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Abstract

The Olsen Group has developed and operated trading models for over
10 years. Usershave beentrading these trading models in real time. The
paper describes the evolution of the Olsen trading models, analyzestheir
performance and reports on recent developments. It includes a limited
amount of exploratory work to develop more sophisticatedtrading models.
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1 Ob jectiv es
Sinceits very beginningstechnical analysishasbeenlaughedat by the academicsociety.
A�rming the theory of e�cien t markets economistsdeny the possibility of pro�table
technical trading strategies. Nevertheless,there is widespreaduseof technical analysis
in practice, especially in foreign exchangemarkets1.

In essence,technical analysts try to predict future price moves by studying historical
data. On the one hand, technicians are usually fond of detecting geometric patterns
in price history, also known as charting. On the other hand, they often employ sheer
mathematical models to generatetrading decisions- the latter relying on past prices
as well.

Among practitioners, charting is very popular. Its origin dates back a century . Re-
search on technical analysis has �rst been published by Charles Dow, then being the
editor of the Wall Street Journal. Edwards and Magee(1969) were the �rst to provide
a comprehensive book on technical analysis that has been a bestsellerever after. As
an alternativ e, one should also name Pring's book (1980).

As mentioned before, the chartist's main concern is to �nd favorable price patterns.
Someof them have been given fancy names: head-and-shouldersor cup-with-handle,
just to name two. Alas, detecting any pattern depends on the trader's speci�c sense
of geometry. Testing the e�ectiv enessof trading strategies that baseon such patterns
is thus a crucial task. How does a head-and-shoulderspattern look like? Technicians
usually draw di�eren t conclusionsfrom charts. This subjectivit y hasbeencriticized by
economists,who desiremore systematic approaches. However, there have beenstudies
that tried to overcomethesede�ciencies. For example,Lo, Mamaysky and Wang(2000)
performed an analysis of the U.S. Stock Market covering the period of 1962-96. They
designvarious algorithms that allow for pattern recognition. Applying thesealgorithms
to the data, they �nd someevidencethat the according patterns contain incremental
information and thus might help predicting future price moves.

Typically, previous research on technical analysisfocuseson testing rather simple trad-
ing strategies. These strategies usually are governed by rules that rely on moving
averagesor �lters. A similar but yet more sophisticated approach is pursued by the
Olsen Group, Zurich.

Section 2 gives a detailed description of two speci�c trading models developed by the
OlsenGroup. Due to the fact that Olsen trading modelscan be consideredasdi�eren t
enginesthat all run in the sameuni�ed body, we �rst concentrate on depicting this
body. In doing so technical details are avoided whenever possible. The main intention
is to get a rough idea of how the model's trading recommendationsare generatedand
operated.
We then turn our attention to the enginesthat characterize each of the considered

1seeTaylor and Allen (1992).
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models. In particular, we regard both, the models' main components and the mod-
els' performance. Considering the latter, one has to think of appropriate measures.
A crucial task as we want to examine whether technical analysis allows for superior
performance. Basedupon this, we analyzea time seriesof returns generatedby Olsen
trading models over periods of 3 and 6 years.
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2 Olsen Trading Mo dels

2.1 Data Environmen t

2.1.1 Data and Pro cessing

As the Olsen trading models all operate on currencies the main interest is directed
towards foreign exchange rates. These FX prices always appear in pairs: the well-
known bid/ask-prices. Their collection and validation is followed by the storagein the
databasemaintained by the OlsenGroup. Each record or tick consistsof various items.
Among them, the bid price pbid and the ask price pask are the most important ones,
not to forget the time t at which the price has beenregistered.

One might also be interested in the frequency of ticks: Approximately 1500 ticks per
businessday are recorded for the minor rates up to 5000 ticks for the major rates
(USD/EUR). Thus, the resulting databasecontains vast amounts of ticks for each rate.

Another main concernrevealswhen trading hours are taken into account: How should
one measuretime? As we will discusslater physical time is not an appropriate choice.
For this reasonOlsentrading modelsincorporate notions like businesshours or holidays
by employing a so-calledbusinesstime scale.
Moreover, every trading model is linked to a local market that represents certain ge-
ographical regions. The respective model only deals within opening hours except for
closing an open position due to exceedinga stop loss limit.

