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ABSTRACT

This paper investigates whether a particular magnitude and directintelefegional return

signal transmissiodominates the performance of domestic tradingnrerican European and
Australasian stocknarkets.A trading system designbased on fuzzy logicules, combines

direct and indirect channels of foreign information transmissimndelledby stochastic
paraneter regressionwith domestic momentum information to genestteck marketrading

signals. Filters that control for magniel and direction of trading signadse then used to
investigate incremental impact on economic performantieegiroposednvestmentsystem

The results indicate that at reasonable levels of transaction costs very profitable trades that are
fewer in number do not increase investment performance as much as trades based on foreign
information of a specific lowo-medium daily retur magnitude of 0.5% to 0.75%. These
informationbased strategies are profitable on4agiusted bases and relative to a market
performance declines considerably when traded instruments are used

Keywords:Stock market tradingnformation transmissiorfzuzzy systemules Stock trading
system asign Systemtesting and performance evaluation; Stock market forecasting.
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1. Introd uction
The design of manyteck markettrading systemsased on synthesis of fuzzy logic and the
rule-base evidential reasoning methods of Dempster8)1la6d $afer (1976) has produced
ample evidence of predictability in price movemese(e.g, Chang and Liu (2008Rymova,
Sevastianov and BartosiewicZ@),Boyacioglu and Avci (2010pymova, Sevastianov and
Kaczmarek (2012)Escobar, Moreno and Munera (2018hourmouziadis and Chatzoglou
(2016) Chang, Wu and Lin (201@&r Rubell and Jessy (26}, among others)I'he empirical
resultson theperformance of tis type ofstock tradingexpertsystems suggests that financial
markets functiortonsistently withthe AdaptiveMarketsHypothesis (AMH) proposed by Lo
(2004 and 2005)gccordingto which themarket efficiencyphenomenoinends to evolve @ar
time, and the predictability of stock prices can arise periodically dependiegatwvingmarket
conditionsand agent behaviouisee, e.g.Urquhart and McGroarty (2014nd 201 or
Manahov and Hudson (2014mong others).

Amongst the studiethatarebased on th&zzy logic systemanany rely onW K Ht )
7 + (1 flecisionrule in underlyingpatterarecognition technical analysis metho& me of
thesesystemsare more dynamic than otherfSor example, CervelliRoyo, Guijarro and
Michniuk (2015) introducea new definition of the weight grid of the charting heuristic flag
pattern that includes the two parameters uselEiyeiraand De Oliveira (2010), namelstop
loss and take profit. These allow the dynamic modelling ofglosing operation§and limit
both ther losses and profitsTheauthorsUHSRUW SHUIRUPDQFH WKDW pEHD\
reinforces similar positive results of the flag pattern reported in previous studies such as Leigh,
Paz and Purvis (2002) aneighet al. (2002). Lee and Jo (1999) develop a candlestick chart
analysis (chart interpreter) based on theAIRD/OR AHEN EEXPLANATION rule to detect
simple and composite patterns, where the EXPLANATION part provides information about

what the pattern really @ans. They present results of high profitability when applied to the



Korean stock market. Interestingly, they apply priority values when patterns are in conflict.
Some other studies algaploit dynamic techniques that include theTHEN rule as well as
other heuristics. Leigh, Purvis and Ragusa (2002), for example, investigate, over a rolling
window (reoptimization), a priceolume pattern recognizer, a feedforward neural network
with backpropagation learning and a genetic algorithm configuration sesardha cross
validation experiment containing the first two techniques. Arévalo et al. (2017) use a dynamic
window scheme to update the stop loss and take profit rules implemen@ahalidRoyo,
Guijarro and MichniuK2015) in the flag pattern recogniz@isinaslanidis (2018) proposes the
dynamic time warping (DTW) algorithm and two modifications: subsequence DTW and
derivative DTW. They present evidence that this method captures common characteristics of
the entire family of technicanalysigatterns ad is free of technical descriptions or guidelines
for the identification of specific patterns. All thesteidies as well as others, report superior
performance of their techniques over the most recent prior. However, they rely solely on pattern
detectionn the pricehistory of the same asset orore rarelyin contemporaneous correlations
between assets of the same market. In this paper, we apply an elabdreteNFule in an
entirely differentdynamicsequential setup that harvest@lving patternswithin and between
international and domestic price information rather than within domestic price information
only.

In the context of a sequential information transmission mechathgstudy examire
stock market predictabilitipy designing and evaluag a trading gstem thais conceptually
close to fuzzy logic systemEDVHG R Q@7W(HKH WMdetpecifically we investigate
the degree to which foreign addmesticstock market return signals of differemagnitude
and directionhelp predict domestic stock market returibe reasoning ighat i overnight
foreign information is relevant to the direction and magnitude of next dagiesticmarket

returns, then one ought to exptareignsignalsof different strengths to have different impact.



Is there a particulamagnitude or a specific range daftrength of signal that is dominantly
transmitte@ Is the distribution of the impact of different strength signals unifobrazhe
prevailing conditbns of thedomesticmarket matter when foreign information of different
magnitude is transmitted?an any of these predictabilities, if they exgtt HDW Y WKH PDUNH!
considering risktransaction cos@nd practical trading viabili®/ These questiomsotivate the
design of the system and taealy®sin this paper.

The focus in this paper @ the design, construction and performance evaluation of a
stock market trading systebased orthe processes described above. @uproach and the
forecastingtool we proposeare conceptuallysimilar to a stocktrading fuzzy expertsystem,
such as tb one proposedoy the literature reviewed above. Ours perhaps shares similarities
with the rule system used Rubell and Jessy (2016) flormulatingdaily tradingdecisions
for stockslisted onthe NASDAQtrading platform The trading strategyresented in Rubell
and Jessy (201@erformed better than the popular technical analysis indicgtochasthe
Moving Average Convergence/Divergence (MACD), Relative $ftitenindex (RSI),
Stochastic Oscillator (SO) and Chaikin Oscillator (EQhe authorsalso report an over
performance of this strategy relative to alernative benchmark modesimilar to the
conclusiongeached by all the papers reviewed above asasedthers in the fielddowever,
our approach differs in the type of informatiand methodised in pattern detectioVe also
rigorously assess the performaracel possible limitationef the trading strategye propose
to demonstrate its usefulnesgimcticalstock trading activies

Our starting poinairethe ideagpresentedandthe empiricalfindings reported in the
seminal papdny Engleet al. (1990)whichdocumend spill-overs of volatility from one market
to another GXEEHG pPHWa&hBadrsistera id Uolafjlitpver timewithin the same
market GXEEHG pK HH2sgspdldvErsldnf]l persistence in volatilinave been studied

by Baillie and Bollerselv (1990), Ito et all992), Melvin and Hogan (1994) aMklvin and



PeiersMelvin (2003), amongst otherSheequivalent in returnkas been analysed by Eun and
Shim (1989) Hamao et al. (1990), Lin et al. (1994), Longin and Solnik (2a60#iBekaert et
al. (2005) amongst otherdn particular,lbrahim and % U ] H V ] F {2089Ndocument time
variation in the return equivalent of the heat wave and meteor shanesrovide evidence
from eight international stock market indices of bditectand indirecthannels of information
transmission The direct channel of transmissibetveen a pair of marketsdy, A and B)
refersto the transmission of retusignalsfrom one to the other (say from A to B), atite
indirect channerefers to he impacton this relationshigrom a third market (say C) that
operates in intermediate time between the first two markets (A andHjs, breign
information is transmitted directly from one market to another aduleictly through other
markets.

When foreign information arriveshrough the direct or indirect channelat the
investor'sdomestianarket it either corroborateor contradicsthe prevailingdlomestiamarket
momentum.7KLV FRQGLWLRQLQHRHENHW\EH R IV\ORWWHD Brgignd UXOH
information coincides in directiowith thedomestic market momentymMHEN the combined
signalto investdomesticallyis strengthened, otherwise it is weakerigekide direction, there
is also the size or magnitude of information from the streams to consider.h& foreign
signal could be stronger or larger in magnitahel, hence, more significatitan domestic
momentumSignals of different magnitudeay have differenintensity ofimpact.This adds
DQRWKHU O DEAHEN W R Xt Eombihations of direction and magnitude of foreign
and domestic signals could have varying degrees of economic lengdimestic investors
This paperdesigns and assesses the performance of a trading system basedsioength,
type and directio of foreign information bysingthe conditional timesarying(dynamic)FIT
model of Ibrahim and% U | H V | F {2000Ndndby measuringlomestic market momentum

with the Relative Strength IndeR§) as a popularechnical analysis indicator



Do all return signals that arrive from foreign markets matter to domestic market traders,
or only those o&specific magnitude and direction? It is logical to rationalise that during certain
times the prevailing state of the domestic market could donsoate weak incoming foreign
signals, while during other times the reverse could be true and foreign sigraateiin
magnitude are more significant. It is also logical to rationalise that if an incoming foreign signal
coincides in direction with doméstmarket momentum then the signal strengthens convictions
about the future direction of domestic market returns. Taking Engle et al.'s (1990) meteor
showers metaphor into more detail larger meteoroid (large foreign information) is more
likely to survive the passage through the Earth's atmosphere (domestic market condition), and
the energy release upon impact (intensity of impact) is directly related to its size. Also, the
Earth's atmosphere acts as a dampener and a filter by slowing down and buraimglieif
meteoroids. Could domestic market momentum be acting as a dampener to large incoming
foreign signals and a filter to smaller ones? This obviously depends on velocity and approach.
The alignment of the Earth in its orbit relative to that of theeoreid determines the angle
and speed of impact. Similarly, when the direction of prevailing domestic market momentum
is in alignment to that of incoming foreign signals, the effect of the foreign impact could be
enhancegotherwiseit is dampened.

In this paper, we simulate a trading system basedoogepts similar tduzzy logic
rulesand fuzzy sets, where foreign signals and domestic signals act as the input data (or input
variables) to define a signal to tragbely, sell, or do nothing)NVe also usdilters to finetune
the signalsnput to thesystem.This issimilar in principle to a fuzzy inference system (FIS),
known also as fuzzy expert systamprovidingVLIJQDOV WR LQYHVWRUV LQ WKH
RU pKRO G Y Oartsistevhl. Ro@évers desiged differently. We use otheules and
consider different multiple antecedents (premises) as inputs based on foreign as well as

domestic stock market information (while Rubell and Jessy, ,281é most of the literature



reviewed aboveconsider @tect domestic stock information and no transmission channels)
Further, he economic benefit of knowledge about thgmamicallychangingstrengthand
directionof foreign and domestic stock market signals on domestic market tradimggasured
Specifically, the incrementampact on investment performanedissectedy introducing
two filters (or two rules) oneon the signalling market and tbéher on thelomestiamarket.

