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Abstract

The Olsen Group has developed and operated trading models for over
10 years. Usershave beentrading thesetrading modelsin real time. The
paper describesthe ewolution of the Olsen trading models, analyzestheir
performance and reports on recent dewelopmerts. It includes a limited
amount of exploratory work to develop more sophisticatedtrading models.
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1 Objectiv es

Sinceits very beginningstechnical analysishasbeenlaughedat by the academicscciety.
Arming the theory of e cien t markets economistsdeny the possibility of pro table

technical trading strategies. Nevertheless,there is widespreaduse of technical analysis
in practice, especially in foreign exchange markets®.

In essencetechnical analysts try to predict future price movesby 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
aswell.

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

As merntioned before, the chartist's main concernis 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 dependson the trader's speci c sense
of geometry Testing the e ectiv enessof trading strategiesthat baseon sud patterns

is thus a crucial task. How does a head-and-shoulderspattern look like? Tednicians
usually draw di erent conclusionsfrom charts. This subjectivit y hasbeencriticized by

economists,who desire more systematic approaces. 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 cortain incremertal

information and thus might help predicting future price moves.

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

Section 2 gives a detailed description of two speci ¢ trading models developed by the
OlsenGroup. Due to the fact that Olsentrading models can be consideredasdi erent
enginesthat all run in the sameunied body, we rst concerirate on depicting this
body. In doing sotechnical details are avoided wheneer 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 eat of the considered

lseeTaylor and Allen (1992).
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models. In particular, we regard both, the models' main componerts 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 analyze a 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 currenciesthe 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 p°@ and the ask price p?sk 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 1500ticks per
businessday are recorded for the minor rates up to 5000 ticks for the major rates
(USD/EUR). Thus, the resulting databasecortains vast amourts of ticks for ead rate.

Another main concernrevealswhen trading hours are taken into accourt: How should
one measuretime? As we will discusslater physical time is not an appropriate choice.
For this reasonOlsentrading modelsincorporate notions lik e businesshours or holidays
by employing a so-calledbusinesstime scale.

Moreover, every trading model is linked to a local market that represerts certain ge-
ographical regions. The respective model only deals within opening hours except for
closing an open position due to exceedinga stop losslimit.

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-agets that display the particular trad-
ing recommendation. The latter is alsocalled gearing. Altogether there are v e possible
gearings: S-1.0,S-0.5(short positions), 0 (neutral), L+1.0 and L+0.5 (long positions).
For example,a gearing of 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 separateprogramsthat run in parallel on di erent computers. This distributed
architecture allows for splitting up the systeminto its logical componerts. Thus, over-
all reliabilit y is enhancedas well asa simpli ed structure of the systemis ensured.



2 OLSEN TRADING MODELS 6

OIS USD-CHF 40 TM History 27.03.92 16:45

Position: S-1.0 1.4980 27 Mar 16:38 Average: 1.5005 Stop: 1.5460
Curr: 16:45 1.4990 +0.1% Status: No deals expected

27 Mar 16: Down trend confirmed s-1. 1.4980 0%
25 Mar 14: Trend turning down s-0. 1.5030 1%
19 Mar 13: Up trend confirmed Ltl. 1.5065 0%
19 Mar 10: Trend turning up L+0. 1.5030 . 6%
18 Mar 17: Down trend confirmed s-1. 1.4923 0%
17 Mar 08: Trend turning down s-0. 1.4952 2%
20 Feb 09: Up trend L+1.0 1.4985 0%

Feb 09: Save profit Neutral 1.4982 9%
14 Feb 14: Up trend L+1.0 1.4565 0%
Feb 14: Save profit Neutral 1.4585 .8%
Feb 11: Up trend confirmed L+1.0 1.4225 0%
11 Feb 10: Trend turning up L+0.5 1.4155 . 6%
06 Feb 08: Down trend confirmed s-1.0 1.4040 0%
05 Feb 16: Trend turning down s-0.5 1.4103 . 6%

Since 03 Jan 92 Total Ret: +5.7%( +5.7%) Av.Profit: 3.2% Av.Loss: -0.6%
Deal # 19 Trade # 9 Deals Per Week: 1.6 Profit/Loss: 0.5

Olsen & Associates, Zurich Tel. 41-1-386 48 48 < Type ? for info >

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
Iter 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
jgj 1is generated.

