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THE PROFITABILITY OF TECHNICAL TRADING RULESIN
THE FOREIGN EXCHANGE MARKET:
EVIDENCE FROM EIGHT CURRENCIES

ABSTRACT

We examine the in- and out-of-sample behavior of two families of popular technicd trading
rules, filter and cross rules, for eight currencies usng daily data with bid-ask spreads. In the
early pat of our sample, these rules make datidicaly sgnificant profits, in-sample, as reported
in the literature, and lower and sometimes dgnificant profits out-of-sample. However, in the
latter part of our sample, the in-sample prafits fal in magnitude and sgnificance, while the out-
of-sample profits dmogt entirdly disgppear and are never sgnificant.  This decline in returns
extends to uncovered interest rate parity.

Applicable JEL Categories: F30, F31, F36, G12, G15, M21.



. INTRODUCTION
Technica trading rules are mechanica strategies that generate trade signass, based only on the

higtory of the asset’s price. A series of papers have examined the profitability of technicd trading rules

in the foreign exchange markets, to test agpects of market efficiency. Technicd trading rules are

designed to take advantage of time-dependenciesin returns; if returns are strictly random, there will not
be gatidicdly sgnificant profits More generdly, in an efficient market there should be no systemétic
profits after adjusting for risk-bearing and transactions costs.

The following conclusions represent fairly the findingsin the literatures

1) Almogt dl the studies find Satistically and economicaly significant technicdl trading profits® Thisis
true when the profits are computed in-sample, asin the earlier sudies, and when they are computed
out-of-sample.

2) A "filter” is the change required in the price for the trading strategy to trigger action. The generd
concluson is that smdl filters produce higher returns than large filters. It is thought it is because
amdl filter imply very frequent trading and unmeasured transactions costs are higher for smdl filters

3) The profits generated by technicd trading rules seem too large to represent likely return to risk-
bearing. Furthermore, these profits cannot be justified as risk premia from smple CAPM or APT
models with a constant price of risk.?

We re-examine the profitability of technicd trading rules. We obtain daily data with hid-ask

spreads for foreign exchange quotes as well as borrowing and lending Eurocurrency rates, dl from a

! Thereis aparallel “technical trading literature” for the stock market. In contrast to the foreign exchange markets
literature, it seems to have come to the conclusion that apparently profitable technical rules exist for “small” filters,
but that apparent excess profits would be swamped by the transactions costs incurred in following the strategies.
See Fama and Blume (1966) and Allen and Karjalainen (1999) for further references.



London Eurobank. In contragt to the literature, hese data make it possible to take into account
expliatly at least the direct transactions costs of trading, rather than estimating or assuming them. Of
course our data are aso more recent than in the literature, Snce they extend from 1986 to the end of
2004.

Our results differ subgtantidly from those in the literature:

1) Conggent with the literature, over our whole sample many technicad rules make datigicaly
ggnificant profits, though ther profits and datistica sgnificance are somewhat lower than in the
literature. Bid-ask spreads lower returns and sgnificance but do not diminate ether.

2) We compare these profits to (i) a buy-and-hold or short-and-hold strategy (UIRP), and (ii) a Hi-I
srategy that, for each currency, goes long when the currency’ s interest rate exceeds the USS$ rate
and short otherwise. We regard these strategies as useful benchmarks because they do not attempt
to exploit time-dependencies in returns.  We find that the trading drategy profits are never
ggnificantly higher & the 1% leve than either UIRP or Hi-I, and rarely sgnificantly higher at the 5%
levd; frequently they are lower. However the technicd rules operate very differently than Hi-1 and
UIRP, and they generate their returns from time dependencies in returns and not from the wdl-
documented failure of UIRP.

3) The profits of virtudly all the technical trading strategies are considerably lower in the 2™ hdlf of the

sample, and that gatistica Sgnificance is much scarcer.

2 Thetime-invariant “betas’ of currency returns (net of interest rate cost or not) have been shown to be very low for
all risk factorsthat have been tested.



4) Mog importantly, over the full sample, technica drategy profits are smdler and not datisticaly
significant when the strategies are gpplied strictly out-of-sample® Consistent with the rest of our
findings, out-of-sample strategies generdly make lossesin the 2™ hdlf of the sample.

We conclude that even if technicd trading strategies made sgnificant excess returns in the early
part of the floating exchange rate period, the level and sgnificance of these returns do not extend to the
latter part, even insample. Furthermore, excess returns do not seem to be available out-of-sample

reliably over the full sample period and particularly during the 2™ half of our sample.

[I. LITERATURE REVIEW
Dooley and Shafer (1983) first document autocorrdation in daily foreign exchange rates and
show that certain technicd trading rules are profitable.  Sweeney (1986) concludes that, “major
exchange markets showed grave sgns of inefficiency over the firgt 1,830 days of generdized managed
float...” He examines the DM in detall and nine other currencies, from 1975 through 1980. Assuming
normaly digtributed returns and congtant risk premia he finds several cases of Sgnificant excess returns.
He finds returns on the order of 4% - 5% per year, even after subtracting estimates of trading costs,
which he puts at below 20 basis points. He aso finds that most of these excess returns persist from one
subperiod to the next.
Taylor and Allen (1992) present evidence that al surveyed foreign exchange traders rely at least
to some extent on “chartist” information in meking ther trades; this lends credence to the dam that

excess returns exist. Levich and Lee (1993) re-examine the profitability of technical rules usng more

® Thisisanarrower version of the genetic programming search for the best strategy, reported in the literature. It is
narrower because the range and nature of the strategies are defined and fixed over the whole experiment. The



recent data (1976-1990) and improved statistical methods, for five currencies. They enlarge the pool of
trading strategies by including a st of “moving average’ rules firg introduced by Schulmeister (1988).
To overcome the non-normality and heteroscedadticity of exchange rates, they use bootstrap methods
to calculate p-vaues for the returns.* They find that “... mechanicd trading rules have very often led to
profits that are highly unusud...”; 15 of the 30 filter rulesand 12 of 15 of the moving average rulesthey
test are dgnificant at the 1% level. They aso report minor declines in the profitability of these rulesin
the last part of their sample but profits are ftill pogtive and sgnificant.

More recently, Nedy, Weller, and Dittmar (1997), andyze returns from technica rules for Sx
currencies for the 1981-1995 period. They use a genetic programming gpproach to identify ex-post
profitable technical rules as proposed by Allen and Karjdainen (1999) for the stock market. They
apply these profitable Strategies out-of-sample to assess their rdiability, and find reasonably high (up to
6%) and reliable returns from technical srategiesfor dl the currencies they examine?®

Though detals differ, clearly there is generd agreement in the literature that reliable excess

returns are obtainable in the forelgn exchange market.

1. THEORY AND METHODOLOGY
Market efficiency principles suggest that no replicable drategy that relies on publicly avalable

information should make extraordinary profits rdiably, adjusted for risk and the time vaue of money.

advantage of this method is that the allowed strategies are simple and easily understood.

* They use FX Futures data, which obviates the need for interest rates but which creates the difficulty that contract
maturity continuously changesin the sample.

® In amore recent paper, Neely and Weller (2003) use only one year of half-hourly trading data and search over a
wide range of technical trading rules. They find reliable autocorrelations at these intraday frequencies but when they
apply the most profitable of these rules out of sample, profits disappear, even when they assume small transactions



Thus, F we find thet the j" strategy happens to make “extraordinary profits’ from t-n to t, (whichin
itsdf is not prohibited by market efficiency) this strategy should not continue to make profits in the
periodsfollowing t. The fixed trading rules examined in the literature fulfill the requirement thet they are
replicable and that they rely on publicly avalable information a time t to implement time-t trading

drategies.

I1l.a. The Measurement Of Returns

We follow the literature and measure trading Strategy returns for zero-invesment portfolios;
such portfolios should make zero risk-adjusted returns.  Our notiond trader is ather long in foreign
currency and short in USS$s, or short in foreign currency and long in US$s. A long postion in foreign
currency requires the trader to borrow in US$ at the lending rate and earn interest a the foreign
currency deposit rate. A short podtion in foreign currency requires the trader borrow at the foreign
currency lending rate and earn interest a the US$ deposit rate.

In the literature, daly portfolio returns are calculated, by “marking-to-market”, which is
equivaent to requiring the trader to close out his postion daly. This procedure makes it possible to
cdculate average returns, variance, and measures of rdiability. 1n the presence of bid-ask spreadsthis
procedure must be modified.

If the trader is required to change her position at the end of the trading day, say to short the
foreign currency, she must sdl er foreign currency a the bid ($foreign currency), though she had

bought it at the ask price. Thus, on average she paysthe bid-ask spread. However, when the postion

costs (1 bp for a one-way trade). Their one-year data length makes it difficult to compare with our results or with
other resultsin the literature.



is closed out only for measurement purposes while the strategy’ s sgnd is*hold pogition”, we must avoid
pendizing the trader by the bid-ask spread. When the sgndl of the dtrategy is “hold”, we use the ask
price to evduate the return of long positions and the bid to evaluate short positions, thus avoiding the
bid-ask spread cost.

