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Appendix A

Summary of the all revived articles are presented here

Table A.1 - Summery of the revived articles

map

Ar- Data preprocessing Training method Performance
icle Network type Benchmark models easures
[3] Grey Relational Analy- FFANN BP ANN, ANN / Grey model (1, RMSE
sis N)
[4] Rescaled range analy- FFANN BP ARIMA, 3-Benchmark models NMSE, Sign
sis+ Normalizing+ for profit calculation statistics
sensitive analysis
[5] GA SVM SVR RW ,ARIMA , linear discrimi- Hit ratio
nant analysis, BPANN, SVM,
GA-SVM
[6] Normalizing + Interval Ensemble Proposed multi- Ensemble models trained using RMSE
variation SVM stage SVM-based simple averaging , Simple
nonlinear ensemble | MSE, Stacked regression, Var-
model iance-based weighting ,
Artificial neural network
[7] Normalize GLAR+PCA + | BP Generalized auto regres- NMSE, DS
FFANN- sion(GLAR), ANN, Hybrid,
S8l chsemble Equal weights, Minimum error
[13] N(n'mzllii-g‘ih@iﬁ\ SYM Support-veetor fe3 RandontwalkyRW), SVR RMSE, NMSE
s gressign(SVR) MAD, DS,
= correct down
trend (CD) ,
correct up
trend (CP)
[14] | Normalized Dynamic Ridge | Constructive learn- Multilayer perceptron NMSE, Annu-
Polynomial ing algorithm (MLP),Functional Link Neural | alized Return
ANN Network (FLNN), Pi-Sigma
Neural Network (PSNN),
Ridge Polynomial Neural Net-
work (RPNN)
[23] | - FFANN Improved bacterial BPANN MSE
chemotaxis optimi-
zation (IBCO)+BP
[24] | Normalize, Self-organiz- | SVM SVR SVR NMSE,MAE,
ing feature maps DS,WDS
[25] | Kohonen self-organizing | FFANN BP BSE-30 SENSEX Not specified
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[26] | Z-score normalization SVM Adaptive SVR Three-layer BP neural network, | NMSE,
method Regularized RBF neural net- DS, MAE
work
[28] | Particle swarm optimiza- | FFANN BP ANN models with different in- | MSE, RMSE,
tion + normalize dicators as inputs MAE
[30] | Euclidean distance based | Recurrent en- Genetic algorithm Genetic programming predic- Frequency of
partitioning semble model (GA) tion, SVM correct predic-
tion
[31] | Rescaled range analysis FFANN BP Auto regression integrated NMSE, Gradi-
moving average(ARIMA) ent
[32] | Normalizing+Hurst ex- Ensemble vary FFANN, K-nearest neighbor, Average error
ponent Decision tree, Native Bayesian | rate
classifier
[33] | Phase Diagrams, Corre- Probabilistic Temporal BP, Ex- Fisher linear classifier False alarms
lation Dimension, neural network tended Kalman
Lyapunov exponent TDNN,RNN filter,
Step wise regression RBF Particle-swarm op- Type 2 fuzzy time series MAD,MAPE,
[34] | analysis +Normalizing+ timization model, Fuzzy time series DS,CP,CD
Dynamic learning algo- (PSO)+adaptive re- | model, Fuzzy dual-factor time-
rithm based clustering cursive least- series
squares
[35] | Auto-regression testing FFANN Adaptive BP Standard BP, LM-based learn- NMSE, Direc-
s irig, Extehded Katian filter tional change
(EKEIBR tith 'optimal learn- statistics (DS)
ing rates
[36] Amo—rcg-rc:si-on testing FFANN BP Learning Algo- Batch learning, EKF-based NMSE,DS
rithm with learning,Levenberg-Mar-
Adaptive, Forget- quardt(LM)based learning,
ting Factors Standard BPNN
[37] | Auto-regression testing FFANN BP + Adap- Four different networks with MSE
tiveSmoothing + modified back propagation for
Momentum Terms each
[38] | GA based instant selec- FFANN GA GA-ANN Hit ratio
tion
[39] | - StochasticVol- SVR ANN-SV, Garman—Kohlhagen | MAE, MAPE
atility (SV) model
model with
jumps +SVM
[40] | - ANN GMDH algorithm FFANN RME,
MAPE,DS,
Profitability

