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COMPARATIVE ANALYSIS OF TRADING SYSTEMS PERFOR-

MANCES WITH RESPECT TO TRANSACTION COSTS (Part II) 
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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 

 

 
∑  

 

   

 

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

   (   )                  
 

   
, 

Where    – the Exponential Moving Average for the current period,    – the closing price 

for the current period,   – a smoothing constant,      ,      – the Exponential Moving Aver-

age for the previous period,   – 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 

Kurtosis 
3.3390 3.3560 3.3233 3.3360 8.5510 

Minimum 41.630 42.610 40.560 41.220 1300.0 

Maximum 11719 11909 11506 11723 2.7756e+007 

Asymptotic test: 

Chi^2(2) 

23419.[0.0000 

]** 

23561.[0.000 

0]** 

23284.[0.000 

0]** 

23394.[0.000 

0]** 

86145.[0.0000] 

** 

Normality 

test: Chi^2(2) 
61199.[0.0000 

]** 

61422.[0.000 

0]** 

60928.[0.000 

0]** 

61169.[0.000 

0]** 

92473.[0.0000] 

** 

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.  

 

 

 

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 

     (         )          (    )       (    (        )   ) 
Sell Order 

     (        )         (    )        (    (         )    

  Buy to Cover Order 

      (        )         (    )       (    (        )   ) 

  Sell Short Order 

      (        )         (    )       (    (        )   ) 
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TİCARƏT SİSTEMLƏRİNİN FƏALİYYƏTİNİN ƏMƏLİYYATIN DƏYƏRİNƏ  

NİSBƏTƏN MÜQAYİSƏLİ TƏHLİLİ (II hissə) 

 

E.Ə. CANƏHMƏDOV 

 

Məqalənin məqsədi əsas və əlavə məhsullara tətbiq olunan ticarət qaydalarının effektivliyini müqayisə etmək və təhlil 

etməkdir. Dou-Cons Sənaye İndeksinə nisbətən onun göstəricilərinə uyğun olaraq, ticarət qaydaları arasından ticarət bazarının 

üç fərqli göstəricisi seçilib. Bu texniki göstəricilər əsasında avtomatlaşdırılmış ticarət sistemləri işlənib hazırlanıb və sonra 

Dou-Cons Sənaye İndeksi kimi baza avadanlığına tətbiq edilib. Ticarət sistemlərinin göstəriciləri və mənfəət/zərər göstəriciləri 

müqayisə edilib və təhlil edilib. Nəticələr “al və saxla” strategiyası ilə və əsas təhlükəsizlik göstəriciləri ilə müqayisə olunur. 

Tədqiqatların nəticələri əməliyyat xərclərinin ticarət sistemlərinin fəaliyyətinə təsir göstərmək məqsədi daşıyır. Optimal həllər 

əsas və törəmə maliyyə avadanlıqlarının investisiyasına tətbiq edilə bilər. 

 

Açar sözlər: ticarət sistemləri, baza (əsas) avadanlıqlar, mənfəət/zərər, göstərici. 
 

СРАВНИТЕЛЬНЫЙ АНАЛИЗ ДЕЯТЕЛЬНОСТИ ТОРГОВЫХ СИСТЕМ  

В ОТНОШЕНИИ СТОИМОСТИ ОПЕРАЦИЙ (часть II) 

Э.А. ДЖАНАХМЕДОВ 

В статье дается сравнение и анализ эффективности торговых правил, применяемых к базовым и производным 

продуктам. Из ряда торговых правил выбраны три различных индикатора торгового рынка в соответствии с их пока-

зателями относительно промышленного индекса Доу-Джонса. На основе этих технических индикаторов разработаны 

автоматизированные торговые системы, которые затем были применены к базовому инструменту, такому как про-

мышленный индекс Dow Jones. Сравнивались и анализировались характеристики торговых систем и индексы «прибы-

ли / убытка». Результаты сравниваются со стратегией «покупай и храни» и производительностью базовой ценной 

бумаги. Результаты исследования призваны показать влияние транзакционных издержек на производительность тор-

говых систем. Оптимальные решения могут быть применены для инвестирования в базовый актив или производные 

финансовые инструменты. 

Ключевые слова: торговые системы, базовый инструмент, прибыль-убыток, результат. 
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