Let SP, S* be the foreign currency per US$ bid and ask prices (ask>bid), i§,i7,i,°,i,°, the
deposit and borrowing rates for the US$ and the foreign currency, respectively, T the number of
caendar days (T=1 except for weekends and holidays), and ¢ = 0 afixed cost paid & the time of a
transaction in addition to the bid-ask spread.

There are four possble returns for each period, depending on the signd from the Strategy
evauated: long-and-hold, short-and-hold, long-to-short, and short-to-long.° The instantaneous returns

to an arbitrage portfolio are given below:

(13) Ciongrota: |n§§l;+ (T 1)3:%%

(16) ong-to-sors = Inaesgl §+ i - |$)§%§ c,
(10 Vshorthold,t  — = |n§;ik;§+(i§,t-1 - ibff-lggﬁg
(1d) Faort o tongt = - |nae§’§1 §+ (... - igj_l)%:%g- c.

® The strategies generate the buy/sell/hold signals from the average of the bid and ask quotes of the exchange rates.



[1l.b. TheTrading Strategies

We study two widdy examined families of trading strategies and compare them to two far
ampler ones. The filter rules work as follows. When the exchange rate Sarts risang, its vdue is the
local low. Whenthe exchange rate sartsfdling itsvadueisthe local high. A % filter rule agndsto go
long when the currency rises % above its most recent locd low, and it Sgnds to go short when the
currency fals% below it most recent local high. Otherwise hold the exiging position.

We add a variation to the filter rules family, not previoudy used in the literature. Daily exchange
rate data are often very volatile. Thisvolatility can induce thefilter rule to bounce from long to short too
frequently when f is smdl. It is dso possble that when f is large, the rue will not send asgnd even
though over the period the exchange rate may have gone up or down by more than f%. Our variation is
to require the drategy to operate on a 5day moving average of the exchange rate. We labd this
varigion “MAS filter”.

The cross rules work as follows.” Each cross rule has two parameters, m and n. Construct a
near moving average of the exchange rate of m days. Construct afar moving average of the exchange
rate of n days, where n > m, so that each rule is defined by MA(m,n). When both the near and the far
MA series are risng and the short MA series crosses the long one from below, go long in the currency;
thisis caled the “golden cross’. When both the near and far MA series are faling and the short series
crosses the long one from above, go short in the currency; thisis cdled the “death cross’. Otherwise

hold the exigting position.



[1l.c. Statistical Evaluation Of Returns

In order to evauate the Satistical significance of returns, we follow the literature and compuite p-
vaues by usng Monte Carlo amulations. It is unwise to rey on normd distribution gatigtics, sncethe
non-normality of daily exchange rate returns is wdl-established. For each trading rule and each
transaction cogt, ¢, we create 10,000 smulations by randomly scrambling the data® This approach
breaks any exiging time series dependencies but retains the mean and variance of the digtribution.  In
this way, we generate a digtribution for each drategy, and the p-vaues of the empirica returns are
computed from these digtributions. All p-vdues we report are obtained with such Monte Carlo
methods.

Mogt published studies assess the significance of returns by comparing them to zero, asin
Sweeney (1986) and others® We aso report p-vaues that compare returns to zero, because
regardless of how unlikely a particular return is, market participants need to know the rdiability of
positive returns

The additiond trading cost ¢% isintended to proxy for proportiond transactions cost other than

the bid-ask spreads. This trading cost is observationdly equivaent to a higher bid-ask spread for the

" Levich and Lee (1993) label these rules “moving average’. We borrow from the common designations of “golden
cross’ and “death cross” and label them “cross’ rules instead, because we use the term MA in connection with our
MAGS filter rules.

8 The growth rate of the exchange rate at time't, its associated bid-ask spread, and the relevant timet-1 interest rates
are kept together when we reshuffle the data. Once a random iteration is created, we use the sequence of growth
rates and the bid-ask spreads to create an exchange rate “history” on which the trading rule operate. Thus, only the
order (not the value) of the returnsfor each trading day is changed. We use MATLAB’srandom number generator.

® Levich & Lee (1993) report p-values that implicitly compare the empirica returns to the means of their simulated
distributions rather than to zero. In our data, most of the Monte Carlo distribution means are negative. Sometimes
this creates a substantial difference between the p-values relative to the means and the p-valuesrelative to zero. P-
values relative to the means of the Monte-Carlo distribution are avail able from the authors on request.

0 We do this by calculating t-statistics for the empirical returns using the corresponding Monte-Carlo distributions,
which are indistinguishable from Normal.
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exchange rate, because it is incurred only when thereisatrade. Weonly wish to quantify the effects of

additional trading cogts, since we have no dataon them™

I11.d. Economic Evaluation Of Returns

The trading dtrategies we study are designed to exploit time dependencies in the data. So,
comparing these drategies returns to strategies that do not claim to exploit time dependencies can help
darify the origin of thelr returns and put them in perspective.

It is empiricaly well-documented thet “uncovered” interest parity (UIRP) doesn't hold wdll; it is
possible to make gpparently sgnificant profits by one of “buy-and-hold” or “short-and-hold” strategy,
depending on the currency.®® This empirica regularity suggests smple dternative strategies that do not
rely on time dependencies in the data and can therefore serve as yardsticks. One such dtrategy isto go
long in the currency when its interest rate exceeds that of the US$ and go short inthe US$. And, if the
foreign currency interest rate is below that of the US$, go short in the currency and long in the USS.
We labdl this the Hi-l strategy.™® The other Strategies are even smpler: “dways long” in the fordgn

currency and “dways short” the foreign currency, or UIRP strategies.™

11

Note that ¢ and the bid-ask spreads have no effect on the filter rule signals; they only affect the magnitude of the
returns.

2 This empirica finding is often referred to as the forward risk premium puzzle, and its economic origins are not
resolved. Hansen and Hodrick (1980) establish the existence of risk premia in foreign exchange rates. Later papers
(Engel and Hamilton 1990, Evans and Lewis 1995) attempt to model exchange rate behavior with time-varying
processes that allow for time-varying risk premia. Kho (1996) shows evidence that time-varying risk premia and
heteroscedasticity explain alarge part of the observed technical trading rule returns for 4 currencies during the 1980-
1991 period.

B3 We thank Prof. Andy Neumeyer for suggesting this Hi-I comparison to us. As early as the late 1970s, the IMF
used this principle and lend to client countries in the lowest interest rate currency, which at that time was frequently
the Swiss Franc.

" We have nothing to add to the debate on the economics of the failure of UIRP or its implications for market
efficiency. We only note that the returns to the Hi-I and UIRP strategies are based on the failure of UIRP and are not
related to any time dependencies in exchange rate returns, and that it is possible that a dynamic strategy may be
simply taking advantage of the failure of UIRP.

1



We aso address the issue of returns to risk-bearing.” We aggregate the returns to monthly
frequency and compute their factor loadings againg the 4-factor Fama and French asset pricing modd,
aswéll as additional macro factors.

Most importantly, we examineif such trading rules are successful out of sample. At the end of
every year our notiond investor selects the most profitable Strategies, one each from each family of
rules, based on performance from year = t-2 to t. She then implements these strategies to earn returns
from year=t to t+1. The strategies are updated annudly. In thisway, the trading Strategies are selected

based only on past performance and the returns are grictly out-of-sample.

V. DATA

The data are from DataStream. DS has daily foreign currency per USS$ bid and ask prices (4
pm London) for the Canadian $ (C$), Danish Krona, French Franc (FF), German DM, Itdian Lira,
Japanese Yen (¥), Dutch Guilder (Guilder), and the U.K. pound (£) from Barclays of London from
1986."° DS dso has daily Eurocurrency borrowing and lending rates for thes currencies and for the
USS$, for the same dates”” The foreign exchange data for the common currency countries (FF, DM,
Lira, Guilder) of course end in 1998. Data for the remaining currencies are to the end of 2004. The

period from 1986 to 2004 congsts of 4482 business day observations, while the 1986-1998 period has

' Both Sweeney (1986) and Levich & Lee (1993) use the average UIRP returns as a measure of the constant risk

premium for a long position in the currency. But if there is a constant risk premium, then it must be earned either
when the investor is long or short in the currency. Since the technical trading strategy require both long and short
positions over time, the return to risk RP) earned by a rule would have to be RPp — RPX1-p), where p is the
proportion of the time strategy required a long (or short) position. Since for most of these strategies p is close to
0.50, the net risk premium measured this way becomes vanishingly small, and it would require avery large RP to come
close to explaining the observed returns. M ore recent studies do not address thisissue directly.

* DS used to collected data from Midland and National Westminster banks as well. NatWest quotes were
discontinued in January 1999, and Midland’ s were discontinued in December 1999.



3092 observations. Other macroeconomic data are aso from DataStream.  The Fama-French factors

are from Prof. Kenneth French’ s website.

IV.a. Statistical Properties Of the Exchange Rates

Figures 1-A & B show the time series of each currency, normalized to 1.0 on the first date of
thesample. Table 1-A and B contain summary datigics for dl the currencies.

The figures and the tables show that al but the Lira appreciate on average againgt the US$ over
our sample period but there are periods of large gopreciations and depreciations for dl the currencies.
There are dso remarkably large one-day returns for each currency. The annudized daly standard
deviations are very smilar, except for the Canadian $, which has roughly one hdf the standard deviation
of the others. Skewness is close to zero for most of the currencies except the Lira and the ¥ but
kurtossvarieswiddly (1.47 —7.31).

