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COMPARATIVE ANALYSIS OF TRADING SYSTEMS PERFOR-
MANCES WITH RESPECT TO TRANSACTION COSTS (Part I1)

E.A. JANAHMADOV!

The purpose of this paper is to compare and analyze the performance of trading rules applied to the underlying and
derivative products. Three different trading market indictors were chosen from the range of trading rules according to their
performance relatively to Dow Jones Industrial Average. On the basis of these technical indicators the automated trading sys-
tems were developed and then applied to the underlying instrument such Dow Jones Industrial Average. The performances of
trading systems and profit/loss indexes were compared and analyzed. The results are compared with “buy-and-hold” strategy
and performance of underlying security. The results of the research intend to show the effect of the transactions costs on the
performance of trading systems and optimal could be applied to invest into underlying or derivatives of underlying.
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Main Part. Defining methodology (Section 1). So in order to design good automated trad-
ing systems we should try to capitalize on advantages of mechanical approach, and avoid pitfalls
and disadvantages mentioned earlier. We will use the simulation approach, or historical back-
testing. It is the powerful analytical techniques ever devised to find effective market strategies.
The correct way to test Technical Market Indicators is to use walk-forward, blind simulation, also
known as ex-ante cross validation. This is an orderly, systematic procedure for realistically testing
a hypothesis that can be performed in nine steps. These nine steps are described by Robert W.
Colby in his book The Encyclopedia of Technical Market Indicators [1 — 5].

1. Form Hypothesis. Start with a reasonable hypothesis about market behavior, one well- found-
ed in logic and observation. There are more than hundred promising and clearly defined hy-
potheses (Technical Market Indicators) to choose.

2. Get Data. We acquire the largest quantity of accurate historical data on tradable financial in-
strument of interest that we can find. The more data, the greater is the significance of our test
results.

3. Check Data. We carefully examine our data to insure its accuracy. The easiest way to check
data is to chart and then look for outliers, or odd excursions. Also, we systematically spot
check the rest of our data against an independent data source. Accurate data is essential for
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testing indicators.

4. Segment Data. Divide the database into reasonable fixed-length time intervals, such as years,
quarters, months. The initial data segment should be the longer than rest.

5. Optimize. Load the earliest data segment, and then find the specific parameter that would have
maximized reward/risk performance. Optimization, which is also known as curve-fitting, is
the systematic search for the beast specific indicator parameter — best in the sense that this pa-
rameter would have produced the highest and most consistent net profit relative to the worst
peak-to-trough drawdown in cumulative equity. The best parameter for the oldest data seg-
ment is found through brute-force number crunching: we systematically vary the values of the
parameter in our selected indicator formula in order to identify which specific constant would
have produced the highest returns relative to risks of loss. We strictly limit our optimization to
the earliest data segment in order to avoid over curve-fitting. The earliest data segment we use
to find our best specific parameter is know as seen data (or in-sample data), while later and
more recent data segments not yet used are known as unseen data (or out-of-sample data). We
hold back the more recent unseen data segments for walk-forward simulation (Step 6). Here in
Step 5, we make note of which specific parameter would have produced the optimal re-
ward/risk performance, but we do not record any performance data based on seen data. Rather,
only performance data based on unseen data can be counted in our walk-forward simulation
performance evaluation. (in Step 9).

6. Walk Forward. This newly discovered, optimal indicator parameter (from Step 5) is projected
forward in time into the next ad most recent segment of out-of-sample, unseen data that was
not included in the brute-force optimization search. We record the performance for this simu-
lation for evaluation (in Step 9).

7. Add. We add the data segment we just used for our walk-forward simulation (Step 6) to our
previously seen database (from Step 5). After each walk-forward step, our seen database
grows and our unseen database shrinks.

