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Abstract

This paper (i) develops a multi-currency portfolio approach to speculative foreign exchange
(FX) trading, (ii) presents a natural experiment to characterize the feedback effect of such
trading on short-run exchange rate behavior, and (iii) proposes a new spectral inference
method to strengthen the statistical evidence on the predicted short-run currency dynamics.
Cross-sectional currency hedging effects are qualitatively large in their price impact and

contribute to the disconnect between exchange rates and fundamentals.

JEL classification: G15, G14, G11.



1 Introduction

Notwithstanding a large literature on deviations from uncovered interest parity, surprisingly
little is known about the structure of speculative currency trading exploiting risk arbitrage
opportunities.! This paper contributes to a better understanding in three steps; it (i) devel-
ops a multi-currency portfolio approach to speculative foreign exchange (FX) trading, (ii)
presents a natural experiment (with a clearly identified exogenous arbitrage opportunity) to
characterize the feedback effect of such trading on short-run exchange rate behavior, and
(iii) proposes a new spectral inference method to strengthen the statistical evidence on the
predicted short-run currency dynamics.

Speculators in the FX market typically trade in many currencies simultaneously. This
justifies a portfolio approach to currency trading, where risk is based on the entire covariance
structure of all asset positions. A risk averse speculator acquires positions characterized by
two distinct components: The fundamental component is proportional to the expected excess
return; whereas the risk-hedging component is (negatively) proportional to the marginal
arbitrage risk of each currency position and reduces the overall risk. Importantly, such cross-
sectional hedging can influence the short-run exchange rate dynamics in a complex manner:
An expected premium change in one currency can alter the hedging demand in many other
currencies along with their prices; thus contributing to a temporary “disconnect” between
exchange rate movements and exchange rate fundamentals.?

The empirical analysis is based on an exogenous market event which allows for a clear
identifications of the speculators’ optimal positions — including hedging demands. In De-
cember 2000, the most important provider of international equity indices, Morgan Stanley
Capital Inc. (MSCI), announced publicly that it would substantially alter the composition
of its global equity indices. As a consequence, many countries experienced dramatic changes
in their index representation, which resulted in a reallocation of indexed equity capital from
down- to upweighted currencies. A massive exogenous capital reallocation of index capital

should alter the fundamental value of the respective currency pairs, unless the marginal in-

!The terms ‘speculation’ and ‘risk arbitrage’ are used synonomously in line with the empirical literature
on limits of arbitage and much of the investment profession. This terminology is different from the classic
theoretical definition, which defines arbitrage as a riskless profit opportunity.

2See Obstfeld and Rogoff (2001), and Rogoff and Stavrakeva (2008) for a discussion of the “disconnect
puzzle.”



ternational investor is indifferent about the currency denomination of his assets. Currency
speculators were able to predict cross-sectional exchange rate changes in line with anticipated
capital flows and arbitrage their exchange rate effect prior to the official announcement of
the index modification. The MSCI global index revision therefore provides a unique occa-
sion to identify an exogenous arbitrage opportunity and trace the price impact of speculative
trading in the cross-sectional pattern of currency returns.

The exchange rate literature has highlighted two contrasting puzzles. News, measured
by a broad set of macro announcements in Andersen et al. (2003), generates an immediate
impact on the exchange rate. But the infrequent occurrence of such public news events
implies that the overall percentage of exchange rate variation explained remains very small
(Evans and Lyons, 2008). Most of the daily exchange rates variation does not appear to relate
to major news events. Contrary to such fundamental news proxies, financial market variables
capturing (directional) currency trading, such as order flow, feature a high overall correlation
with contemporaneous exchange rate changes. Evans and Lyons (2002a, 2002b) document
that order flow accounts for between 44 and 78 percent of the daily variation in the spot
exchange rate for major currency pairs. Evidence on the importance of risk hedging motives
for currency speculation helps to reconcile both findings. Private information about future
public news in one currency can trigger the build-up and later liquidation of hedging positions
(and the corresponding order flow) in correlated currencies even if those currencies are not
concerned by the news event itself. A currency may over- or undershoot its equilibrium
price depending on its hedging value for correlated arbitrage positions and thus appear
disconnected from it own fundamentals.

Two independent statistical strategies are used to elucidate the structure of speculative
trading. First, a classical event study methodology is applied to the MSCI index revision.
The cross-section of 37 spot exchange rates exhibits both the positive fundamental and
negative risk-hedging effects. The overall explanatory power of the cross-sectional regression
is substantial. Together, the fundamental and risk-hedging effects account for almost 55
percent of the exchange rate variation over a three-day window and more than 35 percent
over a seven-day window. Excluding the risk-hedging effect from the regression reduces its
explanatory power by more than half. A robustness check on a subsample of the most liquid

currencies (using forward rates instead of spot rates) produces very similar results. The MSCI



event returns therefore reveal that hedging arbitrage risk matters to currency speculators.
Moreover, risk-hedging positions have an economically significant currency effect. The point
estimates suggest that the exchange rate return difference between currencies with high
and low hedging benefits (separated by two standard deviations in the hedging benefit)
amounts to 3.6 percent over the five trading days of the event window. Assuming that
such hedging operations by currency speculators are common practice, they could indeed
contribute substantially to the short-run dynamics of exchange rates.

An obvious shortcoming of the conventional event study is limited statistical power, if
fewer than 40 observations are used (as is typically the case for exchange rate studies). A
new statistical methodology is therefore proposed, using high-frequency data and inference
in the frequency domain to obtain stronger statistical results. The intuition is as follows:
Consider a sequence of speculators, each of whom implements an optimal multi-currency
strategy. They will each build their positions simultaneously across all currencies. The price
impact across currencies should also be simultaneous and be reflected in high-frequency
co-movements across different exchange rates.> Such high-frequency co-movements can be
measured as the high-frequency components of the cospectrum of exchange rate returns.
For example, exchange rate pairs for which the arbitrage position is long in both exchange
rates should experience positive high-frequency co-movements; whereas exchange rate pairs
for which the arbitrage positions are long for one and short for the other should exhibit a
more negative covariance at the highest frequencies — corresponding to a negative shift of
the high-frequency components of the cospectrum.

The high liquidity of the exchange rate market allows the use of minute-by-minute price
data. The cospectrum between a pair of exchange rate returns can be aggregated into
a high-frequency band summing up all co-movements within a 15-minute interval, into a
medium-frequency band for co-movements from 15 minutes to four hours, and a low-frequency
band capturing all remaining co-movements. It is shown that a large share of the change
in the covariance of exchange rate pairs in the seven day arbitrage period directly prior to
MSCT’s announcement is due to a change in the high-frequency band of the cospectrum.

The event-related change in the exchange rate dynamics is therefore characterized by strong

3 A common procedure is to filter out ‘high frequency’ noise, as it is strongly determined by trading activity.
The current study pursues the opposite objective of identifying particular patterns of cross-currency trading.



cross-sectional return simultaneity. Moreover, the high-frequency cospectrum shift for each
currency pair corresponds to the predicted arbitrage positions for the respective currency
pair: The event period shift of the high-frequency cospectrum is positive if the speculative
positions in both currencies have the same direction (both long or both short). The shift
of the high-frequency cospectrum is negative if optimal risk arbitrage requires speculative
positions of opposite directions (one short and one long).

In the final part of this paper, I show how cospectral measures can be used to re-estimate
the limited arbitrage model. Using spectral band regressions, it is possible to recover the
same regression coefficients for both the fundamental and risk-hedging effects of arbitrage
trading at much higher levels of statistical significance than in the conventional inference.
The smaller standard errors allow me to make a quantitative assessment of the role of
currency hedging demands on exchange rate returns. The spectral band regressions show
that the (transitory) exchange rate effect of the hedging demand is at least as large (if not
larger) than the fundamental effect.

In the following section, I discuss the related literature. Section 3 presents the theory
and develops testable hypotheses for both spot and forward exchange rates. Section 4 dis-
cusses the MSCI index revision, its implications for the country weight changes, and the
arbitrage risk related to an optimal speculative position. Cross-sectional evidence for daily
spot rate returns and forward rate returns follows in section 5. Section 6 discusses the

spectral methodology and corresponding evidence. Section 7 concludes.

2 Related Literature

The use of index changes as an exogenous event triggering capital flows is not new. Hau,
Massa and Peress (2011) use the same MSCI event to document “currency price pressure
effects” for such capital flows. But the current paper is different in its focus on the portfolio
structure of speculative trading and its feedback effects on the short-run exchange rate
dynamics. Portfolio effects are neglected in the large literature on Uncovered Interest Parity
(UIP), which typically uses time series data on individual currencies. A rare example of
testing UIP in a cross-sectional approach is provided by Lee (2011); but his test does not
control for the role of arbitrage risk hedging. Generally, it seems difficult to identify the



cross-sectional structure of currency hedging outside the particular setting of a controlled
natural experiment like the MSCI event.

The finance literature contains many contributions on “limited risk arbitrage.” This lit-
erature is mostly concerned with equity markets with a prominent role played by stock
index inclusions and exclusions. Empirical work on limited arbitrage in the FX market is
less common. Most recently, Brunnermeier, Nagel, and Pedersen (2008) provide evidence
that so-called carry trades alter the distribution of exchange rate movements. The negative
skewness of target currencies is interpreted as the result of a sudden unwinding of carry
trades. Jylh#, Suominen, and Lyytinen (2008) explore the long-run profitability of carry
trade strategies and show that the returns to carry trades have been decreasing over the
last 32 years. Moreover, carry trade returns explain a significant part of hedge fund index
returns. The microeconomics of currency speculation therefore deserves more attention.

An important feature of this paper is the multi-asset approach to speculation. Such a
portfolio approach has recently been employed for speculative equity trading (Greenwood,
2005) and option pricing (Garleanu, Pedersen, and Poteshman, 2010). But in contrast
to these papers, in this paper speculators face a price-elastic residual asset supply. This
distinguishing model feature implies that speculators can acquire optimal hedging positions
instead of just absorbing an exogenous supply shock. Currency risk arbitrage in this paper
amounts to net position taking, which brings the model closer to a practitioner’s notion
of speculation. The elastic asset supply assumption is similar to Vayanos and Vila (2007)
and Greenwood and Vayanos (2010), where risk-averse speculators choose optimal arbitrage
positions against a price-elastic net supply in bonds of different maturity. But unlike bond
yields in their set-up, exchange rates in this paper are governed by asset-specific stochastic
processes. This implies that the covariance structure of risk becomes an important element
determining the optimal arbitrage position. The latter aspect is explained more formally in

section 3 and distinguishes the analysis here.