2.1.2 System Overview

Despite the complexity the Olsen Information System (OIS) executesall actions that
are necessaryto operate a set of real-time trading models. Data has to be collected
and validated, trading recommendationshave to be generatedand communicated. This
communication is facilitated by employing user-agents that display the particular trad-
ing recommendation. The latter is alsocalledgearing. Altogether there are �v epossible
gearings: S-1.0,S-0.5(short positions), 0 (neutral), L+1.0 and L+0.5 (long positions).
For example,a gearingof L+1.0 recommendsto go long with all available capital. Fig-
ure 1 portrays a trading model's history.

Regarding the OIS, we cannot think of it as a single huge program but as a collec-
tion of separateprograms that run in parallel on di�eren t computers. This distributed
architecture allows for splitting up the systeminto its logical components. Thus, over-
all reliabilit y is enhancedas well as a simpli�ed structure of the system is ensured.
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Figure 1 Trading Model History

2.2 The Decision Pro cess
The main purpose of a trading model is to generate valuable trading recommenda-
tions. For a better understanding of this processwe shall have a brief look on the
overall structure of a trading model, as depicted in Figure 2.

First of all, the collected price data has to be validated. For this reason, a price
�lter is employed to avoid the further use of implausible data. This �ltered data is
then used by the gearing calculator to determine certain deal recommendations. One
may thus think of the gearing calculator as the real model. Its main actions are the
computation of indicators as well as the evaluation of trading rules. The latter can
be seenas functions of the past dealing history. Thereby, a gearing , denoted g, with
j g j� 1 is generated.

Alas, before entering a new position, other considerations have to be taken into ac-
count: Running parallel to the gearing calculator the stop-loss detector o�sets open
positions if a stop-losshasbeenhit. This stop-lossis a dynamic oneas it starts moving
upwards for favorable price moves,thereby it allows for pocketing in almost any pro�t 2.
In addition, the deal acceptor has to be passed:This tool is governed by various sec-

2Hitting a stop-lossmay even occur outside market hours.
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ondary rules that prevent the model from making silly recommendations,e.g. those
restricted by timing constraints.

Summing up, the trading model suggests

� deals that are recommendedby the gearing calculator and that are authorized
by the deal acceptor and

� deals that are implied by the stop-lossdetector

The so-calledopportunity catcher then provides the user with a trading signal on the
user-agent. Moreover, the opportunit y catcher collects prices to �nd the best transac-
tion price possible. This price is usedby the trading model to stimulate a trade within
a reasonableperiod of time. Thereto, it employs the book-keeper. The latter's main
purposeis to monitor the trading model's performance3.

Figure 2 Trading Model Actions

3Section (3) portrays the according measures.
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Having described the general framework we can now turn our attention to the real
models.

2.3 Trading Mo del 40
Driving forceof the gearingcalculator and , hence,of the model itself are the indicators.
As stated before,one can think of an indicator as a function of time and price history.

2.3.1 The mo di�ed business time scale

Concerning the nature of time we already suggestedthat physical time is no longer
suitable - as demonstrated by the Olsen Group4. Instead, they employ a businesstime
scale, i.e. one that relates to businessactivit y. For example, a very simple business
time scalewould only count businesshours while omitting inactive periods. Modify-
ing this approach one expandsperiods of high volatilit y (e.g. overlapping of markets)
whereasperiods of low activit y (e.g. lunch) are contracted. This is the main idea of
the so-called#-time which has been designedto model daily and weekly 
uctuations
of activit y.

In particular, the #-time-model de�nes an activit y function a(t) being the sum of three
activit y functions that can be associated with the three markets East Asia, Europe and
North America:

a(t) = a0 +
3X

k=1

a0
k (t) > 0

where the a0
k (t) are functions of physical time t. Sincethe baseactivit y a0 is small, it

is straightforward to write
ak (t) = a0

k (t) +
a0

3
> 0

The businesstime # is then obtained via integrating:

#(t) =

tZ

t0

 

a0 +
3X

k=1

a0
k (t)

!

dt =

tZ

t0

 
3X

k=1

ak (t)

!

dt (1)

2.3.2 The EMA-Op erator

The model's main component is a momentum, in particular oneanalyzesthe di�erence
of the current log-middle-price x and its moving averagecomputed in #-time:

mx (� #r ; #) = x � M Ax (� #r ; #) (2)

where � #r denotesthe rangeof the moving average. The MA-operator of choice is the
so-calledEMA-op erator, thus the underlying weighting function declinesexponentially
when going back in (#-)time. Due to the fact that the data is not equally spacedover

4seeDacorogna(1993).
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time, interpolation betweenprice quotes is necessary. Choosing linear interpolation in
#-time yields a continuous function x(#), the respective EMA is given by