73




[41] | Normalize FFANN BP+ Stochastic - MSE
time effective func-
tion
[42] | Grey-GIR-GARCH FFANN BP - RMSE , MAE,
MAPE
[43] | Normalize SVM SVR BPANN, Case based reasoning | Hit ratio
[44] | Extract indicators with RBF Artificial fish RBF optimized by GA ,PSO, Error ratio
better performance swarm algorithm ARIMA,ANN,SVM
+K means cluster-
ing
[45] | Mean removal SVM SVR 5 SVM based feature selection | DS
methods
[46] | Normalize + Self-organ- | SVM SVR + grid search Single SVR MSE, MAE,
izing feature maps MAPE
[47] | Wavelet transform RNN artificial bee colony | BP-ANN, conventional ANN RMSE, MAE,
algorithm(ABC) optimized by the ABC algo- MAPE,
rithm, two conventional fuzzy | Theil’si-
time-series models nequality
coefficient
[48] | Normalization + Ko- FFANN temporal BP FFANN, Highly Granular Un- Profit
honen SOM supervised time Lagged
Network
[49] | - % 2 FFANN BP Adaptive exponential smooth- RMSE, Cor-
éﬂ_»é ing rect tendencies
A 7 : number
[50] | - - Exponential BP BPNN, Exponential Smoothing | RMSE, DS
Smoothing Forecast model
+FFANN
[511 | GARCH(1,1) Volatility FFANN Conjugate gradient BS model with historical vola- | Average abso-
based method tility ,BS model with lute and
GARCH(1,1), SV, SVJ average
squared errors
[52] Proposed interval sam- FFANN PCA+Meta- ARIMA ,FNN,SVM, 4 meta- NRMSE, DS
pling method modeling models
[53] | Recurrent Self-Organiz- kernel partial - ANN, SVMs, Generalized au- RMSE
ing Map + Wavelet least square toregressive conditional
transform regressions heteroskedasticity (GARCH)
[54] | Chaos-based delay co- SVM SVR Pure SVR, Chaos-BPNN, MSE, RMSE,
ordinate embedding BPNN MAE
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Appendix B

This includes the first hundred orders of EUR/USD 2009. S/L indicates Stop Loss value
and T/P indicates Take Profit level.

Table B.1-First 100 orders of EUR/USD trading for year 2009

# Time | Type | Order | Size Price S/L T/P | Profit | Balance
1 | 2009.01.05 20:01 sell 1 ]1.00 | 1.35959 | 0.00000 | 1.35851

2 | 2009.01.05 20:02 t/p 1] 1.00 | 1.35851 | 0.00000 | 1.35851 | 108.00 | 10108.00
3 | 2009.01.05 20:02 | sell 2 [ 1.00 | 1.35822 | 0.00000 | 1.35712

4 1 2009.01.05 20:19 t/p 2| 1.00 | 1.35712 | 0.00000 | 1.35712 | 110.00 | 10218.00
512009.01.12 03:05 | sell 3 11.00 | 1.34207 | 0.00000 | 1.34055

6 | 2009.01.12 03:29 t/p 3 [ 1.00 | 1.34055 | 0.00000 | 1.34055 | 152.00 | 10370.00
7 | 2009.01.12 07:31 sell 4 11.00 | 1.34040 | 0.00000 | 1.33954

8 | 2009.01.12 07:36 t/p 411.00 [ 1.33954 [ 0.00000 | 1.33954 | 86.00 | 10456.00
9 12009.01.1320:16 | sell 51 1.00 | 1.31653 | 0.00000 | 1.31617

10 | 2009.01.14 13:10 | close 51 1.00 | 1.31650 | 0.00000 | 1.31617 4.33 | 10460.33
11 | 2009.01.1501:46 | buy 6 | 1.00 | 1.31867 | 0.00000 | 1.31981