The filter that is applied to the foreign signal operates as aofatrying width that
allowsforeign returrsignals of only a specific magnitude to pass through and affect a frader
conviction aboutheir likely impact ondomestic returns. Similarly, different bands are applied
to theRSIdomesticmomentum indicator as a domestic gate that restricts the quality of the
incomingforeign information signal. The narrower tR&lband the more selective the trader
is of which foreign signal toonsider depending amhether or noits direction coincidewvith
that of domestic market momentunvarying the width of these gates prowda rich
combination of restriction®r rulesthatallow themeasurement giconomic relevance of the
strength of foreign and domestic return signals on domestic tra@ivey also allow the
identification of therangeof magnitude of foreign informatiogignalsthat is economically
dominant, sincethe strength ofsmaller signals of particular direction may not be as
economically significant darger signals of differerttirection Economic benefit is measured
by the performance of trading strategies constructed on the basis of different combinations of
the magnitude and direction of foreign and domestic market information controlled by filters.
Theseeffectsare analyseth nineindices that represetite largest stock markeis theU.S,
Europe anddustralasiaResults indicate that a foreign signal in the range of 0.5% to 0.75% is
most economically relevaim spot marketgi.e., in markets where buying or selling leads to
immediate delivery of the asset or product being tradetile a higher range seems more
relevant in futures markefse., markets of deferred delivery of asset or product being traded)

especially whexdlomestic information interfenee is restrictedlo guard against claims of data



VQRRSLQJ ZH UXQ :KLWHTYV UHDOLW)\ -pekidds; cros® G WHYV
different specifications, and by using futures as traded instruments.

These resulthave implications on the size and sign of international dependence of
stock markets and market efficiency. Regulatory organisations are interested in guards against
systemic risk anthternational contagion, and credit rating models may incorporate measure
of equity market interdependence. The analysis of persistence in the impact of foreign signals,
the interaction with domestic market momentum and the degree to ddriudstianarkets are
affected by international and global informatidransmissionchanrels are relevant
endeavours. For example, market integration is sometimes defined as the degree to which
returns of a market depend on international market shocks, and market efficiency by the speed
by which relevant information is incorporated into pricesich implies the absence of
correlation in returns if markets are fully efficient. A more realistic definition of efficiency is
the absence opersistentarbitrage opportunities based qrior domestic or foreign
information. Thus, evidence of economically benefitiating system&ased orsequential
foreign and domestic information wouddther constitute a violation ofmarketefficiency or
further support for pricing modetlsat factolin sequential information transmissidrhis paper
contributes to the literature byesigning an appropriate trading system thralvides such
evidence on risladjustedand dynamidass (where it is updated daily).

The contribution of this paper is twold. First, itdesigns and testsdynamictrading
system that incorporates domestic and foreign informé&toom international stock markets
presents evidendfatin spot stock indicethere exista specific lowto-medium magnitude
sequentiaforeign information signathat penetratedomestic markemomentumconditions
with higher frequency. It is mostly tradesth this magnitude of return, rather than thtsat
are less frequent duof larger return, that have a dominadonomic impact orirading

strategies based @combination oforeignand domestic marketformation. Secondests



based orthe Capital Asset Pricing ModeCAPM) andits international version (ICAPMhow
thattrading systems @strategiesising spot stock indicdsasedon such signals earn positive
excesseturrson risk adjusted and net of transaction cost basmsever, these excess rets
largely disappear when susltrategies are implemented usstgck indexfutures as tradable
stock indexproxies(although se®ymova, Sevastianov and Bartosiewicz, 2010)
Theremainder of thgaper is organised as followSection 2 describesconometric
methodologySection 3presents the design of the trading system and the resulting investment
strategy rules thatrebased on Fuzzy logiSection4 discusses the datesed in the empirical
analysesSection 5presents empirical resultsxd robustness checkising spot index data
Section6 provides a discussion of th@bility of trading strategiessing futurecontracts and

Section7 concludes.

2. Methodology

2.1 Foreigninformationtransmission
Sequential incorporation of foreign information imtomestic stock markgtrices ismodelled
by the Foreign Information Transmission (FIT) model of Ibrahim &d) | H V ] F (200ON L
This model describes the impactioformation offoreign markek onthe returns olomestic
markety by the followingstochastic parameter regression

ULUEQTES, (1)
where U and T.are operto-close dayt continuously compound returnsq} and L}gare the
intercept and slope coefficients asgis an error termlrhe change over time in the coefficients
is further assumed to depead the returns odnothemarket z, that operates in the interim
betweerthe operating hours aharketsx andy, according to the following equations:



ks F UBL ?E @WF ¥ & F UBE & 454 (3)
wherea, b, c andd areconstant coefficientsyg$and USre longrun average values (also called
HVWHDG\ VWDWH ¥ 4&nd Bné tiM&atyingreetibigh®Gland U; and & 45 and
4 g-sare associated error terms. Conditionallgand data observed througli, gathered in
the vectoiYty, itis assumed that the vector of error teriRs s S¢;'has a Gaussian distribution,

viz.,
Ges I U
BS. ToégrsCLO | écha{, 5P 4)

where G5 L :8 45 & 4-5;, andQ is a diagonal matrix. Stationarity is ensubsdrequiring

the eigenvalues of the matrix

.1 (SE>VF\B r
e Lo 2E@VF ©)
to be inside the unit circle for al «  The additional assumption tha, ..o5 ¥

0:B 558 (o5, WhereE L ki-F 8 U, F 80; allows the distribition of E.conditional oy,

X and ..,5to also be Gaussian with me@ggand variance| . that can be updated by the
Kalman filter.Note that the system is dynamic in that Equations (1), (2) and (3) are sequential
and the Kalmarilter updates projections on a daily bagisoneperiodahead forecast fok

and its mean squared error are then calculéteativelyand used to evaluate the sample log
likelihood function. This is then maximized iteratively to obtain estimateshef ftee

parameters and their standard erfors

1The statespace representation of the model is programmset the mathematical and statistical system GAUSS
Y *$866T OD[LPXP /LNH GohkKBdRI&is @sed DiG@timizing the sample log likelihood
function (c.f., Hamilton (1994), Section 13.8). For each call to the subroutine that calculdteg-thelihood

function for a given set of parameter valude Kalman Filter (KF) iterations (equations 13.8.6 to 13.8.9 of

Hamilton (1994)) are started with/ taken from random draws oN(O,r,) where P, is given by

110
[ F ..F] *vedQ),Iis aconforming identity matrix,.denotes the Kronecker product, aretis the vector
operator (c.f., Hamilton (1994), p. 378)here are as many KF iterations as observations for every maximum
likelihood recursion. Starting values f@8, ~, Q and the variance af are taken from parameter estimates, their

covariance matrix and variance of residuals estimates of an OLS regresgiom»ofThe parameters, b, c and
d are initialized at 0. Optimization is carried out using a combination of the {Riteére Conjugte Gradient

10



The model describes twiistinctsequentiainformation transmissioaffects of foreign
marketson domestic markets. The first is a direct 'meteor shower' from foreign mxadket
domestic market, where inbrmation embedded thereturns of market during trading hours
that immediately precede those of markspill over, transferor transmit at least partially, to

returns of domestic markgtvhenit opens nextThe coefficients., and , measure the 'level'

and 'intensity’ of thisransmissionelationshipat timet, while @and U8re the respective long
run average, or steady state, valtd®e second effect is an indirect 'meteor showetbmestic
markety throughanother foreign marketthat operates in the interim between markand
markety. The coefficientd andd capture the impact afewsin z, measured by the devian

of zfrom its steady state,\. F Vg onthe changes over time in the level and intensity of the
direct relationship betweenandy. Accordingly, information signals are transmitted directly
from marketx to markety and indirectly throughmarketz. FIT models these two effects
simultaneously.

The model can also be used to proddyeamicforecasts of intensity (beta) deviations
for the next daykU.s F UBAT his featureprovides a day trader with useful information about
the 'strength’ of theexpectedimpact of both the direct and indireathannels of foreign
information transmission on the direction and magnitude of-daxtdomestic returnsf the
forecasted deviation is large a day trader can act oodimgequentiaincreasdan conviction
aboutthe direction and magnitude of next daguras by raising his stakes amaliltiplying his
trades by applying high leveragn this mannerforeign stock market informationnsodelled

sequentially to forecast future domestic returmes, direction and magnituds price changes

(PRCG) and the Broyden, Fletcher, Goldfarb and Shanno (BFGS) algorithms (standard errors at convergence are
FDOFXODWHG XVLQJ %)*6 ZLWK WKH pu+DOIY LWHUDWLYH VWHSOHQJW
convergence criterion applied such that all elements of the relative gradient vector are less than or equal to

10¢.

2 This will be discussed further below in Section 3.2.
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and to inforntraders abouwhichtrade multipleshey should apply.e., strength of conviction

about direction and magnitude of futyméce changes’®

2.2. Domestiamarketmomentum

The prevailing state of the domestic markat the time of foreign information arrival is
measured by the Relative Strength Inde®) as a popular momentum indicattaveloped by
Wilder (1978) and used by Irwin and Uhriq (1984), Isakov and Hollistein (1999), Wong et al.
(2003) and Newsome and Turner (2007), amongst othes.version usedotgauge local

market conditions is
§ % 10 10 .-
RS| {100 .100/ - :lytjl/:lytjl,,, (6)
© © j1 j1 13

where y denotes opeto-close continuously compounded day returns of domestic mgrket

Y ;=¥ ;if v, !'0,andOotherwiseandy, ;=vy, ,if y, 0,and 0 otherwisélheRSlindex

values rangfrom 0 to 100. Values aboybelow)50would result ifthe ten days that precede

dayt are dominated by positivénegative)returnsand, consequently, reflectverbought
(oversold)domestic market conditions$ PQHXWUDO JRQHY LV RIWHQ VSHF
around 50 when thRSIsignal is considered as too weak to be decisive about the exact state of

the domestic market he '‘benchnark’' lower (RSL) and uppei(RSU) bounds of the neutral

zone used hei@s a base case, i.e., the initial thresh@ld=20 and 80respectivelybut varying
theseboundss used as a tool for analysing the effect of foreign signal direction more closely.

This is explainedhext

3 Note thatwith respectto the(SRSXODU FRQFHSW R findrizidl ihdusEyprictiidnebsRde@d V W
HIDPSOH 7KH (FRQRPLVW WKH G\QDPLFV RI pEHWDYT DVVXPHG LQ (
updated daily with relevant information from its past histot'y;end with sequential foreign information from

marketz. This updating @o allows construction of trading strategies that benefit from market movements in any
direction (see Section 3.1 below).
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3. Application of the fuzzy logicconcept to the design of the stock markdtading system
and the development ofinvestmentstrategy rules

Thetrading system we propose and describe in this se@dibased onnput estimates from

the FIT modelnd theRSI Ourstock market tradingtrategyis conceptually close to a fuzzy

inference system (FIS), known also as fuzzy expert systarexample of which isecently

discussed by Rubell and Jessy (2016).

We consider a domestic investor in each of the major financial centres in the main
geographicategions and time zones of the U.Burope and\ustralasia Analysing thenter-
regionaltransmission of return signalméteor showejsacross the largest markets in these
regions would set a benchmark for smaller markets, fivecatterare likely to exhibit stronger
meteor showers from tHermer. Accordingly, thestockindices of the lagest markets in the
three geographical regions are chosen. Th®. k&gion is represented by the Dow Jones
Industrial Averagethe 6 WD Q G D U G S9D®Maad 3 RASDYQ Compositehe European
region by the Financial Times Stock Excharig® index of theLondon Stock Exchange
(LSE), the pan EuropearEuro STOXX 50index, and the DAX of Germany, and the
Australasia region by the NIKKEI 225 of the Tokyo Stock Exchaf@8E), the ASX of the
Australian Stock Exchangeand theHang Seng of Hong Kongrhese will henceforth be
referred to as DJIAS&P, NQ,FTSE,STOXX, DAX, NIKKEI, ASX and HS respectively.

The chronological trading sequence in GMT allowing for daylight savings is as follows.
Australasia marketsopen around 00:00 or 01:00 GMT and close at 06r@@W/d0,European
marketsopen around 08:00 or 9:00 and close around 16:30 or 17:30.&dharketsopen
around 13:30 or 14:30 and close at 21:00 or 2Zfd@ domestic investor in each region is
assumed to beday trader who follows a simple strategy of either buying or selling the main
domestic stock indexy) at domestic market open and unwinding at domestic market close.

7TKXV WKH RXWSXW LV D GHFLVLRQ WR HLWKHI4 baséeX\Y RU
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on a signal extracted from a combination of two sourdemestic momentum and foreign
information

The first is domestic momentum informatiameasured by RSIthat sets the domestic
market conditionsThese conditions are decided by the following}7 + ( 1 fules:

IF: RSlis lessthan or equal t&RSL,
THEN: the domestic market mversold

IF; RSlis greater thaor equal taRSU,
THEN: the domestic market mverbought

IF: RSlis in betweerRSL andRSU,
THEN: the domestic market conditionusdecided

The second is foreign information transmitted overnight from stock nsaxkand z
modelled by FIT which describes foreignnformation transmissionin the chronological
sequence in which the y andz markets traddn the case of being theEuropeammarket for
example, a domestid.K. investor would buy or selh domestic indeXe.g., FTSE 100 at
market open and unwind at market close, depending &hH Y L R Xdgme&siic\fidmentum
information of theU.S. market(measured byRS) and overnight foreign information from
Australasia represented by returns, gay,NIKKEI (market x) on dayt (measured by FIT)
Theindirect information channglvhich isthe Australasiannterpretation of théJ.S. signal
captured by returns dhe Australasiaindex (e.g.NIKKEI) on dayt (marketz), is used to
inform the trade multiple or leveragé&/e do not analyse sequences in which mankatsdx,
ory andz, overlap in tradinghours ZKLFK ZH FDOO D huBritiiRwe &¥WHUODS
those where an overlap betweeandzexists ZKLFK ZH FDOO D. Thed.@RU RYHU
non-overlapping direct channels of information transmission are considgpedifically, we
analysefour relationshipr sequencesn the order, x andz, these areFTSE, DJIA.1 and
NIKKEI (dubbed th&TSE model)NIKKEI, FTSE1and DJIA1 (NIKKEI model); STOXX,

NQt1and HS1 (STOXX model);and AX:, DAXt1 and S&R1 (ASX model).

14



Tradingis, thereforeguided bydomestic momentum information aselquential foreign
information transmissiothat follow chronological sequences meaningfueteh domestic
trader.The exact manner in which domestic and foreign informdtleminputsyare combmed

to generate trading signdktbe outputs)s presenedin the next section.

3.1. Informationtrading
Domestic momentum informatioRE) is combinedvith foreign information (FIT) to filter or
refine the signal to trade in a domestic market. There are three possible outcomes of such
interaction in any given day. The first occurs whendbmestic momentum signad\ersold
or overboughtcoincides in dection to the foreign information signgldsitive or negative
This arises wheRIT forecasts positive (negative) returns for the next dayR8ichdicates an
oversold (overbought) domestic market conditions. és¢ase the decision rule is to tde
according to the combined signay instigating abuy (sell)tradein oversold (overbought)
domestic markets at domestic market openwamdnding the trade at domestic market close.
The secongbossible outcomeccurs when the two signals contradictteather. This arises
whenFIT forecasts negative (positive) returns for the next day idlendicates an oversold
(overbought) domestic condition. Iretbecasathe decision rule i® refrain from trading. The
third possible outcome occurs when thgnsis fromRSI and FIT neither coincide nor
contradict each other. This arises wHe8lis in a neutral state (betwe&SL and RSU,
initially set at20 and 80). In tbsecase the decision rule is to trade based solely on the foreign
signal from the FlITmodel (.e., buykel if FIT forecasts positiviaegative returns).
The resulting trading rule is therefore:
IF: FIT forecast is positive andSlindicatesneutral oroversold domestic market
conditions
THEN: buy at next market open and unwind at madkase

IF: FIT forecast is negative andSl indicates overboughtr neutraldomestic
marketconditions

15



THEN: sell at next market open and unwind at market close
IF: FIT forecast is positive andrRSl indicates overboughtomestic market
conditions, or
FIT forecast is negative amRiSlindicates oversoldomestic marketonditions
THEN: do not tradeat next market open

IF: FIT forecast is positive arfdSlindicates neutral conditions
THEN: buy at next market open and unwind at madkase

Two sets oinformation are therefore combined in a manner meaningful to a domestic
day trader.In effect the set that describes domestic market conditions is used to filter the
second set of incoming foreign information. Thus, the current state of the domestit marke
weeds out incoming foreign information signals and rationally winnows the useful (coinciding)
from the confusing (contradictipgn a mannersimilar to how the direction and speead (
velocity) of Earth in its orbit allows it to 'pick’ or 'miss' incomimgteoroidsof a specific

direction and speed (velocity).

3.2 Leverageallocation

The above tradingules are also appligd a 'leveraged' version that allocates higher multiples
to certaintradesignals in specific cases. In these 'leveraged' tR8ésade signals (wheRSI

is aboveRSU or belowRSL) are multiplied by 2. FIT trade signals are multiplied by 1, 2 or 3

depending on the size of the intensigviation forecastor the next day( ,, ). If the

forecasties in the outermost quintiles of-sample intensity deviationghen it is considered
as large and leverage multiple of 3 is applied;tiie forecast lies in the next two inner quintiles
of in-sample deviations, then it is considered as mediuna éexkrage multiple of 2 is applied
and ifthe forecast lies in the innermost quintile osemple deviations then it is considered as
small amd a multiple of lis applied(i.e., no leverage).

These multiples are combined in the following mannier.cases when both foreign

(FIT) and domesticRS) signals coincide in direction then a combined leverage(af(BS)
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13 (FIT)) is applied to tradeinstigated wheirIT intensity deviation forecasts are large
leverage multiple of 4 (BRS) 12 (FIT)) is applied wheRIT intensity deviation forecasts are
medium and a leverage multiple of AS) 11 (FIT)) is applied when FIT intensity deviation
forecasts are small. In cases wiRSlis neutral then leverage multiples of 1, 2, or 3 are applied
depending solely on the size of the FIT intensity deviation forecast. Fimallyrade is
instigated ie., aleverage of (s applied when domestic and foreign signals contradict in
direction.
These rules are summarised as follows:
IF: FIT andRSlsignals coincide in direction arRiSlis not neutraland
FIT intensity deviation forecasts derge, mediumor small
THEN: trade andapply a leverage multiple & 4 or 2, respectively.
IF: FIT andRSlsignals coincide in direction arRiSlis neutraland
FIT intensity deviation forecasts derge, mediumor small
THEN: trade and jpply a leverage multiple &, 2 or 1, respectively, depending solely
on FIT.

IF: FIT andRSlsignals danot coincide in direction
THEN: do not trade

3.3. Signalstrengthanddirectionfilters

In order to analyse more carefully the interaction of the stresmgihdirectiorof foreign and
domestic return signalsve further enhace thetrading system byroposng a mechanism
wheretwo additional fiters are overlaid. The first controls the magnitumtestrengthof
incoming foreign information. Foreigeturnsignals smaller than the pset filter value, which

is allowed to varybetween0% and 5%, are considereds of insufficient size to affect the
outlook for next day returns in the domestic market and, consequently are not actéad upon
trading. A value oR%, for example, impliethat foreign market returnef 2% or lower are
considered as too we#kaffect forecasts of domestic returasd hence are ignorethe filter,

therefore restrics incoming foreign return signals of a certain size from beimgsideredn
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trading decisions, similar to how the Earth's atmosphere filters incoming meteor showers by
burning off smaller meteoroids. Accordingly, this filtsrapplied in order to clarifwhethera
specific size of incoming foreign information domies the ‘'meteor shower' phenomeira, (
has a greater economic impact for the domestic tra@ersequently,nformation of a larger
magnitude is expected to thread itself through to impact domestic returns. However, there may
not be many such signais have a dominant economic impact on investmant| a larger
number of smaller signals may dominate instdéuw filter, therefore, acts as a search tool for
the range of signal strength which dominates the economic benefits that foreign information
transnission provides.

The second filtecontrols the number of foreign signals that are restricted to coincide
in direction to domestic momentum signals. This filter is the width oR®Blmeutral zone. At
one extreme, applying lower and upper bourR&t. andRSU (also called th&kSI'bands’) of
0/100 for this neutral zone implies that trading in the domestic market is solely dependent on
foreign information (FIT) signalsi.€., RSlis maderedundantand, consequently, domestic
momentum does not play arpan filtering incoming foreign signalaccording to coincidence
in direction with domestic momentynAt the other extreme, applying lower and upper bounds
of 50/50 for this neutral zone implies that trading in the domestic market is solely dependent
onforeign (FIT)signals that coincide in direction wittomestic RS) signalg(i.e., RSlis made
fully operational in filtering out all foreign information that do not coincide in direction with
domestic momentumPther bands in between these two extresiesh) as 10/90, 20/80, 30/70
and 40/60,allow for varying degrees oflirection filtering. Accordingly, this is a signal
direction filter andis similar to the Earth's orbit in acting as a 'velocsifter of incoming
meteoroids of different orbits (angié incidence and direction of approachj.one extreme
orbits intersect head on, while at the other extreme orbits coincide and, depending on relative

velocity, may never intersecthis allows us to test the degree of economic importance of
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foreign signal direction, and whether a specific degree of direction control is economically
dominant.
In this manner, therefore, the characteristics of incoming foreign information are
dissected into strength and direction, and the economic significance amisyraombinations
of these dissectioris tested.
Thetradingstrategydesigned, constructed and tested in our study, relies dnzhg
logic conceptbecause of thapplication of the fuzzy logicule. Although the variables in our
system do naall necesarily have talwaysbe constrained between 0 anéXy.RSlindicator,
which by definitionis (0,1)),they can be normalised within such interfifbheeded.
In summarypur trading systenelies on théuzzy system rule, which can generally
describedrerballyas follows:
IF: the foreign buy signal is [VERY STRONG / STRONG / WEAK etc.] and
the domestic momentum signal is [VERY STRONG / STRONG / WEAK etc.],
i.e. the domestic market is [VERY STRONGLY / STRONGLY / WEAKLY
etc.] oversold,

THEN: the system generates a [VERY STRONG / STRONG / WEAK etc.] buy signal

A similar rule applies to the formulation of the sell signal.

3.4 Transaction osts

As direct trading in stock indices requires trading in individual stocks, and these have different
transaction costs (e.g., bak spreads)he effect of the above filters on the performance of
trading strategies is investigated at different levels of transaction costs ranging from 0% to
0.25%, with 0.1%onsidered athe'normal rate for a round tptrading of stock(i.e., buying

(selling) at domestic market open and unwinding by selling (buying) at domestic markgt close

19



Some wholesale trading platforms offer transaction rates lower than 0.1%, and larger trades are

negotiable!

4. Data and estimation

Daily open and close levels of thpotindices covering the period from 1 June 1998 to 31 May
2011 are obtained frolatastreamWe also construct a database of futures contracts on these
indices collected from a different data provider (Por@agital Ltd), the analysis of which is
deferred to Section 6This section and Section 5 present analysis using spot indices.
Continuously compounded opén-close daily returnsluring the initial teryear period from

1 June 1998 to 31 May 20@8e calcuhtedandused for FIT insample estimation. Coefficient
estimates are then used to forecast index returns as well as level and intensity deviations on a
daily basis throughout the eaf-sample period from 1 June 2008 to 31 May 20182
observations) Throughout this period the sign of the forecasted daily returns is used to
determine the trade typed, whether a buy or a sell), and FIT forecasts of beta deviations are
used to determine trade multiple®( the level of leverage) for FIT leverageddes.RSlis

then used @ agate that allows through foreign signals that are aligned in direction to that of

4 These platforms mainly offer index proxy products. In countries where Contracts for Difference (CFDs) are
available, the typical spad on CFD stock index trading ranges from 0.01% to 0.15% with initial margin and
variation margin requirements of around 7% and 2%, respectively (see, for example, http://www.plus500.co.uk).
The indices used in this study are amongst the most heavigdtead!, consequently, have the least spreads (e.qg.,
during trading hours, the FTSE100 typically had a spread of 1 index unit at a time when the index was around
6500 units). Futures are the main index instruments used by professionals while CFDs aearedriogprivate
investors. CFD related trades account of a sizable proportion of trading in some European and Asian markets, and
although are prohibited by the SEC in the US, many brokers have European or Asian trading arms. Obviously,
one need not residin a particular country to be able to trade CFDs. Although, many proprietary platform
providers use their own models to price indices, Direct Market Access (DMA) CFD providers guarantee matching
each CFD trade with a physical trade in the underlying atadkalleviate concerns that their prices do not match
those of the underlying instruments. See, for example, http://www.londonstockexchange.cosargtices
markets/stocks/toolandservices/directnarketaccess/direemarketaccess.htm. DMA providers (ducas
iDealing.com) usually charge a flat commission fee of GBP 5 per contract and 50 penceviay@ettlement.

For FTSE 100 futures at an index level of 6500, for example, these costs, together with around 5 index points of
bid-ask spread (a very higéstimate), translate to only around 0.0009% of contract value for a round trip. Thus,
our 'normal’ level of transaction costs of 0.1% is very much on the conservative side, especially for institutional
traders.
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domestic momentum. The strength and direction filters discussed in Section 3.3 are
subsequently overlaid.

Tablel presents descriptive statistmisthe insample continuouslgompound returns
of all the indices usedReturns range fror.4% to 14.% with a mean and mode that are
either zero or near zerstandard deviations range frén®8% to 158%, skewness values are
negative(except for NQ and HSnd excess kurtosis rargfeom 2.7 t06.07,which indicates
a degree of clusterin@he LjungBox Q(10) statistics for the levgrovides initial indication
thatserial correlationn returnsis significantfor NIKKEI, FTSE STOXX,HS and DAX but
notfor DJIA, S&P, ASX and NQTheQ(10) statistics for squared returns, howeeenfirms
clustering andsignificant heteroskedasticity of the autorrelated form in the returns afl
indices. If the structural features of FIT do not incorporate this heteroskedasticityttfahy
the significance of parameter estimates would be affected. Accordingly, and in order to
eliminate this problem from the outset, FIT is estimated using retemies adjusted for
hetepskedasticity by dividing eacheturn series by estimates dfs conditional standard
deviations obtained by fitting an appropriate GAR@Jd( specification. This is a procedure
similar to the standard Generalised Least Sq@e&S) technique. It has the advantages of
preserving the sign of returnge(, the direction of information signals) which dréveur
trading strategies, eliminating heteroskedastitityn the outsetand simplifying the Kalman
Filter estimation ofFIT. Q(10) statistics, reported in Tablg 2onfirm the adequacy of this
procedure in eliminating both serial correlation and heteroskedasticity

Table 2 presents the estimation results of the FIT madelg heteroskedasticity
adjusted returnsor the FTSE, STOXX, NIKKEI and ASX model& general to specific
estimation procedure is adopted whereby insignificant parameters from an initial full
parangterised versionas in equations (H3), are dropped one at a time, and the Likelihood

Ratio (LR) test is used at each step to confirm this pruning. The table reports estimates of these
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final specifications that have only the remaining significant parameistsnates of the
steadystate level,§ of the meteor shower relationship forfallir (y) indicesare insignificant,

while those ofthe steadsstate intensity, (8are positive and statisticallgignificant. This
indicates a clear meteoh®wver from marketx to marketsy, where returnsignals are
transmitted overnight directly, and in the same direction, from international to domestic stock
markets. Thus, on average, a positive (negative) return signal emanating in an international
market overnight impacts next day returns in domestckets positively (negatively) with
intensities of 0.3078 on FTSHE.2861 on STOXXP.1475 on NIKKE] and 0.3900 on ASX

The sign and magnitude of these intensities are consistenOlhestimates (Table 2) and
VLPLODU pPEHWDVY HVWd® RAugahvGal brigd Ptk 1R, WetWwxed IS&R/and
NIKKEI over the period 4/1988/1991). Significant negative estimates of parameder
throughout indicate a negative serial correlation in daily level deviations, and significant
positive estimates of parameeb for NIKKEI reveal that foreign overnight information from
third marketsz, that operate in intermediate time betwrandy, significantly affects changes

over time in the level deviatioRsSignificant estimates of the parametemndd throughout
further confirm thathe intensity deviations are time varying, serially correlated andarg

with foreign information from markets Thus, both the direct and indirect channels of foreign
information operate in these markets. The LiBux a ten lagsQ(10), for the levels and the
squares are all insignificant, which confirms the absence of any serial correlation or
heteroskedasticity left in the residuals following the adjustment procedure and the modelling

of expected returns by FIT.

5 Note that significant estimates of ta@parameter confirm that level deviations are time varying even though the
steady state value of the level is insignificantly different from zero. In other words, alphas change over time around
a zero average. Moreover, these changes are significantljeaffeg overnight foreign information from markets

zfor NIKKEI since the estimate of theparameter is significant for this indekhese dynamics operate on a daily
basis.
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5. ResUts of trading strategies

In this section we present resubfthetrading strategpf a day domestic trader in each of the
four indices. Discussion focusseen the overall performanceneasured bytotal returns
throughoutthe entire oubf-sample periogs well as on the average returns per trade, which
depend on the level of filters on the foreign signals andR®kbands Stricter filters imply
fewer transaction Robustness is discussed in Section 5.4 #&idadjustedperformancean
Section 5. For additional robustness, and to show the effects of compounding, we use
compound returns in the discussion of Sections 5.1 to 5.8duge cumulative returns in the

discussion of Section&.All results are available from the authors.

5.1 Foreigninformationmagnitude

Figure 1shaws totalcompound returnand average return per trafte the FTSE STOXX,
NIKKEI and ASX modelswvithout leverag€RSIbands fixed at 20/8@gainst different levels
of transaction costs amtlifferent levels of thatrength filter that operates on the size of foreign
information It illustrates a notlinear relationship betweetotal return andhe level of the
strengtHfilter, but an almost linear relationship between total return and transactionlt¢wsts
strategesbenefit from increasing therengtHfilter from 0% toa specific range atbout 0.5%t
0.75% while for higher filterlevelsthe performance declineghe low performance at lower
filter levels of 0%H.5%and high rates of transaction costs is mainly due to the fact that these
filter levelsallow trades based on weak foreign signalse low performance at higher filter
levels, and the decrease in sensitivity of this performance to different rates ofticameasts,

is mainly due to the fact th#here are fewer trades these filter levels, and the number of
trades decreases with higher filter lev@lee profitabilityper tradancreases, howeverhis
proves expectations that more restrictive filmrdls lead to more profitable transactions, but

this is true only when the underlying meteor shower relationship is tedadaierdingly, this
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confirms that the meteor showier both statisticallyand economically significant, since the
strength or magnitle of foreign signals affects domestic strategy performance. The
implication is that the strength of foreign market return sigaedsndeedelevantto domestic
marketinvestments

In particular,Figure lreveals that there isspecificsize of foreigrninformation that is
dominant in terms of economic impact on domestic investmA&hteasonable to low rates of
transaction costsvery profitable trades (those that are singled muthigher levels of the
strength filter) do not increase investment performance as much as etk orforeign
information of return strength betwe@n5% and 0.75%.Although trades based on large
incoming foreign information are highly profitableigure 1 right panel¥ theyare however,
fewer in numberlt seems, thereforéhat a particular size of foreign information is capable of
penetrating domestic market conditions with larger numbers, and théser than the highly
profitable but fewer ttdes,dominate the economic performance of domestic investment
strategiesThus, it seems that in stock markets denser meteor showers of relatively smaller
meteoroids have greater impact than lighter meteor showers of relatively larger meteoroids.

Next weturn our attention to the analysis of interaction between the filter on the foreign

signal and th&Slbands.

5.2. Domestianformationdirection

Figure 2 shows totalompound returnand average return per trade for fimer modelswvithout
leverageagainst differenRSlbands and different levels of the strength filter that operates on
the size of foreign information. Transaction costs are fixed apttrenalflevel of 0.1%. The
figure shows the nehnear relationship between performance and filter level as well as highest
performance at filter values of 0.5%h175% exhibited inFigure 1across allRSIbands.In

addition, the increase in average return peretraith increasing filter values is also consistent
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across alRSlbands. These resukt®nfirm that the conclusions reached above in Section 5.1
are robust to the degree by which foreign information is restricted to coincide in direction with
domestic infomation (which is whaRSldoes at differentdnds).

As explained in SectioB, RSIbands act as gates (filters) that control which foreign
signals are acted upon depending on whether or not they coincide in direction with domestic
momentum. The tighter éhbands the narrower the gat¢50/50 all foreign signals are filtered
by coinciding direction and only those that coincide in direction are acted upomsétigate
trades), while at 0/100 none are filtered and all incoming foreign signals areupcted
Focussing orstrategyperformance acrosRSI bandswould reveal the effect of direction
filtering on economic performance. Firgu2 show that the performance acrosRSIbands
varies more atower than at higher levelsf the strength filter. In particulathe highest
performance occurs atide RSlbands of 30/70 awider (i.e., towardd)/100). Thus, in general
wider RSl bands lead to better performandenis means that some domestic investment
strategies slightly favauforeign information that coincides with their own domestic market
momentum (e.g., FTSE and STOXX), while others benefit from foreign information of any

direction (e.g., NIKKEI and ASX).

5.3. Leverage
Figure3 shows leveraged strategy performance by filterd transaction costsd., leveraged
version of Figure 1)The shape ahe graphs remainsoughlythe sameThis means that the
leverage imposedccording to beta deviations forecastedh®y EIT modemainly magnifies
the profitswhile leaving unalterethe overall patterns of profitability.