The autocorrdations of the growth rates of the currencies (not shown) are quite smdl; in
abolute vaue none is higher than 0.04. However, for each currency there is at least one
autocorrdation thet is gatigtically sgnificant. The p-vaues of the Box-Pierce tests shown in the table
rgect “no autocorrelaion” at the 5% leve for the FF, Lira, Guilder, and the £; they do not reject for the
C$, Krona, DM, and the ¥*® These results suggest that if these autocorrdations are stable there may
exig exploitable patterns.

Table 1-B shows the contemporaneous correlations across currencies. It is not surprisng that

the EMU currencies that eventudly joined the single-currency as wdl as the Krona, have high

7 We checked the data for outliers, and deleted data that violated basic arbitrage propositions, such as ask < bid.
We deleted atotal of 10 data pointsfor the C$, 1 for the £, and 4 for the DM .
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contemporaneous correlations. The £ has lower correlations with the other European currencies, the
non-European currencies have quite low corrdations. The correations between the ¥ and the other
currencies are modest, while C$'s are rather low.

Figure 2 compares empiricd higograms of exchange rate growth rates to the Normd
digribution for selected currencies. The growth rates are leptokurtic and most have significantly more
mass a the extreme tails than the Norma.® The Jarque-Bera tatistic in Table A shows that
normality can be regected wiformly a very high levels of sgnificance, for dl the currencies, for this
reason we use Monte Carlo smulations to compute p-vaues.

Information on bid-ask spreads is in Table 2. The currency bid-ask spreads are quite small,
even for the less-traded currencies. The median bid-ask spread is 7.6 basis points, and the highest is
138 bps (for the Krona); the average standard deviation is 4.5 bps.?® The median interest rate bid-ask
spread is 17 bps, with a standard deviation of 31 bps.

We show the averages from the firs quarter and last quarters of sample, to assess if there
appear to be subgtantia efficiency changes in the markets over our sample.  For dl the currencies
except the ¥ and the DM, the last quarter spreads are lower. However, the differences are smdl; the
largest difference is 3.2 basis points. It doesn't seem that there have been mgor changes in efficency
over the sample period, at least by this measure.

For both exchange rates and interest rates the maximum vaues as wdl as the standard

deviations are quite high. However, dmod dl of the high vaues occur during the European ERM criSs

8 |t isinteresting that the £ shows small but highly significant autocorrelations over arange of lags, even though it
isaheavily traded currency, compared, say, to the Krona, which is not.

9 Thisisawell-known property of daily exchange rates.

#©  These data show that Sweeney’s (1986) estimate of 20 bps seriously overstates the FX bid-ask spread.
Nonetheless, the overall transactions costs exceed 20 bps because of the interest rate bid-ask spread.

14



(Nov 1992 - April 1993); the highest interest rate spread in that period is 1,500 bps for the Krona.
For currencies that are not heavily traded (C$, Krona, Lira), the bid-ask spreed fdls subgtantidly (from
56.4 to 11 for Itay) in the last quarter of the sample but the declines are very smdl for the other

currencies.

V. RESULTS

Firg we present the full sample results.  Then we discuss accounting for risk, subsample

dability, and out-of-sample behavior.

V.a. Full Sample Results

For filter rules we compute returns and p-vaues for filters from 0.5% to 5%, in 0.1%
increments, and for the additional trading costs, ¢, from O to 100 bpsin 25 bp increments. For the
cross rules we compute returns and p-vaues for short MAs 1-4 and long MAs 2-50, both in steps of
oneday. We aso compute these returns with ¢ from 0 to 100 bps, in 25 bp increments.

The two pands of Figure 3-A show the returns for the DM over the whole sample, for a series
of standard filter rules and our MAS5 modification, with and without bid-ask spreads, and for ¢ = 25 and
50 bps. We dso show the returns to dways-long and dways short UIRP). We show only the
behavior of the DM to conserve space. Though each currency is different in the details and in the leve
of returns, Figure 3-A illusrates most of the features that are common across the currencies.

Returns are higher when bid-ask spreads are ignored. The effect of bid-ask spreads on returns
is a combination of the difference between depost and loan rates that is aways incurred, and the

exchange rate bid-ask spread, incurred only when a trade takes place. The difference in returns

15



narrows as the filter Sze increases, because the number of trades fals. For example, the 0.5% filter
strategy trades on 20% of the days, on average. Asareault, the average reduction in returns due to the
bid-ask spreads is 420 bps. But the 2% filter trades on only 2.5% of the days, and the average
reductionin returnsis only 70 bps.?*

The trading returns are low for very samdl filters, pesk and then decline. The peaks occur for
different filters in different currencies, for the C$, the ¥, and the £, highest returns are for filters below
1%, while for the rest of the currencies highest returns occur for filters between 2.7% and 3.1%.%

Figure 3B shows the returns for selected cross rules for the DM. The first pand shows the
effect on returns of varying the short MA, from 1 to 4 days. It shows that the length of the short filter
has a amdl and non-sysematic effect on returns; this is true for dl the currencies. The second pand
shows the relation between returns and the long MA, when the short MA is one day (the current FX
rae). Smdl long-MA vdues induce more trading, so that, amilar to the filter rules, the return
differences narrow as the long MA becomes larger.  However, unlike the filter rules, there is no
indication that returns decline as the long MA becomes larger.

Tables 3 and 4 show detailed results for selected filter and cross rules. We report returns
without and with bid-ask spreads, and for ¢ = 0 and 25 bps.?® We choose the Strategies to report so as
to balance parsmony with the need to represent the overdl resultsfairly.

For the filter rules we report results for filters of 0.5%, 1.0%, and 2.0%, and the best-

performing rule over the 0.5% - 5.0% range. We report detailed results only for MAS rulesin Table 3,

2t The filter rules that use the MAS5 specification trade |ess than the standard filter rules; for the 0.5% filter trading
occurs in only 6.5% of al trading days, and the bid-ask spread lowers returns by 140 bps. For the 2% filter trading
takes placein 1.7% of the days and returns are lower by 50 bps.

#  Unlike the other six currencies, the returns for the C$ and the FF are quite similar across a wide range of filter
values.

16



because there many more sgnificant returns for the MAS5 than for the standard filter rules® For the
cross rules we report returns for short MA = 1, and for long MAs of 5, 20, and 40. We aso report the
best- performing cross rule over the full range of short and long MAs.

For each currency, he firg row shows the long UIRP return and the return of the Hi-I
strategy.” The subsequent rows show the returns for the selected filters and the best-performing filter,
with p-vaues reative to zero returns; the filters are listed in the column labded “Filter”.®  The column
labded “Transactions’ shows the percent of days each strategy trades. The columns that follow from
left to right under “Totd Returns’ show returns exduding bid-ask spreads, with bid-ask spreads, and
with bid-ask spreads plus ¢ = 25 bps.

For the case with bid-ask spreads and ¢=0, no return is Sgnificantly greater than zero at the 1%
level. The 2%- and the best-parforming filters generate postive returns sgnificant a the 5% leve for
the Krona, the FF, and the Guilder but only the best- performing filter generates sgnificant returns for the
Lira and the ¥ The C$, the DM, and the £, show no sgnificant returns a the 5% level. Across
currencies, the best-performing rule returns average 4.72%, ranging from 0.99% to 6.85%.

The bid-ask spreads naturdly reduce the returns for dl the rules rdative to their no bid-ask
vaues. The average return reduction for the 0.5% filter is 143 bps (228 - 88), but only 61bps for the
best-performing filter (111 - 18). This is because the best-performing filters are larger than 0.5% and
thus require fewer transactions. The addition of a 25 bp transactions cost further reduces the returns for

the amdl filters and in some cases reduces sgnificance levels.

% Theno bid-ask spread returns are computed on the average daily FX and interest rates.

# None of the returns for the standard filter rules are statistically significant at the 1% level, and very few are
significant at the 5% level.

® Interestingly, the Hi-I strategy has considerably higher returns than UIRP, except for the Lira.
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The two rightmost columns labeled “Ret - Hi-1” and “Ret - UIRP” report the vest-performing
drategy’s returns net of the Hi-I returns, and net of the podtive UIRP returns.  There is no ingtance
where a filter rule does sgnificantly better than either of these dtrategies. For the C$ and the £, just
going long in the currency begts dl the filter Srategies. For the C$, Krong, and the £, the Hi-I strategy
bestsdl the filter rules

Table 4 shows returns to selected cross strategies. The table is constructed the same way as
Table 3, except that the column labded MA(m,n) shows the cross rules, the UIRP and Hi-I returns are
repeated for convenience. The results are stronger than for the filter rules For the case with bid-ask
spreads and ¢c=0, the best-performing rules generate pogtive returns sgnificant a the 1% leve for the
Krona, Lira, ¥, and the Guilder, and sgnificant returns a the 5% leve for the FF, DM, and the £; only
the C$ shows no dgnificant returns.  In addition, the Krona, FF, DM, and the Lira, show significant
returns for MA(1,20), and the Krona and ¥ for the MA(1,40) rules. Across currencies, the best-
performing rule returns average 6.45%, with a range of 1.72% to 9.37%, dl higher than the filter rules.
There are many more cases of sgnificant returns (5% level) when the bid-ask spreads are ignored.?’
When 25 bp transactions costs are included, dl 11 statisicdly dgnificant returns remain postive but

only 2 reman satigtically sgnificant.?®

% We report p-values only for positive returns. The best-performing filter is selected from the calculations that

include the bid-ask spread but withc =0.