3 Theory and Hypotheses

3.1 Model Assumptions

This section develops a simple limit-to-arbitrage model, in which arbitrageurs take optimal
speculative positions in anticipation of an exogenous currency demand shock. The market

characteristics are summarized as follows:

Assumption 1: Linear Stochastic Currency Supply

A currency market allows simultaneous trading in currencies i = 1,2,3...,n.
Trading occurs through a uniform price auction at (equally spaced) time points
t = 0,At,2At,3At,.. T, with At = T/N. The (residual) liquidity supply S; of
currency i is characterized by a linear function of the exchange rate ey given by

Si(eit> = Qi(eit — ®; — Tit)a (1)

where q; > 0 is the liquidity supply elasticity of currency i. The fundamental val-
ues Dy of currency i are combined in a stochastic vector ®; = (P14, Poy, ..., Ppt)’

given by
kAt

D pnr =14 > &y (2)
t=At

in trading round k. Let 1 denote a unit vector and innovations €, = (€1¢, ¢, Ent)’
have zero mean and a covariance &_a(eie;) = LAt. The term r; denotes the
one-period money market interest rate in currency v relative to the home money
market rate.

Assumption 1 characterizes a general exchange rate model with a stochastic vector &,
as the driving process. The net currency supply curve is upward sloping with individual
elasticities ¢;. The net supply curve can be motivated empirically as a stylized representation
of an aggregate FX limit order book filled with orders from both financial and non-financial
agents.” Currency order flow moves currency prices along the liquidity supply schedule and
generates persistent exchange rate effects documented in the microstructure literature. In the
long run, the elasticity parameter should be related to the willingness of financial investors

and non-financial firms to substitute home for foreign assets if the exchange rate becomes

4In a monetary model, ®, could capture country differences in money supply, output and interest rates.

5 A theoretical foundation based on other financial market participants would seek to determine the elas-
ticity parameter ¢; in a rational expectation model with informed and uninformed currency traders. Alter-
natively, an elastic currency supply may simply be motivated by limited international asset substitutability
of international portfolio investors. Even uninformative flows resulting from the global index change then
generate permanent exchange rate effects.



more favorable.® The linearity of the supply function is chosen for analytical convenience.
For the same reason, the supply in each currency depends only on its own price and not on
other exchange rates. It is also assumed that all quantities and corresponding elasticities
are expressed in the same reference currency. A multi-currency demand shock denominated
in the reference currency and represented by u = (uy, us, ...u,) changes each exchange rate
by qiuZ Since all currencies are initially normalized to 1, it is convenient to refer to the
exchange rate change e;, o; — €; as the (approximate) exchange rate return.”

In the absence of any demand shock, market clearing requires S;(e;) = 0 for each time
t and each currency i. The equilibrium exchange rate vector e; = (eyy, €g;..., €,;)" follows as

eg = 1 for t = 0 and for trading rounds numbered k£ =1,2,...N as

kAt

erar =14 Y &+ rkAt, (3)
t=At

where r = (ry,rs,...,r,) denotes the one-period foreign money market interest rate. By

construction, the uncovered interest rate parity condition is fulfilled for all periods, that is®
5t(et+At — €t — TAt) =0. (4)

The exchange rate equilibrium is perturbed by an exogenous demand shock at time 7.
In the empirical part, such a currency demand shock comes from the capital reallocation of

index investors following the index revision.

Assumption 2: Currency Demand Shock of Index Change

At t =T, a currency demand shock v = w"™ — w® occurs and amounts to an
exogenous capital inflow proportional to the weight changes from old index weights

w® = (W, w, ...,w?) to new index weights w" = (wy, wy,...,wr)".

The demand shock changes the exchange rate. The exact magnitude of the exchange rate

effect depends on the short-run supply elasticity captured by the parameters ¢;. At time

6Representative agent models appear generally inconsistent with existing evidence for steep asset demand
curves, as argued by Petajisto (2008). Limited market participation and short-term liquidity supply by
financial intermediaries (market makers) may therefore be important market features.

"This amounts to a simple scale transformation of the net supply elasticity parameter.

8This paper does not focus on uncovered interest rate parity or carry trades motivated by violations of
uncovered interest parity. Unlike in the Dornbusch model, the validity of uncovered interest parity is not
important in the model mechanism, but assumed for expositional simplicity.
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t =T, market clearing with S;(e;r) = u; implies

er = (I)T +rT + q_lu, (5)

Lu,)". For a small

where q is a diagonal matrix with elements ¢; and q !u = (qilul, q%u% g
n

¢; even modest capital flows u; may generate a large exchange rate effect. An interesting
question is to what extent the capital flows imply a permanent currency appreciation. The
reduced form model here cannot address this question.” Instead, the focus is on the role
of optimal speculative trading on the short-term exchange rate dynamics prior to the an-
nouncement of the index change. A constant absolute risk aversion (CARA) utility function

for speculators generates conveniently linear demand functions in each trading interval.

Assumption 3: Speculators and Information Structure

A unit interval of currency speculators (risk arbitrageurs) with CARA wutility and
a risk-aversion parameter p learns about the currency demand shock at the time
t = s < T. Arbitrageurs undertake optimal arbitrage over the all trading rounds
in the time interval [s,T]. The exogenous liquidity supply functions S;(e;) are
not affected by demand shock w or by speculative trading.

A final consideration concerns the role of parallel markets. The currency market offers
a variety of trading venues and alternatives to the currency spot market. The currency for-
ward or futures market may represent preferred instruments of speculative arbitrage (Osler,
2008). Bjonnes and Rime (2005) document that bank dealers often prefer to route their
information-based trades through the futures market. In these parallel markets, contract in-
termediation by a clearing house provides trade anonymity, which should be important to an
informed speculator (Rosenberg and Traub, 2008). Arbitrageurs may therefore implement
their trading strategy in the derivative market rather than the spot market. However, the
currency forward (futures) and spot markets are highly integrated because ‘covered inter-
est parity’ generally holds. For the sake of simplicity, the model abstracts from arbitrage

opportunities between forward (futures) and spot markets.

9Evidence for persistent exchange rate effects of investor flows is provided by Froot, O’Connell, and
Seasholes (2001), and Froot and Ramadorai (2005). Recent evidence on the rebalancing behavior of inter-
national equity funds suggests that portfolio managers consider home and foreign equity imperfect substitutes
(Hau and Rey, 2004, 2008). This suggests that an index modification should have a permanent (or at least
very persistent) exchange rate effect.



3.2 Model Solution and Hypotheses

The market clearing conditions for all trading rounds take on three different forms given by

S(e;) = 0 for t<s
Se) = a for s<t<T (6)
S(e) = u  for t=T.

For all trading rounds ¢ < s arbitrageurs are not yet informed about the supply shock
and their speculative demand is zero. Arbitrageurs enter the market for the trading rounds
s <t < T and their optimal demand is denoted by z. In the last trading round at time
t =T, the demand shock u occurs and trading stops.

The CARA utility assumption for arbitrageurs, together with the normality of the payoff
structure, implies linear demand functions. Arbitrage between periods ¢ and ¢ + At (with
s <t < T) provides a payoff vector characterized by deviations e;;an; — €; — At from the
interest parity condition. The risk associated with the arbitrage is given by the covariance
matrix XAt of exchange rate innovations. The optimal demand function of the arbitrageurs

under CARA utility then follows as
xiA = (PEAt)flgt(etJrAt — e — rAt). (7)

Repeated substitution of the arbitrage demand (7) into market clearing conditions (6)
allows me to solve for the equilibrium exchange rate vector e; backward until the period
t = s. For trading round ¢ < s the equilibrium exchange rate follows trivially as e; = ®; +rt.
Subtracting the fundamental value ®; and the interest differential rt from the exchange rate,
we can define an adjusted exchange rate as e; +1 — ®; — rt, which is plotted in Figure 1 as
a straight line for t < s. At t = s, the exchange rate jumps by Ae, = e, — e5_a; to the new
equilibrium path determined by optimal arbitrage between ¢ = s and ¢ = T. Proposition 1

characterizes the movement of the equilibrium exchange rate at t = s.

Proposition 1: Spot Exchange Rate Returns

Upon knowledge by the arbitrageurs at time t = s of the index revision from
old currency weights w® to new weights w", the spot exchange rate change s
positively proportional to the (elasticity-weighted) index change q ' (w"™—w®) and

9



negatively proportional to the arbitrage risk term L(w"™ —w®), where ¥ represents
the covariance matriz of currency returns. Formally,

Aeg ~ax q H(w" —uw®) + B x B(w" — w°), (8)

with a =1>0 and = —p(T —s) <O0.
Proof: See Web Appendix for details.

The term q ! (w™ —w?°) captures the anticipated price impact of the index change at time
t =T in the absence of arbitrage and is referred to as the fundamental component. Arbitrage
simply moves this component forward in time. The second term —p(T — $)X(w" — w°)
represents the additional price impact of arbitrage risk control. It is referred to as the risk-
hedging component. The magnitude of the latter depends on the risk-aversion parameter p
and the duration T' — s over which the risk is taken. Both components affect exchange rates
simultaneously when arbitrageurs learn about the index revision, as shown in Figure 1.

Proposition 1 states testable return prediction of the limited arbitrage. Arbitrage risk in
the FX market is priced by a negative term —p(T — s)X(w™ — w°), which requires estimation
of the covariance matrix X. We should find 5 = 0 only for risk neutrality of the arbitrageurs
(p = 0). Second, the price impact of the weight change w™ — w® in (8) is scaled by the vector
of supply elasticity q, while the hedge term 3 (w" — w°) is independent of any elasticity
parameter. Intuitively, arbitrageurs choose their optimal hedge to equalize the marginal
price impact of hedging across all currencies. Illiquid currencies with a very price inelastic
supply will attract smaller hedge positions because hedging in these currencies is relatively
more expensive. But to capture correctly the price impact of the weight change itself, a
proxy for the currency specific supply elasticity ¢; is needed.

The model implications for the future rate dynamics are also very simple. Under as-
sumption 4, the vector of foreign interest rates (over the zero home rate) is constant at r.
The price of a synthetic (arbitrage-free) forward contract for period ¢t + kAt follows simply
as frirar = e, —rkAt. For a constant money market rate difference, the forward market rate
ftorxar should change in step with the spot exchange rate e;, hence Af; xan; = Aeg for any
k-period forward contract.

Propositions 1 isolate the exchange rate dynamics at time ¢t = s when speculators learn

about the currency demand shock. Over the consecutive interval [s, T, speculators slowly

10



liquidate their hedging positions, which should reverse the initial exchange rate effect cap-
tured by the coefficient 5. But the hedge liquidation effect might extend over a longer period
and is therefore more difficult to isolate empirically. The empirical strategy therefore focuses

on the exchange rate effects of the speculative position build-up.