Alas, before erntering a new position, other considerations have to be taken into ac-
count: Running parallel to the gearing calculator the stop-lossdetector o sets open
positions if a stop-losshasbeenhit. This stop-lossis a dynamic oneasit starts moving
upwards for favorable price moves, thereby it allows for pocketing in almost any prot 2.
In addition, the deal acceptor hasto 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

dealsthat are recommendedby the gearing calculator and that are authorized

by the deal acceptor and

dealsthat are implied by the stop-lossdetector

The so-calledopportunity catcher then provides the user with a trading signal on the
user-agen. Moreover, the opportunity catcher collects pricesto 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 performance’.

raw price data

prices

Price

filtered prices

deal recommendations

deal recommendations

Price Collector

Filter

Price Database

Deal Acceptor

Stop-loss Detector

Opportunity Catcher

simulated deals

Book-keeper

|
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1
|
|
1
|
1
|
1
|
1
1
1
1
|
1
1
1
|
1
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1
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1
|
1
|
1
|
1
1
1
1
|
1
1
1
|
1
|
1
|
|
|
|
1
|
1
|
1
1
1
1

O&A Headquarters

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 force of 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 modied business time scale

Concerning the nature of time we already suggestedthat physical time is no longer
suitable - as demonstrated by the Olsen Group®. Instead, they employ a businesstime
scale,i.e. onethat relatesto businessactivity. For example, a very simple business
time scalewould only count businesshours while omitting inactive periods. Modify-

ing this approact one expandsperiods of high volatilit y (e.g. overlapping of markets)
whereasperiods of low activity (e.g. lunch) are contracted. This is the main idea of
the so-called#-time which has beendesignedto model daily and weekly uctuations

of activity.

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

X3

a(t) = ap+  ag(t)>0
k=1
where the a‘,z(t) are functions of physical time t. Sincethe baseactivity ap is small, it
is straightforward to write

a(t) = () + 2 > 0

The businesstime # is then obtained via integrating:
|

Z NE ' ZANIE
#t)=  ap+ a(t) dt= ay(t) dt (1)
to k=1

2.3.2 The EMA-Op erator

The model's main componert is a momertum, in particular one analyzesthe di erence
of the current log-middle-price x and its moving averagecomputed in #-time:

My( #;#) = X MA( #:.#) (2

where #, denotesthe range of the moving average. The MA-op erator of choiceis the
so-calledEMA-op erator, thus the underlying weighting function declinesexponertially
when going badk in (#-)time. Due to the fact that the data is not equally spacedover

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

Zc

EM Ax( #:#e) = e T x(#)d# 3)

r
1

wherein ¢ abbreviatesfor current. For computational purposesit is conveniert to stick
to the following recursion formula:

EMAL( #:#)= EMA( ##: 1)+ (1 )Xc+ ( ) Xc (4)
where X¢;= Xc Xc 1. Dening #.= #: #. 1 onecanshow that

#c
= e r =

" °

=1le =

As a reasonablechoice for the initial value of the EMA one nds xj:
EMAL( #r;#1) = X1 5)

Sincethe exponertial weighting function gives strong emphasison the recert past one
runs the risk of introducing short-term noise. To avoid thesetroubles other weighting
functions are obtained by applying the EMA operator iterativ ely:

EMAM = EMA EMAM V( #:#) (6)

where EM A&O)( #r;#c) = Xc. The order of the EMA operator is determined by n.
Furthermore, a moving averageof the following form is nally chosen:

1

(m;n) —
EM A} - m+1i=m

EMAD( #;#) (7)

Hence,(7) represens the meanof EMAs of di erent orders. Its corresponding weighting
function exhibits desirable properties:

lesserweight is given to the recert past - in comparison with simple EMA-
operators

around the so-calledcerter of gravity, (m + n) #,=2, the weighting attains its
maximum

going further bad in time is accompaniedby smoothly declining weights.
Recalling (2) the indicator is setto be a momertum of the following form:

1

e EM A(mn)
s( #:;m;n) X X (8)

I

wheres( #;;m;n) is a scaling factor.
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2.3.3 Trading Signals

Trading signals occur when the indicator |, crosseshreshold values. Generally, there
are two di erent typesof trading signals:

Trend Signals

|« either generatesa "buy" signal if it exceedsthe given threshold value or a
"sell" signalif it exceedsthe respective negative threshold value. For successful
trend following these threshold values have to be chosencarefully. Presumably,
low valuesare preferred.

