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Introduction

It isinarguable that opportunities for above-normal returns are available to market participants at
some level. These opportunities may be exploitable for ingance a an intracdaily frequency as areward for
information acquisition when markets are efficient, or a alower frequency, to market timers when markets
are inefficient. By nature these profit opportunities are predicable but trangtory, and transaction costs may
be amgjor impediment in explaiting them.* This paper explores the optimal trading strategy when transitory
opportunities exist and transactions are costly.

The mode we present is gpplicable to the arbitraging of microstructure inefficiencies that require
frequent and timely transactions, which may be largdy riskless. An example is uncovered interest
gpeculation where a trader takes either one side of the market or the reverse. Alternatively, a trader
arbitrages differences between a stock’ s return and thet of one of its derivetives: going long on the arbitrage
position or reversng the position and going short. The modd aso applies to momentum or mean reverson
trading when these phenomena may reflect inefficiencies due to cognitive biases.

Starting with Fama and Blume (1966), trading rules often involve a “filter” that prompts one to
trade only if aredization exceeds a benchmark by a certain percentage. For ingance in foreign exchange
trading an x% filter might stipulate that a currency be purchased if its current exchange vaue exceeds some
moving average of its past vaues by more than x%. Presumably, such a filter reduces trading and thus

transaction costs. Theideaisthat if the trade indicator is“weak” the expected return from the transaction

! For instance, Grundy and Martin (2001) express doubt that the anomal ous momentum profits survive transaction costs,
and Hanna and Ready (2001) find that the momentum profits are substantially reduced when transactions costs are
accounted for. Lesmond, Schill, and Zhou (2003) conclude more strongly that momentum profits with transactions costs
areillusory.



may not compensate for the transaction cost. Knez and Ready (1996) and Cooper (1999), for instance,
explore different filters and find that the after-transaction-cost returns improve compared to trading
drategies with zero filter. The problem with the filter gpproach isthat thereis no way of knowing a priori
which percentage filter would be reasonable, snce the buy/sell sgnd and the transaction cost are not in the
same units. Thisaso impliesthat there is no discipline againg data mining for researchers: alarge number
of filters can be tried until the Strategy generates positive net returns.

The purpose of this paper is to design an optimal filter that maximizes the expected return net of
transaction cost. To accomplish thiswe employ a* parametric” gpproach (see for ingtance Balvers, Wu,
and Gilliland, 2000) that dlows the trading signal and the transaction cost to be in the same units. The
optima filter depends on the exact balance between maintaining the most profitable transactions and
minimizing the transactions costs.

The optimd filter can be no larger than the transaction cogt (plus interest). Thisis clear because
there is no reason to exclude trades that have an immediate expected return larger than the transaction codt.
In generd the optimd filter is Sgnificantly smdler than the transaction codt. This occurs when the expected
return is perastent: even if the immediate return from switching is less than the transaction cog, the
persstence of the expected return makesiit likely that an additiond return is foregone in future periods by
not switching. Roughly, thefilter is given by the transaction cost times a factor related to the probability that
a switch occurs. Our modd characterizes the determinants of the filter in generd and provides an exact
solution for the filter under the assumption of changes in expected returns being uniformly distributed.

In exploring the effect of transaction costs when returns are predictable, this paper follows Baduzz



and Lynch (1999) and Lynch and Balduzzi (2000). Ther focus, however, differs significantly from ours
in that they condder the utility effects and portfolio rebdancing decisons, repectively, in a life cycle
portfolio choice framework. They smulate the welfare cost and portfolio rebdancing decisons given a
trader’ s condant relaive risk averson utility function, but they do not provide andyticd solutionsand it is
difficult to use their gpproach to quantify the optimd trading Strategies for particular applications. Our
gpproach, in contrast, provides specific theoretica results yidding insghts into the factors affecting optimal
trading strategies. Moreover our results can be applied based on observable market characteritics that do
not depend on subjective utility function specifications.

In contrast to Baduzzi and Lynch (1999) and Lynch and Baduzzi (2000), we abstract from risk
congderations. This amplifies our andys's condderably and is reasonable in a variety of circumstances.
Firg, we can think of the raw returns as market-risk-adjusted returns, with whichever risk model is
consdered appropriate. The market risk adjustment is sufficient to account for al risk as long as trading
occurs a the margins of an otherwise well-diversfied portfolio. Second, in particular at intra-daily
frequencies, traders may create arbitrage positions so that risk is irrdevant. Third, in many cases risk
considerations are secondary compared to the gains in expected return.

Our framework implies that trading strategy returns using the optimd filter should be smdler than
the returns when transaction costs are ignored but larger than for any other filter strategy with transaction
cogts, in particular those for which thefilter is zero percent or equd to the transaction cost. We apply our

optimd filter to anaturd case for our modd: daily foreign exchange trading in the yen/dollar market. Asis

® Thereisafar more extensive literature considering investment choices under transaction costs when returns are not
predictable. See Liu and Loewenstein (2002) for arecent example.
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well-known [see for ingance Sweeney (1986), LeBaron (1998), and Qi and Wu (2002)], Imple moving-
average trading rules generate positive expected returns (with or without risk adjustment) in the foreign
exchange market. However, for dally trading, returns net of transaction costs are negative if no filter is
applied.

We find that for the optimd filter the net returns are dill Sgnificantly postive and higher than that
when thefilter is set equd to the transaction cost. Furthermore, the optimal filter derived from the theory
given auniform didribution and two optimd filters derived numericdly under normdity and bootstrapping
assumptions dl generate Smilar results thet are moreover rdatively coseto the ex post maximizing filter for
actua data. These results are important as they suggest an approach for employing trading Strategies with
filters to ded with transactions cost, without leading to excessve data mining. The results dso hint thet in
some cases conclusions of abnorma profits disgppearing after accounting for transaction costs may be
worth revigting.

The next section develops the theoretical modd and provides a generd characterization of the
optima filter for an ARMA(1,1) returns process with generd shocks, as well as a specific formulafor the
case when the shocks follow the uniform digtribution. In section 11, we gpply the mode to uncovered
currency speculation. We show firg that the moving-average strategy popular in currency trading can be
related to our ARMA(1,1) specification. We then use the first one-third of our sample to develop estimates
of the returns process which we employ to cdculate the optimd filter for an AR(1), an ARMA(1,1), and
two representative MA returns processes. The optimd filter is obtained from the theoretical modd for the

uniform digribution but dso numericdly for the norma digtribution and the bootstrapping digtribution.



Section 111 then conducts the out-of-sample test with the find two-thirds of our sample to compare mean
returns from a switching sirategy before and after transaction cogts. The switching sirategies are conducted
under avariety of filters including the optima ones, for each of the AR(1), ARMA(1,1), and MA returns

cases. Section 1V concludes the paper.