# The average reduction in returns induced by the bid-ask spread is 328 bps for the MA(1,5) rule (513 - 247) but
only 98 bps (164 - 49) for the best-performing rule.

% Many of the returns we show are in the 5% and even in the 1% tail of their respective Monte-Carlo distributions,
with and without transactions costs. But since bid-ask spreads and ¢c>0 reduce substantially the distribution’s mean,
the p-values relative to zero returns that we report in the tables are considerably lower.
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The best-performing cross rule return for the Lirais sgnificantly higher than either Hi-1 or UIRP,
and for the ¥ it is only higher than the UIRP. Hi-I beats dl cross rules for the C$ and the Krona; indl
cases at |least the best-performing rule does better (but not significantly) than UIRP.%

Our main reason for comparing the trading rules to UIRP and Hi-l isto investigate the extent to
which the filter and cross rules take advantage of the fallure of the UIRP rather than time dependencies
in the data. Table 5 shows an andlyss of how the cross rules operate, compared to Hi-1 and UIRP; the
results for the filter rules are very amilar.  The two left columns show the percent of days each Strategy
islong in the foreign currency. The cross rule strategies are very Smilar across the currencies; they are
long in the foreign currency dightly more than 50% of the days, regardless of the overdl patterns of each
currency over the period. By contrast, the Hi-1 srategies differ greatly across currencies and from the
cross rues in this regard. For example, Since the Lirainterest rates were amost always higher than the
USS, its Hi-l gdrategy is dmost dways long in Lira  The two right-hand columns show that the
correaions of daily returns between cross rules and Hi-1 and UIRP are very smdl.

We conclude that the cross rules do not seem to derive their returns from the fallure of UIRP,
even though they generate comparable returns. It follows that the rule profits must be related to time
dependencies in the data.

These reaults are quditaively smilar to those in the literature. We find severd gatigticaly
ggnificant profits from trading rules across dl currencies, and the cross rules do better that the filter

rules® However, we find somewhat lower returns and substantialy lower significance levels than those

# |t is notable that there doesn’t seem to be any particular relation between the degree of autocorrelation in the

currencies, reported in Table 1-A, and the level or frequency of significant returnsto trading strategies.
% No comparisons are made with UIRP or the Hi-| strategiesin the literature.
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reported in the literature. The bid-ask spreads modestly decrease returns and their Statidtica

ggnificance.

V.b. IsltRisk?

The returns we document can be judged as high if the drategies do not involve sgnificant
systematic risk, which leads us to examine its possible presence. We integrate each of the returnsto a
monthly level, ad regress them on the Fama and French factors, as well as other variables that have
been shown to be related to systematic risk in the literature, jointly and separately.®

We find absolutely no datisticd evidence of a relation between any of these returns and any of
the above potentia risk factors. The factor loadings are quite small and p-vaues are uniformly very
large. We conclude that systematic risk isa highly implausible explanation of these returns.

Table 6 reports Sharpe ratios for the best-performing srategies for filter and cross rules. The
table shows that the Sharpe ratios are uniformly very low. Even though we cannot document that these

returns accrue to systematic risk, it is clear that there is very large volatility associated with them.

V.c. Stability of the Results

It is not extraordinary to find ex-post profitable trading rules in returns generated by efficient
markets. But in efficient markets the ex-post profitable strategies should not continue to deliver excess

prafits in the future. As a fird step in invedigating the gability of returns to these trading rules, we

3 We also use the growth rate of Industrial Production, the CPI inflation rate, the growth rate in Employment, and
the ratio of the Trade Deficit to Industrial Production. Detailed results are avail able from the authors on request.



compare thar profitability in the I and 2 halves of the sample. This partitioning of the data is of

course arbitrary but it is unbiased and it provides vauable ingghts.

Tables 7 and 8 show comparisons of the returns for the 1% and 2™ halves of the sample for the

filter and cross rules, respectively.® The construction of these tables is anaogous to Tables 3 and 4.

An examindion of the two tables reved s three important regularities

1)

2)

3)

In the 1% period, going long in al the currencies except the ¥ produces positive returns. By
contrast, going long in the foreign currency in the 29 period resultsin negative returns for dl
currencies except the £; the returns to going long decline for dl the currencies, by an average of 744
bps. Smilaly, the average return for the Hi-l Strategy declines somewhat (on average by 198 bps),
though by contrast, its returns increase in the 2™ period for 4 of the 8 currencies.

Similarly, the returns for both the filter and cross rules are uniformly and markedly lower in the 2
period. The 2™ period returns are lower in 29 of the 32 cases we report for the filter and in 30 of
32 cases for the cross rules. The average decline for the filter rulesis 550 bps (1% period average is
5.4%) and for the cross rules it is 500 bps (1% period averageis 6.3%).%

The number of datistically significant returns is much lower in the 2™ period for both filter and cross
rules. For the filter rules, there are no returns sgnificant a the 1% levd; with bid-ask spreads, only
the Krona and the Lira have gatistically sgnificant retuns at the 5% level. For the cross rulesonly

the Krona and the Lira have ggnificant returns a the 1% levd, and the ¥ and Guilder a the 5%

¥ Since data for the common currency countries end in 1998, the breakpoint for those currencies is earlier than for
the rest. For the C$, Danish Krona, the ¥, and the £, the 1% half is 10/86 to 08/95 with 2,240 observations, and the 2™
half is 09/95 to 07/04, also with 2,240 observations. For French Franc, the DM, the Lira, and the Guilder, the 1% half is
10/86 to 08/92 (just before the ERM crisis) with 1,500 observations, and the 2™ half is 09/92 to 12/98 (the adoption of
the common currency) with 1,600 observations
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leve, dl for the best-performing rules. In Table 9 we summarize the performance of the best-
performing Strategies, dong with the corresponding UIRP and Hi-1, to make comparisons easy.

Levich and Lee (1993) discuss briefly aminor decline of returnsin the last part of their sample,

but evidence for this in our sample ismuch stronger; of course our 2 period is outside the range of

their sample.

V.d. Out-Of-Sample Behavior

This gpparent ingtahility in rule returns implies thet it may not be possible to obtain sgnificant
and reliable excess returns out-of-sample. We test this hypothesis directly for our filter and cross rules
by applying the out- of-sample procedure discussed in section 111.d.

If time dependencies in the currencies are stable over time, we would expect the in- and out-of-
sample performances of the rules to be the same, within sampling error.  If time dependencies are
predictable but vary dowly over time, then the out- of-sample performance should besat the in-sample
one, because the rules would adapt to the predictably changing time patterns.  However, if time
dependencies are ungtable and unpredictable (consstent with efficient markets), then the out- of-sample
performance will be significantly worse than the in-sample one.

Table 10 reports the results of our out-of-sample procedure for the two familiesof rules. Of the
returns over the full sample, none is datidicdly sgnificant a the 1% levd, and there are only 4

statigticaly significant returns in 24 entries® Returns are quite low and 8 of the 24 are negetive. All the

¥ For the best-performing rules the declines are: 587 bps (1% period average is 9.15%) for thefilter rules, and 582 bps
(1* period average is 10.83%) for the cross rules. Note that the best-performing rules for the two periods are
computed only with the corresponding data and therefore they are frequently not the same.

¥ 8 countries, 3 rules each. At the 5% level one would expect 1 significant observation but since the standard
deviation is approximately 2.4, 4 significant observations are within reasonable bounds of randomness.



returns are substantialy lower than the corresponding returns regped by the in-sample best-performing
rules, the average dedlinein returnsis 340, 510, and 410 bps, for the stlandard filter, the MAS filter, and
the cross rules, respectively. The year-by-year returns are pogtive dightly more than %2 the time (56%).

Even for the Lira cross rules, the returns are postive just 70% of the time. Sill, cross rules do better
than filter rules, on average.

Table 10 aso shows the corresponding returns for 1% and 2™ periods. For dl the countries and
trading rules 2 period returns are dmost dways lower than in the 1% period (exceptions are the C$,
Krona and Lira for the ample filter, Krona and Lira for the cross rules). Thisis condgstent with our
findings for the in-sample performance of the rules.

The 2" period returns across currencies are negaive in 26 of 32 instances. The cross rules
results illugtrate starkly the differences between the two subperiods. All but the C$ have positive and
significant returns in the T period. No currency shows significantly positive returns in the 2 period,
and dl but the Krona and Lira have negative returns.

This poor out-of-sample performance coupled with the decline of the in- and out-of-sample
returns in the 29 period is strong evidence that excess returns to the mechanical trading rules we

examine here are low, dusive, highly uncertain, and therefore economicaly unimportant.

VI. CONCLUSION

We examine the profitability of “filter” and “cross’ familiesof trading rules for eight currencies,
from 1986 to 1998 for the four Sngle-currency countries and to 2004 for the other four, by caculaing
returns to zero-net-invesment portfolios. Any pogtive returns to such portfolios are either returns to

risk-bearing or “excess’ reurns.  We take into account expliatly an important component of
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transactions codts, previoudy only estimated or imputed, because our data include bid-ask spreads for
both the exchange rates and the interest rates.