Figure 4showsthe leveraged equivalenf Figure 2.1t reflect a similar picture High
performance is exhibited at wideSIbands of 30/70 or widefNIKKEI shows some high

performance at nasw RSIbands) but variation in performance acrd®Slbands is magnified.
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Performance peaks emerge at low levelghef strength filterin general, performance of
strategies is magnified to phenomenal levels and the emerging variations, though quite
subgantial, operate at vehigh levels of profitability.

Overall,the findings fronthesemodels indicate a very clear effect of gteengtHfilter
on foreigninformation decreases iwhich always increas&rategyperformanceHowever the
results for the impact of theSlbandscan be market specific, and when leverage is applied

different bands can lead to different performance, albeit a high performance nonetheless.

5.4. Robustness checks
Prior to investigating risladjusted perfanance in sutsection 5.5 belowwe run two
robustness check$he firstis atestof the hypothesis that the above investigated strategies
built on the informatiorbased fuzzy logic system together with sequential foreign information
(FIT) and domestic momentum (RSI) do indeed perform better than a benchmark buy and hold
index strategyWe dothisby calculating: KLWH V 5 H p-@alugV Th& seebiRdNis
a simple timeseries validation check of strategy performance overavenlapping forecast
subperiods.

To conduct the first checkote that the prior treatment of the timeisgdata of index
log returns described in Section 4 imgiyatthe underlyingreatedseries are stationary strong
PLILQJ VHTXHQFHYV VDWLVI\LQJ WKH EDVLF DVVXPSWLRQ RQ
is built. We proceed by applyingk L W H  V GhiddR @ctodspotindex strategies assuming,
XVLQJ :KLWH 9%h=GR WD theLdmQothing parameteay),(the randomresampling
block length(b), and the forecast horizor @re 1 (daily) the prediction period count= 781
(the number obur total outof-sampledayg, and the performance measure of interest is the
perperiod (daily) return difference between a strategy mkdel « ,and thebuy-andhold

strategy of the relevant benchmarklex.In our context, the vector dimodelsover which the
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recursive calculations are conducteohtains combinatiorspecificationsof strengthfilter
values {0.1%#1.% incremented by 0.1%, and 2%, 3%, and 5%} R6dvalues {0/100, 10/90,
20/80, 30/70, 40/60, 50/50} for each index strategy. We ceshe searchto nonlevered
strategies only, as leverage is showrptonarily have a magnifying rather than a patt
changing effect, and the hypothesis of whether a strategy beats the market index shmuld not
dependent on leveragpait on the inheremnerit of the fuzzyORJLF VA\VWHP{V XVH RI IR
domestic information

Conducting theseecursivecalculations revealthat the best specificatitmodel is
Nikkei [0.5%, 20/80] with averagesturndifferencefrom benchmarlof B& rduz{ (and
an associateReality Checkp-value 0f0.005642 Accordingly, at least the best information
based strategy model/specification provides statistically higher returns than the underlying
buy-andhold benchmark strategfi.e., it beats the marketl'his geneally confirms the
statistical significancef theperformance of thanformationbased fuzzy logic trading system
over a buyandhold strategyln Section 6 we further test whether this profitability actually
materialises in practicg@.e., economicallyignificant) when tradable instruments are used as
proxies for nortradable spot indices.

The second check divides the total-ofisample prediction period (06.20685.2011)
into three noroverlapping suiperiods 06.2008605.2009 06.200965.2010; 06.2010+
05.2011) and performance is calculated for the bestexmraged strategies of the four index
models. Table Ath the Appendipresents the number of trades and the cumulative raw returns
for these lkest nontleveragedvarians. The performance stronglypositive in all periods,
except for the STOXX strategy during the last-peiod 0106.201005.2011, where relatively

small negative cumulative return is obserggtbugh still better than that of the indeXhe

8 For the first model 1, the sample valBe L J5 6 B¥s compared to the perceetiiof &L J5 ¢:B&,F BS where
i «N, and B?,%areN =100 averages over randostationary bootsapped samples d:éngthn; 781 For thek®"

model & L  f 3<1° 6B&8,, 5 =is compared to the percentiles &L | = 0I5 6kB§,F BHAE, ;=
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performanceof all strategieslecreasehowever,over the three nenverlapping suiperiods

whichreflects the generally decreasing number of trades.

5.5. Riskadjustedperformance

‘H QRZ LQYHVWLIJDWH ZKHWKHU WKH VWUDWHJLHNK] SHUIRL
number ofstrategiegraphed in Figures # is too large taconsiderdisplayng risk-adjusted
performance measures for all. Accordingly, a selection is made and the results are tabulated
instead of graphedlhe selected strategies are those that attained the highestetatal
amongsthe informatiorbased strategietogether with a simple beandhold benchmark for

each indeX. Table 3 reportghe number ofroundtrip trades, rawcumulativereturns, the
Modified Sharpe RatigMSR) and certainty equivalent (CEQ) returfa different levels of

risk aversion ) for this selectionFirst, the poor performance of the indices throughout the
out-of-sample period is evident in the negative raw returns and the low MSR and CEQ returns
of the benchmark bugindhold strategiesThe benchmark strategies yieldexv cumulative
returnsthat rangdrom -32.41% to-1.0%%, MSR valuesthat rangdrom -0.0842 to 0.019and

CEQ returnghat rangdrom -0.0668% to-0.0102(for the normal level of risk aversion ofl).

In contrast, all tabulated information based strategaddedraw returns ranging frorf@84% to
455.4%6, MSR values ranging from@.70to 02633andCEQ returns (at=1) ranging from
0.0991% to 0505®%0. Theyall also yieldedpositive CEQ returns at riskversion parameter
values of 2 or less (1 being the 'normal’ lewl)l some yielded positive CEQ returns at risk

aversion parameter value of even lbfact, all nonleveraged strategies yielded positive CEQ

7 Specifically, four strategies are reported for each index (this section reports resultfofariatlices). The first

two are the best performing leveraged and-leseraged strategies across the range of filter values while keeping

fixed the RSI bands at 20/80 and transaction costs at 0.1%. The second two are the best leveraged and unleveraged
stratgyies across both ranges of RSI bands and filter values while keeping transactions costs fixed at 0.1%.
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returns at all levels of risk aversi8iConseguently, these results confirm robustness on risk
adjusted basis and at different levels ok asersion
We alsoinvestigate thexdent of these strategies' riskljusted performanaelative to

a marketWe report Jensen's alpkatimatewbtained byestimatingexcess returnegressions

of four different versions of CAPM modelg heseregressionsre

(1) Excess returns in domestic currency of ttnategy onexcesgeturns of a broad domestic
market index The broad market indices used afd:SE All Share for the UKS&P
Eurozone for Europ@&IKKEI All Stocks for Japan, and 3X All Ordinaries for Australia

(2) Excess returns in domestic currency of ttrategyon excesgeturns of the MSCI World
index poth in local currengy

(3) Currencyadjusted (to USDgxcesgeturnsof the strategy ormthe excess returns of the
MSCI World index (in USD)

(4) Inaversion of thénternationalCAPM (ICAPM), theexcesgeturns indomestic currency
of the strategyare regressed on tlexcesgeturns ¢ the MSCI World index irin local
currencyandexcesgeturns of aelevant Effective Exchange Rate index, which measures
the value of a currency relative adbasket of international currenci@s

Excess returns are calculated using a reles@mitry specific localisk-free rate To conserve

reporting spacen the large number @ésultingcombinationsthese regressions are carried

8 As expected, at extremely high levels of risk aversion some strategies tabulated in Table 3 yield negative CEQ
returns. At sufficiently high levels afsk aversion any trading strategy whose performance varies over time will
return negative CEQ returns. A risk aversion parameter of 10 is ten times the normal level.

9Versions of the CAPM and the International CAPM (ICAPM) are used instead of empaisains othe APT

model for the following reasons. First, a mi#ictor model can be argued to be a less objective tool for
comparison, while the CAPM is more often used in the literature as a commonly accepted benchmark. Second,
there is a lack of conssus on the nature and the number of the factors in the APT, where significance of certain
factors may differ across markets and vary over time. Factor identification is, therefore, debatable, and any
analysis using APT models may very well be more suibdhan an application of the commonly accepted
versions of the CAPM or ICAPM. Third, APT regressions with mamronomic factors may suffer from multi
collinearity unless orthogonalisation is carried out first (which may further obscure factor id&atifiaad
interpretation).

10 The Effective Exchange Rate Indices (ERIs) of the Bank of England are used. These indices are a weighted
average of the movements in cr@sshange rates against a basket of other currencies, with the weights reflecting
the reldive importance of the other currencies, as measured by trade flows between the relevant countries. See
http://www.bankofengland.co.uk/statistics/Pages/iadb/notesiadb/effective_exc.aspx.

29



out on only a selection of strategies for each index, namely, thedugsaind worstfour
performing strategies amongst the entire set of strategies considered for thatineewanal
0.1% level oftransaction costslhis is the set that contains all leveraged andlaveraged
combinations ofhe full range of filter an&RSlvalues consiéred abové! As the results of all
four versions of the CAPM are qualitatively similar, we conserve space by reporiiad|m

4 p6SRW LQGL F khe flpBaesimasder@hlyothe first version of the CAPMII
results are available from the hats.Note that unlikeTable 3 which reports riskadjusted
performance of only the best performing strategies, Table 4 sgboina estimates of the worst
as well aghe best performing strategies.

Most alpha estimates for the best performing variantspasitive and statistically
significantat 1% or 5% Alpha estimates of the worst performing variants are efibsitive
and statistically significant(e.g, NIKKEI), or positive or negativeand stéstically
insignificant There are no significant negative estimaldgeseresults represemtvery strong
and persistent level of evidence on positigk-adjustedperformance At best all these
strategies beat the market, and at worst they perform no less well than the market, be it a
domestic or an international markietaddition, currencadjustmentslo not have a qualitative

effect on these results.

