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7KRPDV�+HOOVWU|P

´Industrialµ background:

Ionospheric research at EISCAT

Product development in my own company Seapacer AB
-   Optimisation and Control computers for ferries

-   Real-time data analysis

Teaching Artificial Intelligence at

the Department of Computing Science,

Umen University, Sweden

Research interests:

Stock predictions, Computational intelligence
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&RQWHQWV

✔ �&RPPRQ�YLHZSRLQWV
✔ �:KDW�GDWD�DUH�ZH�XVLQJ
✔ �7ZR�IRUPXODWLRQV�RI�WKH
�3UHGLFWLRQ�WDVN

✔ �%HQFKPDUNV
✔ �3HUIRUPDQFH�PHDVXUHV
✔ �'DWD�VQRRSLQJ
✔ �*XLGHOLQHV
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:KDW·V�VR�6SHFLDO�DERXW
3UHGLFWLRQV�RI�6WRFN�7LPH�6HULHV"

-
✔ A hard problem! Is it even possible?

✔ Looks very much like a random walk!
✔ The process is ´regime shiftingµ. The markets move

in and out of periods of ’’turbulence’’, ’’hause’’ and
¶’baise··. Hard for traditional algorithms!

✔ The evaluation of predictability is extremely hard!

When have we learned and when have we
memorized?

+
✔ A successful prediction algorithm does not have to
    provide predictions for all points in the time series.

Can we predict predictability?
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7ZR�YLHZSRLQWV

7KH�(IILFLHQW�0DUNHW�+\SRWKHVLV�

´7KH�SULFH�UHIOHFWV�DOO�DYDLODEOH

LQIRUPDWLRQ��3UHGLFWLRQ��LV
WKHUHIRUH�LPSRVVLEOH�µ

<RX�PLJKW�DV�ZHOO�ORRN�LQWR�D
FU\VWDO�EDOO�µ

7KH�0DUNHW�3URIHVVLRQDO�
´%\�XWLOL]LQJ�RXU�DGYDQFHG

PHWKRGV�ZH�FDQ�SUHGLFW
PXFK�EHWWHU�WKDQ�RXU
FRPSHWLWRUVµ
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Upper Break out.   BUY!

Lower Break out.  SELL!
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Upper Break out   BUY!

Lower Break out   SELL!

Real stock index

Random walk

9
©�7KRPDV�+HOOVWUöP�����

-6 -4 -2 0 2 4 6
0

0.05

0.1

0.15

0.2

0.25

0.3

0.35

0.4
Normal dens ity function m=0.051  s=1.132

Daily change  r (%)

P
(R

<
r)

'RHV�WKH�'RZ�-RQHV�LQGH[�)ROORZ�D�5DQGRP�:DON"

• Normal distribution is a consequence
of pure random walk. Statistics for
daily changes
   Dow Jones 1984-1996:
  Mean=0.05%   Std. dev.=1.1

• Question:
  How often can we expect a crash like
  November 1987 (-28% in one day) ?

r P(R<r) Years between events No. of  real obs.
0 5.00E-01 0 1063

-1 2.00E-01 0 201
-2 4.00E-02 0 56
-3 4.00E-02 1 19
-4 2.00E-04 23 9
-5 4.00E-06 982 3
-6 5.00E-08 88244 3
-7 3.00E-10 20,000,000 1
-8 6.00E-13 7000,000,000 1
-9 7.00E-16 6000,000,000,000 1 10
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'DWD�$YDLODEOH�LQ�7HFKQLFDO�$QDO\VLV

2QO\�KLVWRULFDO�SULFH�LQIRUPDWLRQ�

)RU�HDFK�GD\�

�����µ&ORVHµ����������/DVW�SDLG

�����µ+LJKµ�����������+LJKHVW�SDLG

�����µ/RZµ������������/RZHVW�SDLG

�����µ9ROXPHµ������1XPEHU�RI�WUDGHG�VWRFNV

'HULYHG�HQWLWLHV�

�����µ5HWXUQµ���������&ORVH�7����&ORVH�7��������&ORVH�7�

�����µ9RODWLOLWHWµ��VWDQGDUG�GHYLDWLRQ�IRU�µ5HWXUQµ

���������������������������LQ�D�ZLQGRZ�EDFNZDUGV
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&KDUW�RI�7HFKQLFDO�$QDO\VLV
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'HULYHG�(QWLWLHV

✔ N�GD\�5HWXUQV�

✔ 0RYLQJ�DYHUDJH�RI�RUGHU��N�
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The time series \ can be, for example,
Close, High, Low or Volume
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'HULYHG�(QWLWLHV
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'DWD�LQ�)XQGDPHQWDO�$QDO\VLV

���7KH�JHQHUDO�HFRQRP\

� ,QIODWLRQ

� ,QWHUHVW�UDWHV

� 7UDGH�EDODQFH�HWF�

���7KH�FRQGLWLRQ�RI�WKH�LQGXVWU\

� 2WKHU�VWRFNV·�SULFHV��QRUPDOO\�SUHVHQWHG�DV

LQGH[HV

� 7KH�SULFHV�RI�UHODWHG�FRPPRGLWLHV�VXFK�DV�RLO�

PHWDO�SULFHV��DQG�FXUUHQFLHV

� 7KH�YDOXH�RQ�FRPSHWLWRU�VWRFNV
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'DWD�LQ�)XQGDPHQWDO�$QDO\VLV

���7KH�FRQGLWLRQ�RI�WKH�FRPSDQ\

� S�H��6WRFN�SULFH�GLYLGHG�E\�ODVW����PRQWKV
HDUQLQJ�SHU�VKDUH

� %RRN�YDOXH�SHU�VKDUH��1HW�DVVHWV��DVVHWV
PLQXV�OLDELOLWLHV��GLYLGHG�E\�WRWDO�QXPEHU�RI
VKDUHV

� 1HW�SURILW�PDUJLQ��1HW�LQFRPH�GLYLGHG�E\�WRWDO
VDOHV

� 'HEW�UDWLR��/LDELOLWLHV�GLYLGHG�E\�WRWDO�DVVHWV

� 3URJQRVHV�RI�IXWXUH�SURILWV

� 3URJQRVHV�RI�IXWXUH�VDOHV

16
©�7KRPDV�+HOOVