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ABSTRACT
ESSAYS IN MARKET EFFICIENCY
by

JUAN F. CABRERA

Advisor: Professor Tao Wang

This dissertation investigates the market inefficienciesboth foreign
exchange and equity markets. On the one hand, the efficiency ofnfaeapange
markets is explored through the measurement of the contributioicéodiscovery of
the spot and futures market, and the its effect on intermarketiemgprOn the other
hand, the efficiency of equity markets is tested by examimeagrtartingale behavior
of recently popular international stock index ETFs

The first chapter provides a comprehensive analysis of the dymatmaiday
price discovery process of the Euro and Japanese Yen exchange tiates foreign
exchange markets based on electronic trading systems: the Chvtagantile
Exchange (CME) GLOBEX regular futures, E-mini futures, andBB& interdealer
spot market. Contrary to evidence in equity markets and more recel@nce in
foreign exchange markets, the spot market is found to consisteatlythe price
discovery process for both currencies during the sample period. FuotiegrE-mini
futures do not contribute more to the price discovery than the electitgriiaded
regular futures.

In the second chapter, we examine the daily return predictafoititgighteen
international stock index ETFs. Out-of-sample tests are conductedl badeear
and various popular nonlinear models and both statistical and econorara dior

model comparison. The main results show evidence of predictabilitysifoiof
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eighteen ETFs. A simple linear autoregression model, and a nonimearance
GARCH model, but not several popular nonlinear-in-mean models help outperfor
the martingale model. The allowance of data-snooping bias also sublstavemens
otherwise apparently strong predictability.

The final chapter investigates the relationship between the dagadf prices
from their no-arbitrage value and the differences in informatieffadiency across
foreign exchange markets trading the same underlying aBsist.relationship is
examined by jointly modeling the dynamics of the futures-casts laad information
share differential across futures and cash markets. Evidentgoekay Granger
causality between the no-arbitrage futures-cash basis and thiveredpeed of
adjustment measure is found. Shocks to the no-arbitrage basis prediet fut
differences in the speed of adjustment, and vice versa. Thenegidg robust to

different currency markets and different degrees of liquidity.
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CHAPTER 1

| ntroduction

Traditional asset pricing theory assumes that marketgiatienless and that
asset prices should follow a martingale process over short-run horinoogher
words, in an efficient market with unpredictable information arriadort-run
deviations of asset prices from their fundamental values should ghgilble and
unpredictable. However, ample empirical evidence demonstratesxigtenee of
sizable frictions and predictable returns in financial marketfioWwing this line of
research, the goal of this study is twofold. First, we testhbery of instantaneous
information diffusion in the presence of frictionless efficientkets. In order to test
this hypothesis, we study the contribution to price discovery of twoave markets
trading the same underlying asset. Furthermore, we analyzentdmeelationship
between the price discovery contribution differentials and intdbamnispricing.
This hypothesis is tested within foreign exchange markets. Secandesw the
efficiency of equity markets by examining the daily returndmtability of
international stock index exchange-traded funds.

The existence of imperfectly integrated markets or fragrtientan the
trading structure of financial markets has emerged as a motigatsource for
research in financial economics. In chapters two and threexpleit this market
imperfection to determine whether some markets have a more donofamt the
price discovery process — the process of impounding information into prices —, and the

implications this may have on the mispricing of fundamentallyedlassets. A single



security trading in multiple markets is expected to reaclklamtical equilibrium price
in all markets assuming a frictionless environment. Information-gatheosts and
nonzero skewness in the information distribution among market participganse
securities to trade at prices away from equilibrium in arkats simultaneously.
Although, it has been shown that technological advances and market adigarcaa
reduce the level of fragmentation in financial markets (Garl&adsilber 1979),
differences in markets structures and security designs pravesnplete integration
of the markets. More specifically, every market has rulesreékplicit or implicit
that govern the trading mechanism, and these different rules ireslidtrepancies in
the formation and evolution of different market prices for the same security.
Chapter 2 provides a comprehensive analysis of the dynamicdsmevery
process in the foreign exchange markets with a focus on compghangle of the
spot markets versus derivative markets. Unlike previous researcteigrf exchange
markets, this chapter includes the spot market as a competinggtsadicture. This
study of price discovery is based on the existence of cointegratingmelatnong FX
products or markets. Three approaches are used to examine théisoiaery roles
of these markets thoroughly: (1) Information shares, (2) Gonzaog@ér common
factor weights, and (3) Error-correction coefficients. All éhepproaches assume that
an underlying security trading in multiple markets has a commaiticitnefficient
price. An appealing characteristic of a common efficierdepis that it supports the
economic intuition that, subject to transaction costs, the securaigsd in different
markets are linked by arbitrage or short-term equilibrium considerations.
Contrary to evidence in equity markets (Cétual. 1999; Hasbrouck 2003;
Kurov & Lasser 2004) the FX markets do not allocate the informati@oumding

dominance in derivative instruments. Instead, our data shows that thésggh
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exchange markets lead the price discovery process. We find ¢hdarréutures, E-
Mini futures, and spot prices are a cointegrated system with @anenon long-run
stochastic trend. However, prices in the three markets do not regporfdrination
simultaneously. While spot prices lead the other two markets ipribe discovery
process, the regular futures and E-Mini futures markets contriquedle less weight
to the long-run common stochastic trend.

Chapter 3 examines the short-run predictability of equity retusirsy daily
observations on eighteen international stock index ETFs. Surprisinglie many
issues such as diversification potentials and herding behaviors offisehBve been
examined (Pennathwat al. 2002; Gleasoret al. 2004), the important issue of their
short-horizon predictability has not yet been investigated. Motivate@dent work
using nonlinear models (Hong & Lee 2003), we test the martingaleibelwd asset
prices. We implement the model selection approach rather thanateetraditional
hypothesis testing approach since our approach is not affectedndmel
misspecification issues. The efficiency of equity marketdhés ttested directly by
evaluating the out-of sample forecasting performance of several populasmodel

Having previously found evidence of the informational efficiency ofspet
market relative to the foreign exchange futures marketshapter 4 we turn our
attention to the dynamics of intermarket mispricing. More ifipatly, we explore the
relationship between relative informational inefficiencies acnosskets and the
deviations of asset prices from their no-arbitrage values. Infmmbased models
demonstrate that new information gets impounded into prices as tafesating by

informed traders. If informed traders are more likely to chawse particular market

! We extend the literature by applying a number ofilimear models that allow for both potential
nonlinearity-in-mean and nonlinearity-in-variance
3



to reveal their private information, prices on this market teneédd prices on other
markets. If the leading market incorporates information fingt,siower adjustment of
prices to information in the lagging market implies the exigtesfcan intermarket
information diffusion channel (Kumar & Seppi 1994). In an attempt to eagsp in

the literature, this chapter explores empirically the relatipn®etween arbitrage
trading and the degree of relative informational efficiency ofniongl markets. More
specifically, it argues that the behavior of arbitrageurs, meddwy the dynamics of
the futures-cash basis, is related to the differences in theatatvhich markets

incorporate common information into prices.



CHAPTER 2
Do Futures Lead Price Discovery in Electronic

Foreign Exchange Markets?

2.1 Introduction

Price discovery is the process through which closely relatattats attempt
to reach the equilibrium price. While price discovery may be coreidéo be
immediate in frictionless Walrasian models of trading behavibichv typically
assume perfect competition and free entry, such assumption is déamidm
realistic in the market microstructure literature. In féichas been one of the most
critical questions in market microstructure to investigate howepriare actually
determined inside the “black box” of a security market and theepsoby which
prices come to impound new information. In particular, the roles of spbfudures
(and other derivative financial instruments) in the price disgoyepcess have
received much attention.

In the currency market, the size of the currency futurasket is relatively
small compared with the over-the-counter spot market. Accordinget@@07 BIS
Triennial survey, average daily volume in exchange-traded curpocycts totaled
72 billion compared with 2,319 billion in over-the-counter products. Thus, XIn F
however, the futures market is much smaller than the spot mariketinlikely that a
significant share of price determination occurs there.” (Lyons, 2001)

Recent evidence, however, suggests that the currency futures magkéet m

play a big role in price discovery compared with the spot markébhgUsterdealer
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direct spot transactions market data from the Reuters De)id@r1 system and the
futures data from the regular floors trading on the CME for timeath in 1996,
Rosenberg and Traub (2007) found the currency futures market camfawgation
shares averaging between 80 and 90 percent based on the methodolodyaudkas
(1995) and Gonzalo and Granger (1995). The currencies they examingdeare
Deutsche Mark, the British Pound, the Japanese Yen and the Swis$ Prartbe
other hand, Tse, Xiang, and Fung (2006), using both the GLOBEX electodic
floor-trading futures data at the CME, and the CMC foreign exgdhaetail-trading
data for three month in 2004, reported that the GLOBEX electronic supravide
the most price discovery in the Euro, and the on-line retail-tradpa market
provides the most price discovery in the Japanese Yen. Therefor@sthes from
Tse, Xiang, and Fung (2006) confirm that of Rosenberg and Traub (200é) cage
of the Euro but not for the Yen. This unsettled issue is particulapprtant, given
the recent dramatic changes in the structure of the foreign exchange reaketale
(Rime 2003).

This chapter provides a comprehensive analysis of the dynamic price
discovery process in the electronic foreign exchange marketa/docurrency pairs,
the Euro/$ and the Yen/$. We differ from the existing literatar¢he following
aspects. Firstly, different from previous studies, this study temterdealer spot
market data from the electronic brokering services (EBS) #pni to July of 2005.
In the spot market, most of the foreign exchange trading is conteehtia the
interdealer market. This EBS dataset has several important ageanSpecifically,

the EBS dataset consists of transactable quotes, as opposed witmamsees from

2 In the revised version of the paper, RosenbergTaadb (2007) augmented their results using the
spot market quotes from Bloomberg over a three-mamriod in 2006. They found that the spot
market dominated price discovery.
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Reuters D2000-1 system used in previous studies (e.g., Evans, 2002; Rpsenber
Traub, 2007). Furthermore, EBS has become the major trading platfothreforo
most traded currency pairs, the Yen and the Euro, making the reaslid on this
dataset a true representation of the behavior of global interdeedggn exchange
markets® If the comparison between spot and futures needs to be made, traBS
should provide the best representation for the spot market with regdrel Euro and
the Yen.
Secondly, this chapter examines the price discovery role ofaiextraded
foreign exchange spot and futures markets. The allowance foorihi@uading effect
of electronic trading is important as electronic trading hasrheca major factor in
affecting the relative rate of price discovery across differeatkets. There is
substantial empirical evidence showing that the use of electh@dmng platforms
facilitate price discovery more efficiently than floor tragliin equity markets (e.g.
Hasbrouck, 2003; Kurov and Lasser, 2004). Recently, Ates and Wang (2006) and Tse,
Xiang, and Fung (2006) have demonstrated the informational dominance of the
electronically traded regular futures markets over the floatettaregular futures.
Nevertheless, no study has compared electronically traded faepange spot and
futures markets, with the noticeable exception of Tse, Xiang, and Fung (2006).
Finally, this is the first attempt to investigate the role of E-mini fstumeorice
discovery for the Euro/$ and the Yen/$. The CME introduced E-mini BudoYen
futures in October 1999. The evidence of the dominant role of E-mini futupege
discovery has been recorded from equity markets (Hasbrouck, 2003; Kurov and

Lasser, 2004; Ates and Wang, 2005). However, to the best of our knowledge,mo othe

3 Currently, two electronic brokering systems areduglobally for interdealer spot trading, one atér
by EBS and the other offered by Reuters Dealingd3@uro/$ and yen/$ are traded primarily on EBS
while sterling/$ is traded mainly on Reuters (sédmlidud, Chernenko, Howorka, Krishnasami-Lyer,
Liu, & Wright, 2004).
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study has explored the price discovery role of E-mini futures ongforexchange
markets.

The rest of the chapter is organized as follows: Section 2.2npsetbe data.
Section 2.3 describes the estimation procedure and presents the. rAsbitief

summary concludes the chapter in Section 2.4.

2.2 Data Description

The dataset consists of intraday tick-by-tick observationsr (tatnverted to 5-
second intervals in the analysis) covering a four-month period fronh #pr 2005
until July 29th, 2003. Prices are log-transformed and multiplied by a constant

number (p’ =log(p,)*10Q 00C). Data were obtained for three major financial

instruments (regular futures, E-mini futures and the interdsaletr market) in two
currency markets (Euro/$ and yen/$). Both E-mini futures and thensmdet are
electronically traded while regular futures have both floor mgdand electronic
trading at the same time from 7:20 a.m. to 2:00 p.m., but only electradiag in

other times. In this study, however, only data from electronic trading aré used.

2.2.1 Futures Market Data
The regular and E-mini futures data are the time and salefiaaia the

Chicago Mercantile Exchange (CME). These futures are the antigely traded FX

* Not all trading days within the four-month sampleriod have been used in this study. Several days
have been excluded from the estimation due to #ek lof trading activity in all markets
simultaneously. July 4th and July 11th through Jlith have been excluded since not all markets are
open to trade on these days, and the economettimitpies rely on having a sufficient number of
observations for all instruments for all days.
® The regular floor trading data during the sampégiqel were also obtained. However, the floor
trading is very infrequent compared with electromading (see Table 2.1), thus the floor tradingada
are not used in the analysis, even though the sisaly restricted to the period of the floor tragin
hours.
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futures in the CME. Table 2.1 provides the summary statistics for the futuresatentr
used in this chapter. Specifically, for the regular futuresraots, they are not only
traded at the CME Globex electronic market but also are trsideeby side with the
floor trading using the open outcry system during the regular hoGME E-mini
Japanese Yen futures and E-mini Euro futures began trading in 1988iwy on
CME Globex. E-mini futures contracts are sized at one-halh@fregular futures
contracts to make E-mini trading affordable to traders with small macgouats.

While CME offers a forum for trading the Yen and the Euro ifrKsfutures
markets on both its Globex electronic trading platform as vgetirathe trading floor,
the trading hours differ across these two trading venues (see Z:aplerhis study
will only include intraday data for the period of the day whemullkets are open
(7:20 am to 2:00 pm). These daily samples will make it possildedtyze the price
dynamics during information-intensive periods, as the data wil(alsleast partially)
capture any information generated in the floor trading during this period.

For the futures contracts, the nearby contract is the most amiivieact.
Therefore, only the last three full months of the life of ngadmntracts are used, and
they are rolled over to the next nearby contract the last ddheahonth prior to the
expiration month. Hence, the sample period for the regular futoesacts is
constructed using transaction prices from two months (April ang) Mathe June
2005 contract and two months (June and July) of the September 2005 contract.

The futures volume statistics in Table 2.1 show that the magidrely traded
is the Euro/US$ regular futures contract. On the other hand, the YeriZuSini
futures contract is far less traded than any of the otheumstits. Day trading on
Globex seems to be the most active of all. Night and overnigtiinty accounts for

roughly 25% of the daily volume in all markets. Furthermore, ftoading accounts
9



for a very small percentage of the total daily volume in theswative markets. The
information clearly suggests the attractiveness of the satapéewhich covers day

trading in the electronic markets (GLOBEX).

2.2.2 ot Market Data

The spot foreign exchange market is much less centrahaedthe FX futures
markets. This market is best described as a decentralizedplevdigialer market.
There is no physical location or exchange where dealers meetraithers, nor there
is a screen that consolidates all executable quotes in the mark@s way, the spot
FX market is very different from most futures markets. Doneihdby interbank
trading, spot currency transactions occur in the over-the-counter) (@aets. Cash
currency trading takes place in a number of interconnected mauetshe other
hand, private vendors offer electronic trading platforms and marketadailable for
a fee. These retail markets are very accessible to sraddirs; however, these retail
markets are different from the inter-dealer market whergeléraders account for
most of the daily trading volumes in the currency markets. The ntumarket
participants are banks, commercial companies, central banks, investragrganies,
and retail FX brokers. There are 3 main features that distmgyost FX markets
from other markets: a very high trading volume, interdealer tgagocounts for most
of the volume, and transparency is low.

The spot market data for this study were collected from one divihéeading
electronic brokers of interdealer spot foreign exchange marB&, RAlthough retail
electronic trading in the FX spot markets has been exploding, mts¢ dfading is
concentrated in the interbank market. Currently, two electronic bnakeyistems are

used globally for interbank spot trading, one offered by ElectrBnoker System
10



(EBS) and one offered by Reuters (Dealing 3000). The Euro/US$ antdS® are

traded primarily on EBS. Therefore, our data were collected ftloen leading

electronic brokering system in the Euro/US$ and Yen/US$ interbainkets, which

comprises most global transactions in these two FX marké&tss data provider
offers a screen-based anonymous dealing service, operatingy dylabal trading
hours, which supports trading in all major currencies. Each day 2,008st@adenore

than 700 floors globally use this trading platform to trade an avesA@§eSD145

billion a day in spot foreign exchange transactions. The datanebtéor the spot
rates are the bid/ask midpoint. As mentioned in the introduction,BBehas become
the major trading platform for the two most traded currencysptie Yen and the
Euro.

