne)' collect the N exchange-rate returns. The empirical model is a

first-order time-varying parameter vector autoregression (TVP-VAR),

ye = By +uy, u, ~ N (0, Hy), (1)

Both the propagation matrix B, and the innovation covariance H, change over time. We
estimate them with the forgetting-factor Kalman recursion of Antonakakis et al. (2020),
building on the discount-based time variation used in macro-financial conditions models
(Koop and Korobilis, 2014). The coefficient state follows a random walk, while A and Ay,
set t0 0.99 and 0.96 in the baseline, determine how quickly past information is discounted
in the coefficient and covariance updates.

Returns are centred before estimation, so the state equation has no separate time-
varying intercept. The one-step prediction error updates H; before the updated covari-
ance enters the coefficient update. Baseline initialisation uses ordinary least squares
(OLS) estimates from the full sample, so the resulting historical paths are filtered rather
than real-time estimates. The robustness analysis replaces this prior with Minnesota and
uninformative priors. Supplementary Section A.1 gives the recursion, initialisation, and

alternative-prior details.

3.2 Multi-step forecast errors

The forecast at date t holds the current filtered coefficient matrix and innovation covari-
ance fixed over the horizon, because future parameter paths are unknown. The parame-
ters are then updated before the calculation is repeated at t + 1, so the forecast relations
evolve throughout the sample. Let ®,o = Iy and construct ®,; recursively from the

current coefficient matrix. The associated H-step forecast-error covariance is

T

Qt(H) - ¢t7th¢;,h’ (2)
0

>
Il

Both connectedness measures are computed from €2,(H) and therefore summarize uncer-

tainty accumulated over the same H months.
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The horizon determines which relations enter the forecast errors. At one month, the
covariance is the current innovation covariance; propagation through the current VAR
coefficients begins at horizons of two months and longer and becomes increasingly im-
portant as the horizon extends. Using the same horizon and common forecast covariance
ensures that both networks describe dependence over the same investment period and

leaves the decomposition as the only source of difference between them at each date.

3.3 Diebold—Yilmaz connectedness

Diebold-Yilmaz (DY) connectedness decomposes the forecast-error variance of target
currency ¢ into contributions from innovations elsewhere in the system. We use the
generalized forecast error variance decomposition (GFEVD) of Koop et al. (1996) and
Pesaran and Shin (1998), as applied to connectedness by Diebold and Yilmaz (2012).
The unnormalised contribution of source currency j is

—1 H-1 / 2
hiie 2 n=o (e;P:nHee;)

H-1 /
Zh:ﬂ e,i@uth@t’hei

OO (H) =

ig,t

(3)

where e; selects element . Because the generalized shares do not generally sum to one,

they are normalised by row,

o0 (H)
O () = =2 (4)
Zm:l Hzm,t(H)

The DY total connectedness index is

100
TCI)Y (H) = ~ 0,7 (H). (5)
i#]
Row normalisation makes each target equation sum to one, so the off-diagonal entries

record the share of a target’s forecast-error variance associated with innovations in the

other currencies and TCI averages those shares across targets.
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3.4 R’ connectedness based on the Genizi decomposition

R? connectedness uses the correlation structure of the same forecast errors. Standardising
(2) gives
R,(H) = D;’Q,(H)D;"?, D, = diag(Q(H)). (6)

For target i, let r;; be its correlations with the NV — 1 other forecast errors and let R, ;;
be their correlation matrix; the horizon argument is suppressed in these intermediate

quantities. The multiple coefficient of determination is
RiQ,t = r;,tR;,zl‘,tri,t- (7)

When source forecast errors are correlated, their joint explanatory power cannot be
assigned by adding separate bivariate fits. Following Genizi (1993), let the symmetric
principal square root of their correlation matrix be

Ai,t - R1/2 - Vi7tA342V;,t7 Ci’t — A;tlrm. (8)

T,1,t

The vector of source contributions is

N-1

_ 02 02 o 2 2
it = Ai,tci,t7 Gijt = § Qg tCoitr (9)
(=1

where o2 denotes elementwise squaring. Each contribution is nonnegative, and the contri-
butions for target ¢ sum to th. The off-diagonal connectedness contribution from source
J to target i is 9571 = gij+, while the own component is (95; = 1 — R;,. Averaging the

explained shares across targets yields
N
2 100
R _ 2
TCLY (H) = —~ ; R, (10)

Here the off-diagonal row sum is already R?’t, so no additional row normalisation is
required. The own component is the share of forecast-error variation not jointly explained

by the remaining currencies.