4 Data Issues

4.1 The MSCI Index Redefinition

Morgan Stanley Capital International Inc. (MSCI) is a leading provider of equity (interna-
tional and U.S.), fixed income, and hedge fund indices. The MSCI equity indices are designed
to be used by a wide variety of global institutional market participants. They are available
in local currency and U.S. dollars (USS$), and with or without dividends reinvested. MSCI’s
global equity indices have become the international equity benchmarks most widely used by
institutional investors. By the year 2000, close to 2,000 organizations worldwide were using
them. Over US$ 3 trillion of investments were benchmarked against these indices worldwide
and approximately US$ 300 to 350 billion were directly indexed. The index with the largest
international coverage is the MSCI ACWI (All Country World Index), which includes 50
developed and emerging equity markets. This index is also the most important in terms of
its benchmark status.!

On December 10, 2000, MSCI formally announced that it would adopt a new policy of
stock weight calculation based on so-called ‘free-float” weights. The latter take into account
pyramid ownership and control structures in many different countries. Free-float weights
better reflect the limited investibility of many stocks and therefore entire countries. However,
the formal announcement of the adoption was preceded by an internal decision process and
accompanied by a consultation process with the investment community. The first relevant

date in this respect dates back to February 2000, when MSCI communicated that it was

10Less important subindices are the MSCI World Index (based on 23 developed countries), the MSCI EM
(Emerging Markets) Index (based on 27 emerging equity markets), the MSCI EAFE (Europe, Australasia,
Far East) Index (based on 21 developed countries outside of North America), and the MSCI Europe. All
subindices are composed of subsets of stocks in the MSCI ACWI and are therefore similarly affected by
an overall change to the index methodology. As long as the index equity invested in subindices is small in
comparison to the equity indexed to the benchmark MSCI ACWI, the free-float redefinition of the subindices
should not dramatically modify the overall index flows.

11



reviewing its policy on index weights. On September 18, the competing index provider Dow
Jones adopted free-float weights, increasing the pressure on MSCI to take a decision. The
next day, MSCI published a consultative paper on possible changes and elicited comments
from the investment community. Any adoption decision would be based on the feedback
from its clients.

The next important event occurred on December 1, 2000, when MSCI announced that it
would communicate its decision nine days later, on December 10. This pre-announcement
presented a strong signal to arbitrageurs that MSCI had taken a decision about the weight
change and that public announcement of the index revision was imminent.!! The strongest
arbitrage activity can therefore be expected to occur around this date. Supportive evidence
for this interpretation comes from data on the Euro/Dollar spot trading volume in the
electronically brokered EBS and Reuters D2000 trading platforms. The first trading day
after the pre-announcement (Monday, December 4) is characterized by very large spot trading
volume, exceeding the daily average volume by 30 percent.!? Some arbitrageurs are likely to
have anticipated the free-float adoption earlier than December 1, and acquired their arbitrage
positions before this date. Information leaks from MSCI or rational anticipation after the
consultation process may have informed arbitrageurs about the likely free-float adoption.
Interestingly, spot trading volume in the Euro/Dollar rate peaked on November 30, 2000,
and was 32.5 percent above its quarterly average.

The exact beginning of the arbitrage activity is difficult to date. In order to deal with
this issue, alternative event windows are used covering three, five or seven trading days up to
December 4, 2000. The two larger windows start on November 24 and 28, respectively. These

longer windows also capture speculative trading before December 1. It seems approprate to

' The actual announcement on December 10 seemed to have confirmed market expectations. Commen-
tators remarked that MSCI’s adoption decision was broadly in line with the previous consultation paper.
Only the target level of 85 percent of the national market was somewhat higher than expected (by five per-
cent) and the implementation timetable was longer than most observers had expected. See the investment
newsletter, ‘Spotlight on: Throwing Weights Around’, Hewitt Investment Group, December 2000.

12T examine transaction volumes in the Euro/Dollar spot market available for the period 01/08/2000
— 24/01/2001. Euro/Dollar spot market volume surge should accompany any major international equity
reallocation. The data combine all electronically brokered spot contracts in both the EBS and Reuters
D-2000 trading platforms on any given day. The first trading day after the pre-announcement (Monday,
December 4) is characterized by very large spot trading volume of 17,610 contracts. It exceeds the daily
average volume by 4,051 contracts, or 30 percent. By contrast, trading volume on Monday, December 12, —
the first trading day after the second announcement — was below average. The transaction volumes indicate
that December 1, 2000 was the relevant news. We thank Paolo Vitale and Francis Breedon for generously
providing the transaction data.
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choose a larger event window particularly for the spectral analysis with its large statistical
power. An excessively long window should bias the results against finding strong cross-

sectional return patterns.

4.2 Index Weight Changes and the Arbitrage Risk

The new stock selection criterion based on free-float had drastic consequences for the weight
of different currencies in the global MSCI index. The absolute weight change w" — w°
has a standard deviation of 0.006 and appears small. But a more informative measure is
the percentage weight change defined as the weight change w™ — w® divided by the mean
%(w" + w°) of old and new weights. The percentage weight change features a standard
deviation of 0.326 and is substantial. Figure 2 plots the percentage weight change for each
country as a function of the old weights expressed in logs. The Euro area countries are
aggregated to a collective currency weight (Euro area) since these share a common currency.

Figure 2 illustrates that a large number of countries and currencies experienced dra-
matic reduction in their index representation. For no fewer than 10 countries the aggregate
percentage weight loss exceeded —70 percent (Argentina, Chile, Colombia, Czech Republic,
India, Malaysia, Pakistan, Thailand, Turkey, Venezuela) because of a large market share of
stock companies with investment restrictions. Most other currencies also experienced in-
dex weight losses. The largest absolute weight decreases were registered for Brazil, India,
Taiwan, Hong Kong and Mexico. Only eight countries showed a positive country weight
change, namely Australia, Egypt, Finland, Greece, Ireland, Morocco, the United Kingdom,
and the United States. Particularly large and positive were the weight changes for Ireland,
the United Kingdom and the United States with percentage weight increases of 11.4 percent,
10.9 percent and 12.0 percent, respectively.

The model of limited arbitrage developed in section 3 implies that speculators adjust
their arbitrage portfolio weights not only to the expected premium proxied by the weight
change w™ — w?, but also scale their portfolio weights inversely to the marginal risk ¥ (w" —
w°®) of each currency position over the arbitrage period. This requires an estimation of
the (expected) covariance matrix 3. Assuming intertemporal stability in the correlation

structure, the covariance matrix is simply estimated using two years of daily FX data from
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July 1, 1998 to July 1, 2000. The exchange rate data are based on end of the day mid-price
quotes in London available from Datastream. The estimation period ends four months prior
to the announcement date of December 1, 2001. Thus the covariance estimate is not affected
by the actual event. The 13 countries in the Euro area share a common exchange rate
after January 1, 1999. Prior to this date, the ECU currency basket is used. Argentina and
Malaysia feature only very incomplete exchange rate data over the estimation period. Both
countries are excluded from the analysis. The total sample includes 37 countries. China
and Hong Kong also stand out with currencies of very low exchange rate variation because
of their peg to the U.S. dollar. Neither country was excluded from the analysis. However,
excluding both countries makes no qualitative difference to the overall results. Our results
are also robust to excluding Turkey — a country experiencing a currency crisis in 2001. Table
1, Panel B, provides a summary of the marginal arbitrage risk contribution [X(w" — w°)];
of the 37 sample currencies. Marginal risk contributions are negative for most currencies.
Increasing the portfolio weights in these currencies provides a hedge against the exposure
from excessive dollar investment implied by the strong weight increase for the U.S. currency.

On a conceptual level, using historical data is certainly an imperfect measure of the
forward looking covariance matrix. But it is also the technique mostly likely to be used by
speculators to determine the optimal arbitrage strategy and the ex-ante risk of their portfolio
position. Estimating a forward-looking GARCH model with up to 37 currencies is likely to
be beyond the ambition of practitioners. A second (more relevant) robustness issue concerns
the choice of data frequency. Does a weekly sampling frequency alter estimates of the
marginal risk contribution of each currency? To explore this issue the estimation procedure
is repeated with weekly spot rate return data. The correlation between estimates based on
daily and weekly sampling is 0.984. Optimal arbitrage portfolios therefore look reasonably
similar independently of the sampling frequency of the historical data. Robustness was also
checked for a change of the sample period to three years and to 18 months. Underlying
this relative robustness is the fact that the marginal risk terms only involve the estimation
of a n = 37 dimensional vector ¥ (w"™ — w®). Unlike the estimation of ¥ itself, estimating
Y (w"™ — w®) does not create a ‘curse of dimensions’. Measurement error with respect to the

regressor % (w™ — w°) should not be a serious problem for the analysis.!?

13Under large measurement error, we would have to adjust the confidence intervals of the second stage
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4.3 Cumulative Event Returns

Before undertaking a more formal regression analysis, it is interesting to examine the time
series behavior of exchange rates around the announcement of the MSCI index change. For
this purpose, the 18 currencies with a percentage weight increase larger than the median are
sorted into a group labeled W+, while 19 of the most downweighted currencies are labeled
W —. On a second sort, the currencies in each group are ranked by their marginal arbitrage
risk ¥(w™ — w?); into the nine currencies with the lowest arbitrage risk and therefore highest
hedge benefits H+ and the nine (or 10) remaining currencies with low hedge value labeled
H — . Four groups of currencies W + H+, W + H—, W — H+, and W — H— are thus
obtained. Their respective cumulative average (equal-weighted) return for each group is
plotted in Figure 2.1

According to the risk arbitrage theory developed in section 3, currencies in group W+ H+
are the most attractive for speculative long positions and those in group W — H— are the
most attractive for short positions. Figure 3 shows the predicted cumulative return pattern.
The average return for the most desirable currencies in group W + H+ increases by more
than three percent over the seven trading days from November 24, 2000 to December 4, 2000.
Currency returns in group W — H— over the same interval feature a negative average return
of 120 basis points. Much of the difference in the cumulative return starts to emerge before
the first announcement on December 1, 2000 and suggests arbitrage trading prior to this
date. The strong increase of the cumulative average return for currencies in group W + H+
relative to group W — H— from November 24, 2000 to December 4, 2000 validates the event
window selection. This period includes seven trading days and represents the largest of
the three event windows considered. The divergence between currencies in group W + H+
and W — H— continues even after the second announcement on December 10, 2000. This
indicates still more speculative position buildup even after the market had learned about the

free-float adoption. This could come from additional carry trades until the announcement of

regression.

14See Table 1, column (6), in the Web Appendix at www.haraldhau.com for the group status of each
exchange rate. Grouping currencies according to median weight change provides two equally large subsam-
ples. The focus is on their relative performance. Censoring at the absolute zero weight change is not useful.
The arbitrage theory does not state in which currency (US$ or some other currency or currency basket)
arbitrageurs define their objective function. This means that any exchange rate effect can only be predicted
up to a fixed effect common to all currencies. Only relative currency effects are of interest here.

15



the provisional stock and country weights, which occurred only on Feburary 26, 2001. The
selection of relatively narrow event windows until December 4, 2000, is conservative and may

underestimate the exchange rate effects.