Table 2.2 reports the summary statistics of all currencyketsrfor both
exchange rates. During the 4-month period covered in the sampleg teadivity in
terms of price quotes is significantly higher in the reguldnres and spot markets.
For the Euro market, the number of transactions is higher in refgilaes than the
number of midpoint quotes in the spot market; while for the Yen mahepumber
of midpoint quotes is higher in the spot market. At the first look, bsult on the

Euro is surprising given the general notion that the spot makauch larger than

the futures market. The result is also consistent with Rosenberg and Traub (2007) who

found that there are more futures trades during regular futaiadrhours than that
in the spot market. Moreover, we only consider regular futures tréiags on the
CME Globex (8:20 a.m. to 3:00 p.m. Eastern Time), and this time pericd ride
fully overlap with some of the times of heavy volume in the spartket. On the other
hand, in our data, the EBS mid-quotes between bid and ask points arferuges

spot market, but actual transaction prices are used for both fuhae®ts. Given
11



that multiple transactions can occur at the same quote, the us@lmdimh quote
would imply that there are more far more actual transactiotizel spot markets than
indicated by the number of observations on Table 2.2.

The higher number of daily average trades in the regular futnegket does
not extend to the E-mini futures market. Trading activity in thmi& futures
markets is significantly lower than either of the other twokeaigrconsidered here. In
particular, the Yen/US$ E-mini futures contract has a relakteeme low trading
frequency with 42 trade per day on average over the sample period. Hencejitiie E-
Yen futures time series is dropped from the present analysiadeeoathe very low
number of observations within a day. This low trading frequency prewvbets
convergence of our estimation method resulting in considerably uneepabhmeter
estimates and price discovery measures.

As the correlation coefficient matrix shows, the series agblyicorrelated.
An exception is the correlation between the E-mini contract aedother two
instruments in the Yen/US$ market. This correlation is partigulenv, due to

infrequent trading in the E-mini Yen futures market.

2.3 Methodology and Empirical Results

Based on the standard Augmented Dickey-Fuller unit root testnuhe
hypothesis of a unit root cannot be rejected for any pricessander study. The
Johansen (1991) cointegration test results show that the spot exatsegeéhe
regular futures, and the E-mini futures in the Euro/US$ marketsoartegrated with
two cointegration relationships. Similarly, there is one cointegyavector between
regular futures and spot markets for the Yen/US$ series. Hencegstlies confirm

that prices in the two or three foreign exchange markete sime common stochastic
12



trend or “efficient price.® Given these statistical results, it is appropriate to proceed
with the price discovery analysis.

Two standard approaches are used to examine the relative fapggeo
discovery: (1) Information shares and (2) Gonzalo-Granger commtor fa&eights.
Both approaches assume that an underlying security tradmgltiple markets has a
common implicit efficient price. We also further supplement thdyarsawith the
error correction adjustment approach as used in Eun and Sabherwal (2003). Also note
that the chapter’s results reported below remain significant wthear time intervals
(1 second, 10 seconds, 30 seconds and 1 minute) are considered in theoastimati
the model. All the estimations are conducted on daily basis andycfodew that of

Hasbrouck (2003).

2.3.1 Information Share (IS) approach
The information share approach proposed by Hasbrouck (1995) decomposes

the price series into a random walk component and a stationary comp®hent
random-walk component represents the security’s efficient pricehwhicommon to
all markets, while the stationary term captures marketfspecharacteristics.
Studying the properties of this common component is the goal ofméasure. In
particular, Hasbrouck (1995) decomposes the variance of the commaenéfficce
(random walk) innovations. The portion of the variance explained byreadket is
called the information share of market j. The information shasures the portion
of a subset of the market’s information that is impounded into phgedifferent
markets trading the same underlying security. The markbtthat largest information

shares “leads” the other markets by reacting to new infaamdfirst. If the

® The results are available upon request.
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innovations in a market drive the reaction of the other markets, thremtrket is
informationally dominant.
The Stock and Watson (1988) common trends representation of the model is

as follows:

P, = P +l//(Zt:€i)l+‘I’(L)gt (2.1)

i=1

where p, is a constant n-vector anti(L) is a matrix polynomial in the lag operator.

More specifically, the first term on the right-hand side of aqua.1) is a vector of
initial values that may reflect non-stochastic differencewden the price variables.
The second term is the product of a scalar random walk and a utot,wsbich
captures the random walk component that is common to all priceseftiaent”
price). Although this component is unobservable without further identifrcat
restrictions, its innovations have the property that they are lingae disturbances.
The third term in equation (2.1) is a zero-mean covariance stationarygroces

Define and note thalr represents the common row vector'fl). If n = 3,

then,

var(e,) = Jfall + J22022 + J§033 (2.2)

where J; are the elements i¥(1). Each of these terms represents the contribution to

the random-walk innovation from a particular market. The proportion ef fthi
market | (for j = 1, 2, 3) relative to the total variance &irted as the market's |

information share:
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j i T 12 2 2 (2'3)
yQuy Jioy+3,0,+3504

where Q is the covariance matrix. The measure in the above equation is too
restrictive since price innovations are generally correlateasa markets trading the

same underlying instrument. If the price innovations are corre(ateds; =0 for

i#]), no unique values may be found for the information shares, and

triangularization of the covariance matrix may be used to esttabpper and lower
bounds’
Therefore, when the covariance matfix is not diagonal, Hasbrouck (1995)

defines the information shares of the market j prices as

1S, =M (2.4)
yQy

In this equation, F is the Cholesky factorizatiomofand a lower triangular matrix

such thatQ = FF'. The variance attributed to a particular market([l/rE]j)2 and
[wF]; is the jth element of the row matrpd=. The lower triangular factorization

maximizes the information shares on the first price. By péng the order of the
market prices, equation (2.4) will provide an upper and doleund for the
information share of each market.

Table 2.3 presents estimates relating to the informationeshand the

correlations of the price innovations. Due to the preseha®imzero off-diagonal

"Table 2.3 presents the average mean disturbandee (prnovation) correlation matrix for the
Euro/US$ and the Yen/US$, respectively. The trid¢enggation is implemented since the off-diagonal
terms are different from zero.
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correlations in the innovations, only upper and lower beufwd the information
shares can be established. Care must be exercised pretiteg the lower and upper
bounds since they do not provide a single measure ofmatwn share. However,
following Booth et al. (2002) and many others, the midpoaitéower and upper
bounds can be used as a unique measure of the pramelig contribution. The
information share statistics reflect the average of all datiynates. Panel A of Table
2.3 shows that the Euro/US$ spot market contributes the tmgatice discovery,
accounting roughly for over 60% of the information sharke other two prices share
the remainder, with the regular futures accounting for 28 the E-mini futures
accounting for comparable shares on average. In thBJ%$ market, the spot trades
lead the price discovery process with roughly 75% ofrtfegmation share, while the
regular futures contributes only about 25% of price disgove

The findings confirm the recent work of Tse, Xiang andd-(P006) on Yen
as they provide evidence that the Yen spot foreign exeharayket dominates the
futures markets in price discovery. However, the findingsitradict that of
Rosenberg and Traub (2007) who find regular futuregribmte more to the price
discovery in 1996. Also in contrast with the evidence in thetg markets, the results
show that the E-mini futures do not dominate the price disgqu®cess in foreign
exchange markets. The finding may not be surprisingngiekatively low number of
trades on the E-mini futures market in Table 2.2. As fupberted out by the referee,
although the E-mini currency futures market is a global etarkt’s rather
concentrated among a few banks. Thus, there might noibg informed traders in
this market.

Panel A and B in Figure 2.1 present the time series ofldilg information

shares of the three Euro/US$ instruments and the two Yen/dSfuments
16



respectively. The information share midpoints are showaspile some time
variations, it is clear that the spot markets consistently domihat&utures markets
over the sample periddThese findings hold for both currency markets. It dao be

seen that in the Euro/US$ market, there is no information doroéof the E-mini
futures market over the regular futures. Overall, thesdtseprovide evidence that
the spot market is the major contributor to price discoveryoirign exchange

markets over time.

2.3.2 Common factor component weight (GG) approach

Let p, be a ( x 1) vector of I(1) price series for the same undeg@acurity
in n markets. Even though each individual price serieorsstationary, they are
cointegrated withh (h = n-1 in this study) cointegrating relations. The Granger
representation theorem shows that the VAR(p) with cointegrededbles can be

written in its error-correction form,

Ap, = BZ:—l +G1AP 1 + G AP, + AP 3 -+ G AP & (2.5)

Stock and Watson (1988) shows that the price vector catebemposed into a
permanent and a transitory component. Gonzalo and @rdt§95) propose an

alternative decomposition o, where the permanent component will be a function
of the current values of p, (which differs from the Stock and Watson (1988)

representation where the common trend is a function ofuttent and lagged values

8 For a few days during the sample period, the mfion shares of regular futures market are larger
than those in the spot market with increasing tatigns for both spot and futures markets. This
switch in the relative importance of the informatishares on spot and futures markets also sometimes
coincides with the days with some identifiable emoic news. Nevertheless, the exact reason why
such switch occurs is not clear and worthy of pimgin the future research.
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of the disturbances and therefore pf ).2 The vector of pricesp, is decomposed as
follows,
p, =Ff +F,z, (2.6)

where: f, = common long memory component (vector of common sgiichiiends)

7, = stationary component
Two conditions are imposed:

(i) f, is an exact linear function of the current valuesgmf

(if) The transitory component,, has no permanent effect op,
These assumptions or conditions make it possible to identifgaimenon factor and
also make the common efficient price observable (a function of the current values
of the price vector). In other words, the Gonzalo-Grarggproach defines the
permanent component of the vector of pricgs as a linear combination of the
current values of the price vector itself, where the lineantsnation is given by the
structure of theA.. A is a matrix orthogonal to the matrix of cointegrating vectors

A, and can be estimated as a matrixnof If) eigenvectors using the Johansen (1991)
procedure. Given the nature of the Gonzalo-Grangemdaasition and the following

result;

fo=Ap, (2.7)

the A matrix (after normalization) becomes a natural measutieeofontribution to

price discovery of market The higher the weight, the larger the contribution of the

market to the information impounding process is. There israstriction in the

° De Jong (2002) provides a detailed discussion tati@urelationship between the Gonzalo-Granger
common factor coefficients and the Stock and Waf&888) decomposition.
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decomposition procedure which prevents the factor weigbts being negative.
Since the size (not the sign) of the weights provide asumeaof the market's role in
the price discovery process, the weights are normalizedasdhey come out to be

positive and the sum of these weights is equal to one,

o = (abs(A):) abs(A) (2.8)

where abs(.) denotes the absolute value of each element in the mattix an(nx1)

vector of ones.

Table 2.4 provides the summary statistics of the commadorfaeights for
each market price in the model. The first half of eaaeparesents the common-
factor coefficients obtained by the Gonzalo and Grang@®5)l method, and the
second half presents the normalized coefficients or welghtspanel A for the Euro,
the daily average of the normalized common-factor weightevidence of a
predominant price discovery role of the spot markets. Carage, the spot price
contributes 60% of the formation of the common-factor camept or “efficient
price”. The other two prices share the remainder, withi@balar futures contributing
23% and the E-mini futures markets contributing 17%. Anotheeresting
observation is that the table under “Min”, both the regutat #the E-mini futures
prices show no contribution to price discovery in some efstimple days. Panel B
shows similar results for the Yen/US$ markets. The comraotoif weight for the
regular futures markets (28%) is much smaller than that ef sjpot market.
Furthermore, compared with the case of the Euro, leawihghe E-mini from the

analysis for the Japanese Yen has increased the spghtwey a much larger

1 This normalization was necessary to simplify therpretation of the common-factor coefficients as
measures of price discovery. After normalizing tloefficients are all positive between 0 and 1 and
they sum to one.
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percentage than the increase in the regular futures welgtis. could imply that the
spot prices may better capture the price information revealége E-mini market
than the regular futures market does.

Panel A and B in Figure 2.2 present the time series bwhat the daily
estimated Gonzalo-Granger common factor weights over dhgle period. The
estimate for the spot series is mean reverting around alpgirer than 50% in both
currency markets. These results are obviously consisitinthe results in Table 2.4.
In summary, in line with the information share results, #slts here support the
findings of the dominance of spot market over both thelae@nd E-mini futures
markets and almost equal performance of the regular futur@ E-mini futures in the

foreign exchange market price discovery.

2.3.3 Error-correction adjustment approach

We further conduct weak exogeneity tests for eachamgdhrate series based
on an error correction model. The idea is that although tlerene common
stochastic trend for the exchange rates on related spofuamé markets, these
exchange rates may have temporary deviation from thenoontrend due to various
market frictions. Such exchange rate dynamics across mktets can be modeled
in an error correction model with- 1 cointegrating relations (ar- 1 error correction

terms) forn exchange rates:

AP, =BZ, + 6Py + 6, P ot Sp-1Pipu t & (2.9)
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where B is the (n x (n — 1)) matrix of adjustment coeffitseand the error correction
terms inz_, can be specified using two price differentials involving thet prices.

Specifically, for n = 3,

b, b
£ : (Py = Pa) — 5
th—l_ b22 b23
b, b, (Py — Pa) — #3
2 3
where x4, is the average price differential or mean dewratfor i = 2, 3. The

coefficients for the error correction terms (orcsiled adjustment coefficients, given
by the B matrix) measure the adjustment speedsHhighweach variable adjusts itself
toward the long-run equilibrium. As pointed outkun and Sabherwal (2003), the
magnitude of adjustment coefficients can be use@dsgess the contribution of a
particular market to price discovery. A market @vhihas zero (i.e., weakly
exogenous) or a smaller (in absolute value) adjaistrooefficient than those of other
markets is a more dominant source of informatiomhmm price discovery process in
the long run.

Estimated adjustment coefficients of the error eciton models further
confirm our results. Table 2.5 provides the estgwaind t-statistics of the adjustment
coefficients. Panel A provides the adjustment ¢oeffit estimates for the Euro/US$
system of cointegrated series. There are two fgwlimorth noting. First, on average,
the coefficient estimates on the spot error-colwacterms are not significant at the
0.05 level and thus weakly exogenous, while thenasés on the regular futures and
E-mini futures error correction terms are significat the 0.01 and 0.05 levels,
respectively. Second, on average, the absoluteesadfi the adjustment coefficient

estimates are higher for the futures markets vaat the spot market. The results
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suggest that error-correcting adjustments to pdifeerentials occur mainly in the
regular futures and E-mini futures markets, whishni line with the leading price
discovery role of the spot market. Panel B of Tabteprovides very similar results to
those in Panel A. The Yen/US$ regular futures ntarkgrovide statistically
significant adjustment coefficient estimates witmagnitude (in the absolute value)
larger than the estimates for the spot market. &fbeg, similarly to the Euro/US$
market, error correcting adjustments to price deffitials occurs mainly in the futures
markets. In summary, these results confirm thatgbet market leads the regular
futures and E-mini futures markets in the price&oh®ry process.

Panel A and B in Figure 2.3 present the time plaftd-statistics of the
adjustment coefficient estimates for both curremci@onsistent with the results in
Table 2.5, these graphs reveal that over the ntyjokritrading days, it is primarily the
futures markets rather than the spot markets thjatlstato price differentials across
markets. Hence, the price discovery of the curremogrkets takes place
predominantly in the spot market. The resultsas® consistent with Kurov and
Lasser (2004), which suggest that market | will dhavhigher information share if

other markets tend to have error-correction adjastrto trades initiated in market |.

2.4 Conclusion

Given much recent evidence of the superiority @cebnic trading, it is
interesting to ask the question: among these netkading electronically, which one
leads the price discovery process? This chaptemats to answer this question on
the foreign exchange market. Using intra-day (bgktick) data, this chapter
investigates the contribution to the price discgven the Japanese Yen and Euro

exchange rates of three electronically traded goreexchange markets: the CME
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electronically-traded GLOBEX regular futures, etenically-traded small-
denomination futures (E-Minis), and the inter-deapot market. The results show
that transaction prices in the inter-dealer spaeigm exchange market are more
informative than the prices in both the regulaufas and the E-mini futures markets
and thus the spot foreign exchange market leadpribe discovery process for both
exchange rates during the sample period.

The findings of this study are justifiable by theeer size of the interdealer
spot market compared with the futures markets dmed use of EBS interdealer
currency spot data as EBS has become the majondrathtform for both the Yen
and the Euro. However, the results stand in slargrast to recent studies that
currency futures might lead current spot markepiiice discovery. In particular,
although this study confirms the recent findingTse, Xiang and Fung (2006) in
favor of the spot markets for the Yen, the findorgthe Euro here contradicts that of
Tse, Xiang and Fung (2006). Nevertheless, thetresdise et al. (2006) might not be
very surprising given the fact that their spot rdtga are from the CMC retail
platform, which is unlikely to have informed trader

The overall findings of this study are also onlytiadly in line with that of
Rosenberg and Traub (2007). Interestingly, whibséhberg and Traub (2007) found
currency futures market can lead the spot markeprine discovery using the
interdealer spot transactions from the Reuters iDgd&l000-1 system from May to
August 1996, they also report that the spot maeads futures market using spot
market quotes from Bloomberg over the period froerdh to May 2006. A possible
explanation for their result is that “greater tqaauency is generally associated with
more informative prices” (Madhavan, 2000). A marketh low transparency is

typically associated with lower degree of pricecdigery. As pointed out by Rime
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(2003), the interdealer direct trading platform Bguters Dealing 2000-1 has a
relatively low level of price transparency. Howeyvthe spot market might have
become more transparent over time. Hence, it mghbe surprising that based on
the data from 1996, the futures market leads tbé market in price discovery, while

using the data from 2006, the spot market lead$utiuees market as the spot market
becomes more transparent. Nevertheless, as discaasiéer, our findings based on
the EBS dataset should be most relevant and repatise for the two exchange rates
under consideration.