10
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The two measures therefore weight correlated forecast variation differently. DY assigns
each generalized share to an individual innovation and then normalises by row; R? assigns
the joint explanatory power of the other forecast errors and distributes it among them.
Because the sources comove, the two allocations need not coincide. The R? contributions
are nonnegative, sum to the multiple R? for each target currency, and are invariant to the
ordering of the source currencies. Supplementary Section A.2 gives the fixed-parameter

and one-step special cases.

3.5 Directional connectedness measures

For either construction, total directional connectedness from others (FROM) to currency
i, total directional connectedness to others (TO) from currency 7, and net total directional

connectedness (NET) are

Ciy =100 iy, (11)
JFi

Ci7 =100 0, (12)
J#

NET;, = C;; — Cf5. (13)

Net pairwise directional connectedness (NPDC) is

NPDCij’t == 100 (Hji,t - Qij,t) . (14)

A positive value means that currency ¢ contributes more connectedness to currency j
than it receives from j.

For R? connectedness, Cf; = 100R?, and the own component is 100(1 — R7,). TO
aggregates currency ¢’s contributions to the other forecast-error equations, while NET
and NPDC compare those contributions across directions.

Total connectedness accumulates contributions in both directions, whereas NET and

NPDC take directional differences. Reciprocal links can therefore raise TCI while offset-

ting in NET, and changes in relative link magnitudes can alter the ranking of currency

11
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pairs.
The terminology, direction, and units used in the empirical tables and figures are

collected in Supplementary Table Al.

4 Data and Empirical Setting

4.1 Exchange rates and returns

The empirical system contains monthly returns on the euro (EUR), pound sterling (GBP),
Japanese yen (JPY), and Swiss franc (CHF), each measured against the U.S. dollar.
Monthly-average exchange-rate levels come from the Bank of England Statistical Inter-
active Database and are expressed as units of the named currency per U.S. dollar (Bank
of England, 2026). The sample contains 612 monthly returns from February 1975 to

January 2026, calculated as

Yit = 100 [log(si,t) - 10g(5i,t—1)] ) (15)

so a positive value denotes depreciation of the named currency against the dollar.

JPY is prominent in low-interest-rate funding trades, and JPY and CHF have histor-
ically displayed defensive behaviour in periods of market stress (Ranaldo and Séderlind,
2010; Habib and Stracca, 2012; Brunnermeier et al., 2008). Quoting all four against the
U.S. dollar gives them a common reference currency. The dollar’s central role in trade
invoicing, banking, and international asset allocation makes this comparison economically
relevant (Gopinath et al., 2020; Gopinath and Stein, 2021; Maggiori et al., 2020), and
bilateral exchange rates against the dollar contain substantial common variation (Verdel-
han, 2018). The monetary histories and market uses of EUR, GBP, JPY, and CHF
nevertheless remain distinct.

Monthly averages place currencies traded in different market hours on a common
observation frequency and avoid treating closing quotes from different sessions as syn-

chronous. This matters in a market with strong intraday periodicity and volatility trans-

12
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mission across trading centres (Engle et al., 1990; Andersen et al., 2001). The aver-
ages provide a consistent monthly comparison across the 1975-2026 sample rather than
changes between market-specific closing times.

Before 1999, the euro observations come from the Bank of England’s synthetic histori-
cal euro series rather than a traded spot rate. The pre-end-1998 observations combine the
eleven participating currencies using International Monetary Fund (IMF) weights (Bank
of England, 2000). This official backcast permits a continuous comparison of the Euro-
pean position with sterling, the yen, and the Swiss franc through earlier exchange-rate
regimes. Because it represents a currency basket rather than post-union euro trading,
Section 6 repeats the analysis from January 1999.

The five-decade sample places the August 2024 unwind in the same empirical system
as earlier changes in exchange-rate arrangements, global funding conditions, and market
stress. The long sample permits comparison of persistent currency roles with behaviour
around particular episodes. The post-1999 estimates show separately how the results

change when the analysis is restricted to observed euro trading.

Table 1. Summary statistics and return correlations.