5 Cross-Sectional Evidence

The portfolio approach to risk arbitrage developed in section 2 provides cross-sectional ex-
change rate predictions for the arbitrage event. First, the exchange rate appreciation is
positively related to the weight change of a country in the portfolio of the global investor.
Second, the exchange rate appreciation of a particular currency is negatively affected by its
risk contribution to the arbitrage strategy. The following section tests these sign restrictions

using a linear panel regression.

5.1 Evidence on the Spot Rate

The natural correlation of exchange rates suggests a correlated panel approach with one

equation for each currency. The linear model is given by

1
Aeyr = Ao+ M X Dytax Dyx —(w" —w”);+BX Dy X [S(w" —w’) it pie,  E(upy) =2, (9)

)

where the daily (log) exchange rate change Ae;; in currency ¢ is regressed on a constant;
an event window dummy D; marking alternatively a three, five or seven trading day event
window around the announcement day of December 1, 2000; the elasticity-weighted currency

" — w°); interacted with the event dummy; and the marginal arbitrage

weight change é(w
risk contribution [X(w™ —w?)]; of currency i interacted with the event dummy. Two different
parameter sets are used for the currency supply elasticities ¢;. The first specification proxies
the currency supply elasticity with the MSCI stock market capitalizations. The midpoint
¢ = 1(w"+w’); between the new and old market weights is taken as the measure of (relative)
market capitalization. The term i(w” — w?); then represents the percentage change of a
country’s index representation plotted in Figure 2. A second elasticity specification is based

on FX trading volume in each currency, that is ¢; = VolfX. The currency-specific trading
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volume is obtained from the BIS trianual market survey of 2001.'° Countries with large
equity markets tend to have highly liquid currency markets. This is illustrated by the high
correlation of 0.943 between the capitalization-based proxy of currency market liquidity and
the volume-based proxy. Both scaling variables ¢; should therefore produce similar results.
By contrast, the correlation between the arbitrage risk measure and the scaled weight change
is small at 0.29 and 0.21 for the capitalization and volume elasticity proxy, respectively.
Regressor colinearity is therefore not a concern.

A general cross-currency correlation structure is allowed for the error term pu;;. To estimate
this error structure more precisely, I use not only the daily data of the event window, but
supplement the event window by two years of exchange rate data from July 1, 1998 to July
1, 2000. For this period prior to the arbitrage activity, the dummy variable D, takes the
value of zero. Only for the event window is the dummy variable ‘switched on,” capturing
the return chasing component through the coefficient o and the hedging component through
the coefficient 3. The model in section 3 predicts a > 0 and S < 0. For the special case
where the FX arbitrageurs are risk neutral (p = 0), the exchange rate effect captured by
the coefficient [ should be insignificant. All currencies are expressed in dollar terms where
Ae; > 0 denotes the dollar depreciation or foreign currency appreciation. The constant
term \o captures the average long-run dollar depreciation against all other currencies, while
the coefficient \; estimates the average dollar depreciation over the event window only. Any
particular dollar movement against all other currencies may simply represent a U.S.-specific
effect and is therefore difficult to interpret. Translating all exchange rate returns into an
alternative currency than the dollar (or into a currency basket) amounts to adding a fixed
effect and should only modify the coefficients Ay and ;.

Table 2 presents the regression results for the 37 spot rates in the sample. Regressions
in Panel A proxy exchange rate elasticities by the average MSCI index representation of a
currency, while Panel B reports analogous results for currency elasticities proxied by FX
trading volume. To evaluate the robustness of the findings, regression results are reported
for event windows stretching alternatively over three, five and seven days. First, a baseline

regression that excludes the arbitrage risk term is reported. A second specification includes

15Unfortunately, the currency specific trading volume is not available for all currencies in the BIS sur-
vey. Where such data are missing I extrapolate the currency trading volume from the FX trading volume
undertaken in the respective country, which is highly correlated with the trading volume of its currency.
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the price effect of the hedging demand. The coefficient A\ is of no particular interest and
not reported.

In the reduced specification in Panel A, the fundamental effect i(w” —w?); enters statis-
tically significantly at a one percent level for all three event windows. But this specification
does not control for the risk-hedging demand of the arbitrageurs and may therefore be
misspecified. Inclusion of the risk-hedging term reduces the significance level of the funda-
mental term. It remains positive, but statistically significant only for the 7 day window.
The risk-hedging demand, on the other hand, has the predicted negative sign at high levels
of statistical significance. The adjusted R-squared substantially increases for all windows
under inclusion of the risk-hedging term. For example, the five-day window in Panel A
features an adjusted R-squared of 0.43 — an impressive empirical fit for an exchange rate
model. Currencies with very low and negative marginal risk contributions experience a rel-
ative appreciation. A decrease of the arbitrage risk of a currency by one standard deviation
(= 0.005) implies an average daily currency appreciation of 0.36 (= 0.005 x 71.85) percent,
or 1.80 percent over the five trading days. A comparison of the (relatively imprecise) point
estimates ¢ and d suggests that the hedging effect on currencies is large compared to the
fundamental effect. The point estimates of S in Panel A are between 65 and 340 times larger
than «, while the standard deviation of its regressor is only 65 times smaller. But large
standard errors on the coefficients prevent any strong quantitative conclusion.

Panel B reports results for the specification where exchange rate elasticities are proxied
by trading volumes. Overall, this alternative specification provides very similar results. The
coefficient on the index rebalancing price effect é(w” — w®); is positive, but statistically
insignificant, while the exchange rate impact of the hedging demand [YX(w™ — w°)]; again
has the correct negative sign and is statistically significant at the conventional one percent
level. As before, the empirical fit of the model is vastly superior for the full specification.
The low level of statistical significance for the fundamental term may be either due to
measurement, error with respect to the elasticity parameter or to the small sample size of
only 37 observations. Also, some of the currencies in this sample are relatively illiquid and
may therefore have been excluded from arbitrage trading. The next section focuses on the

22 more liquid currencies.
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5.2 Evidence on the Forward Rate

Speculative positions can be acquired either in the underlying spot market or in the forward
(futures) markets. Speculators may prefer derivative markets to engage in FX arbitrage
(Osler, 2008). In this section I verify whether the results obtained for currency spot rates
extend to the forward market. Forward rates are available from Reuters (via Datastream)
as the 4.00 pm U.K. interbank closing rate for the most common maturities of one week, one
month, three months and six months. The daily forward rate data for these maturities are
available for 22 out of 37 currencies. The 22 quoted rates represent the most liquid forward
rates.

Before estimating the model implications for forward rates, it is useful to examine the
relationship between the different forward rates and the spot rate. Forward rates are gen-
erally highly correlated with spot rates and the event period in this study is no exception.
The correlation of the spot rate return and the forward rate return over the seven day event
window is above 0.99 for all four forward rate maturities (one week, one month, three months
and six months). The forward market rates and the spot rates react in equal measure to
speculative buying pressures. This also implies that interest rate differences between home
and foreign money market rates were not significantly affected by currency speculation.

The extremely high correlation between the spot rate and forward rate returns make these
variables almost interchangeable as event return measures. However, the forward rate sample
covers a subset of the most liquid currencies. They represent the 22 with the highest trading
volume. The extremely high liquidity in these currencies may attenuate any speculative
buying pressure and render the exchange rate effect of risk arbitrage less pertinent. Repeating
the cross-sectional regression for the sample of 22 forward rates therefore presents a useful
robustness check for highly liquid currencies.

The linear panel specification remains identical, given by

1
Afi = N+ X Di+ax Dy X f(w"—wo)i+ﬁthx [E(w"—w®))i+pe  Elugpy) =X, (10)

2

The event period window, with its short time series of either three, five, or seven trading
days, is again complemented by two full years of forward rate return data to obtain an

improved estimate for the cross-sectional correlation structure of exchange rates. The event
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dummy D; takes on the value of 1 for the event window and is zero otherwise.

Table 3 reports the regression results for the one week forward rates for the two elasticity
specifications. Panel A proxies elasticities by the MSCI market weights and Panel B by FX
trading volumes. As in Table 2, the fundamental effect i(w" — w®); has a positive sign

and the risk-hedging term [X(w™ — w°)]; the expected negative sign. The fundamental term

1

o (w™—w°); is now statistically significant at the five percent level for all three event windows.

The adjusted R-squared for the smaller sample of 22 forward rates is still higher than for the
larger sample of 37 spot rates. For the three-day window the adjusted R-squared exceeds
57 percent. This shows that the model has a much better fit when we focus on the most
liquid currencies. The same regression is repeated with one week and three-month forward
rates and the results are very similar (but not reported). In conclusion, the currency hedging
components of speculative trading can be found both in spot rate and forward rate returns.
Speculative risk hedging demands are price relevant for the entire sample of all currencies,

but also for the subsample of the most liquid currencies.

6 Spectral Implications of Multi-Currency Arbitrage

While the statistical evidence in the previous section supports the model and provides a
very good empirical fit to the data, it falls short of providing high statistical significance
levels for the model parameter values. This is not surprising, given the small sample size
on which the model is tested. Exchange rates are notoriously volatile and even a relatively
short event window incorporates many other confounding exchange rate effects that cannot
be controlled for and hence enter the error terms of the regression. The following section
develops a methodology that extracts the speculators’ trading pattern at the microstructure
level by focusing on the high-frequency return cospectrum of currency pairs.

The model described in section 3.1 assumed for simplicity that the speculative position
build-up occurred simultaneously for all currencies and all speculators. More realistically,
different speculators acquire their speculative positions at different moments and build the
overall speculative position gradually to minimize price impact. Nevertheless, speculators
want to avoid an unbalanced position, which would scarify hedging benefits. Their stepwise

position acquisition should therefore occur simultaneously across all currencies. This latter
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feature implies a particular cross-sectional return pattern, even if speculative action is un-
coordinated across arbitrageurs. The spectral analysis provides a magnifying glass to focus
on these joint high-frequency dynamics of exchange rate pairs and thus identifies speculative

trading more distinctly.