Furthermore, we also findectronically traded regular futures (on average)
contribute (a bit) more than the E-mini futures dhd E-mini futures (on average)
contribute the least to the price discovery inBueo/$ and the Yen/$ markets (while
the spot market contributes the most). The findengontradictory to the finding on
the role of E-mini futures in the equity marketsg(geHasbrouck, 2003; Kurov and
Lasser, 2004; Ates and Wang, 2005).

Finally, future research may gain further insiglgt donsidering the role of
order flow in the price discovery process in foregxchange markets, as suggested
by Evans and Lyons (2002). Given the fact thattnstgdies using high frequency
data are limited to sample periods spanning origmamonths, it may also be an area
of fruitful research to explore potential time \aions in contributions of each market

to the price discovery process by using a longaogef data.
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Tablesand Figures

Table 2.1: Trading statistics on CME futures

Globex ADV Globex ADV Globex ADV Floor ADV Globe'Day” Globex
7:05am -4:00pm 5:00pm - 7:05pm 5:00pm - 4:00pm 7:20am - 2:00pm % of % of
Symbol Type Trading (contracts) (contracts) (cartgp (contracts) Globex Total Total Trading
E7 (Euro) E-Mini Globex 2956 526 3482 0 0.83 1.00
EC (Euro) Regular Pit & Globex 100675 33704 134379 4788 0.74 0.97
J7 (Yen) E-Mini Globex 13 4 17 0 0.73 1.00
JY (Yen) Regular Pit & Globex 28169 9593 37762 3307 0.74 0.94

Note: (1) ADV is the Average Daily Volume, (2) "Day" =0%am - 4:00pm, (3) Percentages are also period averagesm@leSeeriod is from April 4th, 2005
to July 29th, 2005.
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Table 2.2: Summary Statistics (daily averages)

Euro

Spot Regular futuresE-mini futures
Number of observations 4514 6478 1468
Mean 1.248 1.250 1.250
Standard Deviation 0.002 0.002 0.002
Skewness -0.027 0.090 0.004
Kurtosis -0.532 1.428 -0.516

Japanese Yen

Spot Regular futuresE-mini futures
Number of observations 3566 2594 42
Mean 0.0092344 0.0092848 0.0092796
Standard Deviation 0.0000094 0.0000096 0.0000095
Skewness 0.037 0.041 -0.108
Kurtosis -0.644 -0.678 -0.336

Correlation coefficients for the prices (daily sages)

Euro

Spot Regular futuresE-mini futures
Spot 1 0.991 0.987
Regular futures 1 0.987
E-mini futures 1

Japanese Yen

Spot Regular futuresE-mini futures
Spot 1 0.989 0.690
Regular futures 1 0.692
E-mini futures 1

Note: Sample period is from April 4th, 2005 to July 29th, 2005.
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Table 2.3: Information shares

Pand A: Euro
Information Shares
Spot Trade Regular Contract E-Mini Contract
Price Price Price
Min  Mid Max Min Mid Max Min Mid Max

Median 028 061 091 005 033 061 001 o0.23 0.45
Mean 031 060 090 0.06 032 058 0.03 0.22 0.42
Std. Dev. 0.18 0.11 0.07 0.06 0.12 0.20 0.03 0.10.190

Disturbance Correlation Matrix

Spot Trade Regular Contract E-Mini Contract
Price Price Price
Spot Trade Price 1 0.576 0.522
Regular Cont. Price 1 0.455
E-Mini Cont. Price 1

Panel B: Japanese Yen

Information Shares
Spot Trade Regular Contract
Price Price
Min Mid Max  Min Mid Max
Median 0.56 0.75 0.94 0.06 0.25 0.44
Mean 0.55 0.73 091 0.09 0.27 0.45
Std. Dev. 0.18 0.13 0.08 0.08 0.13 0.18
Disturbance Correlation Matrix
Spot Trade Regular Contract
Price Price
Spot Trade Price 1 0.449
Regular Cont. Price 1
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Table 2.4: Gonzalo-Granger factor weights

Panel A: Euro
Gonzalo-Granger Common Factor Weights
E-mini
Spot Regular Futures  futures
Mean 0.85 0.34 0.17
Min 0.38 -0.02 -0.49
Max 1.00 0.89 0.70
Std. Dev. 0.13 0.21 0.26
Gonzalo-Granger Common Factor Weights (Normalized)
E-mini
Spot Regular Futures futures
Mean 0.60 0.23 0.17
Min 0.25 0.00 0.00
Max 1.00 0.59 0.44
Std. Dev. 0.15 0.13 0.12
Panel B: Japanese Yen
Gonzalo-Granger Common Factor Weights
Spot Regular Futures
Mean 0.90 0.36
Min 0.41 -0.28
Max 1.00 0.91
Std. Dev. 0.11 0.22
Gonzalo-Granger Common Factor Weights (Normalized)
Spot Regular Futures
Mean 0.72 0.28
Min 0.31 0.00
Max 1.00 0.69
Std. Dev. 0.14 0.14
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Table 2.5: VECM Estimation Results - Adjustment Coefficients

Panel A: Euro
b
Spot Regular Futures E-mini futures
Mean| -0.0500 0.1747 -0.0602
[-1.54] [5.00] [-2.20]
Min. -0.1526 0.0059 -0.1702
[-3.64] [1.52] [-4.91]
Max. 0.0147 0.8063 0.0315
[0.64] [11.18] [1.01]
b 5
Spot Regular Futures E-mini futures
Mean| -0.0094 -0.0239 0.0827
[-0.47] [-0.82] [5.17]
Min. -0.0553 -0.3772 0.0091
[-2.85] [-3.71] [2.47]
Max. 0.0353 0.0305 0.1611
[2.00] [1.57] [8.55]
Panel B: Japanese Yen
b
Spot Regular Futures
Mean| -0.031310 0.077889
[-1.76] [5.04]
Min. -0.138170 0.020805
[-4.43] [2.35]
Max. 0.006013 0.177656
[1.00] [9.11]




Informalion Share Midpoinls: Time Series

1.0_
091
081
5
£ o7
B os
g
= 05] ‘ h { {) ’
E 04] ‘
2ol iania ) M
021 W ’ \/ \)
0.1 .
0'0_\ """"" LI B LI LI T \'II‘ """" L B LI TTT T T T T T
0 10 20 30 10 50 60 70 80
Day Number (April 4th, 2005 = 1)
Price Series — Spot — Regular Futures E—mini futures
Panel A: Euro/$
Information Share Midpoints: Time Series
1.0_
091
081
g
': 0.7 ¢/\/\
D 06
§ 0.5
I‘= ] It s
= 0 |
ﬁ 03
02
0.1
0'0_| """"" T Trrrrr T UL LR Trrrrr T Trrr oo UL B Trrrrr T T
0 10 20 30 40 50 60 70 8o

Day Number (April 4th, 2005 = 1)

Price Series = — Spot Regular Futures

Panel B: Japanese Yen/$

Figure 2.1: Information Shares
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Normalized Gonzalo—Granger Common Factor Weights: Time Series
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Error—correction coefficients (t—statistics)
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Figure 2.3: VECM Error-correction Coefficients (t-statistics)
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CHAPTER 3
Nonlinearity, Data-Snooping, and Stock Index

ETF Return Predictability

3.1 Introduction

Asset return predictability has been one of the tmogortant topics in
financial research. The inference on asset repuedictability carries important
implications to practitioners, for example, for tbesign of portfolio management
strategies. Numerous earlier works have been coedio examine the short-horizon
predictability of stock market returns based ont pasirns. In this regard, since the
variance ratio test was originally developed byadnal MacKinlay (1988), it has been
widely used in testing the random walk hypothesisinternational stock market
indexes (e.g., Urrutia, 1995; Grieb and Reyes, 19#n and Singal, 2000;
Chaudhuri and Wu, 2003; Patro and Wu, 2004).

However, the popular variance ratio test used énaove studies (as well as
the traditional autocorrelation test, see, e.g.pr@a, Roll and Subrahmanyam
(2005)) assumes linearity and only tests seriabretatedness rather than martingale
difference (Hsieh, 1991; McQueen and Thorley, 199bng and Lee, 2003). A
nonlinear time series can have zero autocorreldiidna non-zero mean conditional

on its past history (i.e., predictable based onghst history). That is, the variance

" The terms “random walk” and “martingale” have bémterchangeably used in the efficient capital
markets literature. However, it is the martingaleperty (or unpredictability) of security pricdsat is

of essential interest to this huge body of thediiere (Fama, 1991; Granger, 1992). Strictly spegki
the innovations series is independent and idefyiadiktributed for “random walk”, while it is a
martingale difference sequence for “martingale.”
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ratio test may fail to capture predictable nonliitess in mean (if any) and could
yield misleading conclusions in favor of the magafe (or loosely random walk)
hypothesis.

This study examines daily return predictability infernational stock index
exchange-traded funds (ETFs) during the period98612006. We present the first
comprehensive study on the martingale behaviorecémtly popular international
stock index ETFs (loosely in the context of weak¥fanarket efficiency). As one of
the most successful financial innovations of aiidj there were over 300 ETFs with
more than $400 billion of assets as of Decembef208 defining characteristic of
ETFs is their ease for intraday active trading dmgh daily turnover, as it is
particularly appealing to investors who demand tstesm liquidity and trade in large
lots (Poterba and Shoven, 2002). Internationalkstodex ETFs presumably provide
an attractive investment vehicle for the US investo explore potential investment
opportunities abroad. Surprisingly, while manyu&ss such as diversification
potentials and herding behaviors on the ETFs haem lexamined (e.g., Pennathur,
Delcoure and Anderson, 2002; Gleason, Mathur aridr§n, 2004), the important
issue of their short-horizon predictability has ng#t been investigated. Also
noteworthy, daily stock index ETF prices are tratisa prices which would not
suffer from the notorious non-synchronous tradimgbfem of daily stock market

indexes (Ahn et al., 2002), which plagues numestudies using such data.

12 Although international stock index ETFs are desifjto track each country stock market index, there
may be substantial tracking errors for the ETFstlypdue to their considerable exposure to the U.S.
market (e.g., Pennathur, Delcoure and Anderso2R0evertheless, the predictability of the ETFs as
a new financial instrument remains in itself instheg. To extent that the international stock inde
ETFs track the performance of international staxlekes, the evidence from this study could alsd she
more light on the short-horizon predictability oférnational stock market indexes.
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We seek to contribute to the literature in thedieihg important aspects. First,
we take the model selection approach (e.g., SwaasdnVhite, 1995, 1997), rather
than the more traditional hypothesis testing apgraes taken in the variance ratio test
(or the autocorrelation test). As discussed in Searand White (1995, 1997), unlike
the traditional hypothesis testing approach, thelehselection approach does not
require the specification of a correct model far valid application. By contrast,
earlier empirical findings based on variance rédgts are quite sensitive to potential
model misspecification. More important to this stuid allows us to focus directly on
the issue of predictability at hand: out-of-samfoleecasting performance. Arguably,
out-of-sample evidence bears directly on predittgband is important to mitigate
the concern of in-sample model overfitting, paticly for nonlinear models. This is
also well line with Granger's (1992, p.11) obsematthat “only out-of-sample
evaluation is relevant and, to some extent, avtigse difficulties (due to data
mining).” By contrast, all the cited studies abawdy focus on in-sample evidence
(and also typically fail to allow for potential narearity-in-mean).

Further, similar to Swanson and White (1995, 198H9ng and Lee (2003)
and Moreno and Olmeda (2007), this study presantt®fesample evidence based on
both statistical and economic criteria. With theafte exception of Ratner and Leal
(1999) and Moreno and Olmeda (2007), few earliadiss on international stock
market random walk behavior have considered ecanamieria as measured by
magnitude of trading returns and particularly thieeaction of forecasted price
changes, which have practical value to investogsather decision-makers.

Second, we extend the literature by applying a remadb nonlinear models
that allow for both potential nonlinearity-in-meand nonlinearity-in-variance. As

noted earlier, the cited studies above using veeaatio tests (and autocorrelation
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tests) do not allow for nonlinearity-in-mean. Thetarally, as discussed in McQueen
and Thorley (1991), existence of fads or rationacsilative bubbles suggests the
possibility of nonlinear patterns in stock retur@s, if the world is governed by a not-
too-complex chaotic process, it should have slwmrtnonlinear predictability (in
mean) but not linear predictability (Hsieh, 19911,845). Further, in a survey on the
random walk test literature, Granger (1992, p.l@hctudes that “benefits can
arise...especially from considering non-linear model®ward this end, this study
considers several popular nonlinear models to maveprehensively explore
potential nonlinearities in mean, in addition te thore commonly used nonlinear-in-
variance models (i.e., GARCH) (see, e.g., Hsiel8919991, 1993) In fact, some
variants of the popular nonlinear models used istnpoevious studies (e.g., Hsieh,
1991; Gencay, 1998; Harris and Kucukozmen, 2001ndyms and Sarno, 2002;
Hong and Lee, 2003; Moreno and Olmeda, 2007) aé imsthis study?

Finally, model comparisons in this study are imgawvelative to previous
studies by using White’s (2000) novel test to adsirthe concern of data-snooping
bias (i.e., spuriously superior predicative abildfy some complex models due to
chance)® When several forecast models using the same atat@ompared, it is
crucial to take into account the dependence ambaget models, which otherwise
may result in misleading inference due to data-pmagpbias. While the overfitting

problem of nonlinear models is well aware in ther&ture, relatively few earlier

3 Note that there is a debate about whether thestsepiedictable nonlinearity-in-mean in US stock
market indexes. For example, although Hsieh (198s little nonlinearity-in-mean in US stock
market prices, Gencay (1998) reports nonlinear-@ampredictability for similar indexes.
14 Like many earlier studies, a caveat here is thairnference should still be interpreted in lightte
limited number of models we examine in this studp. general, martingale means the existence of
neither linear nor nonlinear dependence, and we kavest all possible nonlinear dependence to rule
out the martingale property of stock returns, whicpractically impossible.
15 As discussed in Campbell et al. (1997, p. 523-5@%) problems of overfitting and data snooping are
related but different. A typical symptom of ovelifigy is an excellent in-sample fit but poor out-of-
sample performance, while data-snooping referseelient but spurious out-of-sample performance.
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studies in this line of the literature have addedsthe data-snooping issue, which is
shown to be nontrivial in this study. The restlwktchapter is organized as follows:
Section 3.2 presents econometric methodology; &ec8.3 describes the data;
Section 3.4 discusses the empirical results; andllyi Section 3.5 concludes the

chapter.

3.2 Econometric M ethodology

To forecast ETF daily returns, we use various nmedel E(Y, |1, ,), where
Y, represents the first difference of ETF daily ahgsprices in logarithm], ; is the

information set available at time-1. We apply various popular nonlinear models to
explore the possibility that daily ETF returns amet a martingale, and have the
conditional mean dependence in a complicated foen oonlinearity-in-mean), and
the dependence in (e.g., second (or higher) mon{eats nonlinearity-in-variance).
We certainly do not assume that the limited numifethe nonlinear models can
capture all the nonlinearities. However, they doresent some of the most popular
nonlinear models widely used in the literature tfaus

The martingale modeY, = 1+ ¢, is used as the benchmark for comparison

with other models. Table 3.9 lists the various nt®dexamined in the chapter,
including the autoregressive model (AR(d)), geneeal autoregressive conditional
heteroskedasticity model (GARCH(p,q)), feedforwaadtificial neural network

(NN(d,q)), functional coefficient model (FC(d,L)ponparametric regression model
(NP(k,m)), and some combinations of these moddis. &stimation of the AR(d) and
GARCH(p,q) models is relatively standard, using ohdinary least squares method

and the maximum likelihood method, respectively. Wéxt briefly discuss how to
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implement more complicated nonlinear models usedthis study (i.e., neural

network, functional coefficient and nonparametriodels)*®

3.2.1 The Feedforward Artificial Neural Network

Artificial neural networks have proven to be useafucapturing nonlinearity-
in-mean in forecasting financial time series. Oh¢he greatest advantages of neural
networks over other commonly-used nonlinear timgesemodels is that neural
networks can well approximate a large class of tions. The basic structure of
neural networks combines many ‘basic’ nonlineacfioms via a multilayer structure.
Normally there is one intermediate, or hidden, tayetween the inputs and output.
The intuition is that the explanatory variables @iianeously activate the units in the
intermediate layer through some functidh and, subsequently, output is produced
through some functiond from the units in the intermediate layer. The duling
equations summarize this approach:
(3.1)

hi,t =¥ (7o +Z7’ijxj,t) i=1..9

j=1

q 3.2
Yt =CD(:BO+Zﬂihi,t) (.2

or, more compactly,

16 Also note that some of these models are speciabaafsthe others. For example, the AR(1) model is
a special case of the NN(1,5) model. Neverthelesthis study the forecasting results of the NN)1,5
model are systematically worse than the resultshef AR(1) model. This, however, may simply
indicate rather weak nonlinearity-in-mean in théadat and thus render more complicated NN(1,5) to
perform poorly while the more parsimonious AR(1)rfpem rather well in the out-of-sample
forecasting.
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g m (3.3)
Y, = q)[ﬂo +Zﬂi\y(7/i0 + ZVinj,t)J

where X, is the input or an independent varialdig,is the node or hidden unit in the
intermediate or hidden layer, andis the output or dependent variable. In this study
the independent variablX ; coincides with the lagged dependent variahle. The

functions ¥ and ® can be arbitrarily chosen and still approximatarge class of
functions given sufficiently large numbers of unitghe intermediate layer.

