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Nonlinear

learns more complex market patterns!
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Neural Network

Single neuron = Linear model
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Single neuron = Linear model

Wox(£) + wix(8) + ... + wax(f) = x(t+1)
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More complex

‘ nonlinear model
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How to Learn a Network

(Connection strength w)
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T Back Propagation

So as to minimize the prediction error,
connection strength w is modified.
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How to Determine the Number of
Neurons and Input data

Back test

Forward test Time

For learning For evaluating
connection strength the learned network

Evaluation data
MORE IMPORTANT

Learning data
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How to Set the Number of
Neurons and Input data

Underfitting : Overfitting

Back test

Good

Prediction
accuracy
Best
: MORE NPORTANT
Bad
Simple Complexity Complex

(The number is too much.)

ZTA RIERT LI, PHETIVOBRMEE
(Za—umyE) ZHEITIEFE. NYTT X NORGE
B ELET, ThE#EET—2ND /A XETE
EPULIENETY, ZTORRE, FillT—2icd %
T4+ T—FTAFOEMMIMEFLET, 2D&XD

NTAA JOURNAL 2016.9 Vol.3

BA—IN—=T 4T VTR TZOIIE, TF
T—RF A R ORHEIC K > TFHIET IV OB E
(Za—nm ) ZhHZENRHDET, LrL,
HEOHOT—RIZMENZBVDT, Ny T TR
FE T4 T—RF AR EEMT BHE, ELOT—
ZIEZFTREDZDTL X DD,

Cross Validation Method

Back test Forward test Time
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Forward Tests

Back test Forward test Time
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Forward Tests

[Results] Average of prediction accuracy

New York

59.1%

55.8% 52.7%
51.6% 52.0%
54.8% 53.2%

# Accuracy over 50% is good.
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Will tomorrow's price be up or down?
Price
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Q. You have 19 kinds of prediction methods.
Each prediction accuracy is 53%.

What percentage can you win
by following their majority decision ?

(Consensus of more than 10 predictors)
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Answer

If each predictor is independent,
the probability that x out of 19 are correct is

B(x) = 19C. p* (1-p)19*, where p =0.53 .
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It’s improved, 53% = 60%
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each predictor p
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Majority decision can improve
prediction accuracy dramatically!
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Majority decision can improve
prediction accuracy dramatically!

But, remember
this condition:

If each predictor is independent,
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How do we make
independent neural networks?
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Forward Tests

[Results] Average of prediction accuracy

New York

59.1% = 61.7%

54.8% = 59.9%

55.8% = 57.9% 52.7% = 55.6%

51.6% = 55.5% 52.0% = 55.3%

53.2% = 54.6%

54.8% = 57.0%

All the cases were improved by the ensemble learning.

2-4. 2 BRSEIREIC &K B BRI

1. First Selection

removes unpredictable stocks
through the backtest

Good &
T Profitable
stocks?
53 |©
L0
sg 259, = Second
3P ® OO 9 @ @ . ° ™ selection
T8 [ ew *r " g e R G
Bld '—]—> 75% = Removed!
a El 0 El E 4060 1@

Stock No

£IH 1S, N\ 7T A ORI Z
BALET, chbldma—Ilxy hT—2EB&
CHEHZETE THRETH 572D, g/ 1
=I5 GERIMEDARO) BR7E EHEI E NE I — T,
Ny T A ORI RW BRI 25% 25 L. Th
Z I8 1 sk PSR EIcLET,

omcyS kthOkraF cial Toch i

My Technical Indicator st s
decision
Consensus Ratio of Majority

Ratio of _ The number of Up

Up

The number of (Up+Down)

[Strategy] When is over @ .

+ Buy this stock
- Sell it next day

/N R B 5 g 111 A Ok 1 4 R O 3Tk e
EHEBELET, LhLInbid, 7Ny 77 A MMER

DOIRERFED BAFTZ 572720 T HHFHILDT WV
EIFBRD F¥ A, ZT T, FlF EOEMEE DL
P RIRALT IFOBRERE] 28R FHn L %
9, Thz aye ALyt e, o
KOWELLFET,

P (Bkfilli_E5) =#fll b5 & T30 U 7 PRREDEEL /
SR CHEEL L 7o PRl O AR

TCPIMEREZZERL, PH1LIAWIZES
*ﬂzﬁ%@:ﬂc/ﬁx%f W (FHlCHENDZ) &
SBAET, Lichio GeeEfilio—fle LT.P (K
i 5 MEMEZREZ 78R A L. RIS
WD HENEZONET,

dynamically finds out

2- Second SeIeCtion the most reliable stocks each day

Ratio of Pick up the largest stock
Up

T Ah consensus |= Reliable pred%
100%

6
Selected by
-
0 Q /\ R /\ Predictable  ®
\Vi tock #1 ]
=
Predictable %
Stock #2 %
Predictable §
Stock #3 =
o
0% —H—+—+—+—+—+—+—+—+—+—+—+++++++ 3

Daily chart

& UBHEERE LRV OkD, EHICBWTP (B
fili L5 MR RGSRIC R IRET 5 5150 RS F
WTd, Iz FE2 08K LR EIcLET,

76 FTIZINVTFUA Yy —F)L 20169




BRBRHTTN, & LTPRIRERSRc L Cavt
VYALVAZEMT B, BRNICE Oy
AREBHEDHVE T, ThZMIEdT 37818 1
JEEEINT 1V 2— (YD) LU THEELE T,

[Results] Asset growth rate (simple interest)
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2-5. ¥&H

Summary

1. Neural Network is useful to detect
complex nonlinear patterns of financial markets.

2. Ensemble Learning can enhance predictive power.

3. Consensus ratio can be a new technical indicator
for adaptive stock selection.

4. More research is necessary to obtain real returns.

Forward Tests
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