Conggtent with the literature, we find subgtantid and datigticdly sgnificant returns overdl, and
particularly inthe 1% part of the sample, for both families of rules.

However, these returns have very low Sharpe ratios, they are rarely sgnificantly higher than the
“UIRP” or “Hi-I" drategy returns a the 5% level and never at the 1% level. The bid-ask costs reduce
both the magnitude and datistical sgnificance of profits but diminate nather. We aso show, that
generdly-accepted risk factor models do not explain these returns.

The new and different results concern the 2nd part of our sample and the out-of-sample
performance of these dstrategies. We show that for every currency there are mgor declines in the
returns of al the strategiesin the 2™ hdf of the ssmple, induding for UIRP and to alesser extend for Hi-
I; this decline extends to the statistica sgnificance of the returns.

Mogt importantly, we test the out-of-sample performance of anotiond investor who selectsthe
best-performing drateges based on the previous two years performances, and uses hem to earn
returns in the following year. We find that excess returns are low and never sgnificant at the 1% leve.
Second period performance is much worse for these out-of-sample returns as well; most returns are
negative.

We conclude that there may have been datidticaly sgnificant “excess return” opportunities in
the earlier part of our sample, as documented in the literature. However, we present strong evidence
that profit opportunities are scarce and dusive in the 2™ hdf of our ssmple. Most important, thereis
very little evidence that excess returns are available to out-of-sample application of filter or crossrules,

particularly during the 2" half of our sample.
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One interpretation of our findings is that they illustrate strict market efficiency, that an in-sample
winning drategy is not likdy to be a winner when gpplied out-of-sample. A somewhat different
interpretation is that they illudirate practicd market efficiency: if awinning strategy is uncovered it will be
exploited, and therefore it will disappear. This second interpretation is supported by our finding that all
“excess’ returns declinein the 2™ period of the sample.

We mug keep in mind that macroeconomic and politica conditions were very different in the
2" hdf of our ssmple. European economies converged to the common currency criteria, which
required closer monetary policy coordination among the participants and dedining and converging
interest rates and inflation Their capital markets became much more open, and this was true of other
countries in our sample aswdl. Fndly, severa researchers have documented a recent and worldwide
declinein the measured voldility of many macroeconomic variables.

It is possble that these changing market conditions enabled market participants to take
advantage of rdatively smal but known excess return opportunities in the foreign exchange markets that

were previoudy unexploitable for ingtitutional reasons.
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Figure 1-A
History of the Exchange Rates
Non-EMU Currencies. 1986 - 2003
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Figure 1-B
History of the Exchange Rates
EMU Currencies. 1986 - 1998
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Figure 2
Comparisons of Empirical Histogramsto the Normal Distribution
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Figure 3-A

Typical Behavior of f% Filter Rules.
The German DM: 1986 - 1998
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Figure 3-B

Typical Behavior of Cross Rules.
The German DM 1986 - 1998
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TABLE 1-A

Summary Statistical Properties

Canada Denmark France Germany Italy Japan Netherlands UK
Summary Statistics
Return
(annualized) 0.25% 1.23% 1.26% 1.45% -1.44% 1.96% 1.47% 1.40%
Stdev
(Annualized) 122.0% 234.3% 236.2% 241.5% 235.3% 253.0% 239.0% 211.9%
Max/Min % 2.10/-1.80 2.98/-2.98 4.05/-3.69 314/-304 3.09/-6.57 5.49/-3.39 3.10/-3.09 3.06/-3.08
Change/Day
Skewness -0.08 -0.03 0.02 0.02 -0.76 0.45 -0.03 -0.20
Kurtosis 2.82 147 2.78 184 7.31 413 191 2.29
NOBS 4471 4481 3091 3088 3088 4471 3088 4471
Jarque-Bera Normality Test
JB 1,479 399 1,000 432 6,051 3,661 458 977
Critical Vdue 9.21 9.21 9.21 921 9.21 9.21 9.21 9.21
Box-Pier ce P-Values
%5 0.705 0210 0036 0.096 0.0%6 0.198 0032 0.000°
110 0.607 0.320 0031 0054 0033 0022 0015 0.000"
125 0.740 0.325 0.007* 0.165 0012 0.087 0031 0.008*
TABLE 1-B
Contempor aneous Cross-Correlations
Canada Denmark France Germany Italy Japan Netherlands UK
Canada 1 014 0.01 0.01 0.06 0.06 0.02 0.12
Denmark 1 0.82 0.83 0.71 047 0.84 0.68
France 1 0.93 0.82 047 0.93 0.65
Germany 1 0.80 050 0.96 0.68
Italy 1 040 0.81 0.62
Japan 1 050 0.39
Netherlands 1 0.66
UK 1
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TABLE 2
Bid-Ask Spreads in Basis Points

Currency Interest Rates
Average/M aximum 6.5/82 17.3/112
Canada First ¥“aof sample 79 242
Last ¥ of Sample 5.0 118
Average 8.3/138 32.9/1,500
Denmark First ¥aof sample 8.0 278
Last ¥ of Sample 48 14.0
Average 9.6/99 15.3/300
France First s of sample 9.0 145
Last ¥ of Sample 9.0 133
Average 6.4/69 12.8/75
Germany First ¥aof sample 57 128
Last ¥4 of Sample 6.1 135
Average 115/81 38.0/400
Italy First s of sample 119 56.4
Last ¥ of Sample 9.1 110
Average 7.7/35 9.4/69
Japan First ¥aof sample 75 114
Last ¥ of Sample 6.2 84
Average 6.4/63 12.0/50
Netherlands  First ¥aof sampl e 6.0 128
Last ¥ of Sample 54 102
Average 5.9/64 10.3/112
UK. First ¥aof sample 6.2 10.3
Last ¥ of Sample 47 10.8
Average n.a 11.6/69
u.s First s of sample n.a 126
Last ¥4 of Sample n.a 9.4




TABLE 3
Returns For Selected Filter Rules
Full Sample (MA-5)

Total Return
Canada UIRP long = 1.09% Hi-I =376% Ret - Hi-I Ret - URP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 4.6% -1.17% -2.05% -4.95%
n.a n.a n.a
1.00% 24% -1.9% -24% -4.00%
n.a n.a n.a
2.00% 0.6% -0.97% -1.21% -1.59%
na n.a n.a
Best 2.80% 0.2% 117% 0.99% 0.84% -2.76% -0.09%
17.89% 21.79% 25.90% n.a n.a
Denmark UIRP long = 250% Hi-I =710% Ret - Hi-I Ret - UIRP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 6.9% 0.96% -0.67% -4.98%
34.71% n.a. n.a.
1.00% 4.6% 2.32% 1.16% -1.72%
17.00% 31.96% n.a.
2.00% 1.9% 6.11%* 54%  432%
0.62% 1.31% 4.57%
Best 2.00% 1.9% 6.11%% 54%% 432% -1.61% 3.00%
0.64% 1.36% 4.68% n.a 19.26%
France UIRP long = 242% Hi-I =552% Ret - Hi-I Ret - URP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 6.6% 0.88% -0.81% -4.91%
38.28% n.a. n.a.
1.00% 4.4% 340% 2.26% -047%
12.48% 22.74% n.a.
2.00% 16% 7.37%¢ 685%  58%
0.63% 1.14% 3.05%
Best 2.00% 1.6% 7.37%" 6.85% 5.83% 1.33% 4.43%
0.63% 1.13% 3.03% 62.92% 14.44%
Germany UIRP long = 1.08% Hi-I =219% Ret - Hi-I Ret - UIRP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 7.0% 0.33% -0.95% -5.33%
45.71% n.a. n.a.
1.00% 4.2% 341% 2.61% -0.04%
12.68% 19.48% n.a.
2.00% 1.7% 3.02% 2.62% 153%
15.92% 19.53%  31.45%
Best 2.10% 14% 5.28% 4.93% 4.04% 2.75% 3.86%
4.00% 5.27% 9.99% 27.44% 18.11%




TABLE 3 (continued)

Total Return
Italy UIRPlong = 237% Hi-1 =148% Ret - Hi-I Ret - UIRP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 6.6% 0.48% -1.80% -5.95%
43.56% n.a. n.a.
1.00% 4.0% 5.76%* 4.3%% 1.90%
2.43% 7.20% 27.38%
2.00% 15% 5.46% 471% 3.78%
3.28% 5.93% 11.30%
Best 1.20% 3.2% 621% 510%  311% 362% 2.73%
1.70% 4.48% 16.10% 21.34% 25.17%
Japan UIRP long = -0.91% Hi-I =4.27% Ret - Hi-l Ret - UIRP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 7.2% 1.83% 0.35% -4.14%
23.81% 44.65% n.a.
1.00%% 4.1% 2.65% 1.75% -0.81%
15.35% 25.36% n.a.
2.00% 25% -0.67% -1.26% -2.85%
n.a. n.a. n.a.
Best 1.20% 35% 561% 482% 2.62% 0.55% 4.12%
1.56% 3.45% 17.26% 44.30% 12.96%
Netherlands UIRPIong = 121% Hi-l =1.3™% Ret — Hi-l Ret — UIRP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 6.9% -0.13% -1.27% -5.58%
n.a. n.a. n.a.
1.00%% 4.4% 2.85% 2.03% -0.70%
16.98% 25.15% n.a.
2.00% 1.6% 53% 501% 4.03%
3.52% 4.84% 9.84%
Best 2.10% 1.4% 6.77%* 6.40%* 5.51%* 5.04% 5.19%
1.18% 1.71% 3.90% 12.86% 11.04%
UK. UIRPIlong = 367/% Hi-l =417% Ret - Hi-l Ret - URP
Filter Transactions No Bid/Ask Obps 25 bps
0.50% 6.4% 3.33% 2.2% -1.68%
6.57% 15.40% n.a.
1.00%% 3.8% 2.15% 1.49%% -0.91%
16.39% 25.22% n.a.
2.00% 1.8% 1.45% 1.07% -0.04%
25.72% 31.63% n.a.
Best 0.60% 5.6% 4.10%* 3.16% -0.36% -1.01% -0.51%
2.90% 7.53% n.a. n.a n.a