Overbought/Oversold Signals

These signals indicate cortrarian 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 Ix.

Howevwer, these threshold valuesvary depending on seeral 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 ¢ behavior, the respective model might not perform
satisfactorily in other market states. Theserapidly changing markets thus enforcethe
developmert of more sophisticated models. As an example we 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 erent market situations and
to pursuedi erent strategiesaccordingly.

Similarly behaving agerts are grouped together as market components

The conceptof a market componert model is basedon the obsenation of heterogenous
markets. This implies the implementation of submodels for every market componert.

Olsen distinguishes betweendi erent market componerts by assigningtime horizons°.

In this regard the term time horizon correspondsto the time that passedill a market
componert 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 componerts. Each of the corresponding submodel is characterized by the
following structure:

SseeMuller 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 channelindicators identify the current market state.

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

Summing up, we state that ead submodel represents the views and actions of a group
of traders and computesdi erent dealrecommendations,respectively. Combining these
leadsto an overall gearing.

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

2.4.1 Positions and Flows

Let P; denotethe FX position of the j " market component, j = 1;::;n, wheren refers
to the longest time horizon® . Except for these long-term componerts the market
componerts' FX positions all exhibit a reversionto the meanwithin the sampleunder
consideration. Mathematically speaking, one puts

@E(jPa(t+ ) Pn()j)>0 >0 9)
for the long-term componerts’, whereascomponerts with j < n follow:
EGR(t+ ) P(®))j) O (10)

Considering a componert's changesof positions we introduce P; to be the net ow
from that component to someother componeri(s). Obviously, the sum of o ws must
be zerofor any tick interval: X
Pi=0 (11)

i
Alas, this equation is not valid anymore when regarding the long run, due to factors
that may e ect the owsaswell, like interest rates. For simplicity, we let the long-term
componerts serwe as a bu er for any deviations of (11) from zero. In doing so we
introduce a biased P, but its e ects are of minor interest.
It is important to recognizethat sometransactions are not captured, e.g. those inside
market componerts.

6As said before, Olsen considersn = 6 to be a reasonablechoice
’One hasto notice that the FX markets are dominated by short- and mid-term traders, thus
the long-term traders only accourt 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, one question arises: what
doestrigger thesetransactions? Olsenimposesthe 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 serne
asa bu er, thereby providing liquidit y to the market. However, traders are allowed to
be active one period and passiwe the next.

Market forcesare closelyrelated 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(to) (12)

We now want to link this price move to the net force F. The price move's order of
magnitude dependson both the force F and the market liquidit y. Thus, we arein favor
of modeling market forcesand market liquidit y for predicting price moves.

The total force F is simply the sum of all forcesF;:

F= F (13)

In cortrast to o ws this sum is not equal to zero, thus ows and forces are not the

same. Introducing the capacity C we now try to mimic liquidity. C varies with time,

moreover, it dependson the activity a(t) of the respective market. Again, #-time is at
hand, allowing for the following approximation:

#

a(t) = @ I

@ t

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 activity a. Writing

(14)

F=cC x (15)

modelsF to belinearin x and C. In other words, this impliesthat X is proportionate
to F=C and F=a, respectively. For F = 0the market is saidto bein equilibrium. In this
case,onedenes F; = Pj, i.e. all forcesare o set by corresponding o ws. Generally,
the ow Pj is modeled as follows:

(16)
where P; represerts the th componert's willingnessto o er bu ering capacity. De ne

(17)

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

X X
P = ( Pj Fj)= Fj= F = CFC 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 componerts.
Usually, a componert is mainly concernedabout its increasein wealth, denoted W;.
For the sake of modeling the following approximation is used (within a small tick
interval):

