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1 Introduction

Despite the numerous studies reporting the pervasive use of technical trading rules and their
profitability,! there is still a considerable amount of scepticism in the academic literature
regarding their true value. Critics of chartist rules often point to the seemingly suboptimal
nature of the portfolio composition implied by these rules (e.g. Skouras, 2001). After all,
investment strategies based on technical trading rules (i) restrict the information set to a
narrow group of pre-defined information variables, (ii) assume a positive relation of the signal
with future expected excess returns?, and (iii) imply a bang-bang type of investment strategy,
i.e. a strategy where all wealth is invested either short or long. Each of these assumptions
goes against the standard rational investor paradigm. The first two assumptions possibly go
against the rationality of expectations formation, while the third is in general at odds with
the assumption of risk aversion.

In this paper, we assess the value of technical trading rules for rational risk averse investors.
The main motivation being that even if technical trading rules turn out to be suboptimal
rules, the observed practice of using these rules could still be near rational for a large class
of risk averse agents. More specifically, if the cost (as measured, for instance, by certainty
equivalents) for risk averse agents of using technical trading rules is low, one may argue that
following these (irrational) rules of thumb may come close to the optimal trading strategy
and could, therefore, be rationalized in terms of information cost type of arguments.

The opportunity cost associated with the use of technical trading rules for risk averse
agents can be decomposed in two components: the first component relates to the potential
error in the assumed relation between the chartist signal and the expected future return (ex-
pectational error); the second component originates from the suboptimality of the investment
strategy (allocation error). We present a simple method to compute each of these components.
The method involves the introduction of a hypothetical risk neutral agent. Risk neutral lig-
uidity constrained agents have in common with technical traders that investment strategies
will be typically bang-bang solutions, i.e. either invest all wealth in the long or in the short
side. In fact, as argued by Skouras (2001), as long as the chartist signal is one-to-one with
the expected future excess return, chartist trading strategies are equivalent to those of a ra-
tional risk neutral liquidity constrained agent. In this case, chartist rules are, therefore, also
rational. Differences in the trading positions of a risk neutral and a technical trader isolate,
therefore, the costs associated with expectational errors in the relation between the technical
trading signal and the expected return. The second cost component -associated with the
misallocation of wealth- can be recovered by contrasting the portfolio positions of risk averse
and risk neutral agents. Since both agents have identical expectations, the difference in their
trading positions can be linked to the costs of risk averse agents investing according to bang-
bang investment strategies. Combining these cost components results in a total opportunity

'See, among others, Gencay (1999); LeBaron (1992, 1999, 2000); Neely et al (1997); and Taylor (1980).
*We assume here a standardized rule where a positive (negative) technical trading signal corresponds to a
long (short) investment position.



cost for a rational risk averse agent of using technical trading rules. We use this technique
to identify possible classes of risk averse agents for which these opportunity costs are limited.
In this case, one could perhaps rationalize the use of trading rules in terms of near-rational
behavior.

Computing the costs of chartist trading rules implies both the identification of technical
trading signals and the design of a statistical model to relate the conditional moments of the
excess returns to the technical trading signal. In this paper, we restrict the analysis to the
class of moving average signals, or rules. We select this class as it constitutes the most widely
used class of technical trading rules in the foreign exchange market. These rules have also
been shown to be robust in their profit generating capacities. We also opt for a relatively
simple model relating return moments to the trading signal. While more advanced techniques
such as the nonparametric regression technique of Brandt (1999), or nonlinear models such as
neural nets (Gengay, 1999) or Markov switching models (e.g. Dewachter, 2001) could be used,
we try to strike a balance between generality and computational costs. We, therefore, use a
regression approach to estimate possible time-varying parameters of a Taylor expansion of the
relation between return moments and trading signals. This approach is sufficiently flexible
to allow for nonlinearities in the signal-return moment relation while at the same time it is
computationally tractable so as to allow for continuous updating of the parameters.

The remainder of the paper is organized in three main sections. In section 2, we discuss
the proposed decomposition of the costs associated with the use of technical trading rules.
The empirical results are presented in section 3. In this section, we first analyze the statistical
models relating trading signals to return moments. We do find evidence of a nonlinear relation
both for the expected return and for the conditional variance. Using these models to construct
the optimal portfolio rule for classes of risk averse agents, we subsequently analyze the value
of technical trading signals and the costs associated with following technical trading rule
strategies. We summarize the main findings of the paper in the concluding section.

2 The opportunity cost of technical trading rules

Technical trading rules are typically rules of thumb that relate a certain information variable,
the technical trading signal, to a trading position. Denoting the time ¢ technical trading signal
by z:, the technical trading rule specifies a mapping from the signal z; to an advised trading
position weg (z¢) . A typical feature is the discontinuity in the mapping wop(2:). We assume
that the trading signal has been standardized such that the trading rule, i.e. the mapping
from the signal to the trading position, can be described by:

bif zz >0
wen (zt) = 0if zz=0 (1)

—bif zz <0



where b > 0 denotes the liquidity constraint faced by the chartist trader.?

Obviously, the optimal portfolio composition in general differs from the one implied by
the technical trading rule strategy. As noted by Skouras (2001), utility-based optimal trading
rules typically depend on various factors, including the risk aversion and rational expectations
about the conditional return distribution. For a rational, liquidity constrained, risk averse
agent, the optimal trading strategy can be written as the solution to the following standard
portfolio allocation problem:

max,, By [U(Wiy1)]

s.t. 2)
AWt_H = Wt(l + rf + th+1)

w € [—b, b

where r¢ denotes the risk-free interest rate, and X; the speculative return above the riskless
rate obtained from investing in the risky asset. Note, moreover, that we implicitly assume that
the expectations are adapted to the information set used to construct the technical trading
signal z. Formally, we assume that E;[X;+1] = F [X¢4+1 | 2¢). By assuming a second order
Taylor expansion, we recast the above problem into a standard mean variance problem with
optimal portfolio allocation:

ipa = o] ®)