TABLE 4

Returns For Selected Cross Rules

Full Sample
Total Return
Canada URPlong = 10% Hi-l  =376% Ret - Hi-l Ret - UIRP
MA(MnN)  Transactions No Bid/Ask 0bps 25 bps
15 15.6% 0.28% 240%  -12.11%
41.30% n.a. n.a.
(1,20) 4% 213% 116%  -190%
4.67% 19.05% n.a.
(1,40) 3.7% 0.19% -058%  -2.8%
43.92% n.a. n.a.
Best (1,15) 6.2% 291% 172%  -215% -2.03% 0.64%
1.10% 9.70% n.a. n.a 36.32%
Denmark UIRPlong = 250% Hi-l  =710% Ret - Hi-l Ret - UIRP
MA(m,n)  Transactions No Bid/Ask Obps 25 bps
15 15.7% 453% 110%  -867%
3.13% 33.36% n.a.
(1,20) 5.3% 6.01%* 47%  143%
0.69% 3.09%  30.19%
(1,40) 3.3% 514% 423%  217T%
1.79% 463%  21.16%
Best (2.24) 4.1% 7.68%* 663%"  4.06% -047% 413%
0.08% 0.39%  6.44% na 11.68%
France UIRPlong = 242% Hi-l =552 Ret - Hi-l Ret - UIRP
MA(m,n)  Transactions No Bid/Ask 0bps 25 bps
15 15.8% 1.01% 204%  -12.84%
36.55% n.a. n.a.
(1,20) 50% 7.26%° 501%  27%
0.73% 2.79%  20.25%
(1,40) 3.3% 3.37% 240% 0.32%
12.67% 21.54%  46.11%
Best (213) 6.2% 8.1206% 648% 2.62% 0.96% 4.06%
0.29% 1.67%  21.24% 58.89% 17.79%
Germany URPlong = 108% Hi-l  =219% Ret - Hi-l Ret - UIRP
MA(MnN)  Transactions No Bid/Ask 0bps 25 bps
15 16:8% 1.13% 167%  -12.13%
35.35% n.a. n.a.
(1,20) 5.6% 7.25%* 627% 2.78%
0.82% 2.15%  20.38%
(1,40) 3.2% 3.78% 317% 1.17%
10.64% 15.34%  36.29%
Best (1,24) 45% 7.91%* 7.09% 4.2% 491% 6.02%
0.51% 1.23%  10.41% 13.60% 8.64%




TABLE 4 (continued)

Total Return
Italy UIRPlong = 2.37% Hi-I =1.48% Ret - Hi-I Ret - UIRP
MA(m,n)  Transactions No Bid/Ask 0bps 25 bps
(15) 165% 0.27% -486%  -15.16%
46.39% n.a. n.a.
(1,20) 5.0% 9.27%* 760%*  452%
0.08% 0.67% 8.85%
(1,40) 3.3% 5.66% 454% 2.46%
2.74% 6.99% 22.83%
Best (2.21) 39% 10.64%* 937%°*  694% 7.90% 701%
0.02% 0.12% 1.79% 3.82% 4.88%
Japan UIRPIlong = -0.91% Hi-I =4.27% Ret - Hi-l Ret - UIRP
MA(MnN)  Transactions No Bid/Ask Obps 25 bps
15 15.1% 58%6 287%  -655%
1.23% 14.86% n.a.
(1,20) 5% 4.60%" 33%  -036%
3.70% 10.47% n.a.
(1,40 3.0% 7.14%% 6.48%* 4.63%
0.33% 0.81% 5.41%
Best (143) 2.6% 8.37%" 771%¢  615% 351% 7.08%
0.07% 0.18% 1.57% 17.84% 2.28%
Netherlands UIRPlong = 121% Hi-I =1.3"% Ret - Hi-l Ret - UIRP
MA(MnN)  Transactions No Bid/Ask 0bps 25 bps
@5 16.2% 0.94% -1.83% -11.93%
37.51% n.a. n.a.
(1,20) 5.6% 596% 492% 1.3%%
2.30% 5.46% 33.82%
(1,40) 30% 478% 4.16% 2.24%
5.51% 8.73% 24.84%
Best (2,23) 4.1% 8.60%" 7.85%* 52% 6.48% 6.64%
0.20% 0.50% 5.26% 6.35% 6.40%
U.K. UIRPIlong = 367/% Hi-l =417% Ret - Hi-l Ret - UIRP
MA(m,n)  Transactions No Bid/Ask Obps 25 bps
(1,5 16.2% 1.97% -0.50% -10.61%
18.74% n.a. n.a.
(1,20) 5.6% 396% 3.02% -047%
3.55% 8.92% n.a.
(1,40) 35% 3.12% 2.50% 0.27%
7.87% 13.40% 45.65%
Best (4,39) 25% 5.18%" 46%% 311% 052% 1.01%
0.87% 1.68% 9.26% 43.41% 37.09%
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TABLES
Features Of the Golden Cross, Hi-l, and UIRP Rules

Correlation Cross Correlation Cross

CrossRules Hi-l Strat
% of TimeLong % of Time Leg)rllg wiilull-ﬁ-l witELCIJ?RP
Canada 53.1% 70.7% 0.07 -0.02
Denmark 50.0% 62.6% 0.16 -0.01
France 50.8% 62.0% 0.06 0.01
Germany 51.2% 34.4% -0.06 0.03
Italy 51.8% 93.7% -0.06 -0.03
Japan 50.4% 15.9% -0.01 0.09
Netherlands 51.2% 35.9% -0.02 004
UK. 54.0% 91.7% 0.02 -0.02
TABLE 6
Sharpe Ratios For TheBest-Performing Rules
Full Sample
Filter MA 5 CrossRules

Canada 0.009 0.016

Denmark 0.023 0.027

France 0.029 0.031

Germany 0.020 0.034

Italy 0.018 0.044

Japan 0.018 0.030

Netherlands 0.027 0.040

UK. 0.015 0.012




TABLE 7

1% and 2" Subperiods

Returns For Selected MA 5Filter Rules

1% Half Return

2" Half Return

Canada UIRP long/Hi -1 2.21%/3.10% UIRPlong/Hi-l  -0.18%/4.28%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% 0.84% -0.01% -305% -3.96%
25.41% n.a. n.a. n.a.
1.00% -1.12% -1.56% 2.77% -3.34%
n.a. n.a. n.a. n.a.
2.00% -143% -1.68% -072% -0.95%
n.a. n.a. n.a. n.a.
Best 1% 21% 397%* 3.78%* 1.52% 1.33%
2" 1.2% 0.10% 0.17% 12.07% 15.35%
Denmark UIRP long/Hi -1 6.26%/5.42% UIRPlong/Hi-l  -1.25%/8.80%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% A73% 2.7% -271% -4.02%
2.64% 13.30% n.a. n.a.
1.00% 356% 2.08% 1.03% 0.18%
7.15% n.a. 33.53% 47.08%
200% 65207 5.68% 6.00%* 5.60%
0.38% 1.08% 0.63% 1.07%
Best 1% 1.2% 752%* 6.58%* 6.00%°* 5.69%
2" 4.4% 0.09% 0.37% 0.61% 1.04%
France UIRP long/Hi -1 7.0%/10.28% UIRPlong/Hi-l  -2.03%/0.91%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% 4.34% 2.68% -1.99% -368%
6.98% 18.83% n.a. n.a.
1.00% 4.20% 2.98% 3.39% 2.32%
7.74% 16.18% 12.57% 22.11%
2.00% 12.72%* 12.220%% 3.13% 2.50%
0.00% 0.00% 14.46% 19.43%
Best 1% 21% 12.72%* 12.22%* 4.7% 3.71%
29 21% 0.00% 0.00% 5.36% 11.16%
Germany UIRP long/Hi -1 5.34%/2.44% UIRPlong/Hi-l  -3.12%/1.73%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% 5.42% 4.13% -4.07% -5.32%
3.78% 9.22% n.a. n.a.
1.00% 6.90% 6.02% 0.90% 0.18%
1.05% 2.36% 38.13% 47.68%
2.00% 9.01%* 8.62%" -1.76% -2.15%
0.14% 0.24% n.a. n.a.
Best 1% 33% 11.61%* 11.27%* 2.88% 2.69%
2° 47% 0.01% 0.01% 16.64% 18.37%