8. Repeat the cyclical pattern established in Step 5,6, and 7 until we use all unseen data. We start
the Step 5 optimization process again, with the just-seen data (from Step 6) now included in a
larger seen database we use for optimization in Step 5. After rerunning the Step 5 optimiza-
tion, we use the resulting newly found best parameter to walk forward (Step 6) on the next
segment of unseen data. Then we add back that just-seen data (just used in Step 6) to the seen
optimization database (from Step 5), which grows larger with every repetition. We repeat this
loop, performing Steps 5, 6, and 7 over and over again until we walk forward over all unseen
data, bringing us to the current moment in time. This may seen like work, but it is extremely
quick and easy compared to judging and indicator in real-time, one day at time.

9. Evaluate Results. If we have acquired enough clean (accurate) data, and if we have broken
that data into enough segments, we have gained a realistic perspective on how indicator would
have evolved and performed through many iterations over the years. We have seen whether or
not our indicator would have been sound and consistent through past time. We can now com-
pare the simulated results of a variety of indicators so that we can select the best indicators for
real-time application. We have an objective basis to accept or reject our indicator hypothesis.

Setting the data (Section 2). In order to develop our analysis we use the daily open, high,
low, close and volume values for Dow Jones Industrial Average from 1st of October, 1928 to 24th
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of November, 2004 (19,120 values). The acquired historical data is largest in terms of quantity.
The data has been carefully examined by systematic spot check and insured concerning its accu-
racy. Accurate data is essential for testing indicators. The data set was divided accordingly into
reasonable fixed-length time intervals, Training Set, Test Set and Prediction Set as it is shown in
Table 2. The source of DJIA values is www.finance.yahoo.com.

Table 2.
Dow Jones Industrial Average Data
Name Initial date Final date No of values
Training set October 01, 1928 April 30, 1959 7648
Test set May 01, 1959 March 08, 1982 5736
Prediction set March 09, 1982 November 24, 2004 5736

The Descriptive statistics of DJIA, given in Table 3 for the range of daily prices from 1st of
October, 1928 to 24th of November, 2004, shows that our data are normally distributed and dis-
tribution is peaked (leptokurtic), due to fact that k>3, and positive skewness means that distribu-
tions have long right tail. Load the data segment will help to find the specific parameter for cho-
sen hypotheses that would have maximized reward/risk performance and produced the highest
and most consistent net profit relative to the worst peak-to- trough drawdown in cumulative equi-
ty.

First hypothesis — Exponential Moving Average Crossover Rule (Section 3). Our first hy-
pothesis is Exponential Moving Average Crossover Rule; it is also referred to as Exponential
Smoothing. It is the most widely used technical indicator of all, and we will use it as benchmark
to compare the measurement of performance of the optimized automated trading systems. The ef-
fect of a Moving Average is to slow down the price movement so that the longer term trend be-
comes smoother (or less volatile) and therefore more obvious. The longer the period of the Mov-
ing Average the smoother the price movement is. The EMA represents an excellent compromise
between the overly sensitive weighted moving average and overly sluggish simple moving aver-
age. Compare to other averaging techniques, the EMA follows the trend of the current data
smoothly and seamlessly, minimizing jumps, wiggles, and lags. The choice of a Moving Average
depends on the trader’s time frame for holding trades. Day traders, for example, would use short-
term MA’s and position traders longer-term MA’s.

Moving Averages can be calculated on either a simple or an exponential basis. A Simple
Moving Average is constructed by totaling a set of data and dividing the sum by the number of
observations. For a Simple Moving Average the values for each day are all given the same
weighting. The resulting number is the mean average

N

1

nZ Ce
t=1

where C,— the closing price, N — number of observations.
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The formula for an Exponential Moving Average for n-days is

Et = (1 - a)Ct + aEt_l, a = ﬁ,

Where E, — the Exponential Moving Average for the current period, C; — the closing price

for the current period, a — a smoothing constant, 0 < a < 1, E,_; — the Exponential Moving Aver-

age for the previous period, n — the total number of periods.