I. The Theoretical Model
A. Autoregressive Conditional Returns and Two Risky Assets

Anindividud investor attempts to maximize the discounted expected vaue of an investment over
the infinite horizon. There is afixed proportiond transaction cost and the investor chooses in each period
between two assets that have autocorreated mean returns. The two assets are treated symmetricdly in that
shorting asset 1 isequivaent to holding asset 2 and vice versa. Each period, the investor is assumed to take
anotiond $1 long position in one asset and anotiond $1 short position in the other asset. As an example,
one can condder a hedge fund which dlocates a given poal of funds and digtributes the gainsin each period
back to the shareholders.

The problem can be solved by using an autonomous stochastic dynamic programming gpproach
with gate variables indicating: (1) the asset currently hed (asset 1 or 2), and (2) the variables summarizing
the state of the forecast variable, x, that characterizes the persistent part in the returns of assets 1 and 2,
x is assumed to follow an ARMA(1,1) process as a parsmonious parameterization of mild return
predictability. The solution is characterized in generd and is given in closed form when the shock to

expected return is uniformly distributed.



The decison problem isasfollows:

V(5,080 = E, s )+ B Max =V, (3,8), =, (5,)- c],
for i, 71 {12} ,j% i (1)
subject to:
x =Fx.-de,+e, E_e=0,rtd, 2

where r is the discount rate. The disturbance term g is assumed to have a symmetric and unimodal
probability densty function denoted by f'(e) . Each period, theinvestor chooses whether to invest afixed
amount (one unit) in asset 1 or asset 2 depending on which asset is held currently (i equals 1 or 2). A
transaction cogt ¢ isincurred whenever there is a switch from one asset to the other.® The return of asset
iisgivenby »; (x,,h,), with adistribution that is time-varying based on the autoregressive state varigble
x, described by equation (2); h,, iswhite noise. Thus, the value function & time -/ depends on the State
as given by the holdings of asset i and the variables describing the distribution of , , namdy x,., and e ;.
It equals the expected return depending on current asset holdings plus the discounted expected vaduein the
next period which depends on the return sate varidble x, as wdl as the choice of holdings after x, is
revealed and minus the up-front adjustment cost that isincurred when asset holdings are switched from i
to;.

The optimal asset choice depends purely on the difference between the two assets rather than on

® Given the assumed risk neutrality, symmetry, and proportional transaction costs, intermediate positions, with investment
in both assets or neither asset, are never optimal.
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their common levels. Hence, we can specify parsmonioudy and with little loss of generdity:

Et—l[r2(xt’h2t )] - Et—l[;?l.(xt 'hlt )] = Et—lx ° m (3)

t

The implied generd redrictions on the r,(x,,h,) aethat r(x,,h,)=- Y%x +g(x,)+h, ad
r, (x,,h,) = %x, + g(x,) +h,, with g(x) timeinvariant but othewise unredricted. To rule out
unbounded profits, it is sufficient to assume that miisfinitefor dl z.

It is now convenient to define the “ difference-in~vaueg’ function:

vim)y © V,(x.,.€,) - Vilx.1,€4), mM=r x..- de, 4

where the conditiona expected excessreturn m is defined in equation (3) and its expression is obtained
from equation (2). The Appendix shows formaly thet the one state variable m is sufficient to capture the

dynamics related to the difference-in-vaue function.

The Appendix aso shows that equation (4) for the difference between holding asset 2 and holding

asset 1 can be written as;
efz 1 ¥ ey

Vim) =m + C‘)EV (m,)f(e)de + c[pfle)de - f()de], 5
e;/ e]*_[ -¥

with



m, =rm+(r-de, (6)

t+l

asfollows from eguetion (2).
The optimal choice of the critica vaues €, and €, isfound by differentiating the right-hand side
of equation (5) usng Leibnitz srule, and is given by

1

o VIrmer-de] = e, ™
and

iV[r m+(r-dye,] = -c. (8)

1+}" t t

Intuitively, in equetion (7), the investor is indifferent between switching assets and continuing to hold asset
1 if the discounted gain in vaue from switching is exactly equd to the up-front transaction cost. Equation

(8) has a amilar interpretetion. Inverting the difference-in-vaue function yields for the criticad values
e, ={Vic@+n]- r m/(r-d) and &, ={V[-c@+r)]- r mj/(r-d).

Given equations (1) and (4) and the symmetry of the error dengity we have

yim) =-V(-m). ©9)

Thus, given equation (7), (8), and (9), we have



2r
r-d

3

q*t = - %*t - (10)

Defining the criticdl mean returns, m and N, as %V(rrl*l) =c¢ and %V(rr*g) =- ¢, we have
r r

M° m =- M=V *[c(1+r)].Hence dthough thecriticd shocks €, and €, aretime dependent, the

critical mean excess returns are constant over time. Given that (0)=0 and V'(m) >1:
0<m < c(l+7r). (12)
Summarizing and expanding the above results, the Appendix proves the following:

Proposition 1. For the decision problem in equations (1) - (3) and the definitions of V(1)
and M above and given that f(e) has unbounded support:

(@) Forr >0:V&M) >1" mand V'(M3 (E)0 « (r-dm£ (3)0.

@) V(m =-V(m " m.

(c) $ unique m: 0 < mM< c(dl+r) .

2rm
r-d

@ m=r m+(r-de, € =-6,- M=V e+ )]

(e) The investor buys asset 2 and shorts asset 1 if My, > M and vice versa if m, <- M. If

M £ m, £- M, the current position is maintained.



Proof. See Appendix. [J

Result (a) impliesthat, if profit opportunities have pogtive persstence, then the vaue function has
a dope that is everywhere larger than one and is concave for podtive (r - d)m and convex for

negative(r - d)m. The dope exceeds one because an increase in the expected return difference has an

immediate one-to-one effect on the differentid between holding asset 2 and holding asset 1 plus an
additiond future pogtive effect due to the perdstence of the expected return differentid that appliesif there
is no switching which hagppens with postive probability. The concavity (convexity) for (r - d)m 3 (£) 0
arises because the higher the expected return differentid is, the more incentive there is for the trader to
switch from the asset with the lower mean to that with the higher mean a the fixed transaction cog, thus
mitigating the expected return difference between the two positions.

Using an induction argument and the symmetry of f(e,) in equation (2), result (b) follows. The
reason is the symmetry of the two assets: holding asset 1 given mean return difference of m isno different
from holding asset 2 given mean return difference of - m.

Given the larger than unitary dope of the excess vdue function it follows that there is exactly one
bounded value of M so that equation (7) holds. Result (c) also satesthat M must be positive. Thisisso
because V'(0)=0 from result (b) so that the positive dope of V(') implies thet equation (7) can only hold
a m> 0; similarly, the larger than unitary dope of V() implies that equation (7) can only hold a

m < c¢(1+r) . Figure 1 illustrates the results in Proposition 1 for the empiricaly relevant case whenr >0
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andr -d>0.
Redefine the last two terms on the right-hand sde of equation (5) for convenience, using

Proposition 1d:
V(m) = m+ B(m, m)+C(m, m) (12)

By converting from the | eft tall of the distribution to the right tail, we can writes

*
m+rm
r-d

c(m.m) = c[ 3f(@)del=cl §f(e)del. 13

ey m-rm
r-d

Theterm C(m m) isinterpreted as the expected transaction costs due to switching from asset 1 to asset
2 minus the expected transaction cost due to switching from asset 2 to asset 1.