TABLE 7 (continued)

1% Half Return

2" Half Return

Italy UIRP long/Hi I 8.32%/8.32% UIRPlong/Hi-l  -3.37%/-5.09%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% 364% 1.44% -2.16% -451%
10.84% 31.84% n.a. n.a.
100% 578% 414% 7.08%* 597%
2.38% 8.40% 0.77% 2.33%
2.00% 10.33%* 9.63%"* 2.28% 151%
0.02% 0.07% 22.06% 30.84%
Best 1% 21% 10.92%* 10.24%* 7.74%% 6.82%
2 1.2% 0.01% 0.03% 0.44% 1.23%
Japan UIRP long/Hi I 4.10%/2.85% UIRPlong/Hi-l  -5.78%/5.57%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% 3.05% 1.60% 0.15% -1.36%
11.72% 27.08% n.a. n.a.
1.00% 6.88%" 6.03% -2.13% -308%
0.40% 1.12% n.a. n.a.
2.00% 3.85% 331% -6.37% -7.00%
7.27% 10.82% n.a. n.a.
Best 1% 1.2% 9.83%* 9.11%* 1.39% 1.17%
2" 4.4% 0.01% 0.03% 29.67% 32.69%
Netherlands UIRP long/Hi -1 5.86%/0.60% UIRPlong/Hi-l  -3.30%/1.89%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% 4.84% 3.76% -3.96% -5.14%
5.14% 10.75% n.a. n.a.
1.00% 491% 4.02% 1.75% 1.00%
4.99% 9.22% 27.88% 37.04%
2.00% 9.48%* 9.10%* 2.37% 1.98%
0.07% 0.13% 21.38% 25.59%
Best 1% 21% 12.25%* 11.92%* 2.46% 207%
2" 21% 0.00% 0.00% 20.31% 24.42%
UK. UIRP long/Hi -1 4.38%)/4.65% UIRP long/Hi I 2.97%/3.70%
Filter No Bid/Ask 0 bps No Bid/Ask 0 bps
0.50% 5.86%* 472% 0.93% -001%
0.40% 1.78% 33.73% n.a.
1.00% 432% 357% 0.25% -0.32%
2.47% 5.46% 45.42% n.a.
2.00% 6.17%" 5.73%" -2.88% -319%
0.27% 0.53% n.a. n.a.
Best 1% 33% 8.35%" 8.10%* 291% 2.7%
2 4.7% 0.01% 0.01% 10.23% 11.28%




TABLE 8
Returns For Selected Cross Rules

1% and 2" Subperiods

1* Half Return

2" Half Return

Canada UIRP long/Hi -| 2.21%/3.10% UIRP long/Hi -| -0.18%/4.28%
MA(m,n) No Bid/Ask 0 bps No Bid/Ask 0 bps
(15 0.80% -2.09% -037% -2.83%
26.17% n.a. n.a. n.a.
(1,20) 350%° 257% 0.94% 0.03%
0.23% 2.62% 22.98% 49.20%
(1,40) 0.25% -054% 0.54% -0.20%
42.04% n.a. 33.40% n.a.
Best 1% (2,19) 4.00%° 302% 262% 1.54%
29 (1,15) 0.07% 1.01% 1.95% 12.30%
Denmark UIRP long/Hi -| 6.26%/5.42% UIRP long/Hi -| -1.25%/8.80%
MA(m,n) No Bid/Ask 0 bps No Bid/Ask 0 bps
(15 5.75%% 1.70% 3.35% 0.53%
0.92% 25.44% 8.47% 41.79%
(1,20) 853%* 7.03%* 34%% 2.40%
0.02% 0.27% 7.64% 17.14%
(1,40) 5.79%° 462% 502% 438%
0.89% 3.31% 2.02% 4.09%
Best 1% (4,19) 10.16%* 8.90%"* 7.8206" 7.29%*
2 (2,35) 0.00% 0.02% 0.06% 0.17%
France UIRPlong/Hi-  7.00%/10.28% UIRP long/Hi -| -2.03%/0.91%
MA(MN)  NoBid/Ask 0 bps No Bid/Ask 0 bps
(15 2.92% -0.86% -0.75% -4.86%
16.02% n.a. n.a. n.a.
(1,20) 1257%* 11.32%* 3.30% 1.86%
0.00% 0.01% 13.35% 27.33%
(1,40) 6.13% 513% 2.04% 1.15%
1.89% 4.62% 24.47% 35.34%
Best 1% (4,20) 1347%* 1255%* 5.84% 467%
2" (1,25) 0.00% 0.00% 2.43% 6.42%
Germany UIRP long/Hi -| 5.349%/2.44% UIRP long/Hi -| -3.12%/1.73%
MA(MN)  NoBid/Ask 0 bps No Bid/Ask 0 bps
15 3.75% 1.14% -1.08% -4.05%
10.58% 35.66% n.a. n.a.
(1,20) 13.04%? 12219%* 2.88% 1.76%
0.00% 0.00% 16.98% 28.51%
(1,40) 6.53% 5.95% 2.54% 1.93%
1.57% 2.76% 20.10% 26.68%
Best 1% (3,19) 14.02%* 1335%* 5.04% 4.48%
2" (1,37) 0.00% 0.00% 4.74% 7.34%
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TABLE 8 (continued)

1% Half Return

2" Half Return

Italy UIRP long/Hi -| 8.329/8.32% UIRP long/Hi -1 -3.37%/-5.09%
MA(m,n) No Bid/Ask 0 bps No Bid/Ask 0 bps
(15 3.12% -1.55% -2.08% -7.62%
14.38% n.a. n.a. n.a.
(1,20) 13.26%" 11.78%" 6.72% 495%
0.00% 0.01% 1.11% 5.47%
(1,40) 750%* 6.31% 3.86% 2.82%
0.55% 2.01% 9.52% 17.98%
Best 1% (4,19) 15.42%* 14.21%" 9.02%* 7.75%*
29 (2.21) 0.00% 0.00% 0.12% 0.62%
Japan UIRP long/Hi -| 4.10%/2.85% UIRP long/Hi -1 -5.78%/5.57%
MA(m,n) No Bid/Ask 0 bps No Bid/Ask 0 bps
15 6.86%? 384% 448% 1.46%
0.44% 8.14% 4.35% 29.80%
(1,20) 7.08%* 5.72% 1.19% -0.01%
0.30% 1.53% 32.20% n.a.
(1,40) 9.82%* 9.17%? 3.60% 2.92%
0.01% 0.03% 8.60% 13.98%
Best 1% (1,43) 10.85% 10.29%° 6.51% 6.03%
2" (344) 0.00% 0.01% 0.64% 1.18%
Netherlands UIRP long/Hi -| 5.86%/0.60% UIRP long/Hi -| -3.30%/1.89%
MA(m,n) No Bid/Ask 0 bps No Bid/Ask 0 bps
(15) 557% 2.92% -3.0%% -5.97%
3.01% 17.20% n.a. n.a.
(1,20) 12.68%" 11.86% 1.64% 0.43%
0.00% 0.01% 29.16% 44.45%
(1,40) 8.08%? 7.49%* 3.24% 2.68%
0.35% 0.73% 13.97% 19.07%
Best 1% (2.21) 15.32%* 14.64%° 6.06% 527%
2" (1,25) 0.00% 0.00% 2.14% 4.29%
UK. UIRP long/Hi -| 4.38%/4.65% UIRP long/Hi -| 2.97%/3.70%
MA(m,n) No Bid/Ask 0 bps No Bid/Ask 0 bps
15 153% -1.17% 2.42% 0.17%
24.53% n.a. 13.78% 47.08%
(1,20) 6.80%* 5.90%* 1.17% 0.28%
0.08% 0.43% 29.71% 45.09%
(1,40) 6.56%* 591%* 0.18% -042%
0.15% 0.44% 46.78% n.a.
Best 1% (4,24) 10.35%* 9.65% 367% 3.05%
29 (2.27) 0.00% 0.00% 4.80% 8.74%
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TABLE 9
Summary of Returns For UIRP, Hi-I and the Best-Performing
Crossand Filter Rules
Overall, 1%, and 2" Subperiods

High Interest Rate

Long UIRP Ret Filter RulesBest CrossRulesBest

Strategy

Canada 1.09% 3.76% 0.99% 172%*
1% Half 221% 310% 378%° 3.02%°*
2" Half -0.18% 4.28% 1.33% 154%

Denmark 250% 7.10% 5.49% 6.63%"
1% Half 6.26% 5.42% 6.58%"* 8.90%*
ond Ly alf -1.25% 8.80% 569% 7.20%*
France 242% 5.52% 6.85% 6.48%*
1% Half 7.00% 10.28% 12.20%* 12.55%*
2" Half -2.03% 0.91% 3.71% 467%

Germany 1.08% 2.19% 493% 7.09%

1% Half 5.34% 2.44% 11.27%* 13.35%*
2" Half -3.12% 1.73% 2.69% 4.48%

Italy 237% 1.48% 510% 9.37%*
1% Half 8.32% 8.32% 10.24%* 14.1%*
ond Ly alf 3.37% -5.09% 6.82% 7.75%*
Japan 0.70% 427% 482% 7.77%*
1% Half 410% 2.85% 9.11%* 10.29%*
ond pyalf 5.78% 557% 117% 6.03%