Panel A. Distribution and stationarity

Currency  Mean  Std. dev.  Skewness Kurtosis Minimum  Maximum ADF
EUR 0.02 2.33 0.02 3.41 —6.77 8.06  —7.43"**
GBP 0.09 2.35 0.30 4.88 —10.31 11.00  —7.97**
JPY —0.11 2.62 —0.46 4.10 —10.60 8.10  —7.52%**
CHF —0.19 2.66 —0.06 4.05 —8.24 11.21 —7.76%**

Panel B. Return correlations

Currency EUR GBP JPY CHF Average
EUR 1.00 0.70 0.48 0.86 0.68 / 0.52
GBP 0.52 1.00 0.34 0.63 0.56 / 0.41
JPY 0.34 0.26 1.00 0.55 0.46 / 0.32
CHF 0.70 0.45 0.38 1.00 0.68 / 0.51

Notes: Monthly log changes in named-currency units per U.S. dollar. Kurtosis is the conventional
moment coefficient. ADF denotes the augmented Dickey—Fuller statistic. *** denotes rejection of the
unit-root null at the 1 percent level. In Panel B, Pearson correlations appear above the diagonal, Kendall
rank correlations below it, and diagonal entries equal 1.00. The final column reports each currency’s
average correlation with the other three as Pearson / Kendall. Both correlation measures give the same
ordering of currencies.

The four return series have similar unconditional volatility, with standard deviations

13
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between 2.33 and 2.66 percent, but different distributional shapes. JPY returns are
negatively skewed, whereas GBP returns are positively skewed and have the highest
kurtosis. All four series have heavier tails than a Gaussian benchmark, and ADF tests
reject a unit root in every case.

The similarity in marginal volatility helps separate the network evidence from simple
differences in the dispersion of returns. No currency is mechanically dominant because
its standard deviation is far larger than the others. The more pronounced differences
appear in cross-currency correlations and, in the dynamic analysis, in the allocation of
correlated forecast-error variation across currencies.

The correlation matrix already shows that common variation is unevenly distributed.
EUR and CHF have the highest average Pearson correlations with the other currencies,
both about 0.68, followed by GBP at 0.56 and JPY at 0.46; Kendall correlations give the
same ordering. The allocation of correlated forecast-error variation is therefore likely to

have a larger effect on the estimates for EUR and CHF than on those for JPY.

4.2 Empirical specification

The baseline uses a one-lag TVP-VAR and a 12-month forecast horizon, so dependence
is measured in forecast uncertainty accumulated over a year. Forgetting factors of 0.99
for the coefficients and 0.96 for the innovation covariance allow the covariance to adjust
faster than the coefficient state. An OLS-based Bayesian prior initializes the recursion.
Both connectedness networks use this same sequence of forecast distributions.

The robustness analysis varies each element of this specification in turn. The descrip-
tive comparison in Section 5.4 includes the August 2024 unwind and six earlier episodes.
All rates are quoted against the U.S. dollar, so common dollar movements remain part

of each estimated network.

14
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5 Empirical Results

5.1 Aggregate dependence across currencies

At the system level, the two connectedness measures follow similar paths over time (Fig-
ure 2). Their TCI correlation is 0.918, and the main increases and declines occur at
broadly similar dates, although R? exceeds DY in 611 of the 612 months. The difference
has a standard deviation of 4.47 points and reaches 31.08 points in October 2008. The
two measures therefore identify similar changes in dependence across the four currencies,
even though they differ in how much forecast uncertainty is associated with the other
currencies.

The level difference is concentrated in EUR and CHF. Average total connectedness
is 50.68 percent under DY and 60.59 percent under R?, a difference of 9.92 percentage
points. Table 2 shows that received connectedness rises by 21.03 points for EUR and
19.04 points for CHF, compared with 1.78 points for GBP, while the JPY estimate falls
by 2.19 points. Most of the higher R? total therefore comes from the two currencies most
closely related to the rest of the portfolio.