6.1 Methodology and Data

Next, I develop the spectral implications of multi-asset risk arbitrage strategies in more
detail. If risk management is an important element of multi-asset risk arbitrage, then simul-
taneous implementation of the speculative positions across all currencies should be common
practice. Speculators should build up their optimal arbitrage positions in parallel across all
currencies. But this implies that any price impact of their trading strategy will also be si-
multaneous. We can therefore predict a particular cross-sectional pattern of high-frequency
return co-movements that corresponds to the vector of optimal arbitrage positions. Co-
movement in statistics is generally captured by covariance and can be decomposed into
its different frequency components, or cospectrum. Formally, the covariance between two

demeaned time series X, and Y; has the frequency domain representation

N

Cov(Xs, Ys) = SZX Y, = fz: (afaf +576}) = ZC'osty(f), (11)

1 -

where (for an odd number S) each of the N = (S — 1)/2 cospectrum terms Cospxy (f)
represents the contribution of co-movements at frequency f to the total co-movement or
covariance.'® The cospectrum terms follow directly from a discrete Fourier transformation
of the individual series X and Y, where aif and Oé}/ are coefficients of the cosine components
and ij and B}/ are the coefficients of the sine components. The additivity of the cospectrum
allows the definition of spectral bands that aggregate certain frequencies in a frequency band.
For the purpose of the analysis, three different spectral bands B = {High, Medium, Low}
are defined, which decompose the covariance of any pair (i, j) of exchange rate returns Ae;q

and Aej; into its high-, medium-, and low-frequency cospectrum; hence

6 For details, see Hamilton (1994), page 275.

21



N
Cov(Ae;s, Aejs) = ZCosp(z',j, f)= Z Cosp(i, j, B). (12)
f=1

B=VH,H,M,L

This decomposition can be applied to any sample of currency pairs. The double sorting of
currencies from section 4.3 into (relatively) up- and downweighted (W + /W —) and those
with positive or negative hedge value (W + /W —) is useful again. Currency pairs (i, j) drawn
from the most desirable arbitrage currencies (W + H+) should be subject to simultaneous
joint buying by speculators, which should generate an increase in the high-frequency co-
movement measured by the high-frequency cospectrum band Cosp(i, j,High). Simultaneous
selling of two currencies from the group of least desirable arbitrage currencies (W — H—)
should also generate a positive high-frequency return co-movement, as both currencies are
expected to show a negative return due to joint short selling. However, (cross group) currency
pairs, where one currency is drawn from the group (/W + H+) and the other from the group
(W — H—), should show a more negative co-movement for the event period. To compare
the cospectrum of the event period to the ordinary cospectrum at regular times, a control
period of the same length as the event period is used. The change in the cospectrum, or

cospectral shift, of the frequency band B is then defined as
ACosp(i, j, B) = Cospl(i, j, B)***"* — Cosp(i, j, B)“"", (13)

where Cosp(i, j, B)P*™ and Cosp(i, j, B)°°""° denote the cospectrum of the event and con-
trol period, respectively. The remainder of the analysis focuses on changes in the cospectrum
relative to the natural cospectrum for any currency pair. Currency pairs with arbitrage po-
sitions in the same direction (both long or both short) should be characterized by a positive
spectral shift in the high-frequency cospectrum, while currency pairs with arbitrage posi-
tions in opposite directions (one long, the other short) should feature a negative shift in the

high-frequency cospectrum.

Proposition 2: Simultaneous Implementation of Arbitrage Positions

Simultaneous implementation of speculative positions by a sequence of risk arbi-
trageurs implies a specific modification of the high-frequency components of the
cospectrum. for each currency pair (i,j). For the event period, the shift in the
cospectrum ACosp(i, j, B) is (i) detectable in the highest spectral band B = VH
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and (i) proportional to the product Ae; x Ae; of event period exchange rate
returns.

Proof: See Web Appendix for details.

Testing Proposition 2 requires high-frequency data for a large cross-section of exchange
rates. These data are obtained from the commercial data provider Olsen Associates for the
three months from September to December 2000. Olsen systematically records the best FX
bid and ask quotes from the Reuters terminal at one-minute intervals. Such quotes are ‘firm’
and can be executed by other market participants. High-frequency data were available for all
the 37 currencies except China and Sri Lanka. The spectral analysis is based on midprices
calculated as the arithmetic average of the best bid and ask price at the end of each minute
interval. If no bid or ask price is available for a one-minute interval, the last available quote
is used to calculate the midprice. The event period is given by the same seven trading days
from November 24 to December 4 for which the cross-sectional evidence was presented. As
control period I use the period from September 8 — 18, 2000, which also covers seven trading
days.!”

Both the event or arbitrage period and the control period comprise a total of 10,080
(= 60 x 24 x 7) one-minute intervals. A large number of intervals do not feature new
price quotes. In this case it is assumed that the previously quoted bid and ask are still
valid and the midprice is therefore unchanged. Highly liquid markets like the Euro-Dollar
rate or the Yen-Dollar rate have new quote arrivals for approximately 90 percent of the
one-minute intervals. At the other end of the scale we find the Egyptian pound with new
quotes in its dollar rate in only one percent of the 10,080 intervals. A second feature of
the high-frequency exchange rate returns is their high negative autocorrelation for lags up
to five minutes. Pooling all exchange rates produces a partial autocorrelation at lag 1 of
—0.258 (—0.237) for the event (control) window and —0.105 (—0.088) at lag 2. The strong
negative serial correlation of the midprice indicates short-run reversal of the price impact
of trades. Intuitively, demand shocks remove some of the liquidity supply on one side of
the market and it may take time for new best indicative quotes to replace the absorbed
liquidity. Importantly, such strong negative serial correlation due to trading events will

tend to leave a particularly large footprint in the high-frequency spectrum of the exchange

17T also experimented with an alternative seven day control period and obtained similar results.
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rate return process.!® It also implies that the cospectrum of currency pairs is particularly
pronounced at the highest frequencies if both currencies experience simultaneous trading
action. The speculative multi-asset trading strategies should therefore be most detectable
at high frequencies and this motivates the spectral analysis.

The high-frequency band is defined as the sum of the 15 highest frequencies, which
capture return simultaneity within a 15-minute interval. The 15-minute interval is motivated
by possible execution delays for portfolio strategies which, according to currency traders, can
amount to a few minutes in some less liquid currencies. The next 225 highest frequencies are
aggregated into the medium-frequency cospectrum, thus representing co-movements between
15 minutes and four hours. All lower frequencies are aggregated into the low-frequency
cospectrum. In order to make the cospectrum more comparable across frequency bands of
different sizes, it is useful to scale the cospectrum band by the number of frequencies it
comprises. The ‘scaled cospectrum’ then captures the average covariance contribution of a
single ‘representative’ frequency within the band. The exact segmentation of the frequency
band is somewhat arbitrary. However, the results reported in the following section are robust

to alternative (though qualitatively similar) segmentations of the frequency spectrum.

6.2 Spectral Evidence for Currency Groups

Examining the cospectral shift for selected currency pairs allows a first look at the properties
of return co-movement across the various frequency bands. The most attractive buy (or long)
currencies for a speculator are combined in the portfolio W + H~+ and the least attractive sell
(or short) currencies in the portfolio W — H—. For currency pairs (i, j) where both currencies
are drawn from the same portfolio, we should observe a positive change in the high-frequency
cospectrum due to simultaneous buying or selling. By contrast, a negative co-movement in
the high-frequency cospectrum is expected if currency ¢ is drawn from portfolio W + H—+
and currency j from portfolio W — H—. Cross-group currency pairs with buying activity in
currency ¢ and selling in currency j imply a negative shift in the high-frequency cospectrum.

Table 4 reports the evidence on the cospectrum for currency pairs formed within groups

18 Positive serial correlation of an MA(1) or AR(1) process, for example, implies a spectral density function
that is decreasing in the frequency spectrum, while negative serial correlation implies a spectral density
function that is increasing for higher frequencies.
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W + H+ and W — H— in Panel A and across groups in Panel B. The cospectrum here is
scaled for the number of frequencies entering each spectral band. It is stated separately for
the event period, the control period, and the spectral difference between both. The Wilcoxon
sign-ranked test reports if the difference in the cospectrum is statistically significant for any
of the three spectral frequency bands. In Panel A, a positive cospectrum is found for both
event and control periods at all three frequency bands. Interestingly, the spectral change
is concentrated in the high-frequency band and features the expected positive sign. The
Wilcoxon sign-rank test here strongly rejects the hypothesis that the median is the same
for the event and control sample. Currency pairs, for which joint buying or joint selling
is the optimal arbitrage strategy, clearly show a stronger high-frequency co-movement over
the event period. For the remaining two spectral bands, the change in the cospectrum is
statistically insignificant. In Panel B, the high-frequency cospectrum also features the largest
change between event and control period. The high-frequency cospectral shift is negative as
expected, since the currency pairs in Panel B combine exchange rates for which the optimal
arbitrage portfolio prescribes long and short positions. Simultaneous buying and selling
should therefore generate a negative covariance and a negative spectral shift. All other
spectral bands have a cospectrum change that is not significant at the one percent level.
Panel C reports additional sign tests for the relationship between pair type (within or
across groups) and the direction of the cospectral shift. For the high-frequency band, the 68
within-group currency pairs show an increased cospectrum in 45 cases, while the 72 cross-
group pairs show an increased cospectrum for only 27 cases. The Fisher test indicates a clear
statistical association between pair type and the direction of the cospectral shift. No such
sign correlation is detectable for the lower frequency bands at the conventional one percent
confidence level. The particular return patter of arbitrage trading becomes most visible in
the high-frequency domain. A graphical illustration of the evidence in Table 4 is presented
in Figure 4. The change in the covariance within and across groups is concentrated in the
high-frequency band that measures co-movements within a 15-minute interval. Overall, the
evidence shows that the covariance change across the sorted currency pairs has the predicted
sign and is statistically highly significant if the analysis focuses on the high-frequency cospec-
trum. These non-parametric test illustrate the large improvement in statistical power for

detecting cross-sectional trading patterns due to an analysis in the frequency domain.
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6.3 Spectral Band Regressions

In the final section of the paper, I show how cospectral measures can be used to infer
structural parameters. According to proposition 3, the high-frequency cospectral shift for
each currency pair (4, ) is proportional to the product Ae; x Ae;. This allows a spectral
band regression based on all currency pairs, which greatly increases the sample size. Spectral
band regressions have been advocated by Engle (1974) for the analysis of macroeconomic
data. But they represent an even more powerful tool for the analysis of financial data,
which are often available as high-frequency panel data. Spectral band regressions can detect
cross-sectional return patterns induced by multi-asset portfolio choice.

Building on the limited arbitrage model in section 3, the expected exchange rate change

in currencies ¢ and j is linear in the two parameters o and [ according to

Aei(a, f) = a x g (W" —w)i + B x [B(w" — w’)]; (14)
Aj(a, B) = o x g5 (w" — w®); + B x [S(w" —w)];, (15)

where ¢; '(w™ — w°); again represents the fundamental effect and [X(w"™ — w?)]; the risk-
hedging effect. The change in the cospectrum ACosp(i, j, B) is explained by the quadratic
form Ae€;(c, B) x A€j(a, [3), hence

ACosp(i, j, B) = Ae;(a, B) x Aej(, B) + €58  for B = High, Medium, Low. (16)

It is straightforward to estimate this quadratic model using a maximum likelihood method.
As for the event return, the fundamental effect has a positive coefficient, hence o > 0, and
the risk-hedging effect a negative coefficient, thus § < 0. But the left-hand side variable
is now given by the sample cospectrum, which increases the number of observations to all
currency pairs and furthermore allows a separate regression for each spectral band. Under
simultaneous implementation of the arbitrage strategy, the best regression fit is expected for
the highest frequency band. The high-frequency band also aggregates the smallest number
of Fourier coefficients. Only the sine and cosine coefficients of the 15 highest frequencies are
used, which implies a total of 1050 (= 2 x 15 x 35) Fourier coefficients for 35 currencies. The

1050 Fourier coefficients fully characterize the high-frequency behavior of all 35 exchange
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rate return series. Aggregation of these Fourier coefficients into 595 different cospectrum
pairs still implies strictly fewer degrees of freedom for the dependent variable than the raw
data features. In other words, the higher statistical significance obtained for the spectral
band regression is not an artefact of replicating data observations through the formation of
currency pairs. The sample co-spectrum terms are distinct sample observations with respect
to the quadratic model so that standard maximum likelihood inference applies.