12 | 2009.01.15 06:19 | close 6 [ 1.00 | 1.31877 | 0.00000 | 1.31981 | 10.00 | 10470.33
13 | 2009.01.16 05:46 | buy 7 11.00 | 1.32276 | 0.00000 | 1.32277

14 | 2009.01.16 05:46 t/p 7 11.00 | 1.32277 | 0.00000 | 1.32277 1.00 [ 10471.33
15 | 2009.01.16 05:46 | buy 8 | 1.00 | 1.32302 | 0.00000 | 1.32372

16 | 2009.01.16 05:50 t/p 8 [ 1.00 | 1.32372 | 0.00000 | 1.32372 | 70.00 | 10541.33
17 | 2009.01.21 00:15 | sell 9 | 1.00 | 1.28729 | 0.00000 | 1.28665

18 | 2009.01x24 00:19 tlp 9 L0041,28663.1.0.000001 128665 | 64.00 | 10605.33
19 | 2009.0%=2201:03 | buy 10 [71.00 ]71.29838 | "0.00000 | 1.29869
20 | 2009,08220) :49 t/p 10 || 100SICE29869 16600001 11029869 | 31.00 [ 10636.33
21 | 2009.08%201:49_ |, buy 11.1-1.00. 18,29907 | 0.00000 | 1.29984
22 | 2009.0T2701:50 t/p 111 1.0071 129984 | 0.00000 | 1.29984 | 77.00 | 10713.33
23 1 2009.01.28 22:46 | sell 12 | 1.00 | 1.31566 | 0.00000 | 1.31477
24 | 2009.01.28 22:54 t/p 12 | 1.00 | 1.31477 | 0.00000 | 1.31477 | 89.00 [ 10802.33
25 | 2009.02.02 20:15 | buy 13 | 1.00 | 1.28410 | 0.00000 | 1.28609
26 | 2009.02.03 00:53 | close 13 | 1.00 | 1.28411 | 0.00000 | 1.28609 | -0.73 | 10801.60
27 | 2009.02.04 21:04 | sell 14 | 1.00 | 1.28468 | 0.00000 | 1.28340
28 | 2009.02.04 21:17 t/p 14 | 1.00 | 1.28340 | 0.00000 | 1.28340 | 128.00 | 10929.60
29 | 2009.02.09 03:15 | buy 15 | 1.00 | 1.29350 | 0.00000 | 1.29446

30 | 2009.02.09 03:22 t/p 15 | 1.00 | 1.29446 | 0.00000 | 1.29446 | 96.00 | 11025.60
31 ] 2009.02.10 22:18 | sell 16 | 1.00 | 1.28935 | 0.00000 | 1.28762

32 | 2009.02.11 00:39 | close 16 | 1.00 | 1.28933 | 0.00000 | 1.28762 3.33 [ 11028.93
33 1 2009.02.13 01:02 | buy 17 | 1.00 | 1.28944 | 0.00000 | 1.29080

34 | 2009.02.13 03:12 t/p 17 | 1.00 | 1.29080 | 0.00000 | 1.29080 | 136.00 [ 11164.93
35 12009.02.13 11:02 | sell 18 | 1.00 | 1.28858 | 0.00000 | 1.28742

36 | 2009.02.13 11:08 t/p 18 | 1.00 | 1.28742 | 0.00000 | 1.28742 | 116.00 [ 11280.93
37 | 2009.02.16 18:21 sell 19 | 1.00 | 1.27626 | 0.00000 | 1.27446