In this study, we use single layer feedforward akuetworks (e.g., Lee,
White and Granger, 1993; Gencay, 1998; Hong and 2@@3), which is the most
basic but perhaps most commonly used neural netwogconomic and financial
applications. In this case, the input variables @enected to multiple nodes (or
hidden units), and at each node they are weiglli&erently) and transformed by the

same activation functiot . The output of each node is then weighted againzby
and summed and transformed by a second activatiaiién @ .

Following the literature (e.g., Gencay, 1998; Hamgl Lee, 2003), we chose
the logistic function for the functiod and the identity function for the functich,
which is common practice in the literature. Coedfits for the NN(d,q) model are
estimated using nonlinear least squares via thetdtefRaphson algorithm. The final
equation we will estimate is as follows:

d q d 3.4
ECY [1.4) =5 +ZﬁjYH +25iG(70i +Zytit—j)! (34)

39



whereG(z) = 1+e?)* and is a function of¢ , | _, is the information set available

att-1, andy, is the dependent variable (i.e., ETF returns).

3.2.2 TheFunctional Coefficient Model

The functional coefficient model introduced by Gaial. (2000) is a new
semiparametric nonlinear time series model withetirarying and state-dependent
coefficients. It includes threshold autoregressiomdels, smooth transition
regression, and many other regime switching modslspecial cases. The basic

model can be expressed as follows:

d (3.5)
ECY 1) =a,(Uy) + Zaj (Ut)Yt—j
j=1
where{(Y,,U,)" }is a bivariate stationary process. The smoothargableU, may be
chosen as a function of explanatory variable vedtor or as a function of other
variables. In our forecasts of ETF returns usingt paturns,U, is chosen as the

difference between the log index price at titmel ( p, ,), and the moving average of

the most recent periods of the log prices at time—1, or:

e (3.6)
Ut = Pia— L 12 P_j
j=1

In this chapter, following the literature (e.g.,r@ay, 1998, 1999) and the common

practice of technical analysis, we chose L = 20@d&rs often use, as a buy or sell

signal based on its sign, which reveals informationchanges in direction, i.e. the
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moving average rule. Thus, the model might be sugted to forecasting the direction
of price movements.

Following Cai et al. (2000), we estimate the teflan(U,)} nonparametrically
using a local linear estimator. We approximaféJ,) locally (whenU, is close to
u) by a;(U,)=a, +b,(U,—u) . The local linear estimator at pointis 3;(u)=3; ,
and{( éj,Bj )} are chosen by minimizing the sum of locally weeghsquares defined

as.

ZN:[Yt—aj —b,(U, ~u)]*K(U, ~) 3.7)

t=1

where K, () is the kernel function used as weights for pothst are included to

estimate{( éj,Bj )} We use the normal distribution as the kernel fion¢ and h is

the smoothing parameter or the bandwidth of thedain of the kernel function,
which is determined by the modified leave-one-cedist square cross-validation

method proposed in Cai et al. (2000).

3.2.3 The Nonparametric Kernel Regression Model

Because nonlinearities in the conditional means maycomplicated and
cannot be expressed explicitly, it is desirableus® nonparametric regression to
estimate the model without specifying the form$unictions. Again, we use the well-
known kernel regression (with some improvements bamdwidth selection to
maximize the forecasting power) for estimation dodecasting. In general, a

nonparametric regression model can be generallsesged as:
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E(Yt | It—l) = g(Yt—l’Yt—Z""’Yt—j) (3'8)

As mentioned above with respect to the nonparamestimator ofa, (U,) in the
functional coefficient modelg(.) can be estimated by local linear regression. Ahea

point ¥,= { Y4, Y2+ Y ; }, WE can approximateg(.) locally by a linear function

g(Y)=a+(Y-y)b. We can also approximatg(y) locally simply by a constant
function g(y)=a (i.e., the local constant estimator), which is #pproach taken

here. The local constant estimator is relativelppde to implement and has been
widely used in applied research. Compared to ofiséimators, it has also drawn
most theoretical attention and thus has clear #teat properties for estimation and

inference of nonparametric models. The local caristatimator at poin is given

by g(y) =a, whereaminimizes the sum of local weighted squares:

S0 - [Kn () &9

j
whereH K (Y s — ¥._s) is the product kernek(, , is the univariate kernel function,
s=1

and h=(h,..h,) is chosen by the leave-one-out cross-validatiovcguture. The

smoothing parametdn is the most important parameter in nonparamestienation.
An inappropriately choseh will give poor in-sample and out-of-sample preidict
Traditional nonparametric forecasting uses theéhat minimizes the in-sample sum
square errors to forecast the next-period valuedas previous in-sample data.

However, while thish is optimal for all in-sample data, it may not be besth for
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out-of-sample forecasting. Consequently, we useodifiad method to select the
smoothing parametef.

Our modified approach consists of finding the béstfor out-of-sample
forecasting and making forecasts based onlthigor example, suppose that we have
data points ofx, to x,, and that we want to forecasy,. The traditional approach is
to find the besth to minimize the 100 data points’ in-sample sunsagiiared errors

(based onx, to x,,) and then use th&" and these data points (i.e, to X,,) to

forecast x,. We propose the following modified nonparametrioretasting
methodology. We us&™ and data points ok to x,, to forecastx,,, data points of
X, t0 Xg, to forecastx,, , ..., data points ok,, to x,, to forecastx,,,. We find the
h* that minimizes the sum of squared errors of otgashple forecast of points;, to

X,00 @nd use thish® and data pointgto x,,, to make our final forecast &f,. In

this procedure, we have two parameters to estalfijlthe out-of-sample evaluation

lengthk is set equal to 20X, to X,,,) in the example, and (2) the regression lemgth

is set equal to 80 in the example. Hence, we ddhetenodel as NR(m), where the
parameters K,m) are important to the forecasting performancethi¢ modified
nonparametric regression model. We thus experirdéigrent evaluation lengths in
our study, and it appears that its impact is nbstntial in this study. Therefore, in
the tables presented below, we only discuss thaltsedbased on a particular
combination.

Finally, it has also been argued that no singledasting model performs well

for all time periods and under all different crigeras the pattern of ETF returns can

We thank Qi Li for making the suggestion.

43



vary over time and may not follow a simple dataegating process. In order to
improve the predictability, we closely follow Horand Lee (2003) and combine
several forecasting models. More specifically, valpforecasts from the AR(1),
GARCH(1,1), NN(1,5), FC(1,200), and NP(200,400) meiedto forecast the
conditional mean of price chang¥s.

Denoting these five models as models 1, ..., 5, cs@dy, the combined

model is given by:

- (3.10)
Y Eza)kt kt
k=1
where the weighty,, is determined as follows:
o expl-4, Y (Y, —Yis)?]
e = - 5 3.11
>4 Y (Y~ Vo)) (31D

with 2, =1/(2S?), S’is the sample variance ¢¥, , ¥ runs from 1 tot—1, and Y,
is the out-of-sample prediction by model Intuitively, o, gives higher weight to

the model k if the prediction for moddt  is betteart other models in previous
forecasting exercises as measured by the mean esgdarecast error (MSFE)

criterion.

3.3 Data Description
The dataset consists of daily return observati@rsefghteen international

stock index ETFs from CRSP. These ETFs are tradegtleoUS market and designed

8 The Combined Il forecasts pool forecasts fronbaif these models, while the Combined | forecasts
exclude the forecast of the GARCH(1,1) model.
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to mimic the underlying indices they represent. eyfflare readily available to US
investors who want to get access to internationtatks markets without the
involvement of currency exchange. More specificalle use the daily closing prices
on iShares exchange traded funds (ETFs) that @ackosen market indéX.These
markets have been divided into two groups: develogged emerging markets. The
developed markets ETFs include Australia, Canadande, Germany, Italy, Japan,
Netherlands, Spain, Switzerland, United Kingdomd d@he United States. The
emerging markets ETFs include Brazil, Hong Kong,rdéo Malaysia, Mexico,
Singapore, and Taiwan. The time period coveredléveloped market indices spans
from April 1, 1996 to August 25, 2006. Among emargimarket ETFs, for Hong
Kong, Malaysia, Mexico, and Singapore, the starpegod is January 4, 1999; for
Taiwan, the starting period is June 23, 2000; fout8 Korea, the starting period is
May 12, 2000; and for Brazil, the starting perisdJuly 14, 2000. The use of daily
data is appropriate for the purpose of this stuay similar to many previous studies
(Hsieh, 1991; Gencay, 1998; Monoyios and Sarno2R00nlike higher-frequency
intraday data, daily ETF data avoid the microsticeteffects which are usually
present in intraday dynamics. As thoroughly disedsa Hsieh (1991, p.1848), high-
frequency tick by tick data may capture bid-ask nmms$ and other dependencies
which are caused by the micro-market structure s&Hartificial” dependencies will
be picked up by any good test of nonlinear dynamit® financial economist must
increase the sampling interval in order to averagethese “artificial” dependencies.
Monoyios and Sarno (2002) also argue that the tisiaity data can easily allow for

the longer time span of the time series, which isclmmore important than the

¥ For the US, the ETF chosen for the S&P 500 indeké SPY because it has a much higher trading
volume than the iShares S&P500 ETF index. Also,FAIF returns are already adjusted for dividends
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number of observations per se to model nonlinearanhcs related to lower-
frequency properties of the data. In addition,rtheber of daily observations is large
enough to allow efficient in-sample estimation aodt-of-sample forecasting
evaluation. A limited number of observations tendptoduce poor fit and inferior
predictability, which could make results biased iagjarejecting the martingale

hypothesis.

3.4 Empirical Results
In order to produce out-of-sample forecasts, we asmelling regression
technique. Suppose there are N observations inaimple, where N = R + P. At time

t, we use a rolling sample of size R observatiasgstimated using various linear and
nonlinear methods, to produce a one-step-aheadafsié . Therefore, we can

generate a sequence of P one-step-ahead foredaists ie/ used to evaluate each of
the models under consideration. Swanson and Whé85, 1997) suggest that the
rolling regression technique can further allow floe (potentially nonlinear) relation
between the current and past returns to evolvesadime.

Applying four forecasting evaluation criteria teeteequence of out-of-sample
forecasts, we investigate the forecasting abilitthe model relative to the benchmark

martingale model. The four evaluation criteria usetk are:

N-1 ~

MSFE = P73 (Y, —Y,0)? (3.12)
t=R
lN—l ~

MAFE = P73 Y, Y., | (3.13)

t=R
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N-1

MFTR = PY sign(Y,,)Y,., (3.14)

=
N-1 ~
MCFD = P‘lgl{sign(YHl)sign(YHl)>O] (3.15)
where sign(.)denotesign(\?m) =1if \?m >0 andsign(\?m) =-1if \?H1< 0.

Similar to Hong and Lee (2003), the two statisticateria, mean squared
forecast error and mean squared absolute error BVE MAFE) are complemented
with two economic criteria, mean forecast tradietum and mean correct forecast
direction (MFTR and MCFD). Both MFTR and MCFD care lparticularly
informative to profit-maximizing investors. Becaustock returns are volatile,
forecast errors can be quite large from period ddop, the statistical accuracy of
forecasts (as measured by MSFE and MAFE) does ewdssarily imply economic
accuracy in terms of maximizing investor profitaveéstors may base their trading
decisions on maximizing profits rather than minimigz forecasting errors.
Furthermore, accurate forecasts of the directiorprafe changes may be equally
important or even more important to investors ttl@magnitude of the changes, as
they can be easily translated into profits. Grar{§@92) emphasizes that, in this case,
it is also desirable to compute economic measurésrecast accuracy, e.g., MFTR
and MCFD. Many other authors (e.g., Leitch and Eanh991; Hong and Lee, 2003)
have made similar points in the context of foraogsasset prices. Hence, the use of
multiple criteria in this study provides a more goehensive perspective on the
predictability of stock returns.

As mentioned above, it is important to have an adtly large number of

observations to efficiently estimate the model paters. In other words, the size of
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R must be reasonably large. On the other handsittee of P must be also large
enough to detect the differences in forecastinfpp@ance across models. Given the
number of observations in our data (N = 2619 ared D024 for developed and most
emerging markets, respectively), an appropriatédoadanced choice for R can be
expressed by the ratio R:P = 3%1.

Table 3.1 through Table 3.4 report the resultstiier developed markets and
Table 3.5 through Table 3.8 report the resultslendmerging markets. Each table
contains one of the forecasting evaluation critérighe order presented above. For
example, Table 3.1 reports the out-of-sample fa@tesults using the MSFE for the
eleven developed countries under considerationfodicast results are based on an
R:P ratio (regression length : total out-of-sanfplecasts length) equal to 2:1. Each
table also contains the two distinct p-valuesaRd B based on the White’s (2000)
Reality Check test. White’'s (2000) test addresses dangerous practice of data-
snooping or data re-usage for the purpose of inéereHe constructs a method for
testing the hypothesis that the best model encoechtduring a specification search
has no predictive superiority over the benchmarkdehoHis method, however,
permits for data-snooping to be undertaken withesaiegree of confidence that one
will not mistake results generated by chance forugeely "good" results. For our
purpose, Pis the bootstrap p-value for comparing a singlelehdo the benchmark
model which is the martingale mod¥l= u+¢, 2 IB the bootstrap reality check p-
value for comparing the k models to the benchmaokleh The value for Pin the

table is the bootstrap reality check p-value fa mill hypothesis that the best of the

first k models has no superior predictive abilityenthe benchmark model. Of course,

2'We also conducted the analysis based on theRaffic= 1:1. The results are similar qualitativelgian
available upon request.
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the last R value (in the last row of the table) checks if st of all the models under
consideration has superior predictive ability owbe martingale model. The
difference between each Bnd the last Pgives an estimate of data-snooping bias.
Sullivan, Timmerman and White (1999) and Qi and Y¥Q06) used the White’'s
methodology to examine the data-snooping issuedimical trading rules.

Table 3.1 and Table 3.2 report the results for étetbped markets using
statistical criteria MSFE and MAFE. For the benchimaodel, the MSFE and MAFE
are in levels (x1band x16, respectively). For all other models, they aredtios
relative to that of the benchmark model. For Tahle the results show that except
for Spain with the NN(1, 5) model, and Switzerlamith the NP(200, 400) model, all
MSFE ratios for the three nonlinear-in-mean mod@N(1,5), FC(1,200) and
NP(200,400)) are above 1. Therefore, none of thalimear-in-mean models
outperforms the benchmark. These findings are sterdi with previous studies (e.qg.
Hsieh (1991)) that show a poor forecasting perforceaof nonlinear-in-mean models
relative to the benchmark martingale models in $eph statistical criteria. On the
other hand, when evaluated alone, each of the nemgaifour models (AR(1),
GARCH(1,1), and the two combinations) in some casgsals superior predictive
ability than the benchmark. Note that the combilhédrecasts pool forecasts from all
individual models: AR(1), GARCH(1,1), NN(1,5), FC(200) and NP(200, 400),
while the Combined | forecasts exclude the foreadsthe GARCH(1,1) model.
Based on the MSFE criterion and the deatistics, the AR(1) and the Combined II
models show the most forecasting power as theglaesto beat the martingale model
for four out of the 11 countries. Note that the @amed Il forecasts perform better
than the Combined | (CI) forecasts. The result ppasently suggestive of the

importance of using GARCH models to allow for naekrity in volatility. The
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superiority of these 4 models (albeit moderatepaasured by the MSFE can be more
clearly seen in the case of Switzerland. All foundels are able to beat the
benchmark at the 5% level of significance (exceptfie GARCH model, which has
a R value of 12%). However, with allowance of datagpiog bias, the £in the last
row suggests that the best forecasting model artteng models is no better than the
martingale model, except for Switzerland that ARf¢hpdel clearly beats the
benchmark model.

The results obtained using the MAFE as the evalnatriterion (Table 3.2)
are very similar to those for the MSFE. The com@liienodels, when evaluated as a
single model, show superior forecasting abilityntilae benchmark for five countries,
which are mostly contributed by either the AR(hg GARCH(1,1) or both. All three
nonlinear-in-mean models fail to outperform the tingale model for all the markets.
The GARCH models, however, show a better predicthiéty when evaluated by the
MAFE relative to the MSFE. Nevertheless, with ferttallowance of data-snooping
bias, the apparent good performance of the Combinaddel disappears, again with
the only exception of Switzerland, where the AR(hpdel as the best model
outperforms the benchmark at the 5 percent levigh @lve B value of 0.04).

Table 3.3 and Table 3.4 report the results usiegettonomic criteria for all
developed countries. All results for these two raeas are in levels. The meaning of
these results is straightforward. The MFTR showves dhily profit (in percentages)
generated by the forecasts of the model, and th&D€hows the percentage of all
directional changes correctly predicted by the rhoHer example, in the case of
Switzerland, the AR (1) model generates profit 4i6@% per trading day on average
(or equivalently 40.7% per year with 251 tradingys)aduring the out-of-sample

period (before allowance for transactions cost) eotectly predicts 55.8% of the
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directions of changes which is mostly contributgdte superior performance of the
AR(1) model. The results based on the MFTR (TabB® 8uggest some evidence of
superior predictive ability for the 3 nonlineariman model' The NN model
generates statistically significant profit (i.e.0B5% per trading day) in case of the
Netherlands. The FC and Nonparametric models die dde to beat the predictive
power of the benchmark model in the Swiss stockketaHowever, for most other
countries, the nonlinear-in-mean models do notepm the benchmark model. On
the other hand, for three countries, Germany, ®ndnd, and the Netherland, the
results reveal that both AR(1) and GARCH(1,1) dte @0 improve the forecasts of
the martingale model. The numbers from the combfosgtasts as well as the reality
check test statisticRalso confirm the superiority of the AR(1) and GAR(E,1) over
the benchmark model for those 3 countries.

The results based on the MCFD criterion are sintathose based on the
MFTR in that the 3 nonlinear-in-mean models gemgnnot forecast the direction
of the changes. Only the NN model is able to oditper the benchmark in the
Netherland market, correctly forecasting directloctzanges in prices 49.1% of the
time, 4.8% more often than the martingale modelaiAgfor the three countries,
Germany, Switzerland, and the Netherland, the t®selveal that both AR(1) and
GARCH(1,1) are able to improve the forecasts ofrtfagtingale model. The numbers
from the combined forecasts as well as the realitgck B in the last row also

confirm the result.

2L Closely following Fama (1991) and Gencay (1998),deenot explicitly allow for transaction costs
in the evaluation of trading rule performance ofimas models. Although there are surely positive
information and trading costs, according to Fan@01}, the researcher instead should focus on the
more interesting task of laying out the evidencetl@ adjustment of prices to various kinds of
information (e.g., past returns in this study). sé\lnote that some evidence for nonlinear-in-mean
predictability would be even weaker after this édegtion of transaction costs, which reinforce the
main point of this study.
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Overall, there is very limited evidence for predhitity based on nonlinear-in-
mean models. Among the 11 developed markets, onlgodntries, Germany,
Switzerland, and the Netherlands show strong pradidy from the AR(1),
GARCH(1,1) and combined models based on the 4s8tati and economic criteria.
The results based on the statistical criteria ferrGany and Netherland, however, are
not as strong as that for Switzerland due to teegmficant reality check statistics of
P, values.

The results for six emerging markets in Table hfough Table 3.8 are
largely similar to those of the developed mark®ising statistical evaluation criteria
(see Table 3.5 and Table 3.6), our findings sugthedteven without allowance for
data-snooping bias, nonlinear-in-mean models gépecannot outperform the
benchmark, except that the FC model for Malaysid &mgapore outperforms the
benchmark based on the MAFE. The models that parthe best are again the
AR(1), GARCH(1,1), Combined I, and Combined Il (IBARCH model, however,
does not outperform the benchmark for any countngrwmeasured by the MSFE).
Furthermore, using MAFE (instead of the MSFE) asdtaluation criterion provides
stronger evidence of predictability in emerging keds. For example, the AR model
is able to beat the benchmark in only one markemeésured by the MSFE. The
predictive ability of this model, however, signdiatly improves if we use the MAFE
to measure forecasting errors. Overall, the siegisevaluation criteria show that
without allowance for data-snooping bias, for upfdar ETF indices, Hong Kong,
Malaysia, Singapore, and perhaps Mexico, the Comsbihmodel based mostly from
AR(1) or GARCH(1,1) model predictions is able totpmrform the benchmark.

Again, the allowance of data-snooping bias subisiénthanges the picture: the only
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P, that is in the last row and below 10 percent,os Malaysia with the MAFE
criterion.

The economic evaluation criteria in Table 3.7 aathl& 3.8show, similar to
the case of developed countries, that nonlineanéan models do not outperform the
benchmark except in a few cases. In the case n§ Hong, both FC and NP models
(as a single model) outperform the benchmark utd¢n the MFTR and MCFD
criteria while only FC model outperforms the benahnknunder MCFD for Singapore.
In this case, we also find some evidence of supdaiecasting ability of the FC
model over both the AR and GARCH models. Still, e and GARCH models
outperform the benchmark in some markets. In pdaicthe AR model outperforms
the benchmark for Hong Kong and Singapore basdobtm MFTR and MCFD, and
for Malaysia based on MCFD. When evaluated alore GARCH model
outperforms the benchmark in 5 out of 7 countrigseldl on MFTR. Overall, based on
economic criteria, there remains strong evidenter afllowance of data-snooping
bias (i.e., based on last row ¥alues) that there is predictability for Hong Koaigd
Singapore, in addition to Malaysia as suggestedrigyof the statistical criteria (i.e.,

MAFE).

3.5 Conclusion

This study investigates the martingale behaviaighteen stock market index
ETFs based on out-of-sample forecasts. In additioa linear model, this chapter
employs several popular nonlinear models to moreprehensively explore potential
nonlinearity in asset returns. Using both statdtiand economic criteria, we find
some evidence against the martingale hypothesiongnthe 18 ETF stock indices,

three out of 11 developed markets (Germany, Nethdd, and Switzerland) and three
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out of seven emerging markets (Hong Kong, Singapamd Malaysia) show

predictability in terms of either statistical oroeomic criteria, or both. However,
most of this evidence comes from the linear model the nonlinear-in-variance
GARCH model, while the popular nonlinear-in-mean dels (neural network,

semiparametric functional coefficient model, nompaetric kernel regression)
generally do not help much. This finding confirnhe in-sample evidence of Hsieh
(1989, 1991, and 1993) and Harris and Kucukozm@®1Rin the out-of-sample

context, and it is in line with Moreno and Olme@&@7) but differs from others (e.qg.,
Gencay, 1998, 1999; Hong and Lee, 2003). Certathly, differences of financial

markets under study might account for such diffefenlings. It is also important to
note that the allowance for data-snooping biasgusifhite’s Reality Check renders
apparent strong predictability on many markets & ténuous, and particularly
undermine otherwise impressive performance of Esecombinations. Hence, the
findings of the chapter underscore the importarfcallowing for data-snooping in

addition to the well-known overfitting problem odmlinear models.

Finally, our study also contrasts with earlier weo(k.g., Patro and Wu, 2004)
on the international stock market predictabilityngsthe variance ratio test. For
example, Patro and Wu (2004) (see their Table @)vdhat ten out of the eighteen
developed markets exhibit in-sample (linear) dadturn predictability. Our results
suggest that despite more thorough examination motilinear models and multiple
evaluation criteria, with the counteracting consatien of data-snooping bias, the
predictability of daily international stock markéidexes might not be even as

widespread as previously thought.
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Tablesand Figures

Table 3.1: Forecast Evaluation Results for Developed MarkeWsS+E

AU CA GE IT JP SW NE SP FR UK US

Benchmark 1.175 1.021 1.341 0.933 1.837 1.081 1.086 1.067980.90.844 0.492

AR(1) 1.039 1.017 0994 0.995 1.005 0.973 1.001 1.000 0.996 0.990 0.998
Py 1.00 100 004 008 079 000 064 046 006 0.18 0.18
P, 1.00 099 o005 009 078 000 067 048 006 0.16 0.18

GARCH(1,1) 0.998 0.998 0.996 0.998 1.000 0.998 0.997 0.998 0998 0998 0.999

P, 030 023 012 021 035 012008 019 021 011 0.36
P, 059 050 o008 011 068 000 027 045 010 016 0.35
NN(1,5) 1.007 1.001 1.001 1.018 1.014 1.053 1.002997 1.030 1.034 1.052
Py 071 053 053 097 097 100 068 032 100 0.99.001
P, 075 072 034 038 085003 055 059 042 037 0.65

FC(1,200) 1.043 1.012 1.027 1.006 1.010 1.001 1.016 1.017091.01.026 1.006
Py 100 09% 099 073 084 053 097 097 091 092910
P, 082 079 057 055 090 004 068 069 056 053 0.74
NP(200,400) 1.018 1.006 1.001 1.013 1.0080.988 1.005 1.004 1.008 1.006 1.004
P, 099 08 062 098 08 014 092 091 098 0.73.830
P, 086 083 059 064 095004 070 072 061 056 0381
Combined | 1.001 0.998 0.990 0.998 0.999 0.978 0.998 0.997 1.001 0.993 1.002

Py 049 031 002 030 039 000 029 016 059 022 0.76
P, 08 082 034 064 09 004 071 063 062 056 0.81
Combined Il 0999 0.995 0.990 0997 0.997 0.979 099 0.996 0.999 0991 1.000

Py 044 011 o000 011 024 o001 007 006 033 011 0.52

P, 086 062 033 064 084004 065 055 062 056 0381

Notes: (1) The data are daily data from April 1, 1996 to August 25, 2D\18. i the bootstrap
p-value for comparing a single model with the martingale madel jenchmark model) using
White’s (2000) test with 1000 bootstrap replications and a boptstr@othing parameter g =
0.75. P, is the bootstrap reality chegkvalue for comparingk models with the martingale

model, where the null hypothesis is that the best of thelfinsvdels has no superior predictive
power over the martingale model. (3) AR, NN, FC, NP are varimoslels under
considerations. For the benchmark model, the MSFEs are in les§.( For all other
models, they are MSFE ratios relative to that of the bendhmadel. The smaller MSFE, the
better predictive ability of a model
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Table 3.2: Forecast Evaluation Results for Developed MarkeWsAFE

AU CA GE IT JP SwW NE SP FR UK usS
MAFE

Benchmark 0.838 0.792 0.904 0.764 1.062 0.814 0.799 0.78779.70.708 0.548
AR(1) 1.008 1.006 0.997 0.997 0.998 0.985 1.001 0999 0999 0.991 1.000
Py 090 093 009 008 028 001 063 038 019 007 046
P, 089 094 010 008 029 000 064 041 019 006 0.46
GARCH(1,1) 0.996 0.996 0.997 0.999 1.000 0.999 0.999 0999 1.000 0999 0.996
P, 002 001 004 020 033 013 018 038 041 0.32001
P, 029 013 010 008 029 000 044 060 0.33 006 0.02
NN(1,5) 1.003 1.000 1.003 1.014 1.008 1.034 1.004 1.001161.01.020 1.034
P, 063 052 068 100 09 100 078 062 1.00 1.00.001
P, 047 033 037 031 050002 068 077 062 014 035
FC(1,200) 1.014 1.002 1.011 1.004 1.0020.995 1.014 1.008 1.006 1.005 1.001
Py 099 066 097 081 066 023 100 09 09 074710
P, 053 042 056 047 065003 078 084 072 024 0.39
NP(200,400) 1.008 1.004 1.000 1.005 1.0030.996 1.003 1.002 1.006 1.000 1.006
Py 099 091 054 09 074 027 089 090 098 05490
P, 05 044 060 054 073004 083 08 079 025 042
Combined | 1.000 1.000 0.994 0.999 0.997 0.988 0.999 0.999 1.001 0.992 1.002
Py 051 046 002 031 019 001 032 028 076 007 0.93
P, 05 044 030 054 068 004 083 081 079 025 042
Combined Il 0997 0.997 0.994 0998 0.998 0.988 0998 0.999 1.000 0992 1.000
Py 010 o007 001 012 018 001 012 020 0.64 005 0.55
P, 05 044 029 054 068 004 072 077 079 025 042

Notes: (1) The data are daily data from April 1, 1996 to August 25, 22(18. is the bootstrap
p-value for comparing a single model with the martingale madel jenchmark model) using
White’s (2000) test with 1000 bootstrap replications and a boptstreothing parameter q =
0.75. P, is the bootstrap reality chepkvalue for comparingk models with the martingale

model, where the null hypothesis is that the best of the first
predictive power over the martingale model. (3) AR, NN, FC,arPvarious models under
considerations. For the benchmark model, the MAFEs are in lex&g).( For all other

models, they are MAFE ratios relative to that of the benchmadel. The smaller MAFE, the
better predictive ability of a model.

Isddes no superior
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Table 3.3: Forecast Evaluation Results for Developed MarkeVd=TR

AU CA GE IT JP SW NE SP FR UK us

Benchmark  0.090 0.094 -0.017 0.075 -0.019 0.019 -0.053 0.086.075 0.053 0.026

AR(1) -0.003 -0.017 0.083 0.087 0.028 0.162 0.012 0.033064€ 0.055 0.033
Py 0.98 1.00 004 0.37 0.21 0.01 0.09 0.91 0.63 0.50 0.40
P, 0.98 1.00 003 0.37 0.23 0.00 0.10 0.90 0.67 0.47 0.42

GARCH(1,1) 0.090 0.094 0.080 0.075 -0.032 0.073 0.072 0.08607%. 0.068 0.036

P, 1.00 1.00 0.01 1.00 0.66 0.01 0.02 1.00 1.00 0.06 0.26
P, 0.50 0.51 0.04 0.37 0.29 0.00 0.03 0.50 0.53 0.40 0.51
NN(1,5) 0.054 0.022 0.003 -0.018 0.001 -0.055 0.025 0.040.011 -0.034 -0.031
Py 0.77 0.91 0.37 0.95 0.36 0.90 0.06 0.89 0.96 0.95 0.93
P, 0.68 0.69 0.08 0.57 0.42 0.01 0.03 0.72 0.72 0.57 0.64

FC(1,200) -0.022 0.042 0.017 0.045 0.037 0.112 -0.026 -0.01012 0.053 0.001
Py 0.99 0.96 0.22 0.78 0.18 0.03 0.26 0.98 0.96 0.47 0.83
P, 0.75 0.77 0.09 0.64 042 001 0.03 0.77 0.79 0.61 0.70
NP(200,400) 0.052 0.090 -0.051 -0.008 0.026 0.107 -0.050 0.048029 0.034 -0.017
P, 0.93 0.57 0.71 0.96 0.25 0.06 0.51 0.87 0.80 0.66 0.86
P, 0.82 0.84 0.11 0.69 0.45 0.01 0.03 0.82 0.81 0.64 0.74
Combined | 0.025 0.047 0.081 0.044 0.041 0.138 0.011 0.088 680.00.066 0.035
Py 0.96 0.87 0.04 0.77 0.17 0.01 0.08 0.48 0.58 0.39 0.41
P, 0.84 0.86 0.12 0.70 0.44 0.02 0.04 0.83 0.83 0.65 0.75
Combined Il 0.089 0.086 0.099 0.073 0.038 0.135 0.027 0.069 530.00.067 0.034
P, 0.54 0.62 0.02 0.52 0.17 0.01 0.03 0.71 0.78 0.37 0.37

P, 0.87 0.88 0.07 0.73 0.44 0.02 0.04 0.85 0.84 0.66 0.76

Notes: (1) The data are daily data from April 1, 1996 to August 25, 2PPB. is the bootstrap
p-value for comparing a single model with the martingale model fenchmark model) using
White’s (2000) test with 1000 bootstrap replications and a bootstraptisimg parameter q =
0.75. P, is the bootstrap reality chepkvalue for comparingk models with the martingale
model, where the null hypothesis is that the best of the kirsbdels has no superior predictive
power over the martingale model. (3) AR, NN, FC, NP are vanmdels under considerations.
The larger MFTR, the better predictive ability of a model.
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Table 3.4: Forecast Evaluation Results for Developed Marke¥sCFD

AU CA GE IT JP SW NE SP FR UK US

Benchmark 0.552 0.557 0.491 0.523 0.494 0.502 0.443 0.523120.50.497 0.539

AR(1) 0.522 0497 0.522 0520 0.513 0.558 0.481 0.507980.40.518 0.519
Py 090 100 009 056 020 001 003 078 077 020 0.79
P, 091 100 o008 053 019 001 004 077 075 020 081

GARCH(1,1) 0552 0.557 0.530 0.523 0.492 0.522 0.513 0.523120.50.506 0.549

P, 1.00 100 002 100 054 004 001 100 100 0.09 0.20

P, 050 049 007 048 023 001 001 047 049 020 0.43
NN(1,5) 0.524 0.499 0.498 0.466 0.483 0.453 0.491 0.498940.40.483 0.470
Py 090 099 038 098 066 096002 089 074 068 1.00
P, 071 066 011 068 036 003 001 069 068 033 0.56