Table 3.
The Descriptive statistics of DJIA
Open High Low Close Volume
Mean 1845.7 1866.3 1825.1 1846.1 1.5287e+006
Std.Devn. 2841.2 2878.2 2804.0 2841.7 3.4326e+006
Skewness 2.1359 2.1397 2.1320 2.1352 2.9585
Excess 3.3390 3.3560 3.3233 3.3360 8.5510
Kurtosis
Minimum 41.630 42.610 40.560 41.220 1300.0
Maximum 11719 11909 11506 11723 2.7756e+007
Asymptotic test: 23419.[0.0000 23561.[0.000 23284.[0.000 23394.[0.000| 86145.[0.0000]
Chi/\2(2) ]** 0]** 0]** 0]** *k
Normality 61199.[0.0000 61422.[0.000 60928.[0.000 61169.[0.000| 92473.[0.0000]
test: Chi*2(2) 1** 0]** 0]** 0]** *x
Correlation matrix
Open 1.0000 0.99996 0.99995 0.99992 0.92390
High 0.99996 1.0000 0.99994 0.99996 0.92423
Low 0.99995 0.99994 1.0000 0.99996 0.92345
Close 0.99992 0.99996 0.99996 1.0000 0.92394
Volume 0.92390 0.92423 0.92394 0.92394 1.0000

For an Exponential Moving Average, the values from each day are weighted differently us-
ing an exponential factor which gives greater importance to the values of the more recent days. In
either case, however, the Moving Average is interpreted basically the same way for analysis. A
significant advantage of this superior computational method is that the EMA is never distorted by
old data suddenly dropped because it is not actually part of calculation.

For particular purposes, the effect of past data fades away gradually due to the ever de-
creasing weighting of yesterday’s EMA. The EMA’s method of calculation correctly avoids the
problem of erratic current movement caused solely by irrelevant and obsolete data dropping out of
calculation. There are many ways to use Moving Averages in trading. Among the most popular are
(1) Moving Averages as support and resistance levels, when price of the instrument should stop
and reverse direction for some period of time, and (2) Moving Average Crossovers as buy and sell
signals, when the price of instrument moves above or below a particular moving average.

A Simple Moving Average Crossover system only works well in a trending market. In
sideways market it will tend to give false signals. The Exponential Moving Average is helpful to
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identify trend reversals and is a shortcut to obtain a form of Weight Moving Average. If an EMA is
too sensitive for the monitored trend, one way to sort out the problem is to extend its time period.
Another way is to smooth the EMA by another EMA.

0.00075=FF2 0.00075 H=2

howesp | o.oooso:
oooozs/ Txﬁ_‘u 0.00025 T\

. 2500 5000 7500 10000 12500 0 2500 5000 7500 10000 12500

I
—

o

==t

0.00075

0.00050

S el e

2 |
—

2500 5000 7500 10000 12500 O 2500 5000 7500 10000 12500

0.00075 -F:T:Z"‘m

0.00050 |-
/

5e-700% [
: o.ooozs-/
" Rt U IR | PP B R | P | -. -AM"W

0 Se6 le7 15e7 2¢7 235¢1 3¢l 0 2500 5000 7 10000 12500

2.000081

Figure. Density of Dow Jones Industrial Average Data

The Moving Average Crossover Rule is simply defined as buy when the daily price close
crosses above the Moving Average and sell when the daily price crosses under the Moving Aver-
age.

The MetaStock System Testing rules are written as follows
Buy Order

C > Mov(C,0ptl,E) AND Ref (C,—1) <= Ref (Mov (C,Opt1,E),—1)
Sell Order

C < Mov(C,0pt1,E) AND Ref (C,—1) >= Ref (Mov (C,0pt1 ,E),—1
Buy to Cover Order

C > Mov (C,0pt1,E) AND Ref (C,—1) <= Ref (Mov (C,0pt1,E),—1)
Sell Short Order

C < Mov (C,0ptl1,E) AND Ref (C,—1) >= Ref (Mov (C,0Opt1,E),—1)
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TICAROT SISTEMLORININ FOALIYYOTININ SMOLIYYATIN DOYORIND
NISBOTON MUQAYISOLI TOHLILI (11 hissa)