Theterm B(mm) indicates the average difference in next period's value from holding asset 2
compared to holding asset 1, in the region where switching is not optimal, so that any expected return

differentid persags

1 r
1+r .

E)V[r m+(r-djelf(e)de (14)

B(m, m) =

V(m) isevauaed from - m to +mni. Thus, given the symmetry of ¥ () in Figure 1, the sign of
B(mm) depends on the shape of the density function. For m> 0 the positive part of 7(m) isweighted

more than the negetive part if the dengity is symmetric and unimodal (and vice versafor m<0). Thus,
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B(m m) ispostivefor m> 0 unless the density isflat (asis the case for the uniform distribution) in

which case B(m m) iszero.
Evauating ¥ (m) a the critical expected return difference m, using equations (7) and (12) gives:

m= c(+7r) - Blm m - C(m, m). (15)

Intuitively, equation (15) indicates the expected excess return from holding asset 2 instead of asset 1 at
which the investor is indifferent between staying with asset 1 or switching to asset 2, m, to be equal to the
up-front transaction cost with interest plus the expected transaction cost a state m of switching back in
the next period from asset 2 to 1 minus the expected transaction cost of not switching initidly but switching

anyway in the next period.

B. Comparative Statics Results

Given equaion (15) or equation (7) characterizing the critical mean return differentia and eqution
(5) stating the difference-in-vaue function, it is possible to derive the comparative statics results for al of
the parameters in the mode of equations (1) - (3). Note that to conduct the comparative datics in the last

caeweintroduce ahift variablein equation (2) sothet x,=r x,., - ds X, + s, X ,with £_,(x)=0
ands, =1. Wedsoredrictr >0 to consder the case of positive persstence in profit opportunities and
regrictr - d >0 for convenience and because this is the empiricdly reevant case in the gpplication to

follow.
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Proposition 2. Forr >0 andr - d >0, the comparative statics results for the model of
equations (1) - (3) are

(a) For the critical mean excess return M:
dm/dc>0, dm/dr>0, dm/dr| _,<0,
dm/d(r-d)|, >0, dm/dm=0, dm/ds_ > 0.

(b) For the probability of no transaction at time t (assuming without loss of generdity that the
ey
current position is long asset 1 and short asset 2), F (M, m; @) = 0O (e)de , where g

-¥

represents a generic parameter:

dF(m!m!g)>0, dF(m’m’g)>o’ dF(m’m;g)lr_di0(<OfOr m3 O)'
dc dr dr <
dF(m,m;g), > . dF(m, m;g)
t —0(>0for e £0), . <0,
d(r - d) I < ( & £0) dm

dF(m,m;g) >
ds <

e

0(>0for €, £0).

Proof. Part (a) follows from equations (5) and (7). Write equation (7) as 1% V(m;g)=c, then
r

dm _Qlldrr)] Arimig)s, €1MiG)s g aghowerd but tedious differentiation using
dg & 19 g aé Tm g

Lebnitz' s rule, applied to equation (5) then provides the result for each parameter g. Part (b) follows

13



dF(m,m;g) _eTF(m m;g) TF(mM,m;g)dmu

silaly considering that * .
Y ™ dg € 1o m dg §

The intuition for the first two results is that an increase in transaction costs or an increase in the
discount/interest rate both make it more costly to adjust assets, causing the critical mean return differentia
to be higher to give more of an advantage to current holdings before switching occurs. Thus, the probability
of no switch increases.

Anincrease in perdstence of the mean return differentid r , kegping congtant the difference
(r - 8 leadsto aquicker adjusment: even if the current mean return differentid foregone by not switching
iscurrently fairly smdl, alarger part of it islikely to perast in future periods as follows from equation (6),
implying alarger totd gain from switching now. The negative effect on the probability of no transaction is

reinforced when m?3 0 because anincreasein r further implies that any current m is more persistent,
increasing the chance that a shock in the next period exceeds agiven critical mean; when m < 0, however,
the effect of r on the probability becomes ambiguous.

Anincresein (r - 8 for agiven r raisesthe criticd mean return differentid. The reason follows
from equation (6) which implies that the conditiona expected return differentid adjusts more rapidly with
larger (r - 8 0 that a given mean excess return is less of a 9gnd for the future. The probability of no
transaction rises unambiguoudly if €, £ 0 sincethe direct effect of larger (r - d) isto lower the absolute
vaueof e, raising the probability of no trade.

The leve of the current conditionally expected excess return m has no impact on the critical

expected return differentid. Thisis so because the redlization of the expected return differentid is sufficient

14



to capture the state, no matter what value m is, as follows by updating equation (6) by one period. The
probability of no transaction, on the other hand, is affected—it decreases since less of a shock will be
necessary to induce atransaction.

Ladtly, an increase in the standard deviation of the innovation in the mean return differentia raises
the critical mean return differentia and the probability of no transaction. This effect isformaly smilar to an
increasein (r - 8). Note that the ambiguity arises because the increase in sandard deviation causes extreme

changes in the mean return differentia to become more likely, even though theincreasein s, raises m,

meking aswitch lesslikdly.

C. Closed Form Solution for Uniform Innovations

It isdifficult to obtain an explicit andytica solution for the optimd filter in equation (15) because,
from equation (14), B(mm) degpends on the vaue function which is of unknown functiona form.
However, for the specid case of a condant dengity over the rdlevant range (a uniform digtribution), the
B(mm) term smplifies substantialy, as shown in the following, so that an explicit solution can be
obtained.

Assume auniform didribution for e over theinterva [- z, z] withimplied densty f'(e)=1/(2z).
Proposition 1 requires minor modifications to gpply in this case, which we omit for brevity, Snce the uniform

digtribution is bounded and not gtrictly unimodal. Equation (13) becomes:

15



«
. m+r m
Min(z, — ) .

o . _ C o MArme _om-rm
cmm)= e f(e)de = AMin(e, ——g) - Max(- z,——g)] (16)
Max (- Zymr-irdn})
Equation (14) becomes:
1 Min(z, m*r-_rdm, )
B(m, m)= A V[rm+(r-d de 17
(mm)=5ry 0 VMrme(r-delde 1

Max (- z,-m:rdm’)

r

Note that the Min and Max operators appear because f(€) =0 outsde of thedomain [- z, z] .