Table 5 reports the spectral band regressions for each of the three spectral bands. Panels
A and B use the elasticity specification based on equity market weights, while Panels C and
D proxy the exchange rate elasticity by the FX trading volume. For both specifications,
different samples of exchange rate pairs are used. Panels A and C use the full sample of
all n = 595 currency pairs, while Panels B and D estimate the regression for the n = 231
currency pairs consisting of the 22 most liquid currencies. A qualitatively similar result is
obtained for all four panels. The regression for the high-frequency band in each panel features
statistically highly significant coefficient estimates with the predicted positive coefficient «
for the fundamental effect and negative point estimate 3 for the hedging effect. No significant
relationship is found for the three other spectral bands.

For the high-frequency band the regression fit is very good, and particularly so for the
subset of very liquid currency pairs in Panels B and D. In Panel B, the two independent
variables explain 48 percent of the high-frequency cospectral shift of the 231 currency pairs.
Figure 5 provides a graphical illustration of Panel B, in which the high-frequency cospectrum
shift ACosp(i, j,VH) is plotted against the product Ae; x Ae; of predicted exchange rate
changes. The t-values for the corresponding coefficient estimates o and 8 are 7.02 and
—28.27, respectively. The spectral evidence, with its focus on high-frequency co-movements,
therefore allows us to assert the existence of the fundamental and risk-hedging component
at much higher levels of statistical significance than the conventional evidence in Tables 2
and 3.

It is also instructive to compare the point estimates o and [ as quantitative measures
of the fundamental and the risk-hedging effects, respectively. Arbitrage risk as a regressor
features a 65 times smaller standard deviation compared to the percentage weight change.
However, the point estimate for /3 is (in absolute value) roughly 200 times larger than « in

the high-frequency band. The ratio of point estimates here is surprisingly close to the results
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in Table 3, Panel A, which show 3 to be 170 times larger than « for the same seven-day
data period and the same subsample of highly liquid currencies. But considerably smaller
standard errors on the coefficients in the spectral band regressions allows a quantitative
assessment. The exchange rate effect of hedging demands in the MSCI arbitrage episode are
at least as large (if not larger) than the arbitrage related fundamental adjustment.

Finally, some tentative remarks about the general implications of this MSCI event study
can be made. If speculative FX trading is widespread in the currency market, cross-currency
hedging provides a plausible explanation for the exchange rate discount puzzle. It also
suggest that carry trade strategies might have a considerable exchange rate impact which
is only detectable if the correlation structure of all exchange rates is taken into account.
More evidence on other speculative episodes seems desirable to confirm this conclusion.
The spectral analysis represented here constitutes a very useful statistical tool to identify
the structure and price impact of multi-asset trading strategies and make progress in this

direction.

7 Conclusion

Currency trading strategies typically involve many currencies simultaneously so that a port-
folio approach is the most appropriate analytical framework. In such a multi-currency set-
ting, risk averse currency speculators can generate over- or undershooting across correlated
currencies, thus generating an apparent “disconnect” from the currency fundamentals. In-
tuitively, the optimal risk arbitrage positions depend positively on the expected arbitrage
premium, but negatively on the marginal risk contribution of any arbitrage position to over-
all arbitrage risk. Similarly, the price effect of arbitrage trading can be broken down into a
fundamental component and a risk-hedging component.

A unique natural experiment is used to test the portfolio approach and the role of ar-
bitrage risk hedging for short-run exchange rate movements. The redefinition of the MSCI
global equity index in 2001 and 2002 was an exogenous shock to global equity allocations
and generated predictable exchange rate returns. Two different data sets and statistical
approaches are used to trace the impact of speculative arbitrage.

First, a conventional event study approach is used in which daily returns over different
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event windows are regressed on the fundamental and risk-hedging components. The funda-
mental effect is marginally significant with the predicted positive sign, while the evidence
for the risk-hedging effect is much stronger. The evidence is confirmed for the subsample of
forward rates that feature virtually identical event returns for the most common maturities.
The point estimates indicate an economically significant currency effect for the transitory
hedging demand of a 3.6 percent return difference for a two standard deviation change in
the hedging benefit of a currency. But a clear limitation of the evidence is that the sample
size of only 37 currencies implies large standard errors for the point estimates.

The second part of the paper develops a new approach using high-frequency data com-
bined with spectral analysis to obtain stronger statistical results. The idea is straightforward.
Simultaneous implementation of a multi-currency arbitrage position by a random sequence
of investors implies a distinct shift in the high-frequency cospectrum across currency pairs.
This cospectral shift should be proportional to the product of the predicted exchange rate
changes. The spectral band regressions allow for a much more precise inference since “low-
frequency noise” is filtered. The spectral approach provides very strong statistical evidence
in favor of the model of limited arbitrage. The important role hedging demands play in
the MSCI index event is direct evidence that currency arbitrage capital is limited (and risk-
averse). This finding supports the hypothesis that the empirical failure of uncovered interest
rate parity is also due to insufficient arbitrage capital.

Overall, the multi-currency portfolio approach appears to correctly capture risk arbitrage
behavior in the currency market. Speculators’ risk aversion explains why the risk-hedging
component is a very significant pricing factor over the arbitrage period. On a methodological
level, I highlight that the increasing availability of high-frequency data allows for better sta-
tistical inference about multi-asset arbitrage strategies. The segmentation of the frequency
domain can substitute for cross-sectional sample size and allow for sharper inference, as

exemplified in this paper.
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Table 1: Summary Statistics on Exchange Rate Panel Data

Reported are summary statistics for the dependent and independent variables in Panels A and B, respectively. Panel
data on daily exchange rate returns (n = 37) and forward rate returns for the 1-month forward rate (n = 21) are reported
for the 7-day event window complemented by 2 years of return data from July 1, 1998 to July 1, 2000. The cospectrum
shift is calculated for the 7-day event window relative to a 7-day control window using minute-by-minute return data
from Olsen Associates for n = 35 currencies.

Obs. Mean S.D. Min Max
Panel A: Dependent Variables
Exchange rate returns Aeir 15,096 —0.035 0.584 —11.770 5.993
Forward rate returns Afit 8,477 —0.029 0.612 —5.156 5.137
Cospectrum shift
High-frequency band (x10%)  ACosp(i, j,High) 595 0.865 17.60  —92.80  59.83
Medium-frequency band (x10°)  ACosp(i, j,Medium) 595  —0.457 10.30 —58.18  51.02
Low-frequency band (x10%)  ACosp(i, j,Low) 595 —1.823 8.35 —74.14 2794
Panel B: Independent Variables
Weight change (w"™ — w®); 37 —0.0016 0.0060 —0.0328 0.0107
Elast. 1 x weight change W X (w" —w?); 37 —0.4314 0.3259 —0.9825 0.1086
Elast. 2 x weight change (x10%) W X (w"™ —w°); 37 —0.3028 0.4009 —1.6812 0.0688
Marginal risk contribution [E(w" —w)]; 37 —0.0041 0.0060 —0.0143 0.0010
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Table 2: Panel Regressions for Daily Spot Exchange Rate Returns

The (log) daily spot exchange rate returns Ae;;: (denominated in dollars per local currency and expressed in percentage
points) is regressed on a constant, a time dummy D, marking the event window, the time dummy interacted with the
product of the supply elasticity ¢~ and MSCI weight change (w™ —w®); of all stocks in currency i and the time dummy
interacted with the risk contribution [Z(w™ — w?)]; of a currency to the arbitrage portfolio. Formally,

Aeit =Moo+ A1 X Dy +a x Dy x g H(w" —w®)i 4+ 8 x Dy x [B(w" —w)]i + gy, Elup) = Q.

The time period covers 2 years of daily exchange rate returns in 37 currencies for the period of July 1, 1998 to July 1,
2000 and the additional event window. Reported are results for event windows of 3, 5, and 7 trading days. Panel A
reports results where the currency-specific elasticity ¢; is proxied by the relative market capitalization, i.e. the average
old and new index weights ¢; = %(w" + w?);. Panel B proxies the same regressions where the elasticity is proxied by
the currency specific trading volume according to the BIS 2001 trianual market survey, i.e. ¢; = VolI'*. The constant
coefficient estimate a is not reported. Panel corrected z-values are reported in parenthesis. The adjusted R? states the
explanatory power for the event window period.

Event Window A1 2] e! 2] B8 2] Adj. R?

Panel A: Capitalization-Based Exchange Rate Elasticities (Spot Rates Returns, N=37)

3 Days 0.63 [4.43] 0.57 [3.54] 0.330
3 Days 0.19 [0.12] 024 [1.71] —81.44 [-2.91] 0.545
5 Days 0.44 [3.93] 041 [3.30] 0.206
5 Days 0.05 [0.53] 112 [L12] ~71.85 [-3.32] 0.433
7 Days 0.42  [4.46] 043  [4.04] 0.193
7 Days 0.10 [1.37] 0.20 [2.08] —58.78 [-3.21] 0.354

Panel B: Volume-Based Exchange Rate FElasticities (Spot Rate Returns, N=387)

3 Days 0.49 [3.87] 0.32  [3.20] 0.299
3 Days 0.12  [1.04] 0.13 [1.39] —84.15 [-3.02] 0.539
5 Days 0.33  [3.32] 021 [2.68] 0.181
5 Days 0.00  [0.00] 0.04 [0.55] —73.71  [-3.43] 0.430
7 Days 0.30 [3.64] 021 [3.16] 0.161
7 Days 0.03  [0.42] 0.07 [1.13] —61.63 [—3.38] 0.346
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Table 3: Panel Regressions for Daily Forward Rate Returns

The (log) daily returns of the 1-week forward FX rate Af;; (denominated in dollars per local currency and expressed in
percentage points) is regressed on a constant, a time dummy D; marking the event window, the time dummy interacted
with the MSCI weight change (w™ — w?); of all stocks in currency 4 and the time dummy interacted with the risk
contribution [Z(w"™ — w®)]; of a currency to the arbitrage portfolio. Formally,
Afit = o+ X Dy +ax Dy x g; H(w" —w®)i + 8 X Dy X [S(w" — w”)i + s E(pypz) = Q.