EM Ax (� #r ; #c) =
1

� #r

#cZ

�1

e
# c � #
� # r x(#)d# (3)

wherein c abbreviatesfor current. For computational purposesit is convenient to stick
to the following recursion formula:

EM Ax (� #r ; #c) = �E M A(� #r ; #c� 1) + (1 � � )xc + (� � � )� xc (4)

where � xc = xc � xc� 1. De�ning � #c = #c � #c� 1 one can show that

� � = e� � # c
� r = e� � ,

� � = 1� e� �

� = 1� �
�

As a reasonablechoice for the initial value of the EMA one �nds x1:

EM Ax (� #r ; #1) = x1 (5)

Sincethe exponential weighting function givesstrong emphasison the recent past one
runs the risk of intro ducing short-term noise. To avoid these troubles other weighting
functions are obtained by applying the EMA operator iterativ ely:

EM A (n)
x = EM A

�
EM A (n� 1)

x (� #r ; #c)
�

(6)

where EM A (0)
x (� #r ; #c) = xc. The order of the EMA operator is determined by n.

Furthermore, a moving averageof the following form is �nally chosen:

EM A (m;n )
x =

1
n � m + 1

nX

i = m

EM A (i )
x (� #r ; #) (7)

Hence,(7) represents the meanof EMAs of di�eren t orders. Its corresponding weighting
function exhibits desirableproperties:

� lesser weight is given to the recent past - in comparison with simple EMA-
operators

� around the so-calledcenter of gravit y, (m + n)� #r =2, the weighting attains its
maximum

� going further back in time is accompaniedby smoothly declining weights.

Recalling (2) the indicator is set to be a momentum of the following form:

I x =
1

s(� #r ; m; n)

�
x � EM A (m;n )

x

�
(8)

where s(� #r ; m; n) is a scaling factor.
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2.3.3 Trading Signals

Trading signalsoccur when the indicator I x crossesthreshold values. Generally, there
are two di�eren t typesof trading signals:

� Trend Signals

I x either generatesa "buy" signal if it exceedsthe given threshold value or a
"sell" signal if it exceedsthe respective negative threshold value. For successful
trend following these threshold valueshave to be chosencarefully. Presumably,
low valuesare preferred.

� Overbought/Oversold Signals

These signals indicate contrarian behavior, i.e. to stop following a trend or
even to take an opposite position. Threshold values for these signals must be
signi�cantly higher than those for trend signals, thus they are seldom attained
by I x .

However, these threshold valuesvary depending on several variables, e.g. the model's
current position.

2.4 Trading Mo del 80
There is an important aspect that is not captured by models as the trading model 40:
Markets change their nature as well as their behavior. Being optimized in markets
that are characterized by a speci�c behavior, the respective model might not perform
satisfactorily in other market states. Theserapidly changing markets thus enforcethe
development of more sophisticated models. As an examplewe considerthe main ideas
underlying the trading model 80.

First of all, let us state somemain characteristics met by the new model:

� Market state indicators help the model to identify di�eren t market situations and
to pursue di�eren t strategiesaccordingly.

� Similarly behaving agents are grouped together as market components.

The conceptof a market component model is basedon the observation of heterogenous
markets. This implies the implementation of submodels for every market component.
Olsen distinguishesbetweendi�eren t market components by assigningtime horizons5.
In this regard the term time horizon corresponds to the time that passestill a market
component revisits the market. The OlsenGroup considersthe following time horizons
to be reasonable: 30min, 2h, 1.3d, 5.3d, 21d, 85d. On the whole, we end up with
6 market components. Each of the corresponding submodel is characterized by the
following structure:

5seeM•uller et al. (1997) for empirical evidence.
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(1) A main indicator generatesa raw gearing,say 1 or -1, e.g. via an EMA-op erator.

(2) Noise indicators and channel indicators identify the current market state.

(3) Dependent on this market state a weighting is computed to be multiplied with
the raw gearing. Thereby, a gearing for the submodel is obtained.

Summing up, we state that each submodel represents the views and actions of a group
of traders and computesdi�eren t deal recommendations,respectively. Combining these
leadsto an overall gearing.

In essence,one is interested in modeling the current market force that generatesre-
turn. This market force may be interpreted as the sum of all forces involved, i.e. the
buying and selling pressuresinduced by the market components. Therefore, the mar-
ket components' positions have to be taken into account. In turn, these positions are
determined by the net 
ow of trading. To model the interaction of thesequantities is
the main task of the trading model 80.