Proposition 3. If € is uniformly distributed over the interval [ - z, z] and

[1+7r(1+r)]c
r-d

3

, (18)

then the critical mean return differential in the model of equations (1) - (3) is given by

© (1+r)c

I+ {re/(r-d)z]}’ (19)

Proof. If z3 (1+r)m/(r - d), thentheboundsin B(m, m) and C(m, m) aeinteior. Hence:

16



B(m, m) =0 by Proposition 1b and equation (17),and C(m, m) = cr m/[(r - d) z] from equaion
(16). Equation (15) then implies equation (19). Equations (18) and (19) in turn imply the premise that
z3@+r)m/(r-d). O

Note that the assumption of the uniform distribution leads to rdaively high vauesfor m because
it causes B(m, m) to beequd to its minimum value.* Equation (19) Statesthet given(r - d) fixed, the
optimd filter asafraction of the transaction cost (plus interest) depends negetively on the persstence of the

mean of the return process, fi: the trader should be willing to switch his position more reedily toward a

profitable opportunity if it is likely to persast longer. Congdering equation (6) and the fact that for the
uniform digtribution z = \/3_8 . » the optimdl filter depends positively on the variability of the mean of the
return process, (r - d)z, scaed by the transactions cog, ¢: if the mean ishighly variable compared to the
transaction cogt, then atrader should require a higher immediate expected return before switching since

there is ahigher chance that he may want to switch back soon.

I1. Empirical Illustration for Foreign Exchange Trading: Optimal Filter Calculation

The mode developed in the preceding section can be interpreted in three different ways. Firdt, if

*It is possible to obtain a closed form solution for the value function as well, but this depends again on the domain of
theinnovation distribution. Ingenera: y(m)=m +[r ¢ /(r - d)z]m for - [(r - d)z-m ]/ £EmE[(r -d)z-m]/ - The
condition on m guarantees that the bounds in pm,m)and ¢(m m’) ae interior. From equation (2):

m, =(r-d)z/(-r)- Hence, the above equation applies to all possible states monly if (r-dyz3 m+rm,,0r if

@-2r)(r -d)z  whichrequiresthat , . 1. Notehowever that, even if thereis no simple expression for the
(-t +r’+r(-r) 2

value function for arange of values of m if thisequationisviolated, it is still appropriate to obtain the critical value from

equation (19) aslong as equation (18) holds.
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weignore the underlying x, process in eguation (2), the m in equation (6) may represent an excess return
that isfully known a time¢. Thus, we are dedling with a case of pure arbitrage where the trader optimizes

the after-transaction-cost excessreturn ¥ (m) . In afully efficient market we may then expect 7 (m) = 0.°
Second, we may think of m as the risk-adjusted expected excess return, so that positive 7 (Im) represents
an average excess return adjusted for systematic risk. Smilarly, m could represent a particular expected
utility level, which would also account for risk. Thirdly, we caninterpret m as an expected return in a case

where risk is negligible or non-systemdtic.
Empiricdly, it is difficult to find accurate data to examine the first interpretation, while the second
interpretation requires employing a particular risk moded. Accordingly, we adopt the third interpretation of

the theory in considering uncovered interest Speculation in the dollar-yen spot foreign exchange market.

A. A Parametric Moving Average Trading Strategy

As discussed extensively in the literature, see for instance Frankd and Froot (1990), LeBaron
(1998, 1999), L ee and Mathur (1996), Levich and Thomas (1993), Qi and Wu (2002), Swveeney (1986),
and others, profitable trading strategiesin foreign exchange markets traditionaly have employed moving-
average (MA) technical trading rules® MA trading rules of size N work as follows: cdculate the moving

averageusing N lags of the exchange rate. Buy the currency if the current exchange rate exceeds this

®In fact, imposing this condition would give an alternative approach to estimating the transaction cost c if we assume
that, in an efficient market, the after-transaction-cost excess returns would be nonnegative (zero) only when using the
optimal strategy.

® The source of the excess returns from MA strategies in foreign exchange markets is likely due to central bank
intervention designed to smooth exchange rate fluctuations. See for instance Sweeney (2000) and Taylor (1982).
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average; short-sdll the currency if the current exchange rate falls short of this average.
Defining s, asthelog of the current-period spot exchange rate level (dollar price per yen) and Ds,

as the percentage gppreciation of the yen, the implicit exchange rate forecasting modd behind the MA

trading ruleis
N e
¢ as.°
Ds, = bfs, - —1+€,, £,6,=0, b>0. (20)
Q —
e

For any positive b, equation (20) implies a positive expected exchange rate agppreciation if the log of the
current exchange rate exceeds the N-period MA. Hence, the decision rule based on equation (20) to buy
(short) the currency if the expected gppreciation is positive (negative) leads to atrading Strategy equivaent
to the MA trading Strategy.

Equation (20) can gtraightforwardly be rewritten as an autoregressive process in the percentage

change in exchange rate:

m =D % D5, 2+ e, (21)

where the coefficientsin the autoregression are given by the Bartlett weights.
Typicd sudies on technicd andyss of foregn exchange do not utilize information on interest rates
in computing the moving averages and do not estimate a parametric model for forecasting. To be fully

congstent with our theory, we want to treat the excess return as the variable to be forecasted in the
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forecasting equation. To do so, we add the interest rate differentia to the percentage change in exchange

rate, so that Equation (21) becomes.

(22)

where, x, © Ds, +r” - %, " isthedaly Japaneseinterest rate, and »° isthe daily U.S. interet rate.

-1

In other words, x, denotes the excess return from buying the Japanese yen (or the deviation from

uncovered interest parity).

In the presence of transaction codts, the MA rule needs to be supplemented with a filter that
indicates by how far the current spot rate must exceed (or fdl short of) the MA in order to motivate atrade.
The advantage of equation (22) is that it is parametric and, given an esimate for b, can provide a
quantitative measure of the filter based on comparing expected return to the transaction cost.

To obtan andyticdly the optimd filter for the MA criterion in the context of the modd it is
necessary that equation (22) be trandated to ARMA(1,1) format, for which the mode provides the optima

filter (whichisin dosed form expression if the € are uniformly distributed). For the remainder of the paper,
we assume the parameter redtriction r >d 3 0 for the ARMA(L,1) process (2). This redriction is
satidfied for dl our empirica specifications.

Inverting the ARMA(1,1) process of equation (2) yields an dternative autoregression:
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y
xz+1:(r 'd)é.di X +et+l (23)

i=0

Comparing equations (22) and (23) it follows that equation (23) is a good gpproximation for equation (22)

ifwesetr - d =bandif the N]\',i terms are closeto the d’ for dl i. Taking a log approximation, and

choosing d to match the Bartlett weights:

iIN »1og@ 0 Ziiogd b d=epE il (24)

eN g eNg

Thus, from r -d=b and d :apéaeﬁlg, we can uniquely identify a r and d that provide a good
eNg

ARMA(1,1) proxy for any N-period MA-based process. In turn, the ARMA parameters alow us to

caculate andyticaly the critical expected return m governing the transaction choice.