The time period covers 2 years of daily forward rate returns in 22 currencies for the period of July 1, 1998 to July
1, 2000 and the additional event window. We report results for event windows of 3, 5, and 7 trading days. Panel A
reports results where the currency specific elasticity ¢; is proxied by the relative market capitalization, i.e. the average
old and new index weights ¢; = %(w" + w?);. Panel B reports the same regressions where the elasticity is proxied by
the currency-‘specific trading volume according to the BIS 2001 trianual market survey, i.e. ¢ = VolfX. The constant
coefficient estimate a is not reported. Panel corrected z-values are reported in parentheses. The adjusted R? states the
explanatory power for the event window period.

Event Window A1 2] e! 2] B8 2] Adj. R?

Panel A: Capitalization Based Exchange Rate Elasticities (Forward Rates, N=22)

3 Days 0.82 [4.63] 0.65 [3.03] 0.452
3 Days 0.36  [2.26] 0.46 [2.25] —73.10 [—2.42] 0.592
5 Days 0.60 [4.34] 0.51 [3.07] 0.325
5 Days 0.16 [1.32] 0.33 [2.10] —68.57 [—2.93] 0.500
7 Days 0.54 [4.49] 0.46  [3.29] 0.292
7 Days 0.20 [1.89] 0.32 [2.42] —54.21 [-2.74] 0.414
Panel B: Volume Based Ezxchange Rate Elasticities (Forward Rates, N=22)

3 Days 0.68 [4.29] 0.42 [3.43] 0.429
3 Days 0.24 [1.54] 0.26 [2.18] —75.27 [-2.47] 0.578
5 Days 0.50  [4.05] 0.39  [3.96] 0.312
5 Days 0.09 [0.75] 0.23 [2.46] —69.58 [—2.95] 0.493
7 Days 0.45 [4.32] 0.34 [4.38] 0.282
7 Days 0.13  [1.27] 0.23 [3.01] —55.17  [-2.76] 0.408
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Table 4: Cospectrum Within and Across Currency Groups

The mean and standard deviation of the (scaled) cospectrum between currency returns is reported for four different
spectral frequency bands B. In Panel A, currency pairs are drawn within groups W + H+ or W — H—, for which
arbitrageurs are expected to trade in the same direction for both currencies. In Panel B, currency pairs are combined
across groups where one currency is drawn from group W + H+ and the other from group W — H — . For the latter
currency pairs arbitrage positions in opposite directions are expected, namely long and short positions, respectively. In
Panel C, the sign of the cospectrum difference ACosp(i, j, B) is reported for the 68 within-group currency pairs and the
72 cross-group currency pairs. The Fisher test reports the p-values for the null hypothesis that there is no association
between the sign of the cospectrum change and the type of currency pair, namely within or across groups. The event
period covers the 7 trading days from November 24 to December 4, 2000 and the control period the 7 trading days from
September 8 to September 18. The Wilcoxon signed-rank test tests the null hypothesis that currency pairs have the
same cospectrum during the event and control period. The high-frequency band aggregates currency comovements that
occur within 15-minute intervals, the medium frequency band corresponds to co-movements from 15 minutes to 4 hours,
and the low-frequency band sums up the remaining low frequencies.

Panel A: Cospectrum for Currency Pairs within Groups W + H+ and W — H—, N=68

Event Period Control Period Difference Signed-Rank Test
Frequency Band B Mean  S.D. Mean S.D. Mean S.D. Z-Value P-Value
High 17.36 18.71 897 1347 8.39 9.35 5.116 0.0000
Medium 13.97 15.31 14.13  20.66 —0.16 8.61 —0.007 0.9947
Low 529  8.29 8.29  15.27 —-3.00 7.67 —1.358 0.1746

Panel B: Cospectrum for Currency Pairs across Groups W + H+ and W — H—, N=72

Event Period Control Period Difference Signed-Rank Test
Frequency Band B Mean  S.D. Mean S.D. Mean S.D. Z-Value P-Value
High —-0.75  2.01 1.16 3.12 —191 3.56 —3.642 0.0003
Medium 0.05 1.39 —0.12 0.84 0.17 1.36 2.413 0.0158
Low 0.18  0.70 0.00 0.93 0.18 1.20 0.713 0.4760

Panel C: Sign of Cospectrum Difference ACosp(i,j, B) for Within and Cross Group Currency Pairs

Within Group Pairs Cross Group Pairs Fisher Test
Frequency Band B >0 <0 Al >0 <0 All 1-Sided  2-Sided
High 45 19 68 27 45 72 0.000 0.000
Medium 34 30 68 50 22 72 0.038 0.055
Low 33 31 68 39 33 72 0.448 0.864
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Table 5: Spectral Band Regressions

The change in the cospectrum ACosp(i, j, B) between the event period and the control period is calculated for different
currency pairs (i, ) and three different spectral bands B = High, Medium, Low. The frequency bands aggregate changes
in currency return co-movements for periods of less than 15 minutes (High), from 15 minutes to 4 hours (Medium), and
the remaining low frequencies (Low). The change in the cospectrum ACosp(i, j, B) is explained by the quadratic form
Ae;(a, B) x A€j(a, B) in two parameters (o, 8). Formally, we have a non-linear regression

ACosp(i, j, B) = Aei(a, B) x A€j(a, B) + €i;8  for B = High, Medium, Low,

where we define return functions in currencies ¢ and j as

Agi(a,f) = axg (W' —w’)i+ B x [Ew" —w)];
A€i(a,8) = ax qj_l(w" —w’); + B x [Z(w" —w’)];.

Panels A and B use as elasticity parameter the average MSCI stock market capitalization, ¢; = %(w{‘ + wy), and panels
C and D the daily currency trading volume ¢; = Vol/™ according to the BIS 2001 trianual market survey. Panels A and
C report the results for all currency pairs (N = 595), and Panels B and D only for the most liquid currency pairs that
have liquid forward markets (N = 231).

Frequency Band (B) el [t] Jé] [t] F-Test Adj. R?

Panel A: Capitalization Based Exchange Rate Elasticities, All Currency Pairs, N=595

High 172 [5.58] —523.00 [—24.61] 76.16 0.203
Medium 0.48  [0.25] ~10.44 [0.04] 0.01 0.003
Low 0.00  [0.00] 0.00 [0.00] 0.00 0.000

Panel B: Capitalization Based Fxchange Rate Elasticities, Currency Pairs with Forward Rates, N=231

High 2.94 [7.02] —627.03 [—28.27] 108.42 0.482
Medium 0.00  [0.00] 0.00 [0.00] 0.00 0.000
Low 0.84 [0.29] —27.72  [-0.11] 0.01 0.000

Panel C: Volume Based Exchange Rate Elasticities, All Currency Pairs, N=595

High 144 [4.41] —491.79  [—23.46] 91.50 0.188
Medium 0.97 [0.93] —21.60  [~0.19] 0.11 0.003
Low 0.35 [0.16] ~7.78  [~0.03] 0.00 0.000

Panel D: Volume Based Exchange Rate FElasticities, Currency Pairs with Forward Rates, N=231

High 1.60  [3.43] —555.05 [—24.22] 78.02 0.400
Medium 2.42  [1.95] ~79.44  [—0.84] 0.53 0.000
Low 133 [0.72] —29.18  [—0.20] 0.07 0.000
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Figure 1: Plotted are the exchange rate dynamics under speculative arbitrage net of the fundamental process
®;; and the effect of the interest differential rt. The fundamental effect at time ¢t = s is given by q~!(w™ — w°)
and the risk hedging effect by —p(T" — s)X(w™ — w?®). Either over- or undershooting can be obtained depending

on the sign of [X(w" —w?)]; .
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Figure 2: The percentage weight change 2(w™ — w°)/(w™ + w®) of each country in the MSCI global index is
plotted against the log level of the old weight.
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Figure 3: Currencies are sorted into those with above/below the median percentage weight change (W 4 /W —)
and, in a second sort, into those with above/below median hedge value (H + /H—). All currencies in the sorted

portfolio are equally weighted and their performance is plotted relative to an equally weighted currency portfolio
composed of all 37 currencies.
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Figure 4: An average cospectrum is plotted for four different frequency bands B where the currency pairs are
drawn (i) within the two groups W + H+ and W — H— representing the most desirable and least desirable
currencies and (ii) across groups where one currency is drawn from group W+ H+ and the other from group W —
H—. Column (1) graphs the average cospectrum Cosp(B)¥v¢" over all pair permutations for the event period,
column (2) the corresponding cospectrum Cosp(B)“°™°! for the control period, and column (3) documents
the change ACosp(B) in the cospectrum. The high-frequency band aggregates currency co-movements that
occur within 15-minute intervals, the medium-frequency band corresponds to co-movements from 15 minutes to
4 hours, and the low-frequency band sums up the remaining low frequencies.
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Proposition 1
Let e; denote a vector of currencies i = 1,2,3,...,n. The time interval [0, 7] is partitioned into
N equal intervals At = T'/N and trading occurs at times ¢t = 0, At, 2At, 3At, ..., T. Speculators learn

about the supply shock v = w™ — w? at time ¢t = s < T. The market clearing condition requires

qles — O —rt) = 0 for t<s
qle; — @ —rt) = (pZAt) & (errns — e —rAt) for s<t<T (1)
q(es — P —rt = u for t=T,

where q represents the diagonal matrix (n x n) with the currency-specific supply elasticities as ele-
ments. Taking differences between the equilibrium conditions for ¢ =T and t = T — At and applying

expectation operator Er_a; on both sides gives
alr_niler —er_as — rAL) = u — (pXA) 1Er_asler — ep_ar — TAL) (2)
and solving for the expected exchange rate return yields
Er—ntler —er—ar —rAt) = [T+ (quAt)*l] ! q lu. (3)
Substitution of (3) into the market clearing condition (1) at time ¢t = 7" — At implies

er—at = Pr_nr +7(T — At) + (quAt)_l Er_atler —er_ay — rAt)
= ®p a4+ (T — At) 4 [T+ qpEAt] g Lu. (4)

For a small At we can use the linear approximation [I — qpXAt] ~ [I 4 qpXAt] 'and simplify
er_ar & Pr_ar + (T — At) + q Lu — pAt(Su). (5)

The equilibrium condition for the periods ¢t with s < t < T — At follows by repeated substitution.
Starting with the market clearing condition (1) for ¢t = 17" — 2At,

d(er—2ar — @r_oar — (T — 2At)) = (pEA) " Er_snr(er—ar — er—aar — 7AY), (6)
substitution for ep_a; yields

er_ant — Pp_ons — (T — 2At) = [T+ qpXAt] ™! (@ Lu — pAt(Su). (7)

Using the approximation [I + qpXAt#] ™! ~ [I — qpXAt] again and ignoring terms of order (At)? implies

er_ont = Or_onr + 7(T — 2At) + q 1u — p2At(Zu). (8)



Repeated backward substitution for all £ up to t = s yields
es ~ Oy +rs+q tu—p(T —5)(Su). 9)
The exchange rate change at time ¢t = s follows as
Aes =€, —esny =~ q tu—p(T — s)(Xu). (10)

An exact solution can be determined in the limit case with At — 0. This amounts to solving the

system of first-order stochastic differential equations characterized by
der = rdt + pqX(er — Oy — rt)dt + dey, (11)

with &; = fst:O det. Instead of a term p(Xu)(T — t) linear in ¢, the dynamic adjustment toward 7" is
governed by a linear combination Y , A;eMit where the coefficients ); denote the eigenvalues of the

matrix pq. The two boundary conditions

er =®r +rT+q u (12)
det

& ¥ . =7+ p(Xu) (13)

hold. The solution in equation (9) represents a linear approximation to the exact limit case with
At — 0. At t = T the two solutions coincide in levels and in the first time derivative. This means that
the linear approximation is good as long as the risk arbitrage period T — s is short and the eigenvalues

A; are small. The eigenvalues are small if the risk aversion p is small.