6. The trading systemin practice

The evidence omter-regional transmission effeggesented in SectioniSbased on data on
the most popular stock market indices reported by the stock exchanges and the madia and
the most frequently watched by fund managers. Thus, the analydesviantfrom the practical

point of viewin the sense that it is what most investors will perceive as emanating return signals

11 Specifically, eight strategies are reported for each index: fatranel four worst. The selection of the four best
is describedin Footnote 6The selection of the four worst is equivalent, but at the negative end of the distribution.
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given the visible spot index levels reported in the media. To measure the degree of this
MPLVSHUFHSWLRQY D Qrarketvéficiéneyov@ Ih&vie W teBoQriseRimgtestors
cannotimplement trading strategies timese indices directly, buéquire tradable instrument
WKDW uSURI[\Y | RAtcowdihgly We L€g Gigh-frejjuency data on the main futures
contractstha tradeon these indices in the stock or derivative markets in their respective
countries. The databtained from Portara Capitatd, constitutes the recorded prices of the
opening and closing trades the legacy (traditional) day trading sessiamghe respective
markets'? These sessiormincide with the opening and closing times of the underlgingk
markets Specifically, the contractssedare: the FTSE index futures (symbol QFA) traded on
the Euronext LIFFE Equities and Index DerivativE§JREID) in London (trading session
exchange time: 08:086:30), Euro STOXX 50 (symbol DSX) futures traded on EUREX in
Germany (exchange time: 08:€16.30),NIKKEI 225 OSEfutures (symboINK) traded on
theOsaka Securities Exchanf@xchange timed9:00 45:15), and the Australian 200 financial
futures (symbol AP) traded on the Sydney Futures Exchange (exchange timed 626}

The obtained prices are those of the first trade and the last trade at opening andfbesgy
sessionsrespectivelylt is important to note, however, that most of these futures contracts
trade forlonger periodge.g., QFA trading hours are 01:1:00)even thougthe trading
volume per minuteutside the legacy sessitimesis far lowerandis increasinglysporadic
overnight Continuous notbackadjusted price series are construaethg volume rollover

over the sequence of the most heavily tradast of maturities (cyclefraditionally used by

futures traders®

12portara Capital Ltd is a historical data, software and support provider for puafddsedge funds and corporate
WUDGLQJ HQWLWLHV ,WV EXVLQHVYV SDUWQHU LV &4* ,QF DQG 3RUWDU
http://www.portara.org/history.phendhttp://www.cqg.com

BThe rollover rule is that the next nearest contract is rolled to if either 100% of the daily volume in this contract

is greater than the twday average of the maturing contract or two days remain to the maturity ofaturing

contract, whichever occurs first. The maturity cycle used for rollover is HMUZ, which stands for March, June,
September and December delivery months. Prices are unadjusted to reflect actual trade prices.
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We apply our trading system armbnduct trading strategies using these actual trade
prices of the futures contracts that constitute the main instrumentsiruga@ctice by
institutions for trading these indicdsor conformity and comparison purposes we carry out
these strategies based the same signals extracted from spdex dateand used in Section
5 for spot index strategiesDV WKHVH DUH WKH PDLQ VLJQDOV uUREVHUY
The futures strategies acarried out for the four model$he FTSE and STOXXnodelsdo
not have an overlapshile theNIKKEI and ASXmodelshave a minor overlap between markets
x and zonly. As transaction costs for futures trading are much lower than for trading stocks we
use the realistic levelf 0.001% costs (see footnotg But we discuss the effects of varyihg
Figure5 presens the results for notteveragedstrategiedy RSIbands and size filter for these
models. In general, webserve a much lowgrerformancehan thatobserved earlier for spot
index strategiesSpeifically, FTSEand STOXX strategiesyield negative total return across
most ofRSlbands and filter valueand ASX strategiegield negative total return across all
RSlbandsand filter valuesOnly NIKKEI strategiegield positive performancevera sizable
range ofRSlIbands and filter valuedVhen observed, gsitive performance ofhe FTSE,
STOXX and ASXfutures strategies tends to concentraiR@iband of 5050 or slightly lower
DQG ILOWHU YDOXHV RI RU KLJKHUs talconderfirdteEorl W SHU I
filter values of 1.5% or lower, and at these levels, performance increafsl bescomes
increasingly operationalised (i.&Slbands towards 380). The highest average return per
trade is concentrated on high filter values #mel 5050 RSIband. Overall,lie 0.5%a0.75%
signal that is dominant in spot indices is visible in futures in NIKKEI and ASX strategies, but
only attheRSlIband of 5060. ForFTSE and STOX)§trategies, the dominant magnitude signal
tends to be muclarger(4.5% or 5%), and also &Slband of 5¢60. The prominence of the
50/50 RSI band almost throughout, implies that futures strategies benefit if all foreign

information signals are filtered by domestic momentimgure 6 presents the leveraged
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equivalentof Figure5. Leverage accentuates the profitability of strategies and for the two
relationships that have no overlap (FTSE and STOXX) higher filter saln@éRSIbands of
near 5050 (or 4355) and 2(B0 (or 2575) produce positive performance. The perfange of
leverage NIKKEI strategies can be very high, especially for lower filter valuesRBithands
from 3070 to 5050. ASX leveraged strategies are highly loss making, and the few that are
positive are again concentrated at high filter leaeldRSIbands from (L00 to 2@30. Overall,
the results she that the meteor shower effect, although present and profitabeame cases
is far weaker in futures than in spot indices, and that futamest likely due totheir longer
trading hoursincorporae much of foreign informatiorfiltering incoming foreign information
by sizealso seems relevant, since high filter values can produce profitable strategies, especially
for nonoverlapping relationships. Amongst ttveo relationship models that exhibitnainor
overlap NIKKEI strategies are, in genenaidofitableand more so at lower filter valueshile
ASX strategies are lognaking and more so at lower filter values.

We further analyse performance of these futures strategies oraaljisted basidVe
look at he two best performing leveraged and#everaged strategies across the range of filter
values while keeping fixed thRSlbands at 20/8@for comparisonwith spot indicey and
transaction costs at 0.001% and the two best performing leveraged and unleveraged strategies
across both ranges &Slbands and filter values while keeping transactions costs fixed at
0.001%.Table5 reports the number of roustdp trades, raw cumulize returns, the Modified
Sharpe Ratio (MSR) and certainty equivalent (CEQ) returns (at different levisls a¥ersion:

) for this selectionln a marked contrast with corresponding results for spot index strategies
(Table 3), the raw returns (cumulet) of the best futures strategies are far loware FTSE
strategy and all ASX strategies yield negative raw returns, but the other three FTSE strategies
and all STOXX and NIKKEI strategies yield large positive raw retudamsvever,raw returns

of all reported futures strategiesme higher than those reported in Table 3 for spot index
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benchmark buy and hokdrategiesThis indicates that some futures strategies, namely the best
variants reported, are on average more profitable than passhantiipld investments in the
underlying indices? Both the MSR and CEQ resuitsported in Table 4urther confirm the
generally low magnitude of this pesfmance on risladjusted basisMost of the three
profitable FTSE strategies and all of STOXX and NIKKEI strategies show positive risk
adjusted performance to risk aversiewel of 2, and some at 5.
For completeness, we also the riskadjusted performance of thefmur best

performing as well as the four worgerforming strategiegelative to an index, in the same
manner as conductea Section 5.4 and reported in Taldléor spot index strategies. Table

u) X W X bittperel) Wapdrts the alpha estimates of the first CAPM model for this selection
of strategies. Results of the other CAPM and ICAPM models, show similar results, and are
reported in Table Al in the@pendix.In general, and in contrast with KH JLEE®RW HV ] OHI\
pane] estimates of alpha for futures strategies are not significant, except for one NIEStEI
variant strategy, which is marginallgignificantly positive, and three FTSE worstriant
strategies, which are significantly negative at the |8%&l. Despite this lower performance
relative to an index, alpha estimates of all STOXX and NIKKEI futheststrategies, two of
$6;1V EHVW YDULDQWYV DQG WKUHH RI 1,..(,TV ZRUVW YDUL
Thus, although some stragjees are profitable on riskdjusted basis, most of these best

performing futures strategies struggléotmat the market.

7. Conclusiors
This papeiproposes trading strategipased on théuzzy logic ruleso investigatevhether a

particular magnitude or direction gfgnals inthe form of the inter-regional transmission

4 Most of these positive raw return strategies also yield positive, though much reduced, raw returns if transaction
costs were kept at the same 0.1% level as that assumed for spot index strategies (results available from the authors).
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effectsin returns dominates ¢hperformance of domestic trada thesix majorstockmarkets

in the U.S., Europe andAustralasia Direct and indirect channels of foreign information
transmission are modelled by the FIT modelbwdhim and% U ] H V ] F {200ON Domestic
momentum is measured by the Relative Strength InB&).(A trading systenthat depensl

on both the foreign and dwesic information signalss then constructedlwo types offilters

are subsequently overlaid to dissect the strength and direction of foreign information in order
to enable the measurementtsfincremental effects.

The esultsusing spot index datadicate that foreign signal in the range of 0.5% to
0.75% is most relevant, especially when domestic information interference is resticted.
reasonable to low rates of transaction costs very profitable trades do not increase investment
performance @smuch as trades based on foreign information of return strength between 0.5%
and 0.75%. Although trades relyingn large incoming foreign information are highly
profitable they are, however, fewer in number. Accordingly, it seems that a particularf size o
foreign information is capable of penetrating domestic market conditions higghmer
frequencyand these, rather than the highly profitablerblatively infrequentrades, dominate
the performance of domestic investment sgig® This effect is peitent acrossthe
investigated marketd he performance of foreign information basggot indexstrategies is
quite substantial on a net of transaction gaasavell as on riskadjusted basis.They also
generatestatistically significantpositive alphas in simple CAPM anth the International
CAPM regressions.

However,given thatinvestors need a tradable proxy to implamsuchstrategieswe
also usedhe same information signglerceived by investors from spot index dataimulate
similar tradeson index futures contractalthough some strategies are profitable at the lower
transaction rates applicable to futures, the best performing futures strategies struggle to beat

the market and, apart from one NIKKEI strategy, have insignificantip@saand negative
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alphas. Thenter-regional transmission of stock market signalsveak in futures and these
contracts seem to incorporate foreign informatforost likely due to their longer trading
hour9. Thus, what appears to be profitable predidiighin thereported spot index data does
not necessarily translate to market inefficiency when trading strategies are implemented in

practice using tradable instruments.
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Figure 1. FTSE, STOXX, NIKKEI and ASX spot index strategy performance without leverage
by filter and transaction costs.

FTSE: Total return FTSE: Average return per trade
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Figure 1shows total compound return and average compound return per trade at different levels of foreign filter
and RSI bands for FTSE, STOXX, NIKKEI and ASX spot index strategies without lev&8ggands are fixed

at 20/80.
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Figure 2. FTSE, STOXX, NIKKEI and X spot index strategy performance without leverage
by filter andRSIbands.
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Figure 2 shows total compound return and average compound return per trade at different levels of foreign filter
andRSlbands for FTSE, STOXX, NIKKEI and ASX spot index strategies without leverage. Transaction costs
are fixed at 0.1%.
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Figure 3. FTSE, STOXX, NIKKEI and ASX spot index strategy performance with leverage by
filter and transaction costs.

FTSE: Total return FTSE: Average return per trade
STOXX: Total return STOXX: Average return per trade
NIKKEI: Total return NIKKELI: Average return per trade
ASX: Total return ASX: Average return per trade

Figure 3 shows total compound return and average compound return per trade at different levels of foreign filter
andRSlbands for FTSE, STOXX, NIKKEI and ASX spot index strategies with leveiRf&ands are fixed at
20/80.
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Figure 4. FTSE, STOXX,

filter andRSIbands.
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Figure 4 shows total compound return and average compound return per trifigeeatt devels of foreign filter
andRSlbands for FTSE, STOXX, NIKKEI and ASX spot index strategies with leverage. Transaction costs are

fixed at 0.1%.
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Figure 5. FTSE, STOXX,

filter andRSIbands.
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Figure 5 shows total compound return and average compound return per trade at different levels of foreign filter
andRSlbands for FTSE, STOXX, NIKKEI and ASX futures strategies without leverage. Transaction costs are

fixed at 0.001%.
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Figure 6. FTSE, STOXX, NIKKEI and ASX futures strategy performance with leverage by
filter andRSIbands.