B. Preliminary Dollar-Yen Process Estimates

Our data on the Japanese yen — U.S. dollar spot exchange rate covers the period from August 31,
1978 to May 3, 2003 with 6195 daily observations. Daily exchange rate data for the Japanese yen is
downloaded from the Federa Reserve swebpage. For interest rates, we obtain Financial Times' Euro-
currency interest ratesfrom Datastream International. Thefirst 1/3 of the sample (2065 observations)

isused for mode estimation. Out-of-sample forecasting starts on November 28, 1986 until the end of the
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sample (4130 observations). We estimate the exchange rate dynamics in four ways. 1. an AR(1) process
(d inequation 2 is st equd to zero); 2. an ARMA(1,1) process (equation 2); 3. aprocess condgsent with
an MA ruleof 21 lags (21 trading days in a month), asis commonly considered with daily data (equation
22); 4. a process condstent with an MA rule of sze 126 (haf ayear), which is around the sze typicdly
used by traders, dthough results appear to depend little on the exact sze of the MA process chosen
(LeBaron, 1998, 1999).

Columns (1)-(5) of Table | show the results of the in-sample model estimation using the first 1/3
of our sample for each way of capturing the exchange rate dynamics. For the AR(1) process we find low

perssencewith r = 0.0548 and astandard error of s, = 0.00659; for the ARMA(1,1) process we find
r =0.918 and d = 0.880 with astandard error of s, = 0.00658. Thus, both processes provide smilar

accuracy dthough the parameters differ substantialy. While the data cannot tell us clearly whether the
AR(1) or the ARMA(1,1) processis better at describing the exchange rate dynamics, we will see that the
implications for optimal trading are substantialy different.” For the representative moving average rule with
21 lagswefind for the dopein equation (22) that b =0.0257 and s, = 0.00656. Since we have N =21
we obtain from equation (24) that r = 0.979 and d = 0.954, which isnot gatisticaly distinguishable from
the direct estimates from the ARMA(1,1) modd. The MA(126) process yields b= 0.00818 and s, =
0.00635, implying by approximation that r = 0.999 and d = 0.992.

We assume a round trip transaction cost of ¢ = 0.001 (10 basis points) throughout. Sweeney

(1986) finds atransaction cost of 12.5 basis points for mgor foreign exchange markets, but more recent

" Balvers and Mitchell (1997) raise thisissue in the context of optimal portfolio choice under return predictability.
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work by Bessembinder (1994), Melvin and Tan (1996), and Cheung and Wong (2000) finds bid-ask
Soreads for mgor exchange rates between 5 and 9 bagis points. To account for transaction codts in addition
to those imbedded in the bid-ask spread, related to broker fees and commissions, and the lending-
borrowing interest differentid we use 10 basis points as aredistic number for the dollar-yen market. The
daily U.S. interest rate is on average over the first 1/3 of the sample equa to 0.000439 percent. This
average interest rate is used as a proxy for the discount rate » in computing the optimd filter in Equation
(19).

We egimate the optimd filter m using three methods. Firstly, under the assumption that the error
term e is uniformly distributed the optimd filter, denoted by ), can be andytically caculated using
equation (19). Secondly, e isassumed to follow anormal digtribution. In this case, the result in equation
(19) no longer holds, and we estimate the optimd filter, denoted by m) , through Monte-Carlo smulation.

Lastly, we do not make an assumption about the didtribution of € and estimate the optima filter, denoted

by ), by bootstrapping the model residuals € with replacement.

C. The Optimal Filter Implied by the Theory under the Uniform Distribution
Under the assumption of a uniform distribution, we can obtain z fromtherdation z =+/3s . All

the information now isthere to dlow usto caculae the optimd filter from equation (19) for the dollar-yen
exchange rate. Column (6) of Table | provides the results. For the AR(1) case we find thet the ratio of the

critica return to the transaction cost is M) /¢ = 0.92. Hence, in this case the optimd filter is not very
different from anai’ ve filter that equas the transaction cost ¢. The main reason is that, from equation (6),
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the persgtence in themean returnissmdl a r = 0.0548 so that, no matter what the current holdings are,
there is not much difference in future probabilities of trading.

On the other hand, for the ARMA(1,1) casewith r = 0.918 and d = 0.880, we find that the
optimdl filter is dramaticly different a ) / ¢ = 0.32. The reason that this number is so much lower than
under the AR(1) caseiis clear from equetion (6). The persstenceis not only high now with r = 0.918 but
it isalso high rddive to the innovation in the conditional meanthatis (r - d) s, = 0.038s, . Hencg it is
highly likely that the exchange position (dollar or yen) with the currently positive expected return is going
to be unchanged in the nearby future.

For the 1-month MA process, the parameters backed out from the MA(21) mode yied nmy /¢
=0.23. Note that inequdity (18) isviolated, asis necessary when m3 /¢ < 0.50, implying thet the analytical
vaue obtained from equation (19) is no longer accurate and must be viewed as a good gpproximation,
henceit ismore precise to state that ) /¢ » 0.23. Intuitively, the dow adjustment in the conditional mean
for these parameter values implies that, in some cases, even the most extreme redlization of the exchange
rate innovation would not be sufficient to induce switching. Hence, one would be certain of avoiding
transaction codts for at least one period (and likely more) by buying or keeping the exchange with the

positive expected return. This explains of course the low vaue of the critical expected return rdaive to the

transaction cost.

The 6-month MA process, MA(126) yields the smdlet filter, m) /¢ = 0.083. Onereason isthe
high persistence of expected return (the implied persstence parameter r = 0.999). Another isthe fact that
by nature the long MA processis very smooth so changes in the mean occur very dowly o that the number
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of transactionsis smdl, even when there is no filter. Thisis undoubtedly areason for the popularity of this

particular trading rule with prectitioners.

D. The Optimal Filter Obtained Numerically under the Normal Distribution
As acheck on the dependence of the results on the uniform distribution, we aso find the optimal

filter numericaly usng a Monte Carlo approach assuming normaity and a bootstrapping approach.

Expected trading rule returns under Normality
Under normdlity it is possible, and may help build some perspective and intuition, to condder some
balpark figures of what mean returns should be expected, before and after transaction costs, based on the

predictability implied by the estimates of the returns process. Given normdlity, equation (6) tells us that

m, = rm+(r-dje, -~NQ@s,). (25)

Then the expected return given atrading strategy of switching between two currencies ignoring transaction
costswould equa the unconditional mean given truncation at zero, Snce the decison rule dways implies

aswitch to the one currency with apostive expected excess return. Following for indance Maddala (1983,

S ../ (0
1- F(0)

p.365) thistruncated meanisgivenas E(m| me 0) = wheref and F indicate respectively the

probability dengty function and cumulative distribution function of the sandard normd, and s |, represents
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the unconditional standard deviation of m which equals % . Thus multiplying by 252 trading days
1-r

to annudize:

E(m| m=0) =2:525s,, x/(0), s, = DS

K N

Taking our parameter estimates and given that /'(0) =0.399 we obtain for the AR(1) process an expected

(26)

reurnof £(m|m =0) = 7.28 percent and for the ARMA(L,1) process E (m| m = 0) =12.80 percent.
Given aroundtrip transaction cost of 10 basis points this implies a bresk-even point of 73 transactions a
year if the AR(1) process holds and of 128 transactions a year if the ARMA(1,1) process holds. If we
ignore persistence (the profit opportunities are white noise) and consider the trading strategy without filter
then the probability of a switch is 50 percent, implying an average number of roundtrip transactions of 126
ayear 0 that expected returns after transaction costs become negative for the AR(1) process and zero for

the ARMA(1,1) process.