2.4.1 Positions and Flo ws

Let Pj denote the FX position of the j th market component, j = 1; :::; n, wheren refers
to the longest time horizon6 . Except for these long-term components the market
components' FX positions all exhibit a reversion to the mean within the sampleunder
consideration. Mathematically speaking, one puts

@� E(j Pn (t + � ) � Pn (t) j) > 0; � > 0 (9)

for the long-term components7, whereascomponents with j < n follow:

E(j Pj (t + � ) � Pj (t) j) � 0 (10)

Considering a component's changesof positions we intro duce � Pj to be the net 
ow
from that component to someother component(s). Obviously, the sum of 
o ws must
be zero for any tick interval: X

j

� Pj = 0 (11)

Alas, this equation is not valid anymore when regarding the long run, due to factors
that may e�ect the 
o ws aswell, like interest rates. For simplicit y, we let the long-term
components serve as a bu�er for any deviations of (11) from zero. In doing so we
intro duce a biasedPn , but its e�ects are of minor interest.
It is important to recognizethat sometransactions are not captured, e.g. those inside
market components.

6As said before,Olsen considersn = 6 to be a reasonablechoice
7One hasto notice that the FX markets are dominated by short- and mid-term traders, thus

the long-term traders only account for somelittle fraction of transaction volume.
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2.4.2 Mark et Forces

The 
o ws described above simply re
ect transactions. Thus, onequestion arises: what
does trigger these transactions? Olsen imposesthe existenceof market forces exerted
by the partaking traders. Furthermore, one distinguishes between active and passive
traders. The former do exert a real force on the market, whereasthe latter just serve
as a bu�er, thereby providing liquidit y to the market. However, traders are allowed to
be active one period and passive the next.
Market forcesare closely related to price moves. Let x(t) denote the log-middle price.
For a tick interval we thus obtain the following price move:

� x = x(tc) � x(t0) (12)

We now want to link this price move to the net force F . The price move's order of
magnitude dependson both the forceF and the market liquidit y. Thus, we are in favor
of modeling market forcesand market liquidit y for predicting price moves.
The total force F is simply the sum of all forcesF j :

F =
X

j

Fj (13)

In contrast to 
o ws this sum is not equal to zero, thus 
o ws and forces are not the
same. Intro ducing the capacity C we now try to mimic liquidit y. C varies with time,
moreover, it dependson the activit y a(t) of the respective market. Again, #-time is at
hand, allowing for the following approximation:

a(t) =
@#
@t

�
� #
� t

(14)

Given a �xed price move � x we assumethat the market force F is proportionate to
the capacity C. In turn, C shall be proportionate to the activit y a. Writing

F = cF C� x (15)

modelsF to be linear in � x and C. In other words, this implies that � x is proportionate
to F=C and F=a, respectively. For F = 0 the market is said to be in equilibrium. In this
case,one de�nes Fj = � Pj , i.e. all forcesare o�set by corresponding 
o ws. Generally,
the 
o w � Pj is modeled as follows:

� Pj = Fj + � P �
j (16)

where� P �
j represents the j th component's willingnessto o�er bu�ering capacity. De�ne

� P � =
X

j

� P �
j (17)

Moreover, combining equations (11)-(17) yields

� P � =
X

j

(� Pj � Fj ) = �
X

j

Fj = � F = � cF C� x (18)
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2.4.3 Success and Motiv ation

Now that we have set the scene,we take a closer look at the market components.
Usually, a component is mainly concernedabout its increasein wealth, denoted � Wj .
For the sake of modeling the following approximation is used (within a small tick
interval):

� Wj
�= (Pavr g

j � 
 � Pj )� x (19)

where 
 > 0 allows for transaction costs. Straightforward, one �nds

Wj (tc) = Wj (t0) + � Wj (20)

to be the current wealth of the j th component. Dependent on its recent successSj (in
terms of wealth) a market component choosesdi�eren t strategies. Thus, it is useful to
model success.This is done as follows:

Sj (t) = Wj (t) � EM A(� tsuc
j ; Wj ) (21)

wherethe EMA-range � tsuc
j can be interpreted asa successmemory, roughly speaking.