FTSE: Total return FTSE: Averageeturn per trade
STOXX: Total return STOXX: Average return per trade
NIKKELI: Total return NIKKEI: Average return per trade
ASX: Total return ASX: Average return per trade

Figure 6 shows total compound return and average compound return peaittdifierent levels of foreign filter
andRSlbands for FTSE, STOXX, NIKKEI and ASX futures strategies with leverage. Transaction costs are fixed
at 0.001%.
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Table 1 Descriptivestatisticsof spot index returns

DJIA NIKKEI FTSE S&P STOXX ASX NQ HS DAX

Minimum -0.071337 | -0.067770 | -0.058857 | -0.070438| -0.074238| -0.061409| -0.093839| -0.050748| -0.091029
Maximum 0.062051 0.072763 0.059038 | 0.055720 | 0.070653 | 0.044233 | 0.148955| 0.082970| 0.073988
Mean 0.000198 | -0.000385 | 0.000022 | 0.000077 | -0.000051| 0.000190 | -0.000591| -0.000108| -0.000220
Mode 0.000000 0.000000 0.000000 | 0.000000 | 0.000000 | 0.000000 | 0.000000 | 0.000000 | 0.000000
Stdev 0.010743 0.011469 0.011637 | 0.011110| 0.013920| 0.007904 | 0.015839 | 0.011313| 0.014676
Skewness -0.14@ -0.0514 -0.1760 -0.0160 -0.1106 -0.4412 0.1412 0.113 -0.1906
Kurtosis 3.653 2.7292 2.7430 2.8819 3.3988 4.7856 6.070 3.3185 3.5816
Q(10) Level 10.01 21.36* 48.71** 13.56 29.27** 9.93 13.63 19.04* 17.24*
Q(10)Square 228.61** 194.18*** 230.97** | 676.12* |1574.29***| 630.02*** | 717.99** | 589.7G** |1773.84***

Table 1presentdescriptive statistics on the continuouslympound returs of the DJIA, NIKKEl FTSE S&P, STOXX ASX, NQ, HS, and DAXstock markeindices
throughout the irsample estimation period of 1 June 1998 through 31 May 2008 (2610 observéatiors) * denote significance at 1%, 5% and 10%, respectively.
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Table 2 FIT and OLSestimationresultsusing spot index data

FTSE model STOXX model | NIKKEI model ASX model
Estimate Estimate Estimate Estimate
0.3078**+ 0.2861%* 0.1475%*+ 0.3900%*+
0.8701%** 0.551 7% 0.5004**+ -0.5993**+
0.1232%* 0.0450** 0.3114%** 0.2570%**
0.3816%**+ 0.7768**+ 0.7762%* 0.6237***
£ -0.1891%** -0.2521** -0.2541%** -0.164 7%
| - - 0.1471%* -
2, -0.2192%*+ -0.4748%*+ 0.1406%** -0.4043*
@ 0.968** 0.6046%** -0.14971 %+ 0.3093***
Max.Lik. -1.3786 -1.3806 -1.3984 -1.3262
Q(10) Level 16.2404 9.0829 7.5024 8.0213
Q(10) Square 13.7841 11.7581 14.3262 5.8216
216 0.2414%* 0.2601%** 0.1427** 0.3845%**

Table 2 presents-IT estimation results using heteroskedasticity (GAR&HY) adjusted continuously
compounded opeto-close spot indexdaily returns throughout the period 1 June 1998 through 31 May 2008

(2610 observationsf KH )7 6 ( AKRtEHFD felationship where marketsx andz are FTSE, DJIA.1 and

NIKKEI:, respectiely. In the STOXX model they are STOX)XNQ.iand HS1. ,Q WKH pl1,..(, PRGHOY WKH!'
NIKKEI, FTSE1and DJIA4, respectivelyln the ASX model they are ASXDAX.1 and S&R.1. Max.Lik. is the
optimised Maximum Logdikelihood value. GHQRWH VLJQLILFDQFH DW -9

denotes dropped insignificant paramelére last raw presents estimates of the OLS beta of madkemarket
X.

DQG

49



Table 3.Spot indexitading strategy owbf-sample performanc@eumber of tradesaw return and risladjusted measures

Strategy or benchmark index Number of Raw Modified Certainty Equivalent (CEQ) measure
trades return | Sharpe ratio =05 | =1 =2 =5 =10
Benchmark indx (simple buyandhold strategy)
FTSE 100 index 2x1=2 -32.41% 0.0019 -0.0035% | -0.0102% | -0.0235% | -0.0635% | -0.1301%
NIKKEI 225 index 2x1=2 -1.05% -0.0842 -0.0609% | -0.0668% | -0.0785% | -0.1136% | -0.1721%
EURO STOXX 50 index 2x1=2 -24.20% -0.0358 -0.0339% | -0.0374% | -0.0443% -0.0650% | -0.0995%
ASX index 2x1=2 -16.99% -0.0739 -0.0509% | -0.0580% | -0.0723% -0.1150% | -0.1862%
FTSE model
Filter = 0.50% RSI=[20,80], NL 2x380=760| 116.73% 0.1156 0.1425% | 0.1385% | 0.1305% 0.1064% 0.0662%
Filter = 0.50%RSI=[20,80], L 2 x 380 =760 | 299.20% 0.0942 0.3383% | 0.2980% | 0.2172% -0.0251% | -0.4289%
Filter = 0.50% RSI=[15,85], NL 2x395=790| 136.76% 0.1293 0.1677% | 0.1632% | 0.1544% 0.1278% 0.0836%
Filter = 0.50% RSI=[15,85], L 2x395 =790 | 338.74% 0.1147 0.3942% | 0.3592% | 0.2891% 0.0790% | -0.2712%
STOXX model
Filter = 1.00%RSI= [20,80], NL 2 x257 =514 84.00% 0.0935 0.1023% | 0.0991% | 0.0928% 0.0737% 0.0418%
Filter = 1.00% RSI=[20,80], L 2 x 257 =514 228.17% 0.0770 0.2537% | 0.2186% | 0.1483% -0.0627% | -0.4144%
Filter = 1.00% RSI=[15,85], NL 2x536=1072| 88.70% 0.0951 0.1080% | 0.1046% | 0.0977% 0.0771% 0.0427%
Filter = 1.00%RSI=[20,80], L 2 x 257 =514 228.17% 0.0770 0.2537% | 0.2186% | 0.1483% -0.0627% | -0.4144%
NIKKEI model
Filter = 0.50% RSI=[20,80], NL 2x429 =858 | 143.25% 0.1400 0.1784% | 0.1741% | 0.1656% 0.1401% 0.0976%
Filter = 0.50% RSI=[20,80], L 2 x429 =858 | 437.86% 0.1219 0.5050% | 0.4528% | 0.3484% 0.0350% | -0.4872%
Filter = 0.50% RSI=[0,100], NL 2x470=940 | 143.86% 0.1351 0.1788% | 0.1742% | 0.1649% 0.1373% 0.0913%
Filter = 1.50% RSI=[45,55], L 2x102 =204 | 455.49% 0.1300 0.5294% | 0.4798% | 0.3806% 0.0831% -0.4129%
ASX model
Filter = 0.5%,RSI= [20,80], NL 2x412 =824 | 189.60% 0.2623 0.2334% | 0.2314% | 0.2273% 0.2152% 0.1951%
Filter = 0.5%,RSI=[20,80], L 2x412=824| 414.14% 0.2383 0.5093% | 0.4973% | 0.4734% 0.4016% 0.2821%
Filter = 0.5%,RSI= [5,95], NL 2x442 =884 | 199.74% 0.2633 0.2457% | 0.2434% | 0.2390% 0.2257% 0.2036%
Filter = 0.5%,RSI= [5,95], L 2x442 =884 | 419.61% 0.2507 0.5168% | 0.5057% | 0.4835% 0.4170% 0.3062%

Table 3 presents the eaf-sample performance of trading strategiesg spot index datd he rumber of trades takes into account rotrig transactions (for opening and
closing the position)iransaction costs are set at 0.1 raw return for the benchmark indices is a simple holding period return and for the strategies is a cumulative return

based on daily trades;dnd NL referto leveragecdndnonleveraged stratégs, respectivelyThe table presents the best performing variants of the strategies.
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Table 4. Alpha estimated daily CAPM model Spot indices and futures

Spotindices

Futures

FTSE models (best variants)

FTSE models (best variants)

Filter = 0.50%RSI=[20,80], NL |0.000584** |Filter = 2.25%RSI= [20,80], NL |-0.000057
Filter = 0.50%RSI=[20,80], L 0.003756** |Filter = 5.00%RSI=[20,80], L |0.000336
Filter = 0.50% RSI=[15,85], NL |0.000586** |Filter = 3.00%RSI=[50,50], NL |-0.000016
Filter = 0.50%RSI=[15,85], L 0.004310*** |Filter = 2.50%RSI=[40,60], L {0.000434
FTSE models (worst variants) FTSE models (worst variants)
Filter = 0%,RSI=[20,80], NL 0.000034 Filter = 0%,RSI=[20,80], NL  +-0.000704
Filter = 5.00%RSI=[20,80], L 0.001570 Filter = 0%,RSI= [20,80], L -0.001702**
Filter = 5.00%RSI= [35,65], NL |0.000190 Filter = 0%,RSI=1[0,100], NL  +0.001022**
Filter = 0%,RSI= [45,55], L -0.000373  |Filter = 0%,RSI=[45,55], L -0.002405**

STOXX model (best variants)

STOXX model (best variants)

Filter = 1.00%RSI=[20,80], NL |0.000673** |Filter = 1.00%RSI=[20,80], NL |0.000268
Filter = 1.00% RSI=[20,80], L 0.000979*** |Filter = 2.50% RSI=[20,80], L |{0.000540
Filter = 1.00%RSI=[15,85], NL |0.000862*** |Filter = 1.00%RSI=[20,80], NL |0.000268
Filter = 1.00%RSI=[20,80], L 0.000979*** |Filter = 4.00% RSI=[50,50], L |0.000631
STOXX model (worst variants) STOXX model (worst variants)
Filter = 0%,RSI=[20,80], NL -0.000362 |Filter = 0%,RSI=[20,80], NL -0.000479
Filter = 0%,RSI= [20,80], L 0.000511 Filter = 0%,RSI= [20,80], L -0.000573
Filter = 0%,RSI= [0,100], NL -0.000634  [Filter = 0%,RSI=[0,100], NL -0.000642
Filter = 0.50%RSI= [50,50], L -0.000665  |Filter = 0.50% RSI=[50,50], L |-0.001572

NIKKEI model (best variants)

NIKKEI model (best variants)

Filter = 0.50% RSI= [20,80], NL

0.001209***

Filter = 0.00%RSI= [20,80], NL

0.000309

Filter = 0.50%RSI= [20,80], L

0.005616**

Filter = 3.50%RSI= [20,80], L

0.000836

Filter = 0.50%RSI= [0,100], NL

0.001145%+*

Filter = 0.50% RSI= [35,65], NL

0.000519

Filter = 1.50% RSI= [45,55], L

0.006106**

Filter = 0.50%RSI= [40,60], L

0.002319 *

NIKKEI model (worst variants)

NIKKEI model (worst variants)

Filter = 2.50%RSI=[20,80], NL |0.001012 Filter = 2.25%RSI= [20,80], NL |{-0.000063
Filter = 5.00%RSI=[20,80], L 0.002538* |Filter = 0%,RSI=[20,80], L 0.000675
Filter = 5.00%RSI= [50,50], NL |0.000403 Filter = 1.00%RSI= [10,90], NL {0.000026
Filter = 5.00%RSI=[0,100], L 0.001998*  [Filter = 0%,RSI=[25,75], L 0.000408