Monte Carlo Simulation

While these numbers are suggestive, the approximations used here unfortunately do not properly
consder the perastence in mean returns and would be a poor guide for an optima filter. Deriving and
accounting for the digtribution of actud returns according to equetion (25) conditiond on afilter is extremdy
difficult. Thisis of course the reason that we resort to the uniform distribution for analytical solutions and
why we use Smulation to obtain the optimd filters for the norma digtribution numericaly.

For each Monte-Carlo trid, we smulate expected returns m using Equation (25) with parameters
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edimated from the first 1/3 of the sample. We then choose thefilter my which maximizes the after-cost
average excess return. This processis replicated 500 times. Column (7) of Table | reports the median vaue
of the optimal filter to transaction cost ratio, M} /¢, over the 500 Monte-Carlo trias. For each modd, the
ratio m) /c is quite dose to the optima ratio implied under the uniform distribution ) /¢, with the

difference between them never exceeding 5% of the transaction cos.

E. The Optimal Filter Obtained Numerically under Bootstrapping

Theactud didtribution of € may be neither uniform nor norma. In this case, we re-sample with
replacement the fitted residuds € of Equation (25) and use model parameters to generate expected return
observations m. Smilar to the Monte-Carlo experiment, for each bootstrapping trid, the optimd filter is

chosen to be the one which maximizes the after-cost average excess return. Column (8) of Table | reports

the median estimate of the optimd filter to cost ratio M) /¢ over 500 bootstrapping replications.

Encouragingly, the optimd filters, for the theoretica uniform digtribution case and the numericd normd and
bootstrapping cases, are quite smilar for each of the returns processes. Thus, the optimd filter vaue is
robust to distributiona assumptions.

Applying the optimd filters to the datain trading on deviations from uncovered interest parity, we
expect sraghtforwardly that the optimd filters will outperform nai” ve filters. In particular, we expect that
the optimd filter does better than the nai ve “0” filter that is used implicitly when transaction cods are
ignored for trading decisions (but not for caculating returns), because it saves on transaction costs, and

does better than the nai ve “¢” filter that is employed when trading costs are consdered myopicaly,
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because it does not filter out as many profitable transactions.

III. Out-of-Sample Optimal Switching Strategy Results

We gart our firg-day forecast on November 28, 1986 (after the first one third of the sample). For
eech of the four exchange rate return oecifications, we estimeate the modd parameters using dl obsarvations
for the first one third of the sample (up to November 27, 1986) and make the first forecast (for November
28). If the forecasted excess return (the excess return is defined as the difference between the return from
holding the Japanese yen, which is the percentage exchange rate change plus the one-day Japanese interest
rate, and the return from holding the U.S. dallar, which isthe one-day U.S. interest rate) is postive, we take
along pogition in the Japanese yen, and Smultaneoudy take a short pogdtion in the dollar. Conversdly, if the
forecagted excess return is negative, we take along podtion in the dollar and ashort pogtionintheyen. The
difference in returns between the long and short positions (Long-Short) represents the excess return from
azero-cost investment dirategy.

From the second forecasted day (November 29) until the end of the sample, our strategy works
asfollows. For each day, we use dl available observations to estimate the model parameters and forecast
the excess return for the following day. If ether of the following two conditions occurs, atransaction will
take place. (1) If the forecasted excess return is positive, its magnitude is larger than the transaction cost
filter, and we currently have along postion in the dollar (and a short podition in the yen), then we reverse

our position by taking along pogtion in the yen and a short podtion in the dollar for the following day. This
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counts as one trade involving two round-trip transaction costs® (2) If the forecasted excess return is
negdive, its magnitude is larger than the transaction cost filter, and the current holdings are long in the yen
and short in the dollar, then we reverse our postion by taking a long pogtion in the dollar and a short
position in the yen. This counts as one transaction and again involves two round-trip costs. If neither of the
above two conditions gpplies, no trade will take place. The current holdings (both long and short) carry
over to the following day and no transaction costs are incurred.

We compute the average return and the associated ¢-ratio for each Strategy for the out-of-sample
forecasting period. We document the before-cost and after-cost return rates for the case without afilter;
and the after-cost return rates for the cases with transaction cost filters. Pandl A of Table I1 reports the
results for the AR(1) forecasting modd. Without imposing a transaction codt filter, the Strategy involves
2,100 switches over 4,130 trading days (over 50 percent of the time). In the absence of transaction codts,
the strategy produces an annuaized excessreturn of 6.9 percent with a 7-ratio of 2.486 which is datidicaly
sgnificant at the 5 percent level using a 2-sded test. (This number is quite close to the 7.3 percent return
expected for an AR(1) process under the normality assumption). However, around-trip cost of 10 basis
points completely wipes out the profits, resulting in a negative excess return of 18.8 percent. A nai vefilter
equal to the actud transaction cost of 10 basis points dramatically reduces the number of transactions to
34, and yields an indgnificant excess return of 0.9 percent per annum. While it is somewhat useful, this

nai ve filter may be too conservative because it does not exploit the information on the persistence of

® The transaction cost ¢ in the theory is equivalent to the cost of one round-trip as follows from equation (1) where ¢
represents the cost of switching from along position in currency i to along position in currency j. The empirical case,
however, is based on the difference-in-value function in equation (5) in which along and a short position are combined,
implying indeed two roundtrips when atransaction occurs.
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expected return in the exchange rate, thereby missing anumber of profitable trades. The Strategy with the
optimd filter M) under the assumption of a uniform distribution captures just that opportunity. It produces
42 trades and yields a higher excess return of 5.6 percent which is sgnificant a the 5 percent leve.

Smilarly, the optimd filter under the normality assumption my produces an average excess return of 5.3

percent per annum which is significant at the 10 percent level. The bootstrapped filter m) yields an
indggnificant excess return of 2.2 percent.

Panel B reports the results for the ARMA(1,1) modd. The after-cost excess return for the case
without afilter is 0.3 percent with 444 trades. The nail vefilter equd to “¢” dramticaly reduces the number

of tradesto 12, resulting in an insignificant excess return of 0.5 percent. In contrat, the optimd filter, my

captures many of the profitable trades and yields an excess return of 5.1 percent which issgnificant at the

10 percent level. Thefilter under the bootstrapped distribution ) produces nearly the samereslitsas g,
whereas the filter under the normality assumption, m} , yields a higher excess return of 6.6 percent which

issgnificant at the 5 percent level.
For the MA(21) mode reported in Panel C, our strategy with the optimd filters again generates
higher excess returns than the dternatives, dthough none of the excess returns are datisticaly sgnificant.
Findly, thelong MA(126) process provides very smooth forecast of expected returns. While the
drategy without filter yields an after-cost return of 4.9 percent which is Sgnificant at the 10 percent levd,
the nai vefilter equa to ¢ skipstoo many profitable trades, resulting in a negative return of 2 percent. The

optimd filter M , whilevery smal rdaiveto c, is capable of filtering many days with low expected returns

and capturing those days when expected returns are subgtantia. Thisfilter produces an expected return of
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5.7 percent which is significant at the 5 percent level. The other two filters, M} and ) yidd somewhat

smdler returns,

Figures 2 through 5 display the trading strategy returns (after cost) and trading costs for the four
return processes as a function of thefilter value. As expected, the trading cost declines monotonically as
the filter value rises. The after-cost excess return lines illugrate that in al casesthe ex ante optimd filters
are reasonably close to the ex post optimum. Since the actua data is just one random draw from the
unobserved true process thisis al one should expect of a good model. Except for the AR(1) case, the
trading strategy returns display the hump-shaped pattern expected for the after-cost returns.