For example, this model allows short-term traders to clear their successmemory over
weekend, as can be observed in real life. Obviously, successmemory � tsuc

j and time
horizon � j are somehow related. A suitable model is:

� tsuc
j = c� �

j (22)

where time is measuredin days, � � 0:65 and c � 9. For further considerationsit is
useful to intro duce relative succes:

sj (t) =
Sj (t)

q
EM A(� t r elsuc

j ; S2
j )

0

@=
Wj (t) � EM A(� tsuc

j ; Wj )
q

EM A(� t r elsuc
j ; S2

j )

1

A (23)

One should not worry too much about the denominator. In essence,sj can be linked
to certain behavioral patterns of market components. For example,sj < 1 indicates an
increasein the component's risk aversion due to recent losses.In turn, large valuesof
sj go in hand with an decreasein risk aversion. Moreover, sj allows for modeling the
component's motivation for active trading:

M j (t) = 1 +
sj (t) + 0:5

p
1 + (sj (t) + 0:5)2

(24)

One easily �nds that M j (t) 2 (0; 2). Di�eren tiation with respect to sj furthermore
reveals @sj M j (t) > 0. In conjunction, M j (t) is an asymmetric quantit y as it assigns
zerosuccesswith 1.45motivation units. Thus, the impact of losseson the component's
behavior is tremendous.



2 OLSEN TRADING MODELS 14

2.4.4 Dynamics

Instead of considering the total force of a tick interval we will now focus on the force
per unit time, denoted f :

f j =
Fj

� t
(25)

Respectively, f is given by F=� t. The above quantit y is assumedto have the following
form:

f j = f r ev
j + f inf o

j (26)

where the superscripts already indicate the underlying causesof forces. f r ev
j accounts

for the reversion force that any risky position exerts, more or less. The force induced
by new information, f inf o

j , is decomposedas well:

f inf o
j = f pers

j + f innov
j (27)

Again, the superscripts are indicativ e. The force exerted by new information, f inf o
j ,

is designedas a sum of a persistent force, f pers
j , and an innovation force, f innov

j . The
former is assumedto be predictable, whereas the latter is of stochastic nature. In
particular, the reversion force is modeled in this fashion:

f r ev
j (t0) = �

%j

� R j
j

Pj (t0) (28)

Therein, %j represents the component's attitude towards risk and � j still denotesthe
component's time horizon. The latter is raised to a power of R j , again, dependent on
its time horizon. Dealing with the matter of risk requires further modeling, we only
illustrate the main idea:

%j = %r ev
j (a(t0); M j ) + %close

j (29)

On behalf of thesere�nements we can have a secondlook at the total force. In terms
of force per unit time we write

f =
X

j

f j =
X

j

(f r ev
j + f pers

j + f innov
j ) (30)

Via (16) the net 
o ws reenter the stage:

� Pj = (f r ev
j + f pers

j + f innov
j )� t + � P �

j (31)

Rearranging the above equationsyields

f innov =
X

j

f innov
j = f �

X

j

(f r ev
j + f pers

j ) (32)

� P � = � F (33)
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Both quantities canbecomputed,alas,werather like to assessthe yet missingquantities
f innov

j and � P �
j . For this purpose,it is useful to intro ducea variable ! j that describes

the current weight of the market component:

! j (t0) =
�

a(t0) inter day
min[a(t) j t0 � t � t0 + � j ] intr aday

Using theseweights onecan attribute the proportion of innovative forcesto each of the
components, samething with the bu�ering capacity of a component.

2.4.5 Main Ideas revisited

Let us have a �nal review of the main ideas that drive the Olsen trading models.
Even though trading model 40 is based on a technical trading strategy of common
use, a moving average, it is quite speci�c in its details, e.g. it employs a business
time scaleand relies on rather sophisticated moving averages. Alas, the test of time
has revealed some de�ciencies as this model has only been performing satisfactorily
in somespeci�c environments. Due to rapidly changing markets one thus desiresto
designmodels that allow for detecting di�eren t states of markets. Markets are de�ned
by its partaking agents. Hence,a reasonableapproach is to model theseagents. In line
with the theory of heterogenousmarkets Olsen distinguishesbetweendi�eren t market
components by assigningtime horizons. In modeling the forcesexerted by each of the
market components one hopes to predict its impact on future price moves. Moreover,
a trading strategy that adapts to di�eren t market states is implemented to generate
superior returns. To what extent the latter task is attained in real life is examined in
the following section.
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3 Performance Analysis
Determining the performanceof an investment strategy requiresappropriate measures.
Any of thesemeasuresshould take into account both the return and the risk associated
with the strategy. For example, one might compute the reward-to-variabilit y ratio,
better known by its founder's name: the Sharpe Ratio.

In pursuing the performance analysis we proceedas follows: First, some basic mea-
suresof risk and return are intro duced in order to describe the models' performance.
We consider real-time data for both models, trading model 40 and trading model 80,
applied to various currencies. Second,the samedata servesfor the computation of the
aforementioned Sharpe Ratio, giving an idea of the models' risk-adjusted performance.
Third, we comparethe model's performanceto that of a simple technical trading strat-
egy. Finally, we discussthe usefulnessof the pursued analysis.