YVary(Xit1)

where v denotes the investor’s level of relative risk aversion. Since typical technical trading
rules simply specify positions (long or short), only under very restrictive circumstances will
these technical trading rules emerge as optimal trading rules. This is only possible, as men-
tioned by Skouras (2001), in the case of risk neutrality combined with liquidity constraints.
In this case, the typical optimal portfolio is a bang-bang solution and the investment position
is determined based only on the sign of the expected return. More formally, for a risk neutral
investor (y = 0), the optimal trading rule is given by:

bif By [X1] >0
—b if By [Xy41] <0

A small remark to be made to the above mentioned Skouras (2001) result is, however, that even
this bang-bang solution under risk neutrality only collapses to the standard technical trading
rule if the relation between the expected return and the chartist signal is one-to-one. Making
this additional assumption we have that the optimal risk neutral trading rule under liquidity
constraints collapses to the chartist rule. More formally, only if the equivalences below hold

3 Although not considered here, trading rules can also include bands of inaction.



will the optimal rule be equivalent to the standard chartist trading rule (why = wcn) as
presented in eq. (1):
Et[Xt+1] >0& 2 >0,

E; [Xt+1] =0& 2z =0, and (5)

Et[Xt+1] <0& z <.

Technical trading rules are, therefore, not necessarily irrational trading strategies. To the
extent that the information variable z; corresponds one-to-one with the rationally expected
direction of the return, the strategy is optimal for risk neutral agents. Moreover, given the
continuity of the portfolio positions in -, technical trading strategies could also function as
near-rational trading rules for a specific subclass of risk averse agents, i.e. for +'s close to
zero. If the level of relative risk aversion is relatively high, so that optimal allocation differs
substantially from the risk neutral case, or if the chartist trading signal is not one-to-one
with rational expected returns, could the opportunity cost of following a technical trading, A,
become prohibitively high. This cost can be quantified as the following certainty equivalent:

1
A(2) = Wha —wom) By X = 7] = 57 (Wi — wb) Var (Xe). (6)

The expected cost of following the chartist trading rule wo g instead of the optimal strategy
can be decomposed in two separate effects. A first effect is due to the possible error in
expectations made by chartist beliefs. A second effect relates to the suboptmality of the
actual portfolio position. In order to separate these effects, we make use of the optimal

trading strategy of the risk neutral agent, wpy.*
A(z) = Apxp (2) +Aarr (2)
Apxp(2) = (Wry —wen) Bt [Xip1 — 1] (7)

Aarr (2) = (Wha — wrN) By [Xes1 — rp] — 37 (Wi — wiy) Vary (Xega) .

By construction, both cost components are nonnegative and have a clear interpretation in
terms of percentage certainty equivalents. The first term, Agxp(z), models the loss due to
the possible differences between the technical and rational expectations. To the extent that
the chartists beliefs are inconsistent with the rationally expected sign of the future returns,
following chartist trading rules results in a loss in expected terms. Also, if chartist beliefs with
respect to the direction are consistent with rational expectation forecasts of future returns, i.e.
the equivalence between z and E[X]| holds, this expectations term drops out as risk neutral
and chartist trading strategies become the same, wory = wry. The second cost component,
Aarr(z), originates from the possible suboptimality of wealth allocation of the technical
trading rule. Since technical trading rules advice a bang-bang wealth allocation, i.e. either

*Adding and subtracting wrxy in the first term on the right-hand side and noting that independent of z,
whn = wiy almost surely, we obtain the proposed decomposition.



full long or short position -depending on the sign of z—, technical trading rules neglect the
riskiness of the trading position. Risk averse agents obviously take this into account in their
trading strategies. The cost to a rational risk averse agent of following the technical trading
rule can thus be computed in terms of the differences in the certainty equivalents. This
cost, as stated above, can be decomposed into a cost due to the irrationality in expectation
formation of the technical trading rule and due to the suboptimality of the wealth allocation.
Finally, averaging over the frequency of occurrence of each trading signal, one obtains the
unconditional certainty equivalence costs as well as its decomposition.

3 Empirical analysis
3.1 Data and technical trading rules

The empirical analysis is performed for a set of technical trading rules applied to the exchange
rates of four currencies against the U.S. dollar: the German mark, the British pound, the
Japanese yen, and the Swiss franc. Exchange rates are expressed in the standard way as the
price in the domestic currency of one U.S. dollar, considered here as the foreign currency. We
use daily data for the above spot exchange rates obtained from Datastream for the period
January 1, 1973 to March 25, 2003, yielding a total of 7886 exchange rate returns.

The type of a trading rule depends on the way the trading signal is computed. In this
paper, we restrict the empirical analysis to the class of moving average trading rules. This is
one of the most used types of trading rules since the early seventies and has shown to generate
excess profits through time in the foreign exchange market. Furthermore, it is the one that
seems to be robust also in out-of-sample analysis (see, for instance, Neely et al., 1997). Due
to its widespread use, this choice also aims at reducing possible selection bias with respect
to the chosen class of trading rules. The technical trading signal z; for this class of rules
is constructed as the difference between a short and a long moving average window of past

exchange rate returns:

1 L—1
Zt = g ZO Aet_j — E ZO Aet_j, (8)
J= J=

where e; denotes the natural logarithm of the exchange rate at time t, and S(L) denotes
the size or number of observations of the short (long) window of the moving average signal.
Aei_j = ey — e;—1 expresses the exchange rate return at time ¢. The investment position at
each point in time is then determined based on the sign of z;, as expressed in eq. (1). We
consider three types of trading signals (or rules) depending on the number of days incorporated
in the short (S) and long (L) window of the moving average rule. The following trading rules
are used. Rule 1: § = 10, L = 50; Rule 2: S = 20, L = 100; and Rule 3: S = 40, L = 200.
Due to the backward-looking nature of the moving average signal, the effective number of
data points in the sample of each trading rule depends on the size of the long window used
to compute the trading signal.