Netherlands 1.21% 1.37% 6.40% 7.85%*
1% Half 5.86% 0.60% 11.92%"° 14.64%"
o™ Half -3.30% 1.89% 207% 527%

UK. 367% 417% 3.16% 469%

1% Half 438% 465% 8.10%° 9.65%*
2™ Half 297% 370% 2.7% 305%

AVERAGES

Full Sample 1.91% 3.73% 4.72% 6.45%

1st Half 5.43% 4.71% 9.15% 10.83%
2nd Half -2.01% 2.72% 3.28% 5.01%




(Filter revised annudly; 2-year ralling window)

TABLE 10
Out-Of-Sample Performance Of the Trading Rules

Simple MA(5)
Filter Filter Cross
All 1st Half 2nd Half All 1st Half 2nd Half All 1st Half 2nd Half
Canada 0.72% 0.33% 0.95% -0.88% 1.99% -3.14% -2.80% -2.44% -3.09%
28.87% 39.88% 23.04% n.a. 5.93% n.a. n.a. n.a. n.a.
Denmark 430% 1.68% 6.44%" -1.55% 3.64% -5.68% 478% 6.16%* 3.70%
3.98% 24.68% | 0.44% n.a. 7.16% n.a. 2.77% 0.68% 6.88%
France -1.18% 4.11% -4.45% 0.52% 3.73% -1.46% 2.0% 10.129%% -2.85%
n.a. 8.57% n.a. 43.17%  10.70% n.a. 24.62% | 0.05% n.a.
Germany 508% 7.00% 3.90% 0.37% 267% -1.04% 253% 9.94%* -2.04%
4.56% 1.00% 9.75% 45.14%  19.04% n.a. 21.16% | 0.08% n.a.
Italy 0.53% -0.63% 1.25% 1.87% 10.06% -317% 6.06% 11.09%* 297%
42.95% n.a. 33.85% | 26.65%  0.04% n.a. 2.50% 0.02% 16.86%
Japan -4.81% 3.02% -10.93% -2.90% 0.58% -5.69% 244% 6.23%* -05%%
n.a. 13.80% n.a. n.a. 41.38% n.a. 18.07% 0.99% n.a.
Netherlands -2.36% -1.73% -2.715% -0.56% 2.60% -251% 2.37% 13.24%* -4.33%
n.a. n.a. n.a. n.a. 19.49% n.a. 21.87% 0.00% n.a.
UK. 0.60% 240% -0.82% 0.18% 0.46% -0.05% 1.32% 5.98%% -2.32%
39.60%  14.39% n.a. 46.76%  41.70% n.a. 27.42% 0.34% n.a.
Average 0.36% 2.02% -0.80% | -0.37% 3.22% -2.84% 2.35% 7.54% -1.07%




NOTESFOR THE TABLES

Notes For Table 1:

Table 1-A reports relevant datistical properties for the 8 currencies in the study. The average
returns and standard deviation are daly annudized %. The maximum and minimum one-day
returns are not annualized. We aso report skewness, kurtosis and the number of observations
(NOBS) for each currency.

We report the vaue of the Jarque-Bera normdity test aong with its criticd vdue. We dso
report the Box-Pierce p-vdues for the firg 5, 10, and 25 autocorrelaions. The symbol
“2* denotes p-values of 1% or less, and “™” denotes p-val ues between 5% and 1%.

Table 1B reports contemporaneous daily cross-correlaions for the currencies. We do not
report statistical significance.

Notes For Table2:

The table shows the average and maximum bid/ask spreads for the FX rate and the interest
rates for each currency over the whole sample. In order to determine if there are substantial
changes in the bid/ask spreads over the sample, we aso report the average vaues for the firgt
and last quarter of the sample.

Notes For Tables 3 and 4:

Table 3 shows returns and other relevant properties of selected filter rules. We show details for
rules that use a 5-day moving average of the FX rate (MA5), and filter = 0.5%, 1%, and 2%,
aswell asthe best-performing rule in thefilter interva of 0.5% to 5% in increments of 0.1%.

Table 4 shows returns and other relevant properties of selected cross rules. We show details
for MA(short, long) where short = 1 day (the FX rateitself) and long = 5, 20, and 40 days, as
well asthe best performing rulein theinterva short = 1, 4, and long = 2, 50, both in increments
of 1 day.

The firg row for each country shows the dways-long return, labeled UIRP long, and the return
to being long in the high interest rate currency compared to the US$ and short in the other, in a
pairwise comparison, (labeled Hi-1).

The columns from left to right show the size of the rule (labded “filter” or “MA(m,n)"), the
proportion of the days the rule trades (labeled “transactions’), the returns to eech filter excluding
the bids-ask spreads (labeled “no bid/ask”), the returns to each filter including the bid/ask
goreads (labeled “0 bps’), and the returns to each filter with ¢ = 25 bps in addition to the
bid/ask spreads (labeled “25 bps’).

There are 2 rows for each rule. The 1% row shows the return while the 2" row shows its p-
vdue. The p-vaues are the probability that the return is greater than zero, and they are
cdculated from Monte-Carlo smulaions with 10,000 replications, to avoid making
digtributional assumptions about the returns.  We report p-vaues only for rules tha have
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positive returns.  The symbol “*denotes pvaues of 1% or less, and
between 5% and 1%.

denotes p-vaues

There are two additiond columns. “Ret — Hi-1" shows the difference between the filter and the
Hi-1 return, and “Ret — UIRP” shows the difference between the filter and postive UIRP return.
We show these cdculations only for the best- performing filter to reduce number congestion in
the table.

Notes For Table5:

The four columns of the table from left to right show the % of time the cross rule is long in the
foreign currency (cross rules % of time long), the % of time the Hi-I strategy is long in the
foreign currency (“Hi-1 Strategy % Of Time Long”), the daily contemporaneous correlation of
the cross rule and Hi-l returns (“Corrdation of Cross Rule with Hi-1"), and the dally
contemporaneous correlation of the cross rule and UIRP returns (“Corrdation of Cross Rule
with UIRP’). The andogous results for the filter rules are very smilar; we do not report them to
conserve space.

Notes For Table®6:
The table shows Sharpe ratios for the best-performing rule over the full sample. The Sharpe
ratio is caculated as the ratio of the average daily return divided by the daily standard deviation.

Notes For Tables 7 and 8:
Table 7 shows returns for the filter rulesin Table 3 for the 1% and 2™ halves of the sample, while
Table 8 shows returns for the cross rulesin Table 4 for the 1% and 2™ halves of the sample.

For each country, the first row shows the dways-long return labeled UIRP long, and the return
to being long in the high interest rate currency compared to the USS$ (Iabeled Hi-1), respectively.

The two returns are separated by a “/” for each subsample. The vaues are shown for both
haves of the sample.

The columns from |eft to right show the Size of the filter (labeled “filter”), the returns to each filter
excluding the bids-ask spreads (labeed “no bid/ask”), and the returns to each filter including the
bid/ask spreads (labeled O bps). We do not report returns with additional transactions costs to
conserve space.

There are 2 rows for each filter. The 1% row shows the return while the 2" row shows its p-
vdue. The p-vaues are the probability that the return is greater than zero, and they are
cdculated from Monte-Carlo smulaions with 10,000 replications, to avoid making
digtributiona assumptions about the returns. We report p-vaue only for rulesthat have postive
returns. The symbol “¢* denotes p-vaues of 1% or less, and “™ denotes p-va ues between 5%
and 1%.



The rows labeled “best” show the return of the best-performing filter or crossrule over the two
halves of the sample, using the same search ranges discussed in Tables3 and 4. The “1%” and
“2""  designation refers to the best-performing strategy for the 1% and 2™ subsamples

respectively.

Notes For Table 9:

The table shows a summary of the overal returns and the 1% and 2™ subperiod returns from left
to right: Always being long (“Long UIRP Ret”), the Hi-I strategy, the best-performing filter rule
in each subperiod, and the best-performing cross rule in each subperiod. We do not report p-
values but we do designate p-vaues of 1% or lesswith “*”, and p-values between 1% and 5 %
with “”. The p-vaues are based on Monte-Carlo smulations, as e sawhere in the paper.

Notes For Table 10:

The table shows returns for ex-ante filter and cross rules for the full period as well as the two
subperiods. We report returns for the standard filter rule discussed in the literature, for our
MAJS5 modification of it, and for cross rules. Data from years t-2 to t are used to identify the
best in-sample rule. Then the rule is gpplied to the following year. The procedure is repested
for the whole sample. The symbol “** denotes p-vaues of 1% or less, and “™” denotes p-vaues
between 5% and 1%.

The p-vaue cdculations are based on the standard deviation of the best-performing filter.
Monte-Carlo smulations for 10,000 replications for the ex-ante filters are extremdy time-
consuming (well over a week for each case). We performed some exploratory Monte-Carlo
smulaions to test our assumption that the best- performing rule stlandard errors were applicable.
We found that the “correct” standard errors were dightly higher than the best-performing filter
ones, this means we dightly overdate the significance of the returnsin the table.
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