E.©. CANOHMOSDOV

Mogalonin magsadi asas vo slavo mohsullara totbiq olunan ticarst qaydalarinin effektivliyini miiqayiso etmok vo tohlil
etmokdir. Dou-Cons Sonaye Indeksino nisbaton onun gostaricilorine uygun olarag, ticarat qaydalar1 arasindan ticarot bazarimin
¢ forqli gostaricisi segilib. Bu texniki gostaricilor asasinda avtomatlasdirilmis ticarat sistemlori islonib hazirlanib vo sonra
Dou-Cons Senaye Indeksi kimi baza avadanligina totbiq edilib. Ticarat sistemlorinin gdstoricilori vo monfaot/zorer gostericilori
miigayiss edilib va tohlil edilib. Naticalor “al vo saxla” strategiyasi ilo vo asas tohliikesizlik gostaricilori ilo miigayiss olunur.
Tadgqiqatlarin naticaleri eamaliyyat xarclorinin ticarat sistemlarinin faaliyyatine tasir géstarmok moqgsadi dastyir. Optimal haller
asas vo tdramo maliyys avadanliglarinin investisiyasina totbiq edilo bilor.

Acar sozlor: ticarat sistemlori, baza (asas) avadanhqlar, manfaat/zarar, gostarici.

CPABHUTEJILHBIA AHAJIN3 JEATEJGHOCTH TOPTOBBIX CUCTEM
B OTHOLIEHUU CTOUMOCTHU ONEPALIMU (vacms 1)

D.A. IDKAHAXME/JIOB

B crarse maercsa cpaBHeHHe U aHANN3 () (HEKTUBHOCTH TOPTOBBIX MPABUII, IIPUMEHSIEMBIX K 0a30BBIM U IPOU3BOAHBIM
npoaykTam. M3 psiia TOPTOBEIX NPaBMII BEIOPAHBI TPU PA3NNYHBIX WHIMKATOPA TOPTOBOTO PHIHKA B COOTBETCTBHUHM C MX MOKa-
3aTeJsIMH OTHOCHUTEIBFHO MPOMBIIUIEHHOTO HHAekca Jloy-/IxoHnca. Ha ocHOBE 3THX TEXHHYECKUX MHIMKATOPOB Pa3pabOTaHbI
ABTOMATHU3UPOBAHHBIE TOPTrOBBIE CHCTEMBI, KOTOPbIE 3aTeM ObUIM NMPHUMEHEHBI K 0a30BOMY MHCTPYMEHTY, TAaKOMY Kak IpO-
MBIIUICHHBI nHIeke Dow Jones. CpaBHUBAIKCh M aHATU3HPOBAIMCH XapaKTEPUCTUKH TOPTOBBIX CHCTEM M MHAEKCHI «IIPHOBI-
m / yObITKay. Pe3ynbTaThl CpaBHHMBAIOTCS CO CTpaTerHell «IIOKymai M XpaHW» M HMPOU3BOAUTEIBHOCTHIO 0a30BOH IIEHHOW
Oymaru. Pe3ynbTaThl HccieioBaHMs MPU3BaHBI TOKA3aTh BIMSHIE TPAH3AKIMOHHBIX M3/EPKEK Ha MPOU3BOJUTEILHOCTE TOP-
TOBBIX cucteM. ONTUMAaNbHBIE PEIICHNS MOTYT OBITh IPHMEHEHBI IJIsI MHBECTHPOBAHUS B 0A30BBIH aKTHB WM IPOM3BOAHBIE
(hMHAHCOBBIE HHCTPYMEHTEI.

Kniouesnle cnosa: mopeoguie cucmemvi, 6a308blii UHCMPYMEHN, NPUOLLIL-YOLIMOK, Pe3VIbmam.
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