38 | 2009.02.17 00:26 | close 19 | 1.00 | 1.27620 | 0.00000 | 1.27446 7.33 [ 11288.26
39 1 2009.02.18 02:19 | buy 20 | 1.00 | 1.26034 | 0.00000 | 1.26228
40 | 2009.02.18 06:22 | close 20 | 1.00 | 1.26037 | 0.00000 | 1.26228 3.00 [ 11291.26
41 | 2009.02.23 06:16 | buy 21 [ 1.00 | 1.28997 | 0.00000 | 1.29084
42 | 2009.02.23 06:17 t/p 21 | 1.00 | 1.29084 | 0.00000 | 1.29084 | 87.00 | 11378.26
43 | 2009.02.23 06:17 | buy 22 [ 1.00 | 1.29113 | 0.00000 | 1.29264
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44 | 2009.02.23 06:33 t/p 22 | 1.00 | 1.29264 | 0.00000 | 1.29264 | 151.00 | 11529.26
45 | 2009.02.23 16:31 sell 23 | 1.00 | 1.27260 | 0.00000 | 1.27067
46 | 2009.02.23 19:02 | close 23 | 1.00 | 1.27258 | 0.00000 | 1.27067 2.00 | 11531.26
47 | 2009.02.24 02:48 sell 24 | 1.00 | 1.27039 | 0.00000 | 1.26849
48 | 2009.02.24 15:17 | close 24 | 1.00 | 1.27038 | 0.00000 | 1.26849 1.00 | 11532.26
49 | 2009.02.27 03:16 sell 25 [ 1.00 | 1.27140 | 0.00000 | 1.27106
50 | 2009.02.27 03:30 t/p 25 | 1.00 | 1.27106 | 0.00000 | 1.27106 | 34.00 | 11566.26
51 | 2009.03.02 07:32 sell 26 | 1.00 | 1.25796 | 0.00000 | 1.25795
52 | 2009.03.02 07:32 t/p 26 | 1.00 | 1.25795 | 0.00000 | 1.25795 1.00 | 11567.26
53 | 2009.03.02 07:32 sell 27 | 1.00 | 1.25775 | 0.00000 | 1.25741
54 | 2009.03.02 07:33 t/p 27 | 1.00 | 1.25741 | 0.00000 | 1.25741 | 34.00 | 11601.26
55 | 2009.03.04 04:19 sell 28 | 1.00 | 1.24870 | 0.00000 | 1.24789
56 | 2009.03.05 14:02 | close 28 | 1.00 | 1.24868 | 0.00000 | 1.24789 5.99 | 11607.25
57 | 2009.03.05 16:15 sell 29 | 1.00 | 1.25379 | 0.00000 | 1.25312
58 | 2009.03.05 16:21 t/p 29 | 1.00 | 1.25312 | 0.00000 | 1.25312 | 67.00 | 11674.25
59 12009.03.09 17:46 | buy 30 | 1.00 | 1.26364 | 0.00000 | 1.26378
60 | 2009.03.09 17:50 t/p 30 | 1.00 | 1.26378 | 0.00000 | 1.26378 | 14.00 | 11688.25
61 | 2009.03.09 17:50 | buy 31 | 1.00 | 1.26404 | 0.00000 | 1.26602
62 | 2009.03.10 00:41 | close 31 | 1.00 | 1.26410 | 0.00000 | 1.26602 4.27 | 11692.52
63 | 2009.03.10 07:47 | buy 32 1 1.00 | 1.27135 | 0.00000 | 1.27209
64 | 2009.03.10 07:59 t/p 32 1 1.00 | 1.27209 | 0.00000 | 1.27209 | 74.00 | 11766.52
65 | 2009.03.11 17:32 | buy 33 | 1.00 | 1.27760 | 0.00000 | 1.27867
66 | 2009.03.11 17:40 t/p 33 1 1.00 | 1.27867 | 0.00000 | 1.27867 | 107.00 | 11873.52
67 | 2009.03.12 00:15 | buy 34 1 1.00 | 1.28140 | 0.00000 | 1.28207
68 | 2009.03.12 00:19 t/p 34 | 1.00 | 1.28207 | 0.00000 | 1.28207 | 67.00 | 11940.52
69 | 2009.03:%6 07:461] 1boy B§ D100/ AIZ9u640.08000 || 129548
