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Phase 1 I

Ful:ures Raww Data

\ﬁb

[ Generate 14 kinds of candlestick chart data used in ]

general
using raw futures 1min data

Phasezl

[ Trading decision rule generation ]

Trading
Simulation

method
te‘::':l'::;el Generate Select
reduct reduct
lndlcal:ors
Decision tree
method
Phase3 I

[ Analyzing performance of trading decision rules ]

D ) D ) D

Figure 4.1 The proposed investment strategy of this study

Table 4.1 Classification of the transformed data

index trading interval (min) daily trading number
1 5 72
2 10 36
3 15 24
4 20 18
5 30 12
6 40 9
7 45 8
8 60 6
9 90 4
10 120 3
11 180 2
12 240 1.5
13 360 1
14 720 0.5

Aol e AT £ 259 NeA ARV A9 ste] 7R YD) 7)eF A Re
AEe AR Ed oY AR A T A L Aol AR 344F 579 714
AEE A9HTh £ A Adubgel dete 2aold T3 2ol F 62, 1222 Aol sho] ululit
42 Yk mebd o g BT wuFH S Edold T2 Aol MiviH 44 PuE, v
NZZA ) Asel e ThAA) AT 2Tk
Edo]g AEd ol 4 B3t o AHE AT whg el o3 649 Edloldom HYH vivh A2
=770 AlE o] 4 A Table 4.29} Table 4300 LR Sich. A% QB A5 A} v w3}

27 Ade JEzALe] B FdES iedFor A sto] 7 vjv) A7 H4 9] Edeold



Using rough set to develop the optimization strategy of evolving time-division trading 887

A 7ot vl sttt 60 A S vl A ZHA o] Froldp & g olE o] wWol| oL, AojApE £ 9
Fol SR AT o= AT e 2W2 AP EESL Aturt ¥ £BL AL 5 2L
v g,

Edold Algd ol d it A Z U o] wiufotF AAE Hlaste] B ol EoA
ARG el k7 o e 43E BYov DAY gagonz Yakal 47t e g
T 271 ol Joh JAE AU o] Blaa (A7 Fatste B A Ee] At Ao,
28 Paze £& 500 etk WA (high risk high return) £ VEA I AL FAY 5
e,

Table 4.2 Yearly yield of 6 month training rules in trading simulation

tradine int 1 return rate (%)

racding merval o006 2007 2008 2009 mean sd
long 6.399 10.267 -25.552 19.603 2.679 19.620
5 -17.136 -34.552 23.240 -47.647 -19.024 30.823
10 -29.533 -32.583 -3.122 -43.835 -27.268 17.232
15 -37.169 -36.944 -27.637 -43.090 -36.210 6.384
20 -19.562 -9.534 -24.350 -12.966 -16.603 6.632
30 -7.858 8.414 -25.693 11.377 -3.440 17.076
40 -2.817 8.853 -23.056 12.562 -1.115 16.028
45 -1.846 9.679 -25.845 16.587 -0.356 18.616
60 1.250 17.838 -33.535 24.253 2.451 25.875
90 2.517 19.772 -34.760 28.727 4.064 28.075
120 4.788 20.792 -31.381 27.287 5.372 26.262
180 4.397 16.434 -27.430 25.873 4.818 23.226
240 4.857 20.601 -27.796 27.537 6.300 24.631
360 4.106 13.152 -20.684 23.116 4.922 18.754
720 5.401 17.363 -26.196 29.097 6.416 23.797
Table 4.3 Yearly yield of 6 month training rules in decision tree

trading interval return rate (%)

rading ttery 2006 2007 2008 2009 mean sd
long 6.399 10.267 -25.552 19.603 2.679 19.620
5 -50.086 -33.340 28.304 -47.268 -25.598 36.673
10 -30.099 -38.970 -0.301 -42.299 -27.917 19.117
15 -26.743 -32.261 -10.140 -27.332 -24.119 9.642
20 -22.227 -12.358 -29.339 -13.106 -19.257 8.081
30 -10.275 3.730 -27.289 8.517 -6.329 16.088
40 -2.973 9.661 -22.484 11.687 -1.027 15.707
45 0.059 13.033 -29.515 21.217 1.199 22.252
60 2.359 18.260 -35.719 25.480 2.595 27.308
90 2.549 19.982 -34.153 26.766 3.786 27.272
120 2.711 17.837 -25.553 24.074 4.767 22.114
180 3.871 17.474 -24.684 23.934 5.149 21.575
240 3.699 17.373 -24.523 26.213 5.691 22.170
360 4.460 12.483 -22.573 22.735 4.276 19.399
720 5.720 15.601 -27.845 26.724 5.050 23.548