Finally, in the computation of the return from investing in the exchange rate market, we



disregard the interest rate differential between the countries.” Besides the fact that these
data are not readily available, LeBaron (1999) shows that the exclusion of the interest rate
differential is unimportant for trading rule results. We also adopt an arbitrary value for the
risk free interest rate equal to zero.

Table 1 presents the standard result found in the literature that investing according to
technical trading rules generate significant mean excess returns. In our case, in all but one
case mean excess returns are statistically significant at the 10% level, and in eight out of the
twelve cases at the 5% level. Note, however, that the trading rule profits are not homogeneous
across positive and negative signals. Typically, trading rules are profitable in one of the two
investment positions. For the British pound-U.S. dollar, and for the three rules considered,
only a positive signal results in significant excess returns. For the other three exchange rates,
the opposite occurs, with one exception where neither signals generate significant excess
returns.

Insert Table 1

3.2 Least squares prediction models

Central in the above analysis is the projection of expected future return moments on the
technical trading signal z;. Naturally, the type of model used to project these moments on
the set of chartist signals influences the results regarding the costs of using chartist strategies.
In this paper, we try to strike a balance between the generality in the class of functions used
to project moments and the computational cost of continuously updating these projections

6

to take into account the “real-time” flow of information.® We, therefore, approximate the

mapping between the first two return moments defined as:

my (2) = Ey[Xiyp1 — 1yl
(9)
v (2) = Vard Xiy1)
and the information set, or trading signal, at time ¢ in terms of a Taylor expansion around
the mean of z;. We, furthermore, assume that agents follow the Least Squares (LS) learning
principles, i.e. use Ordinary Least Squares (OLS) techniques to estimate and update the
forecasting model according to the information set. In practical terms, we use an expanding
window regression framework to estimate the parameters of a Taylor expansion:
my(z) = Z'P,
(10)
v (2) = Z'64

>The speculative return X;y1 = Aeip1 + r} — rf, where r} represents the risk-free return in the foreign
country, can then be simplified to Xerr1 = Aesy1.

SNote that the most general technique available to optimize the trading position is the one proposed
by Brandt (1999). He combines a nonparametric technique with the first order condition for the optimal
portfolio composition in order to derive a mapping between the portfolio and the information variable. This
approach could be used here as well. Nevertheless, this technique requires a significant computational effort
in the continuous updating of the information set. In a previous version of this paper, we have analyzed the
optimality of technical trading rules based on the Brandt technique (see Dewachter and Lyrio, 2002). The
portfolio allocation obtained there corresponds closely to the ones reported in this paper.



where Z € RPH1DX1 denotes the vector containing the independent variables: 1, z, 22

y .., 2P
The parameter vectors 3, and 0; are obtained from regressing observed excess returns on the
sample of observed signals. We select the optimal order of the Taylor approximation based
on the Akaike Information Criterion (AIC). More specifically, we restrict the maximum order
of the expansion to 6 and retain the one that minimizes the AIC. The orders of the Taylor
approximations are allowed to differ across the mean and variance equations. For the mean
a third order expansion is selected most of the time while for the variance it varies from 2 to
6 across the different exchange rates.

In order to save on space, the regression results are not presented here.” The main results
are, however, shown in the top panels of Figures 1 to 3 which present the expected mean and
variance of excess returns conditioned on the chartist signal z for the trading rules 1 to 3,
respectively. Two types of estimations are presented. The full line represents the estimation
results from our model and the dashed line from a nonparametric approach®. The histogram
of the trading signal is shown in the background. Three comments are to be made with respect
to these results. First, in general, we find that the main patterns of our selected models are
corroborated by the nonparametric regression technique. This indicates that the orders of

the Taylor approximations chosen for each of the regresions in (10) seem appropriate.
Insert Figures 1 to 3

Second, for a certain range of the trading signal around zero, the regression results are
in line with the practice of technical traders, i.e. we observe a one-to-one relation between
the trading signal and the expected future excess return (top-left panel). One also observes,
however, that this relation is both non-linear and non-monotonic. In fact, for more extreme
signals, both in size and in frequency of occurrence, this relation becomes inverted giving rise
to a contrarian strategy. This can be observed both in the parametric and nonparametric
regression results.

Finally, we find that the trading signal contains relevant information concerning future
volatility. A feature that, to the best of our knowledge has not been reported in the literature.
In line with the standard generalized autoregressive conditional heteroskedasticity (GARCH)
literature, we see that the trading signals are correlated with future volatility, implying some
predictability of z with respect to v4. Also in line with the GARCH literature, we observe a
generally symmetric relation between the trading signal and the variance.

In summary, the chartist signal contains significant information with respect to the future
evolution of the exchange rate. Nevertheless, the information in the signal does not fully
conform with the widely held beliefs of technical traders. Most importantly, the relation
between the trading signal and the rationally expected future returns is non-linear and non-

monotonic.

TAll the results are, howeve, available upon request.
8For more details, see Dewachter and Lyrio (2002).



3.3 Empirical evaluation of costs of technical trading rules

In this section we assess the value of the above mentioned technical trading rules for rational
risk averse investors. We consider different types of investors according to their level of relative
risk aversion (7). We use as benchmarks four levels of risk aversion (y = 1,5, 10, 20), ranging
from a relatively aggressive investor to a very risk averse agent. In this way we cover the range
of values commonly found in both the macroeconomic and finance literature regarding the
empirically observed levels of risk aversion. As mentioned before, we assume that a second
order Taylor expansion of the investor’s utility function is sufficient to approximate the true
utility function. This allows us to express the value of trading rules in terms of certainty
equivalents. Finally, we also introduce symmetric liquidity constraints by stipulating that
an agent can only invest his own wealth. The agent is, therefore, not allowed to borrow for
speculative purposes. Formally this implies that b =1 in eq. (1).