ASX model (best variants)

ASX model (best variants)

Filter = 0.5%,RSI=[20,80], NL  |0.001652*** |Filter = 2.50%RSI= [20,80], NL {0.000(81

Filter = 0.5%,RSI=[20,80], L 0.003694*** |Filter = 5.00%RSI=[20,80], L |-0.000477
Filter = 0.5%,RSI= [5,95], NL 0.001666*** |(Filter = 1.00% RSI= [50,50], NL [0.000536
Filter = 0.5%,RSI= [5,95], L 0.003570*** |Filter = 4.50%RSI=[10,90], L |-0.000271

ASX model (worst variants)

ASX model (worst variants)

Filter = 2.50%RSI=[20,80], NL [0.000672*** |Filter = 0%,RSI=[20,80], NL -0.000242
Filter = 5.00%RSI=[20,80], L 0.000167 Filter = 0%,RSI=[20,80], L -0.000535
Filter = 5.00%RSI=[50,50], NL |-0.000011 |Filter = 0%,RSI= [0,100], NL -0.000289
Filter = 4.00%RSI= [40,60], L 0.000384 Filter = 0%,RSI= [0,100], L -0.000780

7DEOH SUHVHQWYV -HQV #dify\CAPK shEdelinHwiidh lekcBagetlivis B strategis regressedgainsta

domestic broad market indeXTSE All Shardor theUK, NIKKEI All Stocks for Japan, S&P Eurozone for Europe, and ASX

All Ordinariesfor Australig. A domestic riskfree rate is used for the relevant marléte twonon-leveraged best variants for

the STOXXspot indexmodel have the same parameters and the same investment strategy. Thus, their alpha estimates are th
same. Cells in greipdicate positive alpha estimates; ***, ** and * denote significance at 1%, 5% and 10% levels, respectively;
transaction costs are set at 0.f¥spot indices and 0.001% for futurésand NL denote leveraged and unleveraged strategies.
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Table5. Futures trading strategy eof-sample performance: number of trades, raw return anddisisted measures.

. Modified Certainty Equivalent (CEQ) measure
Strategy or benchmark indey #of trades | Raw return Sharpe Ritio ~05 | —1 = = 10
FTSE model+Futures
Filter = 2.25%RSI=[20,80], NL | 2x85=170 -4.82% -0.0042 -0.0080%  -0.0089%| -0.01079%q -0.0160% -0.0249%
Filter = 5.00% RSI=[20,80], L 2x12=24 24.64% 0.0183 0.0240% 0.0168% 0.0022%| -0.0415% -0.1143%
Filter = 3.00%RSI=[50,50], NL | 2 x20 =40 3.92% 0.0137 0.0045% 0.0042% 0.0036%| 0.0017%| -0.0013%
Filter = 2.50% RSI=[40,60], L 2x44 =88 30.82% 0.0186 0.0279% 0.0170%| -0.0050% -0.0709% -0.1806%
STOXX model tFutures
Filter = 1.00%RSI=[20,80], NL | 2 x 255 =510 20.69% 0.0251 0.0223% 0.0198% 0.0150% 0.0004%| -0.0238%
Filter = 2.50% RSI=[20,80], L 2 x 80= 160 49.17% 0.0251 0.0468% 0.0315% 0.0008%| -0.0912% -0.2444%
Filter = 1.00%RSI=[20,80], NL | 2 x 255 =510 20.69% 0.0251 0.0223% 0.0198% 0.0150% 0.0004%| -0.0238%
Filter = 4.00% RSI=[50,50], L 2x14 =28 48.16% 0.0325 0.0525% 0.0435% 0.0256%| -0.0280% -0.1175%
NIKKEI model +Futures
Filter = 0.00%RSI=[20,80], NL | 2 x 628 =1256 19.82% 0.0210 0.0214% 0.0179% 0.0109%| -0.0102% -0.0453%
Filter = 3.50% RSI=[20,80], L 2 x 26 =52 51.30% 0.0406 0.0590% 0.0525% 0.0395%| 0.0004%| -0.0648%
Filter = 0.50%RSI=[35,65], NL | 2 x 348 =696 40.41% 0.0549 0.0492% 0.0470% 0.0426% 0.0295% 0.0075%
Filter = 0.50% RSI=[40,60], L 2 x 313 =626 179.74% 0.0639 0.1973% 0.1651% 0.1005%| -0.0930% -0.4156%
ASX model tFutures
Filter = 2.50%RSI=[20,80], NL | 2 x62=124 -15.10% -0.0092 -0.0209%  -0.0214%| -0.02249% -0.02549%q -0.0305%
Filter = 5.00% RSI=[20,80], L 2x9=18 -2.10% -0.0013 -0.0034%  -0.0039%| -0.0050% -0.0082% -0.0135%
Filter = 1.00%RSI=[50,50], NL | 2 x 132 =264 -0.21% -0.0012 -0.0030%  -0.0036% -0.0047% -0.0080% -0.0136%
Filter = 4.50% RSI=[10,90], L 2x12 =24 -1.93% -0.0013 -0.0033%  -0.0038%| -0.00499% -0.0081% -0.0136%

Table5 presents the owdf-sample performance of trading strategies usutgres data. The number of trades takes into account Htoipnlansactions (for opening and
closing the position); transaction costs are set at 0.001%; the raw return for the benchmark itistaisgiegcumulative return based on daily tradesrid NL refer to
leveraged and neleveraged strategies, respectively. The table presents the best performing variants of the four strategies with nolr&&edap &ETOXX) or minor
overlap (NIKKEI and ASX).
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Appendix

TableAl. Alpha estimatesdaily CAPM and ICAPM modelgfutures)

Types of CAPM / ICAPM models: | (1) | (2) | (3) (4)
FTSE model+Futures (best variants)
Filter = 2.25% RSI=[20,80], NL -0.000057 [-0.000050 |-0.000034 |[-0.000049
Filter = 5.00%RSI=[20,80], L 0.000336 |0.000553 |0.000317 |0.000213
Filter = 3.00%RSI= [50,50], NL -0.000016 [0.000067 |0.000051 [0.000041
Filter = 2.50%RSI= [40,60], L 0.000434 |0.000265 |0.000552 |0.000297
STOXX model +Futures (best variants)
Filter = 1.00%RSI= [20,80], NL 0.000268 |0.000203 |0.000253 |0.000214
Filter = 2.50%RSI=[20,80], L 0.000540 |0.000423 |0.000619 |0.000450
Filter = 1.00%RSI= [20,80], NL 0.000268 |0.000203 |0.000253 |0.000214
Filter = 4.00%RSI= [50,50], L 0.000631 |0.000431 |0.000573 |0.000358
NIKKEI model tFutures (best variants)
Filter = 0.00%RSI= [20,80], NL 0.000309 |0.000285 |0.000698 |0.000309
Filter = 3.50%RSI=[20,80], L 0.000836 |0.000725 |0.000614 |0.000653
Filter = 0.50%RSI= [35,65], NL 0.000519 |0.000481 |0.000849 |0.000551
Filter = 0.50%RSI= [40,60], L 0.002319 * |0.002335* |0.002562 * |0.002403 *
ASX model tFutures (best variants)
Filter = 2.50%RSI=[20,80], NL 0.000e81 -0.000121 |-0.000009 |-0.000177
Filter = 5.00%RSI=[20,80], L -0.000477 [0.000029 |0.000027 |-0.000060
Filter = 1.00%RSI= [50,50], NL 0.000536 |-0.000025 |-0.000034 |[-0.000026
Filter = 4.50%RSI=[10,90], L -0.000271 [-0.000045 |0.000029 |[-0.000028

TableAl SUHVHQWY -HQVHQTV DO S KanilGARN Ralel KLY refirns BiXdte gWwadhiAsy the |
domestic broad market indeKTSE All Share for the UKS&P Eurozone for Europ®&IKKEI All Stocks for
Japan, and ASX All Ordinaries for Austrdlia local currency(2) returns of strategy against the world MSCI
indexboth in local arrency (3) currencyadjusted returns (in USD) against the world MSCI infiexJSD), (4)
International CAPM (ICAPM}¥ame as (2) but with return of local currency against basket of international currency
added. Tk two nonleveraged best variants for t8rOXX model have the same parameters, and the same
investment strategy. Thus, their alpha estimates are the Bodel (1) is the same as the one reported in Table

5 in the main text of the paper (results from model (1) are repeated here for the pliquesparison with other
variants of the CAPM / ICAPM modeldells in grey indicate positive alpha estimates; * denote significance at
1%, all other values are insignificant at 1p&@nsaction costs are set @@.%; L and NL denote leveraged and

unleveraged strategies
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Table A2 Subperiod outof-sample performance of thestnonleveragedspot index strategs

Strategy Number of trade] Raw Number of trade Raw Number of trade Raw Number of trade Raw
return return return return
FTSE model
Sample 06.2008+05.2011 06.2008 +05.2009 06.2009+05.2010 06.2010+05.2011
Filter = 0.50% RSI=[20,80], NL 2x380=760 |116.73% 2x176=352 | 95.60% 2x107 =214 |14.25% 2Xx97 =194 6.87%
Filter = 0.50% RSI=[15,85], NL 2x395=790 |136.76% 2x182=364 (112.17% 2x114=228 |17.41% 2x98 =198 7.19%
STOXX model
Sample 06.2008+05.2011 06.2008 +05.2009 06.2009+05.2010 06.2010+05.2011
Filter = 1.00%RSI= [20,80], NL 2x 257 =514 | 84.00% 2x138=276 | 76.81% 2Xx71=142 9.80% 2x48 =96 -2.61%
Filter = 1.00% RSI=[15,85], NL 2X268=536 | 88.70% 2x142 =284 | 78.18% 2xX77=154 |12.33% 2x49 =98 -1.81%
NIKKEI model
Sample 06.2008+05.2011 06.2008 +05.2009 06.2009+05.2010 06.2010+05.2011
Filter = 0.50% RSI=[20,80], NL 2Xx429 =858 |143.25% 2x167=334 [109.42% 2x141=282 |21.06% 2x121=242 (12.77%
Filter = 0.50% RSI=[0,100], NL 2X470=940 |143.869% 2x183=366 [116.26% 2x159=318 |21.44% 2x128=256 |6.17%
ASX model
Sample 06.2008+05.2011 06.2008 +05.2009 06.2009+05.2010 06.2010+05.2011
Filter = 0.5%,RSI= [20,80], NL 2X412 =824 |189.60% 2x168=336 [100.77% 2x131=262 |51.40% 2x113=226 |37.43%
Filter = 0.5%,RSI= [5,95], NL 2Xx442 =884 |199.74% 2x185=370 [103.33% 2x142=284 |58.95% 2x115=230 |[37.46%

Table A2 presents the eaf-sampleoverall and suiperiodperformance ofionleveredirading strategies using spot index dat@responds to Table.3Jhe number of trades
takes intoaccount roundrip transactions (for opening and closing the position); transaction costs are set at 0.1%; the raw return for the lediceserla simple holding
period return and for the strategies is a cumulative return based on daily tradeferbltoreonleveraged strategies. The table presents the best parfpvariants of the

strategies
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