The unconditional return correlations point to the source of this concentration. EUR
and CHF have the highest average Pearson and Kendall correlations with the other
currencies, followed by GBP and then JPY (Table 1), and the increases in received
connectedness have the same ordering. DY assigns forecast uncertainty to individual
innovations, whereas R? allocates the variation jointly explained by the other forecast
errors, so the choice of decomposition has its largest effect precisely on the currencies that
comove most with the rest of the portfolio and its smallest effect on JPY. Supplementary
Section A.5 reports a heteroskedasticity- and autocorrelation-consistent standard error

and two block-bootstrap confidence intervals for the average difference.
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Table 2. Average total connectedness and total directional connectedness from others.

Currency DY FROM R? FROM Difference
EUR 58.06 79.09 21.03
GBP 49.20 50.98 1.78
JPY 37.58 35.39 —2.19
CHF 57.87 76.91 19.04
TCI 50.68 60.59 9.92

Notes: DY and R? denote TVP-VAR-DY and TVP-VAR-R?. Entries are full-sample averages in percent.
Difference is R? minus DY. Supplementary Table A2 reports the complete connectedness matrices.

The reciprocal EUR-CHF relation accounts for most of the higher system-wide esti-
mate. CHF’s contribution to EUR rises from 29.81 percent under DY to 44.63 percent
under R?, while EUR’s contribution to CHF rises from 30.34 to 45.01 percent. To-
gether, the two directions account for 29.49 points of the 39.66-point increase across all
off-diagonal entries, or 74.34 percent. Earlier foreign-exchange evidence likewise finds
close links among European currencies and substantial commonality in currency-market
liquidity (Greenwood-Nimmo et al., 2016; Mancini et al., 2013; Karnaukh et al., 2015).
Both directions increase together, so the additional dependence weakens diversification
between EUR and CHF but largely cancels when inward and outward contributions are
subtracted: a portfolio can become more dependent without a comparably large net
imbalance between the same positions.

The own components in Supplementary Table A2 show the other side of this change.
The EUR own share falls from 41.94 percent under DY to 20.91 percent under R?, and the
CHF own share falls from 42.13 to 23.09 percent. The decline is much smaller for JPY.
The higher R? total is therefore not a uniform level shift across the system. It reflects
a different assessment of how much variation in the most highly correlated currencies is

explained by the rest of the portfolio.
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Figure 2. System-wide connectedness under TVP-VAR-DY and TVP-VAR-R?. Lines report
2
monthly total connectedness in percent. The lower panel reports TCI® — TCIPY,

5.2 The distribution across currencies

The average net positions have the same ordering under both measures, but their mag-
nitudes differ. EUR ranks first and CHF second, while GBP and JPY have negative
average balances (Table 3). The absolute NET values are uniformly smaller under R?
falling from 9.28 to 3.75 for EUR, from 7.58 to 2.99 for CHF, from 8.01 to 2.77 for GBP,
and from 8.85 to 3.97 for JPY. Accordingly, the difference between the largest contrib-
utor, EUR, and the largest receiver, JPY, narrows from 18.13 points under DY to 7.72

points under R?.

17



363

364

365

366

367

368

369

370

371

372

373

374

375

376

Table 3. Average net total directional connectedness.

NET Rank
Currency DY R? DY R? Same sign (%)
EUR 9.28 3.75 1 1 89.71
GBP —8.01 —2.77 3 3 91.18
JPY —8.85 —-3.97 4 4 97.39
CHF 7.58 2.99 2 2 81.54

Notes: DY and R? denote TVP-VAR-DY and TVP-VAR-R2. NET entries are full-sample averages in
percentage points. Positive values identify net contributors and negative values net receivers. Ranks run
from the largest to the smallest NET; the last column gives the percentage of monthly estimates with
the same sign.

The smaller NET balances reflect stronger two-way relations rather than weaker gross
dependence. EUR’s contribution to the other currencies rises from 67.34 under DY to
82.84 under R?, while its received connectedness rises from 58.06 to 79.09; CHF exhibits
the same pattern. Much of each increase offsets in the net calculation. EUR and CHF
therefore remain net contributors even as their dependence on the rest of the portfolio
rises, which is why their ranks can stay stable while the size of the imbalance contracts.