3.1 Risk and Return
First of all we intro duce somemeasuresof return and risk , respectively.

� The simple return is simply the simple return r i of the i th transaction.

� The total return RT is given by

RT =
nX

i =1

r i

where n is the number of return generating transactions. The total return refers
to a trader who always investsup to his initial capital or credit limit in his home
currency.

� The cumulated return is given by

CT =
nY

i =1

(1 + r i ) � 1

The cumulated return is appropriate when consideringa trader who always rein-
vestsup to his current capital.

� The total return allows us to compute the maximum drawdown over a period
T = tE � t0:

DT = max(Rta � Rtb j t0 � ta � tb � tE )

� The standard deviation S of simple returns r 1,...,rn is empirically given by

S :=

r
1

n � 1
� n

i=1 (r i � r )2

where r = 1
n � n

i=1 r i .
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3.1.1 Trading mo del 40

Examining the performanceof trading model 40 we have analyzed a period of about
6 years, beginning January 1, 1996. Altogether, trading model 40 has been tested for
5 major currency rates and a portfolio that gives equal weight to each of the 5 rates.
Due to little trading frequencyunrealizedreturns have beenincluded instead of merely
dealing with realized ones. Thereby, the risk associated with the strategy has been
characterized properly. Furthermore, leveraging, transaction costs and management
feeshave beenexcluded.

Let us now turn our attention to the �rst rate: USD-CHF. The corresponding per-
formance is depicted in �gure 3a. In particular, the reinvested returns are displayed -
on a monthly basis.

Mean monthly return -0.77% Percentageof neg. monthly returns 51.3%
Standard deviation 3% Maximum drawdown 18.91%in 60 months

Figure 3a TM40 (monthly)

The meanmonthly return hasbeencomputedusingthe last recent 18months, the
given standard deviation refersto the sameperiod. Pursuing the above analysis
on a daily basisoneobtains �gure 3b.
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Figure 3b TM40 (daily)

Both �gures reveal a rather poor performancewithin the 6 year period under
consideration. However, the model started with a favorable move upwards that
was followed by a long and steady decline. This decline eliminated any pro�ts
made. This can be observed as well when looking at returns for other rates, i.e.
EUR-GBP (�gures 4a, 4b) and EUR-USD (�gures 5a, 5b). Given a low risk pro-
�le thesemodelsgeneratedmodest returns in the �rst 2-3 years,but then again,
the proceedsvanishedsteadily. Models engagedin JPY even performed worse,
see�gures 6a, 6b and �gures 7a, 7b. For USD-JPY the steadydeclinehas led to
a net lossof some20%. When applied to EUR-JPY trading model 40 generated
returns that were completely di�eren t from thoseof the other rates. They were
up in four months, and back down in four.

Mean monthly return -0.73%
Standard deviation 2.04%
Percentageof neg. monthly returns 52.6%
Maximum drawdown 28.63% in 41 months

Figure 4a TM 40-EUR-GBP(monthly) Figure 4b TM 40-EUR-GBP(daily)
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Mean monthly return -0.63%
Standard deviation 2.93%
Percentageof neg. monthly returns 55.3%
Maximum drawdown 15.73% in 15 months

Figure 5a TM40-EUR-USD(monthly) Figure 5b TM40-EUR-USD(daily)

Mean monthly return -0.5%
Standard deviation 1.84%
Percentageof neg. monthly returns 57.9%
Maximum drawdown 42.85% in 47 months

Figure 6a TM40-USD-JPY(monthly) Figure 6b TM40-USD-JPY(daily)

Mean monthly return 0.04%
Standard deviation 3.09%
Percentageof neg. monthly returns 53.9%
Maximum drawdown 14.44% in 5 months

Figure 7a TM40-EUR-JPY(monthly) Figure 7b TM40-EUR-JPY(daily)
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For risk reducing purposesone often employs a portfolio of currency rates. As
said before we considera portfolio consisting of 5 rates; each of the rates has
equal weight. Sincetheserates all demonstratedsimilar behavior the resulting
portfolio hasnot led to favorable results either, see�gures 8a, 8b.

Mean monthly return -0.5%
Standard deviation 1.84%
Percentageof neg. monthly returns 51.3%
Maximum drawdown 19.11% in 54 months

Figure 8a TM40-Portfolio (monthly) Figure 8b TM40-Portfolio (daily)

3.1.2 Trading mo del 80

The performanceof the trading model 80 has been analyzed over a period of
about 3 years,beginning January 1, 1999. Again, the model hasbeentested for
5 ratesand the respective portfolio. Leverage,transaction costsand management
feeshave beenexcluded.