FC(1,200) 0.507 0.528 0.502 0.507 0.508 0.532 0.453 0.481870.40.511 0.516
Py 098 09 029 076 027 013 032 09 091 0.29870
P, 076 074 012 073 044 004 001 076 075 037 0.62
NP(200,400) 0.527 0.540 0.494 0.477 0.501 0.528 0.460 0.508780.40.509 0.452
P, 09 08 041 097 042 015 017 078 0.89 0.33.001
P, 082 081 014 077 047 004 001 081 079 040 0.66
Combined | 0508 0.507 0.532 0.491 0.513 0.540 0.486 0.513980.40.522 0.507
Py 099 099 004 091 021 005 002 069 074 016 0.90
P, 084 083 014 078 048 004 001 082 081 036 0.67
Combined Il 0549 0.543 0.525 0.511 0.512 0.540 0.493 0.507 930.40.522 0.533
P, 058 079 005 075 022 006 000 087 087 015 061
P, 087 08 015 080 048 004 001 084 083 037 0.69

Notes: (1) The data are daily data from April 1, 1996 to August 25, 2P(18. is the bootstrap
p-value for comparing a single model with the martingale madel jenchmark model) using
White’s (2000) test with 1000 bootstrap replications and a boptstr@othing parameter g =
0.75. P, is the bootstrap reality chepkalue for comparingk models with the martingale
model, where the null hypothesis is that the best of the first Isdues no superior

predictive power over the martingale model. (3) AR, NN, FC,akvarious models under
considerations. The larger MCFD, the better predictive ability of almode
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Table 3.5: Forecast Evaluation Results for Emerging MarkefSFE

HK  MA Sl T™W MX  SK BR
Benchmark  1.1390.845 1.228 1.926 2.216 2.433 4.590

AR(1) 0985 0.991 0.989 1.014 1.006 1.001 1.000
P1 0.12 007 024 089 099 061 048
P> 009 007 022 092 097 061 047
GARCH(1,1) 0.998 1.000 0.997 1.001 0.996 1.000 0.998
P1 0.17 030 012 0.78 0.16 052 0.31
P> 009 007 022 09 021 074 0.53
NN(1,5) 1.012 1.003 1.052 1.050 1.012 1.020 1.023
P1 0799 064 100 099 089 093 0.84
P> 024 021 045 096 049 0.88 0.76
FC(1,200) 0.986 0.990 0.994 1.012 1.019 1.002 1.002
P1 019 018 035 091 097 062 0.58
P> 034 032 049 097 067 095 0381
NP(200,400) 1.0000.990 1.002 1.008 1.002 1.007 1.002
P1 052 010 060 082 068 0.8 0.64
P> 034 034 053 098 0.72 098 0.83
Combined | 0977 0.987 0.987 1.006 0.999 0.998 0.997
P1 002 002 015 0.76 033 0.26 0.32
P> 0.15 0.20 0.47 098 0.72 090 0.75
Combined Il 0.978 0.988 0.986 1.001 0.997 0.998 0.995
P1 001 003 008 056 014 0.22 0.18
P> 0.15 0.20 045 098 0.72 090 0.67

Notes: (1) The data are daily data from January 4, 1999 to Augug0@,for
most of the emerging markets under consideratior (2) s thetiapyis/alue

for comparing a single model with the martingale model (thehyeack model)
using White’s (2000) test with 1000 bootstrap replications and astbaot

smoothing parameter g = 0.7%, is the bootstrap reality cpeckue for
comparing kK models with the martingale model, where the null hygistle
that the best of the firsk models has no superior predictive powesr the

martingale model. (3) AR, NN, FC, NP are various models under
considerations. The smaller MSFE, the better predictive ability afdein
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Table 3.6: Forecast Evaluation Results for Emerging Markef$AFE

HK  MA Sl T™W MX SK BR

MAFE
Benchmark  0.8170.710 0.852 1.078 1.122 1.222 1.665
AR(1) 0990 0.992 0.986 1.011 1.005 1.000 1.002
P1 009 002 004 095 100 052 O0.77
P> 008 002 005 095 099 0.49 0.79
GARCH(1,1) 1.001 1.001 0.997 1.002 0.994 0.999 0.996
P1 061 0.88 003 090 001 0.23 0.06
P> 008 002 005 095 002 043 010
NN(1,5) 1.008 1.002 1.028 1.030 1.005 1.014 1.013
P1 080 063 099 099 086 095 0.93
P> 0.18 006 019 098 0.13 0.68 0.43
FC(1,200) 0.987 0.990 0.989 1.010 1.009 1.001 1.002
P1 0.11 005 007 094 094 0.67 0.62
P> 0.16 006 020 099 0.27 0.79 0.58
NP(200,400) 1.0000.994 1.002 1.007 0.999 1.002 0.997
P1 055 012 061 082 031 0.78 0.22
P> 0.16 008 0.22 099 028 0.87 0.60
Combined ! 0986 0.991 0.990 1.007 0.999 0.999 0.999
P1 002 001 005 090 034 037 041
P> 0.14 008 022 099 0.28 0.87 0.60
Combined Il 0.987 0.992 0.990 1.004 0.997 0.999 0.998
P1 001 001 005 0.83 007 026 0.22
P> 0.14 008 0.22 099 028 0.87 0.60

Notes: (1) The data are daily data from January 4, 1999 to Augu20@5 for
most of the emerging markets under consideratior (2) s thetiapyis/alue

for comparing a single model with the martingale model (thehreak model)
using White’'s (2000) test with 1000 bootstrap replications and astoaot

smoothing parameter g = 0.7%, is the bootstrap reality cpeckue for
comparing k models with the martingale model, where the null hygistle
that the best of the firsk models has no superior predictive powesr the

martingale model. (3) AR, NN, FC, NP are various models under
considerations. The smaller MAFE, the better predictive ability od@ein
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Table 3.7: Forecast Evaluation Results for Emerging Market$FTR

HK MA Sl

T™W MX  SK BR

Benchmark  -0.016 0.024 0.018 -0.0330.147 0.126 0.158
AR(1) 0.068 0.072 0.106 0.016 0.066.137 0.183
P1 007 014 006 028 098 036 0.33
P> 005 012 006 028 099 0.38 0.32
GARCH(1,1) 0.085 0.052 0.079 0.021 0.149©.125 0.158
P1 003 011 007 009 000 0.78 0.00
P> 004 014 o007 032 049 038 0.32
NN(1,5) -0.009 -0.035 -0.004 -0.076 0.013 0.025 0.046
P1 044 088 064 067 097 0.86 0.89
P> 006 029 012 046 0.73 0.68 0.57
FC(1,200) 0.094 0.046 0.057 0.034 0.04D093 0.141
P1 001 035 025 022 094 0.71 0.55
P> 005 032 013 041 082 0.78 0.67
NP(200,400) 0.050 0.063 0.066 -0.083.144 0.110 0.158
P1 010 0.18 022 072 055 0.81 0.46
P> 005 036 016 046 089 085 0.71
Combined |  0.107 0.059 0.096 -0.008.115 0.098 0.218
P1 002 021 011 036 084 081 0.25
P> 003 037 017 048 092 087 054
Combined Il 0.111 0.072 0.121 -0.038.155 0.121 0.172
P1 001 014 004 049 031 056 0.40
P> 002 037 011 049 087 089 0.55

Notes: (1) The data are daily data from January 4, 1999 to AR§UR006 for most
of the emerging markets under consideration.P(2)

is the bootstvapue for

comparing a single model with the martingale model (the ben&madel) using
White’s (2000) test with 1000 bootstrap replications and a bootstraything

parameter g = 0.7F,

is the bootstrap reality ctpee&lue for comparingk models

with the martingale model, where the null hypothesis is thabése of the firstk
models has no superior predictive power over the martingale m@g8elAR, NN,

FC, NP are various models under considerations.

predictive ability of a model.

The largeiRMEE better
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Table 3.8: Forecast Evaluation Results for Emerging Markef4GFD

HK MA S TW  MX SK BR
Benchmark 0.4760.479 0.498 0.477 0.561 0.549 0.564

AR(1) 0.523 0.505 0.544 0.474 0.526 0.545 0.557
P1 003 009 003 052 099 0.62 0.70
P> 004 009 003 051 099 0.62 0.70
GARCH(1,1) 0.498 0.490 0.526 0.481 0.561 0.549 0.564
P1 0.13 0.13 002 0.34 100 0.32 1.00
P> 005 009 003 058 048 0.64 049
NN(1,5) 0.477 0.463 0.491 0.459 0.517 0.512 0.515
P1 047 068 058 068 099 089 1.00
P> 009 0.22 o007 072 069 081 0.72
FC(1,200) 0.5330.505 0.531 0.497 0.510 0.536 0.548
P1 001 0.13 006 0.22 098 0.77 0.73
P, 004 026 008 046 080 0.89 0381
NP(200,400) 0.5140.498 0.505 0.477 0.557 0.542 0.560
P1 005 0.20 040 049 062 088 0.71
P, 005 032 010 051 0.87 095 0.86
Combined |  0.5330.505 0.540 0.479 0.542 0.532 0.564
P1 002 0.14 005 046 094 094 0.50
P> 005 034 011 052 089 096 0.88
Combined Il 0.537 0.510 0.551 0.481 0.563 0.545 0.566
P1 000 007 001 042 035 0.72 0.38
P, 004 023 006 053 088 097 0.84

Notes: (1) The data are daily data from January 4, 1999 to Augug0@,for
most of the emerging markets under consideratior (2) s thetiapyis/alue

for comparing a single model with the martingale model (thehyeack model)
using White’s (2000) test with 1000 bootstrap replications and astbaot

smoothing parameter g = 0.7%, is the bootstrap reality cpeckue for
comparing kK models with the martingale model, where the null hygistle
that the best of the firsk models has no superior predictive powesr the

martingale model. (3) AR, NN, FC, NP are various models under
considerations. The smaller MFCD, the better predictive ability of almode

62



Table 3.9: The Summary of Models

Name Models for E(Y, |I,,) andsignE(Y; [1,,]

Benchmark ECY, |1,,)=x

1. AR(d) ECY, 1) =B+ 2 LAY,

2.GARCH b q
(p.) E(Y, [114) = 1 whereo =+ B0l +2 s,
, j=1 i=1
d d
T LA LA WVASES WCI RS WA S

G(2)=(1+e)"
d _
4 FCd,L) B ) =aU)+ Y e (U)Y, ) whereU, =Y, — LD Y, |

j=1

5. NP(k,m) ECY [10) = 9(Y Yiz)

6. Combined I 2 (1), NN(1,5), EC(1,200) and NP(200,400)
(1,3, 4,5)
Zi_g)‘)mb'”ed " AR(1), GARCH(L,1), NN(1,5), FC(1,200) and NP(200,400)

Notes: The benchmark model is the martingale model. AR(dhdsautoregression model.
GARCH(p,q) is the generalized autoregressive conditional h&tatasticity model. NN (d,q) is
the neural network model. FC is the functional coefficient moti€ai, Fan and Yao (2000). NP
is the nonparametric model estimated by the kernel estimagiproach. For NRM) models the
smoothing parameteh is used in nonparametric estimation for minimizikgeriod out-of-
sample
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CHAPTER 4
Arbitrage Trading and Relative I nfor mational
| nefficiencies. The Case of Foreign Exchange

Markets

4.1 Introduction

The microstructure implications of financial makdtave been the focus of a
significant amount of research in recent years Well documented that market frictions
have an impact on the price formation process. &/hsset pricing theories in the
presence of frictionless markets allow for instaetaus diffusion of information, it is
clear that trading frictions impede the smooth fpooation of information into prices.
Although, in hypothetical frictionless markets, anhation is impounded into prices
instantaneously, there is ample evidence of siegaigtions which may cause temporary
deviations of prices from their no-arbitrage valuAs information is generated in the
market, prices will adjust to reflect any new imf@tion through the trading process. This
adjustment process may be delayed, however, bgigerticrostructure aspects, which in
turn will create temporary arbitrage opportunifiesmarket participants.

In a set of two or more assets whose value depemdscommon information set,
their prices should react and adjust so that ndg each price will reflect the new

information quickly but also so that creating atfmio of these assets will not generate
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arbitrage profits. This hypothesis would only hatda frictionless world. In reality,
however, there are two factors that will preverd thstantaneous adjustment of these
prices: (i) the existence of trading frictions, andre importantly, (ii) the fragmentation
of financial markets. The latter of these two fastamplies not only that financial
markets face microstructure frictions, but alsa #e&ch one of these markets may face
different types of frictions or the same type a€tion with different intensities. In other
words, there are market-specific characteristied Will affect the speed at which the
market will incorporate information into pricesatie to other markets.

The fragmentation of financial markets and the re@sgpecific frictions give way
to another well-documented phenomenon: the leagftsgt. Lo and Mackinlay (1990)
first documented lead-lag patterns in equity makdthey found that the returns of
small-cap stocks are correlated with tlagged returns of large-cap stocks. Several
hypotheses have been offered to explain thesenfysdiAmong these explanations are
nonsynchronous trading, time-varying risk premiad differential speeds of adjustment
of stocks to economy-wide information shocks. Tdigel of the three was suggested by
Brennan, Jegadeesh and Swaminathan (1993) ankinioven as the speed of adjustment
hypothesis. The differentials in the speed of adjest add another dimension to the
price formation process through the behavior oft@tpeurs and market makers. If the
leading market incorporates information first, tewer adjustment of prices to
information in the lagging market implies the eaiste of an intermarket information

diffusion channel (Kumar and Seppi (1994)). Arlagars and market makers are then

22 A market is informationally efficient if its prisereflect information instantaneously. Two marldsisen
by a common information set may incorporate any imdarmation into prices with different speeds. §hi
difference in the speed of adjustment can thereba as a measure of relative informational inefficies
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responsible for eliminating the informational gdpough trading and quote-updating,

respectively.

Arbitrage trading has a pivotal role in the devehemt of several fundamental
financial theories such as the law of one price madket efficiency. In fact, Roll et al.
(2007) argues that deviations from no-arbitragati@hs should be related to market
liquidity, because liquidity facilitates arbitragehis chapter investigates the relationship
between the speed of adjustment hypotfgaisd arbitrage trading by examining the role
of intermarket information diffusion in the pricerimation process. In an attempt to close
a gap in the literature, this chapter explores eoglly the relationship between arbitrage
trading and the degree of relative informationdicefncy of financial markets. More
specifically, it argues that the behavior of adgeurs, measured by the dynamics of the
futures-cash basis, is related to the differennethe rate at which markets incorporate
common information into prices. Large differentiais the speed of adjustment of
markets to new information may temporarily movecgsi away from their appropriate
level, where the futures-cash basis is zero. Astdme time, a wide basis may reveal new
information in the form of order flow by triggeringrbitrage trading. Extreme order
imbalances could create inventory problems for etankakers and affect the adjustment

speeds across markets. We explore these ideasdakbiional causality by examining

% The speed of adjustment hypothesis has a pregatiite in explaining the lead-lag effect documerited
equity markets. Chordia and Swaminathan (2000) igeoevidence that the lead-lag effect arise due to
differential speeds of adjustment of stocks to camrinformation shocks. Their results suggest that b
examining the relationship between the speed aisaient hypothesis and arbitrage trading, thisystud
simultaneously argues that the existence of a legd:ffect makes arbitrage trading possible, are vi
versa.
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the joint dynamics of the futures-cash basis arel redative information share — a
measure of adjustment speed differentials.

Kumar and Seppi (1994) developed an informationatieh of arbitrage. They
argue that arbitrageurs do not generate new infiomal he informational advantage of
the arbitrageur comes “second hand” from his/hdityalto use information known in
one part of the financial system before it is knawmnother. Therefore, they argue that
the lead-lag effect in fragmented markets and ¥istence of an intermarket information
diffusion channel create arbitrage opportunitiesafole traders. Arbitrage trading plays a
significant role in market efficiency since theg aesponsible for channeling information
already known in the leading markets into the laggimarkets.

There are several areas in which this study carg#to the already existing
literature. First, it examines the relationshipwestn arbitrage trading and adjustment
speed differentials across markets that trade aheeaunderlying asset: futures and cash
markets. As documented in Hou (2007), the lead-dfpct is more important
economically and it is statistically stronger if Ve®k at stocks within an industry rather
than across industries. Therefore, the selectiomarkets that are very sensitive to a
common information set is necessary to guaraneedhdity of the results. A large part
of the literature explores equity markets acrosekst that are not strongly tied to a
common information set. Second, we explore intragiayamics. Chordia et al. (2005)
find that equity markets (i.e. NYSE stocks) reactnew information very quickly by
converging to weak-form market efficiency withind 10 minutes. The measure of the
differential speed of adjustment across market®istructed using transaction (tick-by-

tick) data. Third, this study attempts to close ¢fagp between two distinct but related
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areas in the literature. On the one hand, sevardies explore the relationship between
market frictions (i.e. (il)liquidity) and the leddg effect. On the other hand, research
focuses on the interdependence between marketoffisctand deviations from no-
arbitrage relations. In this chapter, the leadd#fgct is directly related to no-arbitrage
violations through the lagged adjustment mechaffism fact, Hou et al. (2005) argue
that the information deldy can be used as a parsimonious measure of sevarkem
frictions. Fourth, this chapter proposes the usa obncrete measure of differentials in
the speed of adjustment to information: differenceshe share of information across
markets introduced by Hasbrouck (1995). Finallyt aoly can the lead-lag effect be
better captured within markets trading the sameetyidg, but this chapter considers the
foreign exchange market which, to my knowledge,rf@deen explored as of yet.