JPY is a net receiver under both measures in 97.39 percent of the months, yet the
correlation between its two monthly NET series is only 0.213, and CHF’s monthly NET
estimates have the same sign in only 81.54 percent of the sample, the lowest share among
the four currencies. Average net positions can thus remain stable even when the estimated
magnitude, timing, or sign differs in particular months, a pattern wider foreign-exchange
networks also display across market states and events (Figure 3) (Greenwood-Nimmo

et al., 2025; Huynh et al., 2023; Albrecht and Kocenda, 2025).
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Figure 3. Net total directional connectedness under TVP-VAR-DY and TVP-VAR-R2. Lines
are monthly NET estimates in percentage points, with no smoothing. Positive values identify
net contributors to the connectedness matrix, and negative values identify net receivers. DY
and R? denote TVP-VAR-DY and TVP-VAR-R?, respectively.

5.3 The concentration across currency pairs

The bilateral estimates identify different pairs with the largest average absolute NPDC.
EUR-GBP has the largest value under DY, whereas JPY-CHF ranks first under R?
(Table 4 and Figure 4). The signed means are 5.44 for EUR-GBP under DY and —2.63
for JPY-CHF under R?. The first estimate indicates a larger contribution from EUR to

GBP; the second indicates a larger contribution from CHF to JPY.
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Figure 4. Net pairwise directional connectedness for EUR-GBP and JPY-CHF. Lines are
trailing 12-month means of monthly NPDC. Positive values indicate that the first currency
contributes more connectedness to the second than it receives from the second. EUR-GBP and
JPY-CHF are shown because they rank first under DY and R?, respectively. The unsmoothed
monthly series are used for all reported statistics.

Table 4. Average net pairwise directional connectedness.

Mean NPDC Mean |[NPDC| Rank
Pair DY R? DY R? DY R? Same sign (%)
EUR-GBP 5.44 2.36 5.44 2.38 1 2 97.22
JPY-CHF —4.60 —2.63 4.63 2.67 2 1 93.46
GBP-CHF —3.50 —0.73 3.51 0.84 3 5 86.27
EUR-JPY 3.31 1.01 3.31 1.05 4 4 89.22
GBP-JPY 0.93 0.33 1.18 0.45 5 6 72.39
EUR-CHF 0.53 0.38 1.05 1.49 6 3 92.32

Notes: Entries are percentage points. NPDC is the signed full-sample average; positive values indicate
a larger contribution from the first currency to the second. [NPDC] is the sample average of absolute
monthly NPDC and determines the descending ranks. Same sign is the percentage of unsmoothed
monthly estimates with the same sign under the two measures.

The change in the highest-ranked pair is driven by relative magnitude rather than
widespread reversals in direction. EUR-GBP has the same sign under the two measures
in 97.22 percent of months and JPY-CHF in 93.46 percent. Their average absolute values
fall from 5.44 and 4.63 points under DY to 2.38 and 2.67 points under R?; the larger

20



388

389

390

391

392

393

394

395

396

397

399

400

401

402

403

404

405

406

407

409

410

411

412

413

414

415

contraction in EUR-GBP moves it behind JPY-CHF'. The lower ranks also change, with
GBP-CHF falling from third to fifth and EUR-CHF rising from sixth to third. Across
all pairs, same-sign shares range from 72.39 to 97.22 percent. The prevailing direction is
usually similar, but the concentration of bilateral dependence is not.

The EUR-CHF entries account for much of the difference between the total and
net results. Their average absolute NPDC rises from 1.05 under DY to 1.49 under R?,
while their signed mean remains small because the two directions are large and similar.
Prominent currency relations vary over time, across market states, and with the sampling
interval (Barunik et al., 2017; Albrecht and Kocenda, 2024; Rubaszek et al., 2025); here
the ranking also changes with the decomposition of correlated forecast errors, even though

the two measures move together and the average net ordering remains the same.

5.4 The August 2024 unwind in historical perspective

The August 2024 window shows that DY and R? identify different lowest-NET currencies.
In the 25-month window centred on the unwind, both place EUR and CHF above GBP
and JPY in the NET ordering. DY assigns the lower balance to JPY, whereas R? assigns
it to GBP (Table 5). The margin between the two values is small, so the different rankings
do not alter the identification of GBP and JPY as net receivers. The difference between
the two TClIs is 6.58 points, among the smallest across the seven windows.

The monthly estimates show how the difference emerged. In July the two TCIs were
55.40 and 60.13; in August they were 55.20 and 63.06. DY is essentially unchanged,
whereas R? rises by close to three points. The difference between the two TCIs increases
by about two-thirds in one month and remains elevated over the remainder of the sample.
At the same time, the net positions of JPY, GBP, and CHF diverge across the two
constructions.