We assess the value of the technical trading rules from two perspectives. First, we per-
form an in-sample evaluation of the expected certainty equivalent of each of the technical
trading rules. Second, based on an out-of-sample analysis, we compute the effective certainty
equivalent of an agent using a technical trading signal. In both cases, we decompose the
opportunity cost for an agent who deviates from the fully rational investment strategy in
favor of the technical trading rule strategy. This decomposition identifies a cost related to
irrationality, or expectational cost, and another related to the misallocation of wealth.

3.3.1 In-sample analysis

The in-sample analysis is based on the full sample regression results of eq. (10), which models
the first two exchange rate return moments. We implicitly assume stationarity of the exchange
rate changes and hence stationarity of the distribution of the trading signal z. Integrating out
the trading signal z, we obtain the unconditional certainty equivalent of a risk averse investor
(ceqra) for each of the technical trading rules or investment strategies:

1 X

T2

t=1

Wia () mr (21) — 2wis (20) or () (11)

ce =
qRA D)

We also compute the opportunity cost components of following a technical trading rule, i.e.
the expectational and allocational costs (Agxp and Aapr):

A=Apxp+AaLL

T
Agpxp = T Z wiy (2t) —wem (2t))mr (2) — %’YW}%QA (2¢) vr (2t) (12)
t=1

—_

M=

Marp =7 ) _(Wia (1) = why (20)mr (20) = 37(Wia (21) = wha (20))vr (21)

t=1



The optimal portfolio strategy is derived using the final regression results, G and 67, and is
given by the standard mean-variance optimal portfolio, conditioned on the signal z:

mr (2) _ Zipp
yor (z)  vZidr’

wha (2t) = (13)
The four bottom panels of Figures 1 to 3 depict the optimal portfolio composition in function
of the observed trading signal z. The dashed line shows the unrestricted optimal portfolio,
while the full line shows the liquidity constrained optimal portfolio. The histogram of the
chartist trading signal is shown in the background. Note that the optimal portfolio deviates
significantly from the chartist rule, or bang-bang strategy, adopted by technical traders. For
weak absolute trading signals, the optimal portfolio is typically less agressive than the chartist
solution (eq.1). These are denoted allocation differences or errors. The optimal rule is also
clearly non-linearly related to the trading signal. While for weak signals there seems to be a
trend following strategy, i.e. go long when z > 0 and go short when z < 0, for strong positive
or negative signals the optimal trading strategy tends to become contrarian, i.e. go short if
z >> 0 and long if z << 0.

Tables 2 to 4 present the estimated certainty equivalent of the optimal trading strategy
and the cost decomposition (A = Agxp + Aarr) associated with the use of the technical
trading rules 1 to 3, respectively. We can derive a number of observation from these results.
First, the chartist signal is, in general, valuable to a rational risk averse agent (see positive
ceqra). Overall, certainty equivalents are in between 0.2% and 6.5% per year, being higher
for more agressive investors. Therefore, specially for agents with relatively low levels of risk
aversion, technical trading signals contain, ex post, some value. Nevertheless, this does not
imply that rational risk averse agents should turn to technical trading strategies. Although
technical trading strategies generate positive certainty equivalents, the cost of replacing op-
timal investment strategies by technical trading strategies (A) is still surprisingly high. This
cost ranges from 12% for extreme risk aversion investors to 0.6% for the very agressive ones.

Insert Tables 2 to 4

Second, one observes that for low levels of risk aversion (7 = 1, 5), expectational costs con-
stitute the main component of the total opportunity cost of using a certain technical trading
rule. For high levels of risk aversion, allocational inefficiencies dominate this opportunity cost,
becoming prohibitively large. Figure 4 illustrates this cost decomposition for the DEM/USA
exchange rate applying Rule 1 (the values are taken from the last three lines of the top panel
in Table 2). Agressive investors (low ) using chartist rules are then mainly concerned about
possible expectational errors, or errors in their judgement regarding the sign of the expected
exchange rate return. Most part of the opportunity cost for conservative investors (high +)
making use of technical rules derive from the allocation of wealth in a non-optimized way,
i.e. using a bang-bang strategy. Overall, expectational costs range from 0.6% to 2% per year.
As these numbers constitute a lower bound to the total opportunity cost of using technical
rules, one might already conclude that these costs are, in fact, substantial. Even if the above

10



costs were considered as reasonable, the allocation costs tend to increase significantly with
the increase in the level of risk aversion.

In summary, although chartist signals contain relevant and valuable information to ra-
tional risk averse investors, technical trading rules are not an efficient or near-efficient way
to incorporate this information. Technical trading rules fail to map accurately signals into
trading positions both due to irrational expectations and allocational inefficiencies.

Insert Figure 4

3.3.2 Out-of-sample analysis

In-sample measures of certainty equivalents only represent an accurate value of a specific
trading rule if the parameter estimates of the models for the expected return and variance
of the excess exchange rate return (eq. (10)) do not vary through time. We verify, however,
that these estimates are, in fact, significantly different depending on the size of the sample
used.? In this section, therefore, we analyze the investment of a rational risk averse agent in
real time and compute two types of measures for the certainty equivalent. One is based on
the agent’s expectations regarding the exchange rate mean and variance. The other is based
on the sample realizations of the mean and variance.