ool 6714 Edold 71ZF miulf A} ¥l ste] Table 4.4} Table 4.501 4+ 1270d E g o]y
717b2 AX 8D w2 TY 73 HAE A5 Yehsith 127019 Eglold 7|7 v
AR AR S0y ARaeld BT O AAH YR P L vae, 6719 Eeo)
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vt 2 3 5 DA AR AU e AHE S A9 O AR 9 EY JAT) dobA =
e & F Atk o] Aol mirtA R fAEH faart Fo FRBAE e te He o
ot Aom DU 4 Aok OE 12199 Edold vjujF Aol 6719 =ee]d vl n o)
H 52 FdEH dAE Hole Ao, Edo|d 7|7 Zol7t Edo|g ] At nA= e
W s 4 ok
Table 4.4 Yearly yield of 12 month training rules in trading simulation
o return rate (%)
al
trading interval ' —55 2007 2008 2009 mean sd
long 6.399 10.267 -25.552 19.603 2.679 19.620
5 -8.252 -27.347 38.260 -41.758 -9.774 34.840
10 -25.216  -29.200 13.371 -37.426  -19.618  22.572
15 -21.521  -29.563 10.125 -35.337  -19.074  20.274
20 -19.020 -11.656  -17.788  -19.799 -17.066 3.700
30 -13.454 4.616 -17.643 2.626 -5.964 11.228
40 -7.216 9.444 -24.897 13.228 -2.360 17.453
45 -6.200 8.695 -26.754 14.959 -2.325 18.547
60 0.634 15.333 -30.529 23.207 2.161 23.716
90 1.999 22.861 -40.763 33.593 4.423 32.856
120 3.312 23.300 -36.750 33.423 5.821 31.016
180 5.264 23.611 -35.642 32.678 6.478 30.307
240 6.292 26.641 -38.485 35.150 7.400 32.898
360 5.923 20.234 -30.878 31.237 6.629 27.067
720 6.684 21.720 -34.908 34.056 6.888 30.028
Table 4.5 Yearly yield of 12 month training rules in decision tree
0y
trading Interval return rate (%)
2006 2007 2008 2009 mean sd
long 6.399 10.267 -25.552 19.603 2.679 19.620
5 -7.671 -26.564 39.348 -40.348 -8.809 34.787
10 -21.479  -33.697 13.110 -41.960 -21.007  24.250
15 -19.061  -31.413 10.810 -35.090 -18.688  20.826
20 -24.233  -19.040 -9.975 -26.358  -19.902 7.297
30 -14.251 -1.404 -19.755 1.094 -8.579 10.036
40 -6.727 8.136 -19.907 11.201 -1.824 14.375
45 -2.630 11.447 -27.925 14.737 -1.093 19.409
60 -1.493 17.413 -33.099 21.962 1.196 25.017
90 1.247 21.174 -36.245 29.449 3.906 29.268
120 3.438 25.329 -37.348 33.542 6.240 31.715
180 4.816 23.815 -35.642 32.741 6.432 30.371
240 5.227 24.447 -36.680 33.545 6.635 31.196
360 5.784 21.227 -31.702 31.441 6.687 27.681
720 5.643 22.206 -31.824 30.303 6.582 27.585
1 Aol A Zre wize] whul 722 A Wze] whu FHETh o] A 4} H AP H
ek o) vl Az} Aviek A §3} e HA ) £4e B WEolth of £AL AE EAAY
Y, B vt B st weba A sl Hlfﬂl?ﬂoﬂ EAdo] Frteta g, mjuj= Q1% o] o]
wale] FRTp 2 A2 2HA wle) 79 Fofof k. 7t el & A4S A9 1567)9) o)
Hol AAE = o] Foll 7HE +dE°] F2 Wimi+H e Ao} Fg AfSlFE vwd Ao

Table 4.62} Table 4.7 A X o] &t}
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Table 4.6 Transaction number of 6 month training rules

average best case ratio (%)
5 206.163 192.750 93.494
10 403.202 44.000 10.913
15 566.389 213.250 37.651
20 247.950 106.750 43.053
30 103.438 23.750 22.961
40 60.029 56.500 94.121
45 49.511 126.000 254.488
60 18.146 10.000 55.109
90 7.160 47.750 666.893
120 3.169 0.750 23.665
180 1.642 16.750 1019.97
240 1.315 4.250 323.239
360 0.707 0.750 106.071
720 0.719 0.750 104.348

Table 4.7 Transaction number of 12 month training rules

average best case ratio (%)
5 60.614 1.000 1.650
10 286.298 83.750 29.253
15 267.329 106.750 39.932
20 248.189 93.250 37.572
30 141.345 111.500 78.885
40 80.721 28.000 34.687
45 63.256 79.500 125.679
60 31.304 30.000 95.833
90 9.824 9.750 99.250
120 5.593 9.750 174.327
180 1.295 12.750 984.653
240 3.162 9.750 308.363
360 0.994 5.750 578.710
720 1.056 0.750 71.017

Z+7) 15670 ] mjulof 2 Foll A H 1] $AE& W+ & el Ao AT 1567 B A
Q%R HE AA itk S8, aNEe] g ) He B Ad 2A WA A s
A A A0l WF F& 5018 ek wle) AR5} 27 Bol £k Tebd 5 E o4l
A7 R AN, GRS AL AN 8 FFOE £olo) 24 P WAL AT + A
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trading simulation methed  ----- decision tree method

Figure 4.2 Sharpe ratio of 6 month training rules

I

trading simulation method ----- decision tree method

Figure 4.3 Sharpe ratio of 12 month training rules
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Abstract

This paper proposes to develop system trading strategy using rough set, decision
tree in futures market. While there is a great deal of literature about the analysis of
data mining, there is relatively little work on developing trading strategies in futures
markets. There are three objectives in this paper. The first objective is to analysis
performance of decision tree in rule-based system trading. The second objective is to
find proper profitable trading interval. The last objective is to find optimized training
period of trading rule training. The results of this study show that proposed model is
useful trading strategy in foreign exchange market and can be desirable solution which

gives lots of investors an important investment information.

Keywords: Decision tree, futures market, rough set, system trading, trading optimiza-

tion.
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