The return pattern in Figure 1 does not determine the NET ordering. JPY had by
far the largest appreciation during August, but the size of that return does not determine
its net position in the connectedness network. The return data show that the adjust-

ment extended beyond JPY; the directional estimates show whether connectedness was
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concentrated in JPY or shared with the other currencies.

Two episodes illustrate the contrast between aggregate and directional evidence. Dur-
ing the global financial crisis, the R? total exceeds DY by 20.82 points, the largest differ-
ence among the seven windows in Table 5; both constructions nevertheless identify CHF
as the largest net contributor, and JPY-CHF has the largest average absolute NPDC.
The measures differ only on which currency has the lower NET, with R? giving JPY a
much lower value than DY. Around the Swiss National Bank’s January 2015 exit from
the minimum exchange rate, the total difference is only 6.17 points, but the pair with the
largest average absolute NPDC changes from EUR-GBP under DY to JPY-CHF under
R2.

Table 5. Connectedness in selected episodes.

Panel A. Total connectedness

Episode DY TCI R2 TCI Difference
U.S. Dollar Support Program 47.31 49.55 2.24
Plaza Accord 62.45 72.68 10.23
ERM Cerisis 59.14 71.45 12.31
Global Financial Crisis 52.83 73.65 20.82
SNB Minimum Exchange 39.65 45.82 6.17
Rate Exit
COVID-19 Pandemic 34.91 45.20 10.29
Yen Carry Unwind 56.38 62.96 6.58
Panel B. Net total and net pairwise directional connectedness

Highest NET Lowest NET Largest average [INPDC]|
Episode DY R2 DY R? DY R?
U.S. Dollar Support Program EUR EUR GBP GBP EUR-GBP EUR-GBP
Plaza Accord CHF CHF JPY JPY JPY-CHF JPY-CHF
ERM Cerisis EUR EUR JPY JPY JPY-CHF EUR-GBP
Global Financial Crisis CHF CHF GBP JPY JPY-CHF JPY-CHF
SNB Minimum Exchange EUR EUR JPY JPY EUR-GBP JPY-CHF
Rate Exit
COVID-19 Pandemic EUR EUR GBP GBP EUR-GBP EUR-GBP
Yen Carry Unwind EUR EUR JPY GBP EUR-GBP EUR-GBP

Notes: Entries are averages for 25-month windows containing the reference month and the preceding and

following 12 months. Difference is R? minus DY. Panel B reports the highest and lowest NET currencies
and the pair with the largest average absolute monthly NPDC. EUR and CHF are the two highest-NET
currencies and GBP and JPY the two lowest-NET currencies under both measures in every window.
Only the order of GBP and JPY differs in the Global Financial Crisis and Yen Carry Unwind windows.
ERM denotes Exchange Rate Mechanism, and SNB denotes Swiss National Bank. Reference dates and
institutional sources are reported in Supplementary Table A5.

The 2008 window produces the sharpest individual-currency divergence. A broad,
funding-driven crisis unwinds leveraged dollar-funding positions across many currencies
at once, making the forecast errors of the funding currency and the rest of the portfolio
highly correlated (Brunnermeier et al., 2008; Bruno and Shin, 2017; Avdjiev et al., 2019).

Under these conditions, R? gives JPY a lower NET value than DY, even though GBP and
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JPY remain the two lowest-NET currencies. Across the selected episodes, the difference
between the two TClIs therefore bears no monotonic relation to currency- or pair-level
agreement. The position of GBP and JPY at the lower end of the NET ordering is more
stable than the identity of the lowest-NET currency or the pair with the largest average
absolute NPDC.

6 Validation and Robustness

Estimator sensitivity is evaluated with Monte Carlo experiments under stable, gradu-
ally changing, and directionally reversing population networks. Empirical sensitivity is

assessed across alternative estimators, specifications, and sample periods.