The first variant of the out-of-sample test allows us to analyze to what extent the agent
would have expected to have a profitable trading strategy (in terms of certainty equivalents)
in real time. We adapt the agent’s expectations to the real time information set by computing
expanding window regressions up to time ¢ and constructing based on the models presented
in eq. (10) the expected return and variance of excess exchange rate returns. In other words,
the certainty equivalent is evaluated using the agents beliefs about future expected return and
volatility. Averaging over time then gives the average value of the trading signal z over the
sample period. Analogously, we compute the cost of changing the optimal trading strategy for
the technical trading rule. Formally, this implies that we change the end of sample estimates
mr (2:) and vr (z¢) used in the previous section by their real time analogues: my (z;) and
vt (2¢) . Based on the sequence of models m¢(z) and v(2), t = Ty, ..., T, we can compute the
real time analogues of equations (11) and (12):

1$ * 1., 2
CeqRA = ; [Wia (20) ma (20) = §rwia (z0) w0 (z0)]

A=Agxp+Aarr

T (14)
Apxp = Z Wiy (2) —wen (20)me (z) — 37054 (2) ve (21)

t=1

T
Aarr = Z Wha (2t) = Wi (20))ma (20) — 57w (26) — Wi (20))vr (22)

t=1

9 Although we omit the regression results here they are available upon request.
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with ,
my (2t) _ Zi3y
v (z) 7 Zibe
The results are presented in Tables 5 to 7 for the technical trading rules 1 to 3, respectively.

wha (z) = (15)

As expected, the certainty equivalents obtained using this dynamic estimation strategy are
in general larger than the ones obtained from the in-sample analysis. This indicates that
the expected value from the technical trading signal is not marginal. For a low level of risk
aversion, v = 1, we find certainty equivalents ranging from about 4.5% up to almost 10%
per year across different exchange rates and trading rules. Clearly, technical trading signals
contain some value. Nevertheless, as in the in-sample case, this does not mean that a risk
averse agent would follow a chartist strategy. The cost of replacing the optimal trading
strategy by a technical trading strategy is relatively large. The cost decomposition follows
the same pattern presented in Figure (4).

The expectational cost from following the chartist strategy ranges from 1% to 4% across
exchange rates and tranding rules. Again, these constitute the lower bounds to the costs of
using technical trading rules. Since the allocation costs increase with the level of risk aversion,
the total cost of using chartist rules becomes probably prohibitively high.

Insert Tables 5 to 7

In the second variant of the out-of-sample tests, we do not use the expectations but
instead the realized returns to compute the average portfolio returns and variance over time.
More specifically, we compute the sample analogue of the expectations my (2;) and vy (2;) by
realization, respectively, X;.1 and (X;11 —my (2))2. As such, a real out-of-sample evaluation
of the certainty equivalent is obtained. As in the previous case, we adapt the optimal trading
strategy of the agent to the real time information set. That is, we use expanding window
regressions to obtain the time ¢ functions my (z) and v (2) . In contrast to the previous case,
we only use these expectations to compute the optimal portfolio allocation. Averaging these
realizations over time gives the ex post realized certainty equivalents and cost decompositions.
Note that in this case one would not necessarily expect a non-negative certainty equivalent
for the optimal trading strategy. Only if the implied model actually predicts out of sample
the expected excess return and variance accurately, one would expect the certainty equivalent
to be positive. The results of this full out-of-sample evaluation are presented in Tables 8 to
10 respectively for the trading rules 1 to 3.

The main conclusion to be drawn from these tables is that the results presented above
are quite robust to an out-of-sample evaluation. Most importantly, we find again that the
technical trading signal z is a valuable information variable. For risk averse investors, the
certainty equivalent is also always positive with the exception of one case (GBP/USD, Rule
2, Table 9). For low risk averse investors, it reaches a value of 8% per year.

Nevertheless, the total opportunity cost of using a chartist rule is still substantially high
in some cases, being around 10% per year for high risk averse investors. Only in 3 out of the
48 cases (different rules, exchange rates and levels of risk aversion) considered, we obtained
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a negative opportunity cost (Rule 2, Table 9). For these few cases, one would have benefited
more from using a chartist rule instead of the optimized portfolio.

Regarding the expectational costs, except for the two cases where it is negative, it ranges
from 0.1% to 3.5% per year. As mentioned before, these constitute a lower bound on the costs
of using the chartist rule. As before, the total costs increase with the level of risk aversion due
to the increase in the allocational costs which become prohibitively high for very risk averse
investors. The cost decomposition pattern follows the one presented in Figure 4.

Insert Tables 8 to 10

Once more, we find that the optimal trading strategy is unlikely to be near equivalent to
a chartist trading strategy. While technical trading signals do contain valuable information
for a standard risk averse investor, this investor would not likely turn to technical trading
strategies because both expectational and allocational costs embedded in this strategy are
prohibitively high. To answer the main question of this paper, we conclude that technical
trading rules are not near rational equivalents to optimal trading rules.

4 Conclusions

The main goal of this paper was to answer the basic question whether or not technical trading
rules could be interpreted as near rational investment strategies for a class of risk averse agents.
Based on the above analysis, we conclude that they cannot be interpreted in that way.

We find that the irrationality of expectations formation, implicit in the class of moving
average rules, generates prohibitively high welfare costs to rational agents. Since these expec-
tational costs are independent of the level of risk aversion, they apply to any kind of rational
agent. These costs can, therefore, be seen as a lower bound to the opportunity cost for risk
averse agents of using chartist rules. This type of cost alone should prevent investors from
using the technical trading signal in order to apply chartist trading strategies. The results
hold for the three moving average rules and for each of the exchange rates analyzed in this
paper. The results are also robust with respect to the method of calculation of the certainty
equivalent. Using both a in-sample and an expanding out-of-sample approach, investor’s ir-
rationality seem to be an important component in the opportunity cost of using technical
trading rules.
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Table 1: Excess returns for the selected technical trading rules

DEM/USD GBP/USD JPY/USD CHF/USD

Trading rule 1: S =10, L =50

Return p.a. 2 <0 0.06710** 0.02365 0.07846** 0.08993**
Return p.a. z >0 0.03917 0.05378** 0.02365 0.03317
Return p.a. 0.05316** 0.03870** 0.04992** 0.06156**

Trading rule 2: S =20, L = 100

Return p.a. 2 <0 0.06730** 0.03015 0.08763** 0.06181*
Return p.a. 2 >0 0.03964 0.06307** 0.02928 0.00704
Return p.a. 0.05338** 0.04663** 0.05703** 0.03416

Trading rule 3: S =40, L = 200

Return p.a. 2 <0 0.04503 0.02736 0.06378** 0.07159**
Return p.a. z >0 0.02311 0.05515** 0.00759 0.01336
Return p.a. 0.03354* 0.04147%* 0.03490* 0.04071*

Returns are presented in per annum terms by multiplying the daily returns by the number
of trading days, taken here to be 262. The entry Return p.a. z < 0 measures the average
return obtained when the signal z was negative, implying a short position. Analogously,
Return p.a. z < 0 measures the return from the long position based on positive z signal.
Under the entry Return, the average return from trading according to the chartist signals
is presented.