W = (P P) X (19)

where > 0 allows for transaction costs. Straightforward, one nds
W (tc) = Wj(to) + W, (20)

to be the current wealth of the j " componert. Dependert on its recert suaessS; (in
terms of wealth) a market componert choosesdi erent strategies. Thus, it is useful to
model success.This is done as follows:

S()= Wi(t) EMA( W) (21)

wherethe EMA-range th“C canbeinterpreted asa successnemory, roughly speaking.
For example, this model allows short-term traders to clear their successmemory over
weelend, as can be obsened in real life. Obviously, successmemory t# and time
horizon ; are somehav related. A suitable model is:

tjsuc = C| (22)
where time is measuredin days, 0:65and ¢ 9. For further considerationsit is
useful to introduce relative succes:

0 1
S (t Wi (t EMA( t3U W,
5() = 4 1 (0 @ V4! LT o (23)
EM A( tjrelsuc; sz) EM A( tjrelsuc; sz)

One should not worry too much about the denominator. In essences; can be linked
to certain behavioral patterns of market componerts. For example,s; < 1 indicates an
increasein the componert's risk aversion due to recert losses.In turn, large values of
sj goin hand with an decreasein risk aversion. Moreover, s; allows for modeling the
componert's motivation for active trading:

_ _ " Sj )+ 05
Mj(t)= 1+ p T+ (5 (1) * 05)

(24)

One easily nds that M;(t) 2 (0;2). Dierentiation with respect to s; furthermore
reveals @ Mj(t) > 0. In conjunction, M (t) is an asymmetric quantity asit assigns
zerosucceswith 1.45motivation units. Thus, the impact of losseson the componert's
behavior is tremendous.
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2.4.4 Dynamics

Instead of consideringthe total force of a tick interval we will now focus on the force
per unit time, denotedf :

Fi
ot
Respectively, f is givenby F= t. The above quartity is assumedto have the following
form:

fj = (25)

fj — fjrev+ fjinf 0 (26)

where the superscripts already indicate the underlying causesof forces. fjre" accourts
for the reversion force that any risky position exerts, more or less. The force induced

by new information, fji”f °, is decomposedas well:
inf o _ ¢ pers innov
£ 0= P (27)
Again, the superscripts are indicative. The force exerted by new information, fji”f °

is designedas a sum of a persistert force, f %, and an innovation force, f /™" . The
former is assumedto be predictable, whereasthe latter is of stochastic nature. In
particular, the reversion force is modeledin this fashion:

%
f/®(to) = P (to) (28)
j

Therein, % represeits the componert's attitude towards risk and ; still denotesthe
componert's time horizon. The latter is raisedto a power of R, again, dependert on
its time horizon. Dealing with the matter of risk requires further modeling, we only
illustrate the main idea:

% = % (a(to); M;) + % (29)

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

X .
f = fj - (fjrev + fjpers + fjlnnOV) (30)
] ]

Via (16) the net ows reerter the stage:

Pj — (fjrev+ fjpers + fjinnov) t+ Pj (31)
Rearranging the above equationsyields
. X X
flnnov - ijnI"IOV - f (fjrev + fjpers) (32)

P= F (33)
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Both quartities canbe computed, alas, werather liketo assesshe yet missingquartities
f{"M° and P; . For this purpose,it is usefulto introducea variable ! j that describes
the current weight of the market componert:

| (to) = a(to) inter day
VYT minfat)jto t to+ ;] intr aday

Using theseweights one can attribute the proportion of innovative forcesto ead of the
componerts, samething with the bu ering capacity of a componert.

2.45 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 specic 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 ¢ environments. Due to rapidly changing markets one thus desiresto

designmodelsthat allow for detecting di erent states of markets. Markets are de ned

by its partaking agens. Hence,a reasonableapproad is to model theseagerts. In line

with the theory of heterogenousmarkets Olsen distinguishes betweendi erent market

componerts by assigningtime horizons. In modeling the forcesexerted by ead of the

market componerts one hopesto predict its impact on future price moves. Moreover,

a trading strategy that adapts to di erent market states is implemented to generate
superior returns. To what extent the latter task is attained in real life is examinedin

the following section.
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3 Performance Analysis

Determining the performanceof an investmert strategy requiresappropriate measures.
Any of thesemeasuresshould take into account both the return and the risk assaiated
with the strategy. For example, one might compute the reward-to-variability ratio,

better known by its founder's name: the Sharpe Ratio.