Proposition 2:

So far it has been assumed that all arbitrageurs learn about the supply shock w simultaneously
and acquire an arbitrage position instantaneously at time ¢ = s. Consider now the case in which
arbitrageurs built their arbitrage positions sequentially over trading rounds s = 1,2,...5 in the event
window. Assume 7 = 0 for the sake of simplicity. Let Aef"™ denote the exchange rate return process
over the event period of S intervals and Ae$“™° the exchange rate return process for an equally
long control period. In accordance with the model it is assumed that the exchange rate effect of a
persistent speculative demand shock is linear in size and also persistent. In the absence of arbitrage
trading, the n currency prices (in logs) follow a random walk Aes = e5 — es_1 = 5 with E(e5) = 0
and &_1(e5¢)) = X. The return covariance between a currency pair (4, ) is denoted by ¥;;. Under
the null hypothesis of no speculative activity in the event period, the covariance change between the
event and the control period is zero. Formally,

COU(AeEvent, AejEsvent) _ COU(Aegontrol’ Aejcsontrol) _ Eij _ Eij —0. (14)
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Similarly, if the stochastic process Aeg is the same over the event and control period, then the difference
of the respective cospectra ACosp(i, j, f) should be zero for any currency pair and all frequencies f,
ie.

ACosp(i, j, f) = Cosp(i, j, f)Ev™ — Cosp(i, 5, £) ol = 0. (15)

Consider next the case of speculative activity in the event period. A sequence k = 1,2,.., K < S of
arbitrageurs trade (each once) sequentially in trading rounds s(1), s(2), ..., s(K) < S. Each arbitrageur

has a relative size 0 so that his price impact is given by

~ 1
ekAes(k) =0 {Oz X a(wn —w?); + [ x [E(w" — wo)]i} . (16)
K3
K
The combined size of all traders is scaled to 1, hence ) 6, = 1. The covariance for the event period
k=1

under speculative activity follows as

K
ven ven 1 ol —
cov(Ael t,AejES =%+ 5 g 07 (A€ k) X ACjs(y] - (17)
k=1

The covariance change between the event and control period therefore follows as

Y0)=5 \ ~ ~
cov(Aelvent, Aefs”e”t) — cov(Ae§emtrol, Aejcs‘mtml) = —ES’ )92 [Ag; x Aej] = 7,;(0), (18)
where an expected impact parameter is defined as 0?2 = % 5:1 9% and the number of arbitrage

trading events as 9(0) = K. Let ~;;(h) denote the covariance shift corresponding to a lag of h trading

rounds. The change in the cospectrum at a particular frequency f follows as

S—1
ACosp(i,j, f) = % Z 7,5 (h) cos(hwy). (19)
h=—5+1

Assume that each arbitrageur k trades only once and his trading period s(k) represents an independent
drawn from a uniform distribution over all S trading opportunities. The likelihood of two arbitrageurs
trading at an interval of h periods (0 < |h| < S—1) is given by %(S —h). Moreover, for K arbitrageurs
there are K (K — 1)/2 pairs of arbitrageurs who could trade at interval h. The expected number of

trading events for the two series Ae;s and Aejs at lag h # 0 among K arbitrageurs follows as

K(K —1)(S —[h])

9(h) = >

. (20)



A parameter defined as

0% = 1 Sy 0,0
v_— m Z Z kYL, (21)
k=11=1,l#k

characterizes the joint expected covariance impact of two different arbitrageurs (I # k). The event

period covariance between Ae;s and Ae;s_p lagged by h # 0 trading rounds follows as

7;;(h) = cov(Aefs™, AeJEs”_e};Lt) = %9_2 [Ae; x Agj] (22)
The cospectrum (for ws = 27 f/S) is characterized as
9 S—1
ACosp(inj, f) =5 D i(h) cos(hws) = S%J Z 735 (h) cos(hwy)
h=—5+1

S—1 9
2K— 43~ 0K(K-1)(S—h) s
= {§§9 +5 D, = cos(hwy) ¢ [Ae; x Agj]
2
S

cos(hwy) = [(1 — ) cos(2m fx)dx = 0. (24)

O—

The cospectrum change ACosp(i, j, f) is constant in f and proportional to Ae; x Ae; for every fre-
quency f. This implies that the high-frequency cospectrum shift ACosp(i, j,High) is also proportional
to Ae; x Aej. The result is obtained under the assumption that speculative demand shocks generate
a linear exchange rate effect without serial return correlation. Empirically, however, currency trading
generates a negative serial correlation for currency returns. The midprice between the best ask and
bid quotes tends to overshoot briefly. Under negative serial correlation, high-frequency components of
the cospectrum capture a relatively larger proportion of the overall covariance in any currency pair.

Hence, the speculative trading pattern is most pronounced in the highest spectral band.



Table A1l: Summary Statistics on Countries and Currencies

Reported are summary statistics by country on (1) the old weight of a country in the MSCI world index, (2)
the new weight after the index revision, (3) the weight change, (4) the weight change expressed in percentages
and (5) the average daily trading volume in a currency (in millions of U.S. dollars) according to the BIS survey
of 2001. Column (6) reports the double sort first on percentage weight change above (W+) or below (W—) the

median and hedging benefits above (H+) or below (H—) the median. The Euro area provides the aggregate
weights and weight changes of all the Euro currency members.

(1) (2 _ 3) _ (4) () (6)
Country Old Weight New Weight Weight Change % Weight Change Volume Group
100 x w® 100 x w™ 100 x (w"—w®) 100X T—— Volfx
5(w" +w°)
Argentina 0.0766 0.0320 —0.0445 —82.1
Australia 1.3155 1.3293 0.0138 1.0 49,653 W + H—
Austria 0.0873 0.0444 —0.0429 —65.1
Belgium 0.3891 0.2823 —0.1068 —31.8
Brazil 0.4922 0.3022 —0.1899 —47.8 5,239 W — H+
Canada 2.0327 2.0154 —0.0173 —0.9 52,274 W+ H—
Chile 0.1781 0.0668 —0.1113 -90.9 1,549 W — H-—
China 0.3456 0.2632 —0.0825 —27.1 6,920 W+ H-
Colombia 0.0141 0.0048 —0.0093 —98.4 221 W -—H-—
Czech Republic 0.0318 0.0111 —0.0207 -96.5 2,234 W — H+
Denmark 0.3958 0.2780 —0.1178 —35.0 14,589 W + H+
Egypt 0.0142 0.0147 0.0005 3.5 333 W+ H-
Euro Area 16.6738 13.3928 —3.2810 —21.8 441,545 W + H+
Finland 0.9828 1.0016 0.0188 1.9
France 4.9339 3.7717 —1.1623 —26.7
Germany 3.7091 2.7584 —0.9507 —29.4
Greece 0.1588 0.1640 0.0053 3.2
Hong Kong 0.9334 0.6592 —0.2742 —34.4 27,381 W+ H—-
Hungary 0.0442 0.0268 —0.0174 —49.0 197 W —-H+
India 0.3482 0.1207 —0.2275 —-97.0 2,840 W — H-
Indonesia 0.0340 0.0181 —0.0160 —61.0 552 W — H+
ITreland 0.3035 0.3401 0.0366 11.4
Israel 0.2383 0.1645 —0.0738 —36.6 439 W+ H-
Ttaly 2.0196 1.4731 —0.5465 —-31.3
Japan 10.7080 9.3808 —1.3272 —13.2 266,050 W + H+
Jordan 0.0066 0.0038 —0.0028 —53.8 120 W —-H-
Korea 0.5825 0.4587 —0.1238 —23.8 9,757 W+ H-
Luxembourg 0.0505 0.0085 —0.0421 —142.4
Malaysia 0.2916 0.1235 —0.1680 —81.0
Mexico 0.5886 0.2995 —0.2891 —65.1 10,086 W — H-—
Morocco 0.0111 0.0115 0.0004 3.5 260 W+ H+
Netherlands 2.4224 2.1718 —0.2506 —10.9
New Zealand 0.0505 0.0442 —0.0063 —13.3 6,725 W+ H+
Norway 0.2035 0.1612 —0.0423 —23.2 17,701 W+ H+
Pakistan 0.0138 0.0049 —0.0088 —95.2 216 W —H+
Peru 0.0176 0.0111 —0.0065 —45.3 129 W - H-
Philippines 0.0469 0.0231 —0.0238 —68.0 502 W — H+
Poland 0.0648 0.0434 —0.0214 —39.6 6,326 W — H+
Portugal 0.2279 0.1499 —0.0780 —41.3
Russia 0.1376 0.0768 —0.0608 —56.7 4,282 W — H-—
Singapore 0.3784 0.2638 —0.1146 -35.7 12,886 W + H—
South Africa 0.5548 0.4746 —0.0802 —15.6 11,327 W+ H+
Spain 1.3889 1.2270 —0.1619 —124 — -
Sri Lanka 0.0012 0.0007 —0.0005 —52.6 23 W —-H-
Sweden 0.9960 0.8392 —0.1569 —17.1 30,146 W + H+
Switzerland 2.9255 2.8725 —0.0530 —1.8 71,063 W4+ H+
Taiwan 0.6856 0.4434 —0.2422 —42.9 3,167 W — H+
Thailand 0.0827 0.0358 —0.0469 —79.2 1,859 W - H+
Turkey 0.1160 0.0509 —0.0651 —78.0 433 W — H+
United Kingdom 9.3092 10.3780 1.0688 10.9 155,309 W+ H-—
United States 49.0347 55.2902 6.2555 12.0 1,060,441
Venezuela 0.0242 0.0088 —0.0154 —-93.3 379 W -H-