** and * respectively indicate that the averages are statistically different from zero at the
5% and 10% significance level, respectively.
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Table 2: In-sample analysis of certainty equivalent and cost decomosition of tech-
nical trading rules. Rule 1: S=10, L=50

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =3, py =2

CeqrA 0.04872 0.03063 0.01693 0.00855
CeqRrN 0.04855 0.02638 -0.00133 -0.05675
ceqcH 0.04199 0.04872 -0.00788 -0.06330
Agxp 0.00656 0.00656 0.00656 0.00656
Aarr 0.00018 0.00425 0.01826 0.06529
A 0.00673 0.01081 0.02481 0.07185

GBP/USD: py, = 4, py = 6

CeqrA 0.03565 0.02075 0.01120 0.00607
CeqRrN 0.03551 0.01727 -0.00554 -0.05115
ceqcH 0.02687 0.00863 -0.01418 -0.05979
Agxp 0.00864 0.00864 0.00864 0.00864
Aarr 0.00014 0.00348 0.01674 0.05722
A 0.00878 0.01212 0.02538 0.06586

JPY/USD: p,,, =3, p, =4

CeqrA 0.05550 0.03739 0.02413 0.01254
CeqRrN 0.05533 0.03274 0.00450 -0.05196
ceqcH 0.04312 0.02053 -0.00771 -0.06417
Agxp 0.01221 0.01221 0.01221 0.01221
Aarr 0.00018 0.00466 0.01963 0.06450
A 0.01239 0.01687 0.03184 0.07671

CHF/USD: p,, = 3, py =2

CeqrA 0.05006 0.02846 0.01550 0.00798
CeqRrN 0.04978 0.02120 -0.01452 -0.08596
ceqcH 0.03354 0.00496 -0.03076 -0.10221
Agxp 0.01624 0.01624 0.01624 0.01624
Aarr 0.00028 0.00725 0.03002 0.09394
A 0.01652 0.02350 0.04627 0.11018

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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Table 3: In-sample analysis of certainty equivalent and cost decomosition of tech-
nical trading rules. Rule 2: S=20, L=100

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =5, pp, =2

CeqrA 0.06572 0.04660 0.02928 0.01484
CeqRrN 0.06560 0.04338 0.01560 -0.03994
ceqcH 0.05161 0.02939 0.00161 -0.05393
Agxp 0.01399 0.01399 0.01399 0.01399
Aarr 0.00012 0.00322 0.01367 0.05478
A 0.01411 0.01721 0.02766 0.06877

GBP/USD: p,, =2, p, =4

CeqrA 0.02646 0.01256 0.00641 0.00321
CeqRrN 0.02631 0.00798 -0.01493 -0.06076
ceqcH 0.01291 -0.00542 -0.02833 -0.07416
Agxp 0.01340 0.01340 0.01340 0.01340
Aarr 0.00015 0.00458 0.02135 0.06396
A 0.01355 0.01798 0.03474 0.07736

JPY/USD: p,, =3, ppy =2

CeqrA 0.06492 0.04589 0.03015 0.01585
CeqRrN 0.06477 0.04210 0.01376 -0.04291
ceqcH 0.05371 0.03104 0.00271 -0.05396
Agxp 0.01106 0.01106 0.01106 0.01106
Aarr 0.00015 0.00379 0.01639 0.05875
A 0.01121 0.01485 0.02745 0.06981

CHF/USD: p,, =1, p, =4

CeqrA 0.02565 0.00933 0.00467 0.00234
CeqRrN 0.02515 -0.00354 -0.03941 -0.11114
ceqcH 0.01451 -0.01418 -0.05005 -0.12178
Agxp 0.01064 0.01064 0.01064 0.01064
Aarr 0.00050 0.01287 0.04408 0.11348
A 0.01114 0.02351 0.05472 0.12412

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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Table 4: In-sample analysis of certainty equivalent and cost decomosition of tech-
nical trading rules. Rule 3: S=40, L=200

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =3, py =2

CeqrA 0.04158 0.02422 0.01289 0.00656
CeqRrN 0.04139 0.01938 -0.00812 -0.06313
ceqcH 0.03208 0.01008 -0.01743 -0.07244
Agxp 0.00931 0.00931 0.00931 0.00931
Aarr 0.00020 0.00483 0.02101 0.06969
A 0.00951 0.01414 0.03032 0.07900

GBP/USD: p,, =5, p, =4

CeqrA 0.04363 0.02821 0.01805 0.01032
CeqRrN 0.04357 0.02513 0.00208 -0.04401
ceqcH 0.02388 0.00544 -0.01743 -0.06370
Agxp 0.01969 0.01969 0.01969 0.01969
Aarr 0.00007 0.00308 0.01596 0.05433
A 0.01975 0.02277 0.03565 0.07402

JPY/USD: p,, =3, ppy =2

CeqrA 0.04271 0.02679 0.01627 0.00818
CeqRrN 0.04245 0.01960 -0.00897 -0.06610
ceqcH 0.03641 0.01356 -0.01501 -0.07214
Agxp 0.00604 0.00604 0.00604 0.00604
Aarr 0.00026 0.00713 0.02523 0.07428
A 0.00630 0.01324 0.03128 0.08033