6.1 Tracking changes in dependence

Monte Carlo experiments compare TVP-VAR-R? with 36-, 60-, and 120-month rolling
estimators in stable, smoothly drifting, and directionally reversing four-variable systems.
No estimator dominates in every design. Under stability, the 120-month window is most
precise, with a total-connectedness root mean squared error of 4.29 points compared with
7.23 for TVP-VAR-R?. When the population network moves, the recursive estimator
performs better: under smooth drift its error is 8.13 points, compared with 15.21 for the
120-month window. Following a directional reversal, it identifies the population sign in
91.06 percent of the common evaluation sample and detects the reversal with an average
delay of 15.59 months, close to the 36-month window and shorter than the delays from
longer windows that retain more pre-break information.

These Monte Carlo comparisons reveal a precision-adaptability trade-off rather than
a dominant estimator. Long windows gain precision when the population network is
stable but adjust slowly when it changes. Recursive discounting responds more closely to
smooth drift and sheds pre-break information faster after a reversal, at the cost of greater
estimation error under stability. This trade-off supports the time-varying specification for

a five-decade sample in which the strength and direction of currency relations can change.
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Supplementary Section A.7, Supplementary Table A4, and Supplementary Fig. A5 report

the designs, numerical results, and representative paths.

6.2 Stability of the empirical findings

A fixed VAR(1) estimated in 60-month rolling windows replaces recursive discounting
with a moving sample (Diebold and Yilmaz, 2009). The R*-DY difference is 9.74 points,
close to the 9.92-point baseline estimate, and the two rolling TCIs have a correlation
of 0.926. The NET ordering is unchanged, while EUR-GBP has the largest average
absolute NPDC under DY and JPY-CHF under R?. The rolling estimates therefore
reproduce the aggregate relation, the NET ordering, and the difference in the pair with
the largest average absolute NPDC found with the recursive filter, although their paths
are less smooth because the window drops observations after 60 months rather than
discounting them recursively. Supplementary Fig. A4 reports the rolling and TVP-VAR
paths together.

The horizon, lag length, forgetting factors, and prior leave the aggregate relationship
intact (Table 6): average R? connectedness remains 7.62 to 10.70 points above DY, and
the correlations between the two TCIs remain high. Supplementary Figs. A1-A3 show
that these choices mainly affect local smoothness rather than the timing of the principal
increases and declines.

At the currency and bilateral levels, however, the conclusions are less uniform. DY and
R? give the same NET ordering within every specification, although the uninformative
prior places CHF above EUR under both measures rather than preserving the baseline
order. EUR-GBP has the largest average absolute NPDC under DY and JPY-CHF
under R? in all but the smoother-dynamics specification, which places EUR-GBP first
under both measures. EUR and CHF remain net contributors and GBP and JPY net
receivers; the order within those groups and the identity of the pair with the largest
average absolute NPDC are the features most sensitive to prior information and the rate

of parameter adaptation.
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Table 6. Connectedness estimates under alternative specifications.

TCI Largest average [INPDC| pair

Specification DY R? Difference TCI correlation DY R2

Baseline 50.68 60.59 9.92 0.918 EUR-GBP JPY-CHF
H=6 50.68 60.59 9.92 0.918 EUR-GBP JPY-CHF
H =24 50.68 60.59 9.92 0.918 EUR-GBP JPY-CHF
p=2 50.84 60.46 9.62 0.917 EUR-GBP JPY-CHF
p=3 50.98 59.97 8.99 0.921 EUR-GBP JPY-CHF
Faster adaptation (0.97,0.94) 51.23 61.93 10.70 0.898 EUR-GBP JPY-CHF
Smoother dynamics (0.99,0.99) 51.77 59.38 7.62 0.941 EUR-GBP EUR-GBP
Minnesota prior 50.46 60.06 9.61 0.908 EUR-GBP JPY-CHF
Uninformative prior 50.45 59.08 8.63 0.845 EUR-GBP JPY-CHF
Rolling VAR (60 months) 52.01 61.75 9.74 0.926 EUR-GBP JPY-CHF

Notes: TCI entries are sample averages in percent. Difference is R? minus DY. TCI correlation uses the
monthly estimates within each specification. DY and R? produce identical NET rankings within every
row. The uninformative prior places CHF above EUR under both measures, while all other rows retain
the baseline ordering. The final two columns report the pair with the largest average absolute NPDC
under DY and R?. Before rounding, the horizon estimates differ from the baseline by less than 0.001
percentage points.