ConsideringUSD-CHF, the obtained results are more desirable- in compar-
ison with trading model 40. Other rates, i.e. EUR-USD and USD-JPY, have
improved accordingly. The caseof EUR-GPY is not decidedde�nitely , whereas
the EUR-JPY revealspoor performance.Figures9a-13bdo not needfurther ex-
planations.

Mean monthly return 0.82%
Standard deviation 2.27%
Percentageof neg. monthly returns 42.5%
Maximum drawdown 10.9% in 9 months
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Figure 9a TM 80-USD-CHF(monthly) Figure 9b TM 80-USD-CHF(daily)

Mean monthly return 0.13%
Standard deviation 2.17%
Percentageof neg. monthly returns 60%
Maximum drawdown 14.6% in 17 months

Figure 10a TM 80-EUR-GBP(monthly) Figure 10b TM 80-EUR-GBP(daily)

Mean monthly return 0.51%
Standard deviation 1.71%
Percentageof neg. monthly returns 37.5%
Maximum drawdown 10.7% in 3 months

Figure 11a TM80-EUR-USD(monthly) Figure 11b TM80-EUR-USD(daily)

Mean monthly return -0.62%
Standard deviation 1.69%
Percentageof neg. monthly returns 57.5%
Maximum drawdown 10.1% in 8 months

Figure 12a TM80-USD-JPY(monthly) Figure 12b TM80-USD-JPY(daily)
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Mean monthly return -0.7%
Standard deviation 2.62%
Percentageof neg. monthly returns 60%
Maximum drawdown 19.2% in 16 months

Figure 13a TM80-EUR-JPY(monthly) Figure 13b TM80-EUR-JPY(daily)

Again, one observes clustering of lossesin bad periods and clustering of gains
in good periods, respectively. By setting up a portfolio one hopes to overcome
these problems. Unfortunately, the analyzed portfolio has not succeededcon-
cerning this matter as can be seenin �gures 14a,14b.

Mean monthly return -0.5%
Standard deviation 1.07%
Percentageof neg. monthly returns 47.5%
Maximum drawdown 6.6% in 11 months

Figure 14a TM80-Portfolio (monthly) Figure 14b TM80-Portfolio (daily)



3 PERFORMANCE ANALYSIS 23

3.2 The Sharp e Ratio

In 1966,Sharpe introduceda measurethat combinesboth the risk and the return
of an investment strategy. In particular, the Sharpe Ratio of a portfolio is the
expected excessive return divided by its associated risk. The latter is given by
the return's standard deviation, in other terms:

SR :=
E( ~rp) � r f

� p
(34)

wherer f denotesthe riskfree interest rate. One can think of the Sharpe Ratio as
an excessive return per unit risk. It hasbeena vastly usedperformancemeasure,
especially in the �eld of mutual funds. For empirical purposes,we do not predict
future returns but rather use historical returns, i.e. we determine the Sharpe
Ratio ex post focussingon monthly returns. Thus, the ex-post-version of the
Sharpe Ratio is given by:

SR =
p

12�
r
S

(35)

where r denotesthe mean monthly return and S is the corresponding standard
deviation of monthly returns. In order to annualize, this fraction is multiplied
by

p
12. The riskfree rate drops out as all returns generatedby the models are

excessive ones.

3.2.1 TM 40 vs TM 80

When ranking by Sharpe Ratio, high values are preferred to low values. One
usually dealswith the Sharpe Ratio's most recent value. Implicitly , somepredic-
tiv e value is attributed to this quantit y. For this to be a reasonableassumption
the Sharpe Ratio should at least meet the criterion of stabilit y to someextent.
On this account it is useful to considera seriesof subsequent (ex post) Sharpe
Ratios. This roll-over analysisis depicted in �gures 15a-20b.The samerates are
covered - confronting trading model 40 with trading model 80. Recall that the
models refer to periods of di�eren t length. In line with our previousanalysiswe
observe a steady decline in the Sharpe Ratio for the trading model 40. Again,
the results for the trading model 80 are not convincingly either.
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Figure 15a TM 40-USD-CHF(Sharpe) Figure 15b TM 80-USD-CHF(Sharpe)

Figure 16a TM 40-EUR-GBP(Sharpe) Figure 16b TM 80-EUR-GBP(Sharpe)

Figure 17a TM 40-EUR-USD(Sharpe) Figure 17b TM 80-EUR-USD(Sharpe)
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Figure 18a TM 40-USD-JPY(Sharpe) Figure 18b TM 80-USD-JPY(Sharpe)