CHF/USD: pp, =3, py =5

CeqrA 0.04924 0.02752 0.01498 0.00780
CeqRrN 0.04900 0.02053 -0.01505 -0.08620
ceqcH 0.03489 0.00643 -0.02915 -0.10031
Agxp 0.01411 0.01411 0.01411 0.01411
Aarr 0.00024 0.00699 0.03002 0.09401
A 0.01435 0.02109 0.04413 0.10811

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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Table 5: Dynamic estimation of certainty equivalent and cost decomosition of
technical trading rules. Rule 1: S=10, L=50

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =3, py =2

CeqrA 0.08300 0.06459 0.04627 0.02673
CeqRrN 0.08290 0.06216 0.03625 -0.01559
ceqcH 0.06544 0.04471 0.01879 -0.03304
Agxp 0.01746 0.01746 0.01746 0.01746
Aarr 0.00010 0.00242 0.01003 0.04232
A 0.01756 0.01988 0.02748 0.05977

GBP/USD: py, = 4, py = 6

CeqrA 0.06443 0.04915 0.03556 0.02239
CeqRrN 0.06435 0.04688 0.02504 -0.01863
ceqcH 0.03843 0.02096 -0.00087 -0.04455
Agxp 0.02592 0.02592 0.02592 0.02592
Aarr 0.00009 0.00227 0.01052 0.04102
A 0.02600 0.02818 0.03643 0.06694

JPY/USD: p,,, =3, p, =4

CeqrA 0.07545 0.05784 0.04172 0.02356
CeqRrN 0.07534 0.05511 0.02982 -0.02076
ceqcH 0.06344 0.04321 0.01792 -0.03266
Agxp 0.01190 0.01190 0.01190 0.01190
Aarr 0.00011 0.00273 0.01190 0.04432
A 0.01201 0.01463 0.02381 0.05622

CHF/USD: p,, = 3, py =2

CeqrA 0.09748 0.07226 0.05002 0.02972
CeqRrN 0.09732 0.06809 0.03156 -0.04151
ceqcH 0.05656 0.02733 -0.00921 -0.08227
Agxp 0.04076 0.04076 0.04076 0.04076
Aarr 0.00016 0.00417 0.01847 0.07123
A 0.04092 0.04493 0.05923 0.11199

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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Table 6: Dynamic estimation of certainty equivalent and cost decomosition of
technical trading rules. Rule 2: S=20, L=100

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =5, pp, =2

CeqrA 0.09484 0.07647 0.05796 0.03584
CeqRrN 0.09475 0.07426 0.04865 -0.00258
ceqcH 0.08419 0.06370 0.03809 -0.01314
Agxp 0.01056 0.01056 0.01056 0.01056
Aarr 0.00008 0.00221 0.00931 0.03842
A 0.01064 0.01276 0.01987 0.04898

GBP/USD: p,, =2, p, =4

CeqrA 0.05701 0.04218 0.03013 0.01864
CeqRrN 0.05692 0.03965 0.01806 -0.02512
ceqcH 0.02548 0.00820 -0.01339 -0.05657
Agxp 0.03144 0.03144 0.03144 0.03144
Aarr 0.00009 0.00253 0.01207 0.04376
A 0.03153 0.03397 0.04352 0.07520

JPY/USD: p,, =3, ppy =2

CeqrA 0.07296 0.05601 0.04130 0.02475
CeqRrN 0.07284 0.05279 0.02772 -0.02243
ceqcH 0.05461 0.03456 0.00948 -0.04066
Agxp 0.01823 0.01823 0.01823 0.01823
Aarr 0.00012 0.00323 0.01358 0.04718
A 0.01835 0.02146 0.03181 0.06541

CHF/USD: p,, =1, p, =4

CeqrA 0.04483 0.02356 0.01290 0.00651
CeqRrN 0.04448 0.01500 -0.02185 -0.09555
ceqcH 0.02164 -0.00785 -0.04470 -0.11840
Agxp 0.02284 0.02284 0.02284 0.02284
Aarr 0.00035 0.00856 0.03475 0.10206
A 0.02319 0.03141 0.05759 0.12490

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.

23



Table 7: Dynamic estmation of certainty equivalent and cost decomosition of tech-
nical trading rules. Rule 3: S=40, L=200

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =3, py =2

CeqrA 0.05654 0.03985 0.02612 0.01486
CeqRrN 0.05642 0.03660 0.01183 -0.03770
ceqcH 0.04682 0.02701 0.00224 -0.04730
Agxp 0.00960 0.00960 0.00960 0.00960
Aarr 0.00012 0.00325 0.01428 0.05256
A 0.00972 0.01285 0.02388 0.06216

GBP/USD: p,, =5, p, =4

CeqrA 0.08010 0.06466 0.04995 0.03381
CeqRrN 0.08004 0.06309 0.04190 -0.00048
ceqcH 0.04229 0.02534 0.00415 -0.03823
Agxp 0.03775 0.03775 0.03775 0.03775
Aarr 0.00006 0.00157 0.00805 0.03428
A 0.03781 0.03932 0.04580 0.07203

JPY/USD: p,, =3, ppy =2

CeqrA 0.05941 0.04480 0.03315 0.02030
CeqRrN 0.05919 0.03908 0.01394 -0.03634
ceqcH 0.03672 0.01661 -0.00853 -0.05880
Agxp 0.02247 0.02247 0.02247 0.02247
Aarr 0.00021 0.00572 0.01920 0.05663
A 0.02269 0.02819 0.04167 0.07910

CHF/USD: pp, =3, py =5

CeqrA 0.07474 0.05126 0.03286 0.01865
CeqRrN 0.07454 0.04589 0.01007 -0.06155
ceqcH 0.05611 0.00275 -0.00836 -0.07998
Agxp 0.01843 0.01843 0.01843 0.01843
Aarr 0.00021 0.00538 0.02279 0.08020
A 0.01864 0.02381 0.04122 0.09863

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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Table 8: Out-of-sample certainty equivalent and cost decomposition of technical
trading rules. Rule 1: S=10, L=50