In pursuing the performance analysis we proceed as follows: First, some basic mea-
suresof risk and return are introduced in order to describe the models' performance.
We considerreal-time data for both models, trading model 40 and trading model 80,
applied to various currencies. Second,the samedata servesfor the computation of the
aforemertioned 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 introduce somemeasuresof return and risk , respectively.
The simple return is simply the simple return r; of the it" transaction.

The total return Rt is given by
X
Rt = ri
i=1
wheren is the number of return generatingtransactions. 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

¥
Cr= (@@+n) 1
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=tg to:
DT = max(Rta Rtb j to ta tp tE)
The standard deviation S of simple returns r,...,r, is empirically given by
r
1

-1 n .
wherer = & Lirj .
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3.1.1 Trading model 40

Examining the performance of trading model 40 we have analyzed a period of about
6 years, beginning January 1, 1996. Altogether, trading model 40 has beentested for
5 major currency rates and a portfolio that givesequal weight to ead of the 5 rates.
Due to little trading frequencyunrealizedreturns have beenincluded instead of merely
dealing with realized ones. Thereby, the risk assa@iated with the strategy has been
characterized properly. Furthermore, leveraging, transaction costs and managemem
feeshave beenexcluded.

Let us now turn our attention to the rst rate: USD-CHF. The corresponding per-

formanceis depicted in gure 3a. In particular, the reinvestedreturns are displayed -
on a monthly basis.

TM 40: USD-CHF

N L
M MWW
- \/\/V\l W \/\ A\

Jan 96 Jan 97 Jan 98 Jah 99 Jah 00 Jan 01L\/ \_a)\ 2
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Figure 3a TM40 (monthly)

The meanmonthly return hasbeencomputedusingthe last recent 18 months, the

given standard deviation refersto the sameperiod. Pursuing the above analysis
on a daily basisone obtains gure 3b.
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consideration. Howeer, 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 obsened aswell when looking at returns for other rates, i.e.
EUR-GBP ( gures 4a, 4b) and EUR-USD ( gures 5a, 5b). Givena low risk pro-

le thesemodelsgeneratedmodestreturns in the rst 2-3years,but then again,

the proceedsvanishedsteadily. Models engagedin JPY ewven performed worse,
see gures 6a, 6b and gures 7a, 7b. For USD-JPY the steadydeclinehasled to
a net lossof some20%. When applied to EUR-JPY trading model 40 generated
returns that were completely di erent from those of the other rates. They were
up in four months, and badk down in four.
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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; ea of the rates has
equal weight. Sincetheserates all demonstratedsimilar behavior the resulting
portfolio hasnot led to favorable results either, see gures 8a, 8b.
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Figure 8a TM40-Portfolio (monthly) Figure 8b TM40-Portfolio (daily)

3.1.2 Trading model 80

The performanceof the trading model 80 has been analyzed over a period of
about 3 years,beginning January 1, 1999. Again, the model has beentested for
5 ratesand the respective portfolio. Leverage,transaction costsand managemen
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.
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Figure 9b TM 80-USD-CHF(daily)
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TM80: EUR-JPY TM80: EUR-JPY
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Again, one obsenes clustering of lossesin bad periods and clustering of gains
in good periods, respectively. By setting up a portfolio one hopesto overcome
these problems. Unfortunately, the analyzed portfolio has not succeededccon-
cerning this matter ascan be seenin gures 14a, 14b.
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3.2 The Sharp e Ratio

In 1966,Sharpe introduceda measurethat conbinesboth the risk and the return
of an investmen strategy. In particular, the Sharge Ratio of a portfolio is the
expected excessie return divided by its assaiated risk. The latter is given by
the return's standard deviation, in other terms:

SR = M (34)

P

wherer; denotesthe riskfreeinterest rate. One canthink of the Sharpe Ratio as
an excessie return per unit risk. It hasbeena vastly usedperformancemeasure,
especially in the eld of mutual funds. For empirical purposeswe 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: 0 .