A driking feature of these four figures is that, even though the optimd filters differ dramaticaly
across the four cases, the empirica maximum filter value is quite dose to the optimd filter in al four cases.
While each case approximates the true data process to a certain extent, it is not surprising that the
ARMA(1,1) process provides the best overdl fit asit is well-known to be a parsmonious description of

generd ARMA(p,q) processes.

IV. Conclusion

If trangtory profitable trading opportunities exigt, filter rules are used in practice to mitigate
transaction cods. The filter sze is difficult to determine a priori. This paper uses adynamic programming
framework to design afilter that is optimd in the sense of maximizing expected returns after transaction
cods. The optimd filter Size depends negetively on the degree of persistence of the profitable trading
opportunities, positively on transaction cogts, and positively on the standard deviation of shocks.

We gpply our theoretical resultsto foreign exchange trading by parameterizing the moving average
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drategy often employed in foreign exchange markets. The parameterization implies the same decisons as
the moving average rule in the absence of transaction codts, but has the advantage of trandating the buy/sdl
ggnd into the same units as the transaction costs so that the optima filter can be caculated.

Application to daily dollar-yen trading demondtrates that the optimd filter can differ draméticaly
fromanai vefilter equd to the transaction cost. This depends importantly on the time series process that
we assume for the exchange rate dynamics. In paticular, we find that for an AR(1) processthe optimd filter
iscloseto thenai ve transaction codt filter, but for an ARMA(1,1) process the optimd filter isonly around
30 percent of the nai ve transaction cost filter, and for the more stable MA processes, the optimd filter is
sndler dill asafraction of the transaction cost. Impressively, the optima filters under the assumptions of
uniform, normal, and bootstrgp distributions are al very close to one another and dl are quite close to the
ex post after-cog return maximizing level.

We confirm that smple daily moving average foreign exchange trading generates postive returns
that disgppear after accounting for transaction costs. However, when the optimal filter is used, returns after
transaction costs remain podtive and are higher than for nai ve filters. This result strongly suggests that
caution should be gpplied in dismissing anormal returns as due to transactions costs, merdly because the
after-cost return is negative or inggnificant. For ingance, Lesmond, Schill, and Zhou (2003) argue
convincingly that momentum profits disappear when actud transaction codts are properly considered, even
after accounting for the proportion of securities held over in each period. But their after-cost returns are akin
to those for our suboptima zero filter strategy. It would be interesting to see what outcome would arise if
an optimd filter were used.

Apart from the practicd advantages of using the optimal filter, there is dso a methodologica
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advantage: in sudies attempting to caculate abnorma returns from particular trading Strategies in which
transaction cogts are important, there is no guideline as to what filter to usein deding with transaction codts.
Lesmond, Schill, and Zhou (2003, p.24) note: “Although we observe that trading costs are of amilar
meagnitude to the relative strength returns for the specific Srategies we consder, there is an infinite number
of momentum-oriented Strategies to evauate, o we can not reject the existence of trading profits for al

drategies” Rather than dlowing the data mining problem that islikely to arise when avariety of filter Szes
are gpplied, our approach here provides a first step in deriving a unique filter that can be related to

obsarvable variables.
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Appendix
A. The Difference-In-Value Function

From equations (1) and (2):

- 1
Vilx..,€.4) = E . r(x,,h,) + (0] 1TVi(xz’et)f(et)det +
r
teig i > TV )
“ 1
0O [—Vr,e)-clfe)de, (A1)
E 1 1+r
{e EVH EEVJJ - ¢}

Wlth Xt :r.Xt-l- dez.1+et: Et-letzo’ ri d’ f(et) :f(-et)

Taking the difference v, (x, e) =¥,(x,e) - ¥,(x,e) andusing equation (3) yields:

- 1
deff(xt-l’et-l) = Et-lxt + O EVdiff(xt7et)f(et)det +
{@:Csﬁl/dw3'c}
cl o [fle)de- O /fle)de]. (A2)
{et:lTIrVdiﬁ’>‘c} {81:0>$Vdif/’}

Redefining the state variables so that 17, (x, ,€)° 1V, (M, ,€) is without loss of generdity since
m, °r x, - de andyidds

\

1
ve(m,e.,)=m+ (@) de(mﬂ’et)f(et)det +

{epe? 7 =Va® - c}

cl 0O f(e)de - 0 f(e)del], (A3)
{e[:lTerd>_C} {e,:c>lTerd}

with m, =r m+ (r-d)e, E..e=0, r*d, f(e) =f(e).
Itisclear from (A3) that, once the state variable m is congdered, there is no additiond role for the State
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variable g_, . Thuswe have

yvim)yepv,(m,e.,). (A4)

B. Proof of Proposition 1

Itisessy to seethat V' (m) ismonotonicaly increesng in m and that, in effect, for r >0 aone unit
increasein m raises ' (m) more than one unit: there is adirect one-to-one benefit of higher m given
that asset 2 is held, plus the positive persistence (r >0 in A3) means that an additiona benefit dso is

expected to extend to the future. If we assumethat theinnovation € 's  has unbounded support, then since

m,=r m+ (r-d)e adr ! d,anyvaueof m, ispossble. Hence acriticd e =€, must exist

such that %V[rrr,w(r-d)qi]:c and a citcd e =€, must exis such tha
r

%V[r m+(r - d)e, ] =- c¢.Moreover, thesecriticdl € are unique dueto the monatonicity of 7 (m) .
r

Thus we can write:
Ul "

V) =m+ g V(M) /) de - c[ g/ (@)de - §fle)de ] (A9
e, -¥

.
( &y

with m, = r m+ (r-d)e, € ={V[c@+]- r m}/(r-d),and
&, ={V e+ - r mi(r-d.