Figure 19a TM 40-EUR-JPY(Sharpe) Figure 19b TM 80-EUR-JPY(Sharpe)

Figure 20a TM 40-Portfolio (Sharpe) Figure 20b TM 80-Portfolio (Sharpe)
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There is oneimportant observation to be madefor all modelsand rates involved:
The Sharpe Ratio is numerically instable. For somerates it falls from incredibly
high values,2.5, to extremely low values,-1. For other rates it is headedthe op-
posite direction. Thus, onequestionarises:what is the origin of this instabilit y?
Consideringlow risk instruments, at least in terms of standarddeviation, onehas
to beawareof the seriousimpact inducedby low valuesof the standarddeviation.
Becauseof this instabilit y and other de�ciencies the Sharpe Ratio is rather not
an appropriate measurefor evaluating the performanceof a FX trading model.

3.3 Trading rule

When examining a trading model's performance, it is particularly interesting
whether it is capableof outperforming rather simple technical trading strategies.
The strategy of choice is the so-calledtrading rangebreak-out: Given a trading
range one determinesthe local maximum within this range. In turn, the local
maximum de�nes the so-calledresistance level. Breaking through this resistance
level generatesa buy signal. The support level is de�ned via the local minimum
within the trading range. Breaking through a support level is followed by a sell
signal.

This trading rule is tested for 2 currency rates, EUR-GBP and EUR-JPY, be-
ginning January 1, 1996(TM40) and January 1, 1999(TM80), respectively. The
analysiscoversdi�eren t trading ranges,i.e. 40, 50 and 100days.

Figures 21 and �gure 22 portray the performanceof trading model 40 for both
rates. Moreover, these results are confronted with the respective performance
generatedby simple trading rule, see�gures 23-28. The left column refers to
EUR-GBP, the right column to EUR-JPY. Interpreting these�gures one has to
be aware of the fact that the returns are not equally scaled. In caseof EUR-
GBP, trading model 40 outperforms two of the three simple rules, whereasfor
the EUR-JPY theserules have beenmore pro�table.

Figures29-36depict the sameanalysis,pursuedfor trading model 80. For EUR-
GBP, trading model 80's performanceis weaker than the trading rule's perfor-
mance. However, the latter have not beenperforming convincingly either. For
EUR-JPY, the rules basingon short trading rangesand trading model 80 reveal
similar behavior. At least, the trading rangeof 100days allows for somepro�t.
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Trading mo del 40:

Figure 21 TM 40-EUR-GBP Figure 22 TM 40-EUR-JPY

Figure 23 EUR-GBP-C40 Figure 24 EUR-JPY-C40

Figure 25 EUR-GBP-C50 Figure 26 EUR-JPY-C50

Figure 27 EUR-GBP-C100 Figure 28 EUR-JPY-C100
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Trading mo del 80:

Figure 29 TM 80-EUR-GBP Figure 30 TM 80-EUR-JPY

Figure 31 EUR-GBP-C40 Figure 32 EUR-JPY-C40

Figure 33 EUR-GBP-C50 Figure 34 EUR-JPY-C50

Figure 35 EUR-GBP-C100 Figure 36 EUR-JPY-C100
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4 Conclusion

Two trading models, developed by the Olsen Group (Zurich), have been pre-
sented in this paper. Whereas trading model 40 is merely momentum-based,
trading model 80 is characterizedby a more sophisticatedapproach: its aim is
to model the behavior of di�eren t market components.

Questioning the theory of e�cien t markets we have analyzed the performance
of both models. For this purpose a rather traditional approach has been fol-
lowed. We have computedbasicmeasuresof risk and return for each of the two
models being applied to several currency rates. In order to assessthe models'
risk-adjustedperformancethe well-known Sharpe Ratio hasbeenemployed. Ap-
parently, this quantit y has not beenan appropriate choice due to its numerical
instabilit y8. Following, we have comparedthe respective trading model with a
simple technical trading rule. However, the obtained results have to be handled
with care: Olsen'smodelshave beentraded in real-time, the trading rules could
have beentraded in real-time.

Summing up, we state that both trading models do allow for superior returns
in someperiods, alas, theseperiods are relatively short. Altogether, the trading
models' performanceis not convincing. Hence, there is a lot of research to be
doneadvancing the frontiers of �nance.

8Dacorogna et al. propose risk-adjusted performance measuresthat have more desirable
properties when assessingthe performanceof FX trading models (2001a).
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