SR= 12 < 35
5 (35)

whereT denotesthe meanmonthly return and S is the correspnding standard
de\ﬁat_ion of monthly returns. In order to annualize, this fraction is multiplied
by = 12 The riskfree rate drops out as all returns generatedby the models are
excessie ones.

321 TM 40vs TM 80

When ranking by Sharpe Ratio, high values are preferredto low values. One
usually dealswith the Sharpe Ratio's most recert value. Implicitly , somepredic-
tive value is attributed to this quartity. For this to be a reasonableassumption
the Sharpe Ratio should at least meet the criterion of stability to someextert.
On this accoun it is usefulto considera seriesof subsequen (ex post) Sharpe
Ratios. This roll-over analysisis depictedin gures 15a-20b.The samerates are
covered - confrorting trading model 40 with trading model 80. Recall that the
modelsrefer to periods of di erent length. In line with our previousanalysiswe
obsene a steady declinein the Sharpe Ratio for the trading model 40. Again,
the results for the trading model 80 are not corvincingly either.
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There is oneimportant obsenation to be madefor all modelsand ratesinvolved:
The Sharpe Ratio is numerically instable. For someratesit falls from incredibly
high values, 2.5, to extremely low values,-1. For other ratesit is headedthe op-
posite direction. Thus, one questionarises:what is the origin of this instability?
Consideringlow risk instruments, at leastin terms of standard deviation, onehas
to be aware of the seriousimpact inducedby low valuesof the standard deviation.
Becauseof this instability and other de cienciesthe 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
whetherit is capableof outperforming rather simple technical trading strategies.
The strategy of choiceis the so-calledtrading range break-out Given a trading

range one determinesthe local maximum within this range. In turn, the local

maximum de nes the so-calledresistane level. Breaking through this resistance
level generatesa buy signal. The supprt 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 erent trading ranges,i.e. 40, 50 and 100 days.

Figures 21 and gure 22 portray the performanceof trading model 40 for both
rates. Moreover, theseresults are confrorted with the respective performance
generatedby simple trading rule, see gures 23-28. The left column refersto
EUR-GBP, the right columnto EUR-JPY. Interpreting these gures one hasto
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.

Figures 29-36depict the sameanalysis, pursuedfor trading model 80. For EUR-
GBP, trading model 80's performanceis wealer than the trading rule's perfor-
mance. However, the latter have not been performing corvincingly either. For
EUR-JPY, the rules basingon short trading rangesand trading model 80 reveal
similar behavior. At least, the trading range of 100 days allows for somepro t.
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Trading model 40:

Figure 21 TM 40-EUR-GBP

Figure 23 EUR-GBP-C40

Figure 25 EUR-GBP-C50

Figure 27 EUR-GBP-C100
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Figure 22 TM 40-EUR-JPY

Figure 24 EUR-JPY-C40

Figure 26 EUR-JPY-C50

Figure 28 EUR-JPY-C100
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Trading model 80:

Figure 29 TM 80-EUR-GBP

Figure 31 EUR-GBP-C40

Figure 33 EUR-GBP-C50

Figure 35 EUR-GBP-C100
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Figure 30 TM 80-EUR-JPY

Figure 32 EUR-JPY-C40

Figure 34 EUR-JPY-C50

Figure 36 EUR-JPY-C100
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4 Conclusion

Two trading models, deweloped by the Olsen Group (Zurich), have been pre-
serted in this paper. Whereastrading model 40 is merely momertum-based,
trading model 80 is characterizedby a more sophisticatedapproad: its aim is
to model the behavior of di erent market componerts.

Questioning the theory of e cient markets we have analyzedthe performance
of both models. For this purposea rather traditional approad has been fol-
lowed. We have computed basic measuresof risk and return for ead of the two
models being applied to seeral currency rates. In order to assesshe models'
risk-adjusted performancethe well-known Sharpe Ratio hasbeenemployed. Ap-
parertly, this quartity hasnot beenan appropriate choice due to its numerical
instability®. Following, we have comparedthe respective trading model with a
simple technical trading rule. Howeer, the obtained results have to be handled
with care: Olsen'smodels have 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 corvincing. Hence,there is a lot of researt to be
done advancing the frontiers of nance.

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