The rest of the chapter is organized as followstiGe 4.2 presents the data.
Section 4.3 explains the construction of the véeslin detail. Section 4.4 offers some
preliminary evidence. Section 4.5 describes thenasibn procedure and presents the

results. A brief summary concludes the chaptereictiSn 4.6.

4.2 Data Description
The dataset consists of intraday tick by tick oba@ons (later converted to 5-

second intervals) covering a 4-month period fronilMth, 2005 until July 29th, 2005.

2 We follow the recent literature by arguing thdftatiences in the speed of adjustment of marketeto
information gives way to the lead-lag effect. Usithis well documented cause-effect relationship, we
construct a quantitative measure for the adjustnspeed differentials — the difference in informatio
shares. By examining the joint dynamics of the fegecash basis and the information shares diffiadent
we directly investigate the relationship betwedriteage trading and the lead-lag effect.

% The information delay presented in Hou (2005) issad as a single parsimonious measure of market
frictions and it quantifies the speed at which gsicespond to economy-wide information shocks.

% Not all trading days within the four-month sampkiod have been used in this study. Several days h
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Prices are log-transformed and multiplied by a tamsnumber ¢ =log(p,)*1Q 00C).

Data were obtained for three major financial instents (regular futures, E-mini futures
and the interdealer spot markétjn two currency markets (Euro/US$ and Yen/US$).
Both E-mini futures and the spot market are eleitally traded while regular futures
have both floor trading and electronic tradinghe same time from 7:20 a.m. to 2:00
p.m., but only electronic trading in other times.this study, however, only data from

electronic trading are uséd.

4.2.1 Futures Market Data

The regular and E-mini futures data are the tine sale data from the Chicago
Mercantile Exchange (CME). These futures are thstractively traded FX futures in the
CME. Table 4.1 provides the summary statisticstfa futures contracts used in this
chapter. Specifically, for the regular futures caats, they are not only traded at the
CME Globex electronic market but also are tradelk-by side with the floor trading
using the open outcry system during the regulardiouCME E-mini Japanese Yen

futures and E-mini Euro futures began trading i@9.8xclusively on CME Globex. E-

been excluded from the estimation due to the ld¢kading activity in all markets simultaneouslulyl4th
and July 11th through July 15th have been excluieck not all markets are open to trade on thegs, da
and the econometric techniques rely on having ficgrit number of observations for all instrumefds
all days.

" The Chicago Mercantile Exchange (CME) is the lardetures market in the U.S. and the second larges
in the world (after the Eurex). It offers regulartdres contracts on equities, commodities, curesci
interest rates, etc. It also offers E-Mini futuoemtracts on a selected number of assets. The Efidures
contracts are half the size of the regular futagsract and are only traded electronically throtighCME
Globex trading platform.

% The regular floor trading data during the sam@eqal were also obtained. However, the floor ingds
very infrequent compared with electronic tradinge(§ able 4.1), thus the floor trading data areused in
the analysis, even though the analysis is restrictéhe period of the floor trading hours.
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mini futures contracts are sized at one-half of ibgular futures contracts to make E-
mini trading affordable to traders with small margiccounts.

While CME offers a forum for trading the Yen anck tBuro in its FX futures
markets on both its Globex electronic trading platf as well as on the trading floor, the
trading hours differ across these two trading ver(see Table 4.1). This study will only
include intraday data for the period of the day wht markets are open (7:20 am to 2:00
pm). These daily samples will make it possible malgze the price dynamics during
information-intensive periods, as the data willoalat least partially) capture any
information generated in the floor trading durihgstperiod.

For the futures contracts, the nearby contracthis most active contract.
Therefore, only the last three full months of tife bf nearby contracts are used, and they
are rolled over to the next nearby contract thedag of the month prior to the expiration
month. Hence, the sample period for the regulaurést contracts is constructed using
transaction prices from two months (April and May)the June 2005 contract and two
months (June and July) of the September 2005 aintra

The futures volume statistics in Table 4.1 show tha most frequently traded is
the Euro/US$ regular futures contract. On the ottaerd, the Yen/US$ E-mini futures
contract is far less traded than any of the oth&ruments. Day trading on Globex seems
to be the most active of all. Night and overnigating accounts for roughly 25% of the
daily volume in all markets. Furthermore, floor dirsg accounts for a very small
percentage of the total daily volume in these @dnrre markets. The information clearly
suggests the attractiveness of the sample datehwbicers day trading in the electronic

markets (GLOBEX).
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4.2.2 Spot Market Data

The spot foreign exchange market is much less aered than the FX futures
markets. This market is best described as a dedtieett multiple-dealer market. There is
no physical location or exchange where dealers wibetr traders, nor is there a screen
that consolidates all executable quotes in the atatk this way, the spot FX market is
very different from most futures markets. Dominatgdnterbank trading, spot currency
transactions occur in the over-the-counter (OTCjketa. Cash currency trading takes
place in a number of interconnected markets. Onother hand, private vendors offer
electronic trading platforms and market data abéeldor a fee. These retail markets are
very accessible to small traders; however, thesd markets are different from the inter-
dealer market where large traders account for mbgte daily trading volumes in the
currency markets. The current market participamés klanks, commercial companies,
central banks, investments companies, and retaibfékers. There are 3 main features
that distinguish spot FX markets from other marketsvery high trading volume,
interdealer trading accounts for most of the voluamel transparency is low.

The spot market data for this study were colledteth one of the two leading
electronic brokers of interdealer spot foreign exuae market, EBS. Although retail
electronic trading in the FX spot markets has begploding, most of the trading is
concentrated in the interbank market. Currentlyp ®lectronic brokering systems are
used globally for interbank spot trading, one adteby Electronic Broker System (EBS)
and one offered by Reuters (Dealing 3000). The E88 and Yen/US$ are traded

primarily on EBS. Therefore, our data were colldcfieom the leading electronic
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brokering system in the Euro/US$ and Yen/US$ irekbmarkets, which comprises
most global transactions in these two FX mark&tss data provider offers a screen-
based anonymous dealing service, operating dutoigabtrading hours, which supports
trading in all major currencies. Each day 2,00@dra on more than 700 floors globally
use this trading platform to trade an average oDU& billion a day in spot foreign
exchange transactions. The data obtained for tberafes are the bid/ask midpoint. As
mentioned in the introduction, the EBS has becdmeenmajor trading platform for the
two most traded currency pairs, the Yen and the Eur

Table 4.2 reports the summary statistics of altenoy markets for both exchange
rates. During the 4-month period covered in thepdamrading activity in terms of price
quote is significantly higher in the regular futsie@nd spot markets. For the Euro market,
the number of transactions is higher in regulaureg than the number of midpoint
quotes in the spot market; while for the Yen markae® number of midpoint quotes is
higher in the spot market. At the first look, thésult on the Euro is surprising given the
general notion that the spot market is much latigen the futures market. The result is
also consistent with Rosenberg and Traub (2007) fetiod that there are more futures
trades during regular futures trading hours thaat th the spot market. Moreover, we
only consider regular futures trading hours on@\E Globex (8:20 a.m. to 3:00 p.m.
Eastern time), and this time period does not fallgrlap with some of the times of heavy
volume in the spot market. On the other hand, indata, the EBS mid-quotes between
bid and ask prices are used for the spot marketadiual transaction prices are used for

both futures markets. Given that multiple trangaxgican occur at the same quote, the
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use of midpoint quote would imply that there arerenfar more actual transactions in the
spot markets than indicated by the number of olagiens on Table 4.2.

The higher number of daily average trades in tigallee futures market does not
extend to the E-mini futures market. Trading atgivh the E-mini futures markets is
significantly lower than either of the other two nkets considered here. In particular, the
Yen/US$ E-mini futures contract has a relative e low trading frequency with 42
trade per day on average over the sample periodcd;léhe E-mini Yen futures time
series is dropped from the present analysis becafisthe very low number of
observations within a day. This low trading fregeyeprevents the convergence of our
estimation method resulting in considerably unkaéia parameter estimates and
information share measures.

As the correlation coefficient matrix shows, theiese are highly correlated. An
exception is the correlation between the E-miniti@ot and the other two instruments in
the Yen/US$ market. This correlation is particyldow, due to infrequent trading in the

E-mini Yen futures market.

4.3 Construction of Variables
Using intraday (tick-by-tick) data, daily obseneats were constructed for two

variables: (i) the relative futures-cash basis, thied(i) the information share difference.

4.3.1 Rdative Futures-Cash Basis
Two different time series of the bases can be coctsid for the US$/Euro

market. One of the series is based on the regutiarefs contract, while the other is based
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on the smaller E-Mini futures contracts. For theWN&S$ market, we will examine only
one basis time series based on the regular futmeisact. Let F be the current futures
price, S be the spot exchange ratgthe risk-free rate for lending and borrowing ie th
domestic market, t the time to contract expiratiand f the risk-free for lending and
borrowing in the foreign market. We define the tieka currency futures-cash basis

(henceforth, termed the “no-arbitrage basis”) dis\s,

(g o)t
NABAS = FET_S (4.1)

In a frictionless world, the no-arbitrage basis i8tlobe equal to zero. In practice,

however, this quantity exhibits considerable tirmges variation. These deviations from

zero in the no-arbitrage basis will be used asoaypfor relative mispricing which may

trigger arbitrage trading.

In order to empirically construct the daily timeriss for the no-arbitrage basis
(equation (4.1)), the following data is used: Fthe daily closing price of currency
futures contracts traded in the Chicago Mercaiiidehange. There are three time series
for the futures contracts as explained in the datdion abov@. S is the spot currency
price for the Euro/US$ and the Yen/US$. The riskidsmestic and foreign rates are the
US$ denominated and the Euro (or Yen) denominatB®R, respectively. The yield

curve for the LIBOR is extrapolated when necessary.

# Three different time series of the bases have beestructed: (1) Euro/US$ regular futures congréjt
Euro/US$ E-Mini futures contract and (3) Yen/US§ular futures contract. The Yen/US$ E-Mini regular
futures contract was not used because it is inglgtivaded (an average number of transactions qiet2
day, see Table 4.2).

74



Table 4.3 presents the summary statistics for batlables used in this chapter.
The mean and median of all three no-arbitrage b@6&BAS) time series are very close
to each other. More importantly, when we test thataverage no-arbitrage basis is equal
to zero, we reject the null hypothesis for all thbases at the 5% level of significance (all
three p-values are well below 1%). This shows s@r&iminary evidence of the
significant deviations of the futures-cash currebeges from their no-arbitrage values.
These findings are robust across different curremeykets (Euro/US$ and Yen/US$)
and across markets with different degrees of ligpidregular and E-Mini futures

contracts).

4.3.2 Information Share Differences

In order to quantify the differential speed of adjuent to new information across
markets, we construct a statistical measure basétbhebrouck (1995) information share
approach. This newly constructed statistic can bensas a measure of relative
informational inefficiencies across markets. Hagbko(1995) proposed the “information
share”, which measures the portion of a subsethef market's information that is
impounded into prices by different markets tradihg same underlying security. The
market with the largest information shares “leatli&® other markets by reacting to new
information first. If the innovations in a marketivé the reaction of the other markets,
then this market is informationally domin&htHasbrouck (1995) decomposes the price

series into a random walk component and a statjooamponent. The random-walk

%0In this sense, differences in the information ehairtwo markets trading the same underlying asset
serve as a proxy variable that quantifies theiddea relationship. In fact, Hasbrouck (1995) desirthe
information share as a measure of “who moves firsthe process of price adjustment.
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component represents the security’s efficient pnbech is common to all markets, while
the stationary term captures market-specific charatics. Studying the properties of
this common component is the goal of this measimeparticular, this technique
decomposes the variance of the common efficiegepriandom walk) innovations. The
portion of the variance explained by each marketaed the information share of
market j.

The Stock and Watson (1988) common trends reprasemof the price model is

as follows:

b = po (X + P (L)e, (4.2)

i=1

where p, is a constant n-vector an#f(L) is a matrix polynomial in the lag operator.

More specifically, the first term on the right-hasidle of equation (4.2) is a vector of
initial values that may reflect non-stochastic eliéinces between the price variables. The
second term is the product of a scalar random wamatka unit vector, which captures the
random walk component that is common to all prites “efficient” price). Although
this component is unobservable without further tdieation restrictions, its innovations
have the property that they are linear in the digtnces. The third term in equation (4.2)
IS a zero-mean covariance stationary process.

Define and note that represents the common row vector®fl). If n = 3, then,

var(e,) = J120'11 + J22022 + J5033 (4.3)
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where J, are the elements iW(1). Each of these terms represents the contributichet

random-walk innovation from a particular marketeTgroportion of this for market j (for

j =1, 2, 3) relative to the total variance is defl as the market’s j information share:

2 2
s Vi o s - Ji9) (4.4)

i ' i 92 2 2
yQy Jioy+3,0,,+3504

where Q is the covariance matrix. The measure in the alsougtion is too restrictive
since price innovations are generally correlatedossc markets trading the same

underlying instrument. If the price innovations acerelated (i.eo; =0 for i = ), no

unigue values may be found for the information ebaand triangularization of the
covariance matrix may be used to establish uppeiamer bounds?!
Therefore, when the covariance mat@x is not diagonal, Hasbrouck (1995)

defines the information shares of the market jqwias,

|S]- = ([I/,F]J_)z (45)
yQy

In this equation, F is the Cholesky factorizatié®o and a lower triangular matrix such

that Q = FF . The variance attributed to a particular markiatst(ﬁwl:]j)2 and[yF]; is

the jth element of the row matrig- . The lower triangular factorization maximizes the

information shares on the first price. By permutitng order of the market prices,

77



equation (4.5) will provide an upper and lower baddor the information share of each
market. The information share of each market ismadized so that they are a number
between 0 and 1 and their sum is equal to 1. Tta¢ variance of the common efficient
price (random walk) innovations is then normalired.

In order to construct a concrete numerical measireelative informational
inefficiency, we take the difference of Hasbroucki®ormation share for each market.
Cabrera, Wang, and Yang (2009) find that the spatket consistently leads the price
discovery process relative to the futures (regatat E-Mini) markets for both currencies
during this sample peridd Their results are based on the comparison oiifioemation
share obtained for each market considered in thdystThey find that the daily
information share for the spot market is consiggehigher than that of the regular
futures and E-Mini futures markets, for both thed?uS$ and the Yen/US$. Based on

these results, we measure the differential spefeaidjastment as follows:

ISDIFF; = 1Sgor — ISFUTURESJ (4.6)

The ISpe is the information share of the spot currency rearkhe 1Quures IS the
information share of futures currency market. le tase of the Euro/US$, we construct
two time series for the ISDIFF measure, one wheed$,wresrepresents the information
share of the regular futures market and one wheepresents the information share of

the E-Mini futures market. For the Yen/US$ mark#iere is only one ISDIFF

31 Cabrera, Wang, and Yang (2009) present evideratethie average mean disturbance (price innovation)
correlation matrix for the Euro/US$ and the Yen/Ufe series. They find that the off-diagonal terane
different from zero; therefore, the triangularipatis implemented.

32 Cabrera, Wang, and Yang (2009) study the same fignied examined in this chapter: April 4th, 2005
until July 29th, 2005.
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constructed which belongs to the regular futuregkata. Altogether, we have three daily
time series for the information share differential.

In Table 4.3, the summary statistics of the adjestinspeed differential measure
is presented. The measure presented is slighthereift from the explained above
(ISDIFF). Instead of the difference in the infotioa shares, we present the ratio of the
information shares (ISRATIG) in order to test the hypothesis that on averagespot
market information share is higher than that of thgular futures and E-Mini futures
markets. More specifically, we test the null hymsis that the ISRATIO average is
higher than one. The test rejects this hypothasteea5% level of significance. These
findings are robust across different currency miark&uro/US$ and Yen/US$) and
across markets with different degrees of liquidiggular and E-Mini futures contracts).
Also, these results provide evidence supportindititéngs in Cabrera, Wang, and Yang

(2009).

4.4 Preiminary Evidence
In order to motivate a more formal statistical gee of the relationship between
arbitrage trading and the relative information fivg#ncies in currency markets, we

present some preliminary results. The cross-auteledion of daily returns between the

% The ratio of the information shares is construatétth the spot market information share alwayshie t
numerator:

IS
ISRATIO, = —T
FUTURES,

Using either the ISRATIO or ISDIFF to measure tifeecences in the speed of adjustment will produce
the same qualitative results.
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spot and futures markets are obtained in ordehéal sSome light on the existence of a
lead-lag effect in foreign exchange markets.