70 | 20099376 07:52 t/p 35 Ark00_| 1.29543+]:0.00000. /:1.29543 | 67.00 | 12007.52
71 [ 2009035872001 by 36 | 1.00-]"TI.302167| 0:00000" | '1"30251
72 | 2009.03F7222: 18y elose 36701060z 16530220 | 0.00000 | 1.30251 4.00 | 12011.52
73 | 2009.03.18 01:33 | buy 37 |1 1.00 | 1.30277 | 0.00000 | 1.30459
74 | 2009.03.18 03:35 t/p 37 1 1.00 | 1.30459 | 0.00000 | 1.30459 | 182.00 | 12193.52
75 12009.03.19 21:00 | buy 38 | 1.00 | 1.36682 | 0.00000 | 1.36713
76 | 2009.03.19 21:55 t/p 38 | 1.00 | 1.36713 | 0.00000 | 1.36713 | 31.00 | 12224.52
77 1 2009.03.20 00:03 | buy 39 | 1.00 | 1.36673 | 0.00000 | 1.36782
78 | 2009.03.20 03:13 | close 39 | 1.00 | 1.36674 | 0.00000 | 1.36782 1.00 | 12225.52
79 |1 2009.03.20 13:00 sell 40 | 1.00 | 1.35753 | 0.00000 | 1.35593
80 | 2009.03.20 13:10 t/p 40 | 1.00 | 1.35593 | 0.00000 | 1.35593 | 160.00 | 12385.52
81 | 2009.03.23 01:15 | buy 41 | 1.00 | 1.36430 | 0.00000 | 1.36565
82 | 2009.03.23 01:25 t/p 41 | 1.00 | 1.36565 | 0.00000 | 1.36565 | 135.00 | 12520.52
83 1 2009.03.23 05:16 | buy 42 | 1.00 | 1.36693 | 0.00000 | 1.36713
84 | 2009.03.23 05:41 t/p 42 | 1.00 | 1.36713 | 0.00000 | 1.36713 | 20.00 | 12540.52
85 12009.03.23 23:05 | buy 43 | 1.00 | 1.36288 | 0.00000 | 1.36308
86 | 2009.03.23 23:07 t/p 43 | 1.00 | 1.36308 | 0.00000 | 1.36308 | 20.00 | 12560.52
87 1 2009.03.23 23:07 | buy 44 | 1.00 | 1.36349 | 0.00000 | 1.36361
88 | 2009.03.23 23:12 t/p 44 | 1.00 | 1.36361 | 0.00000 | 1.36361 12.00 | 12572.52
89 | 2009.03.25 04:32 sell 45 | 1.00 | 1.34771 | 0.00000 | 1.34582
90 | 2009.03.25 05:31 t/p 45 | 1.00 | 1.34582 | 0.00000 | 1.34582 | 189.00 | 12761.52
91 | 2009.03.26 07:17 | buy 46 | 1.00 | 1.35876 | 0.00000 | 1.36008
92 | 2009.03.26 11:20 | close 46 | 1.00 | 1.35878 | 0.00000 | 1.36008 2.00 | 12763.52
93 | 2009.03.31 00:00 | buy 47 1 1.00 | 1.31902 | 0.00000 | 1.32021

76




94 | 2009.03.31 00:42 t/p 47 [ 1.00 | 1.32021 | 0.00000 | 1.32021 | 119.00 | 12882.52
95 | 2009.04.01 17:47 | sell 48 | 1.00 | 1.32041 | 0.00000 | 1.31936
96 | 2009.04.01 18:12 t/p 48 | 1.00 | 1.31936 | 0.00000 | 1.31936 | 105.00 | 12987.52
97 | 2009.04.02 19:17 | buy 49 | 1.00 | 1.34604 | 0.00000 | 1.34696
98 | 2009.04.02 21:40 | close 49 | 1.00 | 1.34608 | 0.00000 | 1.34696 4.00 | 12991.52
99 | 2009.04.06 02:31 | buy 50 | 1.00 | 1.35677 | 0.00000 | 1.35813
100 | 2009.04.06 04:45 | close 50 | 1.00 | 1.35683 | 0.00000 | 1.35813 6.00 | 12997.52
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