Given (Ad) and (A5) and since f(e) = f(-e) it followsthat

V(m) = -V(-m). (A6)
Thus, given (A6) and equations (7) and (8) we have
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2r

3

= - g - . A
Q[ %[ r _ d ( 7)
Defining the critical mean returns as iV( m)=c and iV( m)=- c,wehave
1+r 1+r
M° m=-m =V [c@+r)]. Hencg, giventhat ¥ (0)=0 and V' (m) >1:
0<m < ¢(l+7) (A8)
Concavity of 77(m) for m > 0 followsfrom differentiation of (A5), usng Leibnitz'srule:
roe
Vq’(m):1+m0Vq(ml)f(et)dQ : (A9)
Agan differentiating yidds
-r? . . . r2 e
V = —V) - + AV de, Al10
M) = o g VU E) - 7€) + 1 orem) fe)de, (A0

€2

where we used the fact that from (A6) ¥¢m,) = V'¢- m). Giventha f(e) isSsymmetric and unimoda
wehavefor r >0 tha f(€)> f(e) if m >0 sothat Y&m) <0 if r - d>0 and V&m) >0 if
r - d <0. Thus, from (A6), for m< 0 wehave ¥&m)>01if r - d>0and V&m) <0 if r - d<O.

0
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Table I Model Parameters and Implied Optimal Transaction Cost Filters

This table reports parameter estimates for candidate forecasting models and for each model the implied optimal
filter/transaction cost ratios. The forecasting modelsare AR(1): x,,, =T x,+ €_,; ARMA(1,1): x,, =r x, +e,,,- de,;

N-1
and thetransformed model of MA(N): x, =b § [(N

i=0

"Iy ]+e,, WithV=21and 126, where x, © Ds, +7) - '},

s, isthelog of the U.S. dollar price of one Japanese yen, rl‘]P isthe daily Japanese interest rate, and VZUS isthedaily

U.S. interest rate. The full sample data covers the period from August 31, 1978 to May 3, 2003 with 6,195 daily
observations. The parameters are estimated with the first 1/3 of the sample (2,065 observations). The implied optimal

transaction cost filters are calcul ated under three differential distributional assumptions of € : uniform where the optimal
filter denoted by rrl) is calculated using equation (19); normal, where the optimal filter denoted by rm is estimated

through Monte-Carlo simulation with 500 replications; and bootstrap, where the optimal filter denoted by n’;l is

estimated through bootstrapping with replacement with 500 replications. The round-trip transaction cost ¢ = 0.1 percent.
Numbers inside parentheses are ¢-ratios.

r d b S, m/ic mlc m/c
@) @ 3 @ ©) 6) ) (8)
AR(1) Model 0.0548 0.00659 092 0.88 0.85
(2490
ARMA(1,1) Model 0.918 0.880 0.00658 0.32 034 0.32

(19.232) (15..665)

MA(21) Model 00257  0.00656 023 0.24 023
(3.846)

MA(126) Model 000818 000635 0083 0.12 0.12
(3518)
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Table II Effects of Transaction Costs on Trading Performance in Foreign Exchange
Thistable reportstrading performance in the Japanese yen with around-trip transaction cost ¢ = 0.1 percent. The data coversthe period from August 31, 1978 to May
3, 2003 with 6,195 daily observations. Thefirst 1/3 of the sample (2,065 observations) is used for model estimation. The parameters are then used to calcul ate the optimal
transaction cost filters. Out-of-sample forecasting starts on November 28, 1986 until the end of the sample (4,130 observations). Columns 2-6 display resultswhere no
transaction cost filter isimposed. Columns 3-4 report the before-cost returns and ¢-ratios, whereas Columbus 5-6 report the after-cost returns and ¢-ratios. Similarly,
Columns 7-9 report the results (after-cost) when anaivefilter equal to the actual transaction cost ¢ isimposed. Columns 10-12, 13-15, and 16-18, show the resultswhen

the optimal filters, ng r@, and n*g,areimposed, respectively. All returns are annualized.

without transaction cost filter with naive filter “c” with optimal filter I} with optimal filter I} with optimal filter IT)
# of before cost after cost # of after cost # of after cost # of after cost # of after cost
Trade return  ¢-ratio  return ¢-ratio  trade  return  t-ratio  trade  return  ¢-ratio  trade  return  ¢-ratio  trade  return  f-ratio
(1) (2 ©)] 4 ) (6) (7) ©)] 9 (10) (11) (12) (13) (14 (15) (16) (17) (18)

Panel A. AR(1) Model
Long 2100 0.084 4.097 -0044 -2151 34 0.054 2199 42 0.077  3.507 48 0.076  3.458 66 0.060 2.855

Short 0.015 0.815 0.143 7.669 0.045 3515 0.022 1.299 0.023 1.373 0.039 2.167
Long- 0.069 2486 -0.188 -6.702 0.009 0.315 0.056 2.011 0.053 1.910 0.022 0.794
Short

Panel B. ARMA(1,1) Model

Long 444 0.078 3.881 0.051 2.525 12 0.052 2.276 81 0.075  3.827 71 0.083 4.212 81 0.075  3.856
Short 0.021 1.110 0.048 2533 0.047 3.028 0.024 1.237 0.016 0.843 0.024 1.208
Long- 0.057 2054 0003 0.093 0.005 0.199 0.051 1.827 0.066 2.391 0.052 1.870
Short

Panel C. MA(21) Model

Long 448 0.070 3489 0.042 2114 12 0.041 1.839 125 0.068  3.366 123 0.068  3.380 125 0.070 3473
Short 0.029 1536 0.057 2952 0.058  3.583 0.031 1.649 0.031 1.638 0.029 1543
Long- 0.040 1453 -0.015 -0.522 -0.016 -0.586 0.036 1.314 0.037 1.323 0.040 1.451
Short

Panel D. MA(126) Model

Long 131 0.082 4123 0074 3717 5 0.039 1816 31 0.078 3934 29 0.072 3631 29 0.072 3631
Short 0.017 0.893 0.025  1.307 0.060 3481 0.021  1.083 0.027 1391 0.027 1391
Long-

Short 0.065 2338 0.049 1756 -0.020 -0.725 0.057 2.074 0.046  1.650 0.046  1.650
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Figure 1. The Excess Value Function
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Annualized Percentage Excess Return and Trading Cost

Fig 2. After—cost Excess Return (round) and Trading Cost (square) vs. u/c,
Vertical Lines: Solid ufj/c, Dash u/c, Long Dash wp/c
c=0.1%, AR(1) Model
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Annualized Percentage Excess Return and Trading Cost

Fig 3. After—cost Excess Return (round) and Trading Coest (square) vs. w/c,
Vertical Lines: Solid ufj/c. Dash wy/c, Long Dash ug/c
¢=0.1%, ARMA(1,1) Modsel
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Annualized Fercentage Excess Return and Trading Cost

Fig 4. After—cost Excess Return (round) and Trading Cost (square) vs. u/c,
Vertical Lines: Solid ujj/c. Dash uy/c, Long Dash ug/c
c=0.1%, MA(21) Model

-4

a.0 D1 0.2 a3 0.4 0.5 0.B D.7 a.8 0.9 1.0 1.1 1.2

Filtor/Transaction Cost Ratio u/c



Annualized Fercentage Excess Return and Trading Cost

-4

Fig 5. After—cost Excess Return (round) and Trading Cost (square) vs. u/c,
Vertical Lines: Solid ujj/c. Dash uy/c, Long Dash ug/c
c=0.1%, MA(126) Model
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