Table 4.4 presents the cross-autocorrelation ity deiurns for all five financial
instruments examined in this chapfet.o and Mackinlay (1990) first documented lead-
lag patterns in equity markets. They found that téeirns of small-cap stocks are
correlated with the lagged returns of large-cagksto Similarly, Table 4.4 shows the
correlation between the returns of spot currendgeprand futures currency prices at
different lags. This table provides consistent am@hotonic evidence of the leading role
of the spot currency market in the price discoyagcess (the lead-lag effect). In Panel
A, we find that the correlation coefficients betwethe today's (lag = 0) Euro/US$
futures (regular and E-Mini) market return and geday’'s (lag = 1) Euro/US$ spot
market return are larger than the correlation dcefits between today’s (lag = 0)
Euro/US$ spot market return and yesterday’s (ldg Euro/US$ futures (regular and E-
Mini) market returd®. Similar results are found when we examine theretation
between the Euro/US$ spot market and Euro/US$datararket across other successive
lags. For example, the correlation coefficientsueen the Euro/US$ futures (regular and
E-Mini) market return at lag 1 and Euro/US$ spotkatareturn at lag 2 are larger than
the correlation coefficients between Euro/US$ spatket return at lag 1 and Euro/US$

futures (regular and E-Mini) market return at lagr2Panel B, we show the results for

% There are three financial instruments studiedénEuro/US$ market and two financial instrumenti
Yen/US$ market.

% The correlation coefficient between the Euro/UStsnarket return at lag 1 and the Euro/US$ regular
futures market return at lag O is -0.257. The datien coefficient between the Euro/US$ spot market
return at lag O and the Euro/US$ regular futuregkatareturn at lag 1 is -0.236. Similar results sinewn

for the Euro/US$ spot market returns and the EB&E-Mini futures market return.
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the Yen/US$ market. These results are consistetht those of the Euro/lUS$ market
across all lags.

In summary, these cross-autocorrelations providéeece of the existence of a
lead-lag effect in currency markets where the spatket leads the futures market. To
explain the cause of this lead-lag phenomenon basedhe speed of adjustment
hypothesis, we proceed to examine the joint dynarafcthe no-arbitrage basis and the

information share difference using vector autorsgjmns.

45 Empirical Results

In order to discover any potential bi-directionalsality across the variables, we
use a vector autoregression framework. More spatlifi we adopt bivariate vector
autoregressions. Four bivariate VARs are estimé&tedhe Euro/US$ market, pairing
each of the two no-arbitrage bases measures (refiulaes-cash basis and E-Mini
futures-cash basis) with the two information shdiffierence measures (one based on the
regular futures and one based on the E-Mini futaoedract). Only one bivariate VAR is
estimated for the Yen/US$ since we constructed bmty variables in this market (the
regular futures-cash basis and the informationeshrgasure based on the regular futures
contract). The number of lags in the VAR is selectn the basis of the Akaike
Information Criteria (AIC). The information criteriimply a lag of 3 for five out of the
six bivariate regressioffs Since the key contribution of this chapter isei@mine the
direction of the causality between the relativeesizeof adjustment across markets and

the behavior of arbitrageurs, Table 4.5 preser@ptirwise Granger-Causality test. For
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the null hypothesis that the variable i does nar@er-cause variable j, we test whether
the lagged coefficients of i are jointly zero whaa the dependent variable in the VAR.
The cell associated with th® fow variable and thé"jcolumn variable shows the Chi-
square statistic associated with this test (thalpevis shown in brackets below the Chi-
square statistic).

In Panel A, the test results for the Euro/US$ miaskew that there is significant
bi-directional causality between the two variabl®s out of eight Chi-square statistics
are statistically significant. The no-arbitragedmm both the regular futures market and
E-mini futures market Granger-cause the informasibare differentials across markets.
Reverse causality running from both informationrelraeasures to the no-arbitrage bases
is found only in futures markets trading regulantcacts. The E-Mini information share
differential does not Granger-cause the basis d@hereregular nor E-mini futures
markets. More interestingly, however, is the interket causality revealed by these tests.
The difference in the speeds of adjustment betwkenspot currency market and the
regular futures markets (measured by the informasizare differential) Granger-causes
the E-Mini futures-cash no-arbitrage basis. Theffaments of the regular futures-cash
ISDIFF are jointly different from zero when the BEriVifutures-cash NABAS is used as
the dependent variable (Chi-square statistic hpsvalue close to 2.2%). Although the
same cannot be said about the causality running th® E-mini ISDIFF to the regular
futures NABAS, we find much stronger results whenlaok at the intermarket causality
running from the NABAS to the ISDIFF. The statiaticesults show that the no-arbitrage

basis of both markets (regular and E-Mini futur@sgnger-cause the information share

% The bivariate VAR pairing the no-arbitrage basig ¢he information measure constructed based on the
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differential of the regular futures and E-Mini fots markets at the 10% and 5% level of
significance, respectively. This implies a veryseaelation between the regular futures
and the E-Mini futures markets, where arbitragewss information initially revealed in
the spot market to trade in both, the more liq@dutar futures contracts and the less
liquid E-Mini futures contracts. This suggests thiguidity is not the only factor
arbitrageurs consider. E-Mini futures contractsehbecome more popular due to other
features such as the smaller contract size whiowamaller investors to participate in
the foreign exchange markets.

The results for the Yen/US$ market are presentddainel B. These results are
guantitatively and qualitatively similar to the snen the Euro/lUS$ market. For the
Yen/US$ market, however, the two variables werestanted using only the regular
futures contract. We now estimate the impulse mespdunctions (IRFs) in order to
examine the joint dynamics of these variables ietpby the full VAR system. An IRF
traces the impact of a one standard deviation stmekspecific variable on the current
and future values of the endogenous variables.owoij Roll et al. (2007), we
orthogonalize the impulses.

Figure 4.1 through Figure 4.4 present the respoost®e Euro/US$ information
and basis measures to a unit standard deviatiarksha particular value traced forward
over a 10-day period. Figure 4.5 provides the nese® of the Yen/US$ information and
basis measures. Two-standard-error bands are atguheyl to assess the statistical
significance of the results. Period 1 in the impuiesponse functions represents the

contemporaneous response, and the units on thealeakis are in actual units of the

E-Mini futures contract is estimated using 2 lags.
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response variable (e.g., Euros per US dollar andpée US dollar in the case of the no-
arbitrage basis). The impulses generally decay dwee, which indicates that the
variables used in the VARs are stationary.

All figures show that both the information shareasiwe and the no-arbitrage
basis are persistent. This can be seen in thatkshioca variable are informative in
predicting futures values of the same variablevierg instance. For example, the upper
left panel of Figure 4.1 shows that a shock to Eueo/US$ ISDIFF has a permanent
significant effect on itself. With regard to theoss effects, it can be seen that shocks to
the information share measure have a significasitige effect on the no-arbitrage basis
(upper right panel on all 5 figures). Similarly,shock on the no-arbitrage basis has a
significant positive effect on the information shaneasure (lower right panel). These
results are robust across both foreign exchangéatsaconsidered. Furthermore, the
IRFs show that the information measure is inforu@atn forecasting the basis and vice
versa, not only within the same futures market. (eegular futures NABAS and regular
futures ISDIFF) but also across futures markets shack to the Euro/US$ E-Mini
futures-cash ISDIFF has a permanent positive aguifiiant effect on the Euro/US$
regular futures-cash NABAS (upper right panel igufe 4.3). In summary, the impulse
response functions are consistent with the findiolgthe Granger-causality tests even
after accounting for the persistence of the vagsloh the system.

Overall, the statistical results obtained from thigariate VAR and impulse
response functions are consistent with the initigbothesis. On the one hand, the
differences in the speed of adjustment across rtsagte correlated with the intermarket

mispricing. On the other hand, arbitrage tradinggered by a wide futures-cash basis
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(intermarket mispricing) generates larger speedemdintials through order flow

imbalances.

4.6 Conclusion

The existence of a lead-lag effect in equity markeds been well documented.
The same effect was documented here but acrosgrioegchange markets trading the
same underlying currency. This chapter exploits gihesence of a lead-lag effect in
currency markets to examine the relationship betwtbe difference in the speeds of
adjustment of markets to new information and thieal®r of arbitrageurs. The central
premise of this study is that relative informatibmeefficiencies across related markets
will give way to an intermarket information diffusi channel. Arbitrageurs will then use
this channel as a source of arbitrage profits agifig on one “lagging” market based on
information already revealed in another “leadingarket. This trading will of course
close this channel (reestablish informational &fficy) until newer information arrives.

Consistent with the findings of Lo and MacKinlay@D), we find some evidence
of the existence of a lead-lag effect in curreneykat where we examine the futures and
cash markets for the Euro/US$ and the Yen/US$.dJgattor autoregressions, we find
the there is two-way Granger-causality betweensipeed at which currency markets
adjust to new information and the agents’ oppotiemito generate arbitrage profits.
These results imply that the ability of a markeptocess information faster than other
markets moves prices away from their no-arbitragjaes. In order to capitalize on these
market inefficiencies, arbitrageurs could trade the lagging market based on

information already revealed in the faster markete causality is, however, bi-
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directional suggesting that the activity of arlgwars has a significant effect on the
variation of the futures-cash basis around its mitrage value. Using impulse response
functions which account for the full dynamics oetWAR and the persistence of the
variables used in the system, we find that botlaiées — the futures-cash no-arbitrage
basis and the information share difference — af@nmative in forecasting each other.

Overall both methods (Granger-causality test anpuise response functions) provide
similar and consistent results. Furthermore, theptdr results are robust across foreign
exchange markets (Euro/US$ and Yen/US$) and aonagsets with different degrees of

liquidity (the E-Mini futures contracts are relatly less liquid instruments than the

regular futures contracts).

A possible empirical extension of this chapter wioble to consider a more
detailed analysis of the role of liquidity on theanket's speed of adjustment to new
information, and whether the relationship betwdendpeed of adjustment measure and
the no-arbitrage basis is significant even aft@oaating for liquidity. It would also be
interesting to consider the basis/information retathip during days of news

announcement. Furthermore, a longer sample peoold e used.
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Tablesand Figures

Table 4.1: Trading Statistics on CME Futures

Globex ADV  Globex ADV Globex ADV Floor ADV ?[')Oat;,‘fx Globex
7:05am -4:00pm 5:00pm - 7:05pm  5:00pm - 4:00pn¥:20am - 2:00pm % of % of Total
Symbol Type Trading (contracts) (contracts) (catgh (contracts) G.Ilgt)aelx Trading
E7 (Euro)  E-Mini Globex 2956 526 3482 0 0.83 1.00
EC (Euro) Regular Pit & Globex 100675 33704 134379 4788 0.74 0.97
J7 (Yen) E-Mini Globex 13 4 17 0 0.73 1.00
JY (Yen) Regular Pit & Globex 28169 9593 37762 3307 0.74 0.94

Note: (1) ADV is the Average Daily Volume, (2) "Day" = 7:05ba 4:00pm, (3) Percentages are also period averages, (4)eSaenigld is from
April 4th, 2005 to July 29th, 2005.
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Table 4.2: Summary Statistics (daily averages)

Euro

Spot Regular futures  E-mini futures
Number of observations 4514 6478 1468
Mean 1.248 1.250 1.250
Standard Deviation 0.002 0.002 0.002
Skewness -0.027 0.090 0.004
Kurtosis -0.532 1.428 -0.516

Japanese Yen

Spot Regular futures  E-mini futures
Number of observations 3566 2594 42
Mean 0.0092344 0.0092848 0.0092796
Standard Deviation 0.0000094 0.0000096 0.0000095
Skewness 0.037 0.041 -0.108
Kurtosis -0.644 -0.678 -0.336

Correlation coefficients for the prices (daily sages)

Euro

Spot Regular futures  E-mini futures
Spot 1 0.991 0.987
Regular futures 1 0.987
E-mini futures 1

Japanese Yen

Spot Regular futures  E-mini futures
Spot 1 0.989 0.690
Regular futures 1 0.692
E-mini futures 1

Note: Sample period is from April 4th, 2005 to July 29th, 2005.
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Table 4.3: Summary Statistics for the Future-Cash Bases afatriration Shares

Panel A: Euro/US$
HO: NABAS =0 HO: ISRATIO =1

Asset  Variable Mean Median  Std Dev t-Statistic fuga t-Statistic  p-value
Regular NABAS -0.00012 -0.00009 0.00022 -4.8658 <.0001

ISRATIO 2.69504 1.83144  3.51518 4.176028 <.0001
E-Mini NABAS -0.00009 -0.00011 0.00026 -3.07452 (BO
ISRATIO 9.04230 2.38489 29.99929 2.321666  0.023

Panel B: Yen/US$
HO: NABAS =0 HO: ISRATIO =1

Asset  Variable Mean Median  Std Dev t-Statistic fuga t-Statistic p-value
Regular NABAS -0.00011 -0.00014 0.000229 -3.97421 0.0002

ISRATIO 3.696541 2.66187 5.132817 454969 <.0001
Note: Sample period is from April 4th, 2005 to July 29th, 2005.
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Table 4.4: Cross-Autocorrelation Coefficients

Panel A: Euro/US$

Lag=0 Lag=1 Lag =2 Lag =3
Spot  Regular E-Mini Spot  Regular E-Mini Spot Regular E-Mini Spot  Regular E-Mini
Lag=0 Spot 1.000 0.997 0.997 -0.240 -0.236 -0.229 0.083 0.089 0.085 -0.109 -0.108 -0.109
Regular 1.000 0.999 -0.257 -0.254 -0.247 0.093 0.098 0.095 -0.119 -0.118 -0.118
E-Mini 1.000 -0.273 -0.270 -0.265 0.117 0.122 0.119 -0.138 -0.137 -0.137
Lag=1 Spot 1.000 0.997 0.997 -0.241  -0.236 -0.229 0.084 0.090 0.086
Regular 1.000 0.999 -0.258 -0.255 -0.248 0.094 0.099 0.096
E-Mini 1.000 -0.275 -0.271 -0.266 0.117 0.123 0.119
Lag=2 Spot 1.000 0.997 0.997 -0.255 -0.251 -0.245
Regular 1.000 0.999 -0.272  -0.269 -0.263
E-Mini 1.000 -0.288 -0.285 -0.281
Lag=3 Spot 1.000 0997 0.997
Regular 1.000 0.999
E-Mini 1.000
Panel B: Yen/US$
Lag=0 Lag=1 Lag=2 Lag =3
Spot  Regular Spot  Regular Spot  Regular Spot  Regular
Lag=0 Spot 1.000 0.983 -0.118 -0.090 0.039 .05 -0.033 -0.014
Regular 1.000 -0.127 -0.098 0.037  0.046 -0.048.022
Lag=1 Spot 1.000 0.983 -0.115 -0.088 0.041.05®
Regular 1.000 -0.123  -0.095 0.039 0.048
Lag=2 Spot 1.000 0.983 -0.120 -0.092
Regular 1.000 -0.128 -0.099
Lag=3 Spot 1.000 0.983
Regular 1.000

09

Note: Correlation coefficients inold are statistically significant at the 5% level of significan



Table 4.5: Vector Autoregression Results: Granger-Causalitgt3e

(Ho: Row Does Not Granger-Cause Column)

Panel A: Euro/US$

NABAS ISDIFF
Regular E-Mini Regular E-Mini
NABAS Regular 6.77*  4.92*
[0.0796] [0.0265]
E-Mini 6.39*  10.95**
[0.0941] [0.0042]
ISDIFF  Regular 10.78**  9.59**

[0.0130] [0.0224]
E-Mini  0.88 1.23
[0.3478] [0.5411]

Panel B: Yen/US$

NABAS

ISDIFF

NABAS ISDIFF

Regular E-Mini Regular E-Mini

Regular 7.91**
[0.0478]

E-Mini
Regular 14.14**

[0.0027]
E-Mini

Note: ** The coefficient is significant at the 5% levelf o
significance. * The coefficient is significant at the 10&tel of
significance.
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Note: Impulse response function for the bivariaextor autoregression with the

Euro/US$ regular futures-cash no-arbitrage basfBA\S) and the information share
differential (ISDIFF).

Figure 4.1: IRF for the Euro/US$ regular futures-cash NABASIdSDIFF
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Note: Impulse response function for the bivariagxtor autoregression with the
Euro/US$ regular futures-cash information shardeddhtial (ISDIFF) and the
Euro/US$ E-Mini futures-cash no-arbitrage basis BS).

Figure 4.2: IRF for the Euro/US$ regular futures-cash ISDIFE &uro/US$
E-Mini futures-cash NABAS
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Note: Impulse response function for the bivariagetor autoregression with the
Euro/USS$ regular futures-cash no-arbitrage bastsBAAS) and the Euro/US$ E-Mini
futures-cash information share differential (ISDIFF

Figure 4.3: IRF for the Euro/US$ regular futures-cash NABASId&uro/US$
E-Mini futures-cash ISDIFF
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Figure 4.4: IRF for the Euro/US$ E-Mini futures-cash NABAS al®DIFF
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