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =3, py =2

CeqrA 0.06515 0.04079 0.02045 0.01149
CeqRrN 0.06376 0.04090 0.01233 -0.04482
ceqcH 0.04125 0.01837 -0.01023 -0.06743
Agxp 0.02250 0.02250 0.02250 0.02250
Aarr 0.00140 -0.00008 0.00819 0.05642
A 0.02390 0.02242 0.03068 0.07892

GBP/USD: py, = 4, py = 6

CeqrA 0.03140 0.02170 0.01410 0.01082
CeqRrN 0.02802 0.00856 -0.01577 -0.06442
ceqcH 0.02786 0.00835 -0.01605 -0.06485
Agxp 0.00014 0.00014 0.00014 0.00014
Aarr 0.00339 0.01321 0.03001 0.07552
A 0.00354 0.01336 0.03016 0.07567

JPY/USD: p,,, =3, p, =4

CeqrA 0.07707 0.05626 0.03973 0.02183
CeqRrN 0.07669 0.05217 0.02153 -0.03976
ceqcH 0.05449 0.03000 -0.00618 -0.06185
Agxp 0.02221 0.02221 0.02221 0.02221
Aarr 0.00375 0.00406 0.01814 0.06148
A 0.02258 0.02627 0.04034 0.08368

CHF/USD: p,, =3, p, =4

CeqrA 0.07492 0.04566 0.02447 0.01538
CeqRrN 0.06883 0.03938 0.00256 -0.07107
ceqcH 0.05300 0.00236 -0.01322 -0.08679
Agxp 0.01584 0.01584 0.01584 0.01584
Aarr 0.00609 0.00625 0.02185 0.08633
A 0.02193 0.02209 0.03769 0.10217

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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Table 9: Out-of-sample certainty equivalent and cost decomposition of technical
trading rules. Rule 2: S=20, L=100

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =5, pp, =2

CeqrA 0.06192 0.04303 0.02490 0.01362
CeqRrN 0.06118 0.03826 0.00962 -0.04766
ceqcH 0.03582 0.01288 -0.01579 -0.07313
Agxp 0.02536 0.02536 0.02536 0.02536
Aarr 0.00075 0.00479 0.01533 0.06140
A 0.02611 0.03015 0.04069 0.08675

GBP/USD: p,, =2, p, =4

CeqrA 0.01417 0.00482 0.00072 -0.00182
CeqRrN 0.01267 -0.00689 -0.03133 -0.08021
ceqcH 0.03418 0.01467 -0.00971 -0.05847
Agxp -0.02146 -0.02150 -0.02150 -0.02150
Aarr 0.00149 0.01165 0.03192 0.07815
A -0.02001 -0.00985 0.01043 0.05665

JPY/USD: p,, =3, ppy =2

CeqrA 0.06967 0.06002 0.03879 0.02000
CeqRrN 0.06601 0.04151 0.01087 -0.05039
ceqcH 0.05228 0.02779 -0.00283 -0.06406
Agxp 0.01373 0.01373 0.01373 0.01373
Aarr 0.00365 0.01850 0.02788 0.07032
A 0.01739 0.03223 0.04162 0.08406

CHF/USD: p,, =1, p, =4

CeqrA 0.02086 0.01335 0.00987 0.00540
CeqRrN 0.01726 -0.01194 -0.04843 -0.12141
ceqcH 0.03209 0.00290 -0.03359 -0.10656
Agxp -0.01483 -0.01483 -0.01483 -0.01483
Aarr 0.00361 0.02528 0.05829 0.12679
A -0.01122 0.01046 0.04346 0.11196

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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Table 10: Out of sample certainty equivalent and cost decomposition of technical
trading rules. Rule 3: S=40, L=200

CRRA=1 CRRA=5 CRRA=10 CRRA=20
DEM/USD: p,, =3, py =2

CeqrA 0.05256 0.02888 0.01988 0.00950
CeqRrN 0.05194 0.02910 0.00054 -0.05657
ceqcH 0.01637 -0.00649 -0.03506 -0.09221
Agxp 0.03557 0.03557 0.03557 0.03557
Aarr 0.00062 -0.00020 0.01937 0.06614
A 0.03619 0.03537 0.05494 0.10171

GBP/USD: p,, =5, p, =4

CeqrA 0.03671 0.01919 0.01125 0.00848
CeqRrN 0.03565 0.01605 -0.00845 -0.05745
ceqcH 0.03055 0.01085 -0.01378 -0.06304
Agxp 0.00507 0.00507 0.00507 0.00507
Aarr 0.00108 0.00327 0.01996 0.06645
A 0.00616 0.00834 0.02503 0.07152

JPY/USD: p,, =3, ppy =2

CeqrA 0.03977 0.02901 0.01916 0.01249
CeqRrN 0.03788 0.01334 -0.01734 -0.07870
ceqcH 0.02292 -0.00152 -0.03207 -0.09318
Agxp 0.01498 0.01498 0.01498 0.01498
Aarr 0.00187 0.01555 0.03625 0.09069
A 0.01685 0.03053 0.05123 0.10567

CHF/USD: pp, =3, py =5

CeqrA 0.04816 0.03527 0.02827 0.01596
CeqRrN 0.04003 0.01074 -0.02588 -0.09910
ceqcH 0.03261 0.00335 -0.03322 -0.10637
Agxp 0.00742 0.00742 0.00742 0.00742
Aarr 0.00812 0.02449 0.05407 0.11490
A 0.01555 0.03192 0.06149 0.12232

The parameters p,, and p, denote the maximal order of the Taylor expansions
used in the estimation.

ceq; denotes the certainty equivalent of strategy ¢ for a trader with constant rel-
ative risk aversion denoted in the top of the table. ceqra denotes the certainty
equivalent based on the optimal trading strategy. ceqrny denotes the certainty
equivalent when the risk averse trader uses the risk neutral optimal portfolio,
and ceqom denotes the certainty equivalent for a risk averse trader following
the technical trading rule.

All entries are in per annum terms.
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