6.3 The observed-euro sample

Table 7 reports the estimates for the observed-euro sample. Restricting the sample to
observed euro trading from January 1999 yields an average difference of 10.75 points and
a T'CI correlation of 0.905. Both measures again assign positive NET values to EUR and
CHF, although GBP and JPY exchange the third and fourth positions. EUR-GBP has
the largest average absolute NPDC under DY, whereas JPY-CHF ranks first under R2.
The post-1999 estimates therefore preserve the total relation, the NET ordering, and the
difference in the pair with the largest average absolute NPDC; only the ordering of the

two receivers proves sensitive to the sample period.
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Table 7. Connectedness over the post-1999 sample.

Panel A. System-wide connectedness, January 1999-January 2026

TCI
Observations DY R? Difference TCI correlation
325 46.12 56.87 10.75 0.905
Panel B. Net total directional connectedness
NET Rank
Currency DY R? DY R?
9
” EUR 10.10 4.30 1 1
GBP -9.03 —2.98 4 3
JPY —6.73 —4.78 3 4
CHF 5.65 3.45 2 2
Panel C. Pair with the largest average absolute NPDC
Measure Pair INPDC|
DY EUR-GBP 6.42
R? JPY-CHF 3.10

Notes: TCI and NET entries are sample averages for January 1999-January 2026. Difference is R?
minus DY. Positive NET values identify net contributors. Panel C ranks currency pairs by the sample
average of absolute monthly NPDC, measured in percentage points.

« 7 Discussion

w7 The August 2024 unwind separates the size of a currency move from its NET position.

¢ JPY appreciated far more than the other currencies, but GBP and JPY were both net

4

©

a0 receivers in the 25-month window centred on the unwind. For investors, a large move in
so0 the funding currency is a reason to examine GBP and JPY together rather than infer a

5|

o

1 single exposed currency from returns alone.

502 At the portfolio level, TCI records how much forecast uncertainty is shared and there-
s03 fore how much diversification is lost. NET identifies the currencies that receive more
ss  connectedness than they contribute, and NPDC identifies bilateral imbalances. These
sos  measures need not be equally stable across decompositions. In this sample, the TCI
so6 paths remain similar and GBP and JPY remain net receivers even when their order and
sv the pair with the largest average absolute NPDC change. Under R?, both EUR-CHF
see directions become larger, increasing gross dependence while largely offsetting in NET.

500 These results complement the literature on currency risk. Common currency and
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volatility factors expose investors to common movements in currency returns, whereas
hedging benefits vary with currency-specific covariances (Lustig et al., 2011; Menkhoff
et al., 2012; Campbell et al., 2010). Portfolio rebalancing, funding constraints, and lig-
uidity conditions can intensify common exchange-rate pressure during an unwind (Hau
and Rey, 2006; Gabaix and Maggiori, 2015; Bruno and Shin, 2017; Mancini et al., 2013).
NET and NPDC show how connectedness is distributed across currencies and pairs. A
currency’s realised return, its funding or defensive role, and its net connectedness de-
scribe different aspects of the episode. JPY can therefore dominate the observed return
movement even though GBP is also a net receiver.

Alternative estimators, lag lengths, priors, and the post-1999 sample preserve similar
TCI paths and identify GBP and JPY as net receivers. The same pattern recurs across
the selected episodes, although the 2008 crisis produces the largest difference in JPY’s
estimated NET position. Exact currency and pairwise rankings are less stable and do not

capture funding costs, hedge payoffs, or exposures elsewhere in the investor’s portfolio.

8 Conclusion

The sharp yen appreciation in August 2024 raised a simple portfolio question about
whether connectedness was concentrated in JPY or shared with other currencies. During
the unwind window, GBP and JPY were both net receivers, even though their relative
order can change. The largest observed return therefore did not show that connectedness
was concentrated in JPY.

Across the selected episodes and robustness checks, TCI paths remain similar and
GBP and JPY retain negative NET values. The precise currency order and the pair with
the largest average absolute NPDC can change with the allocation of correlated forecast-
error variation. Holding the forecast system fixed therefore shows which estimates are
similar and which are more sensitive to the allocation.

For currency investors, total connectedness indicates when diversification across posi-

tions has weakened, while NET shows which currencies receive more connectedness than
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they contribute. During the 2024 unwind, GBP and JPY were both net receivers, so
JPY was not the only receiver. Future research can extend the analysis to alternative

numeraires, broader currency sets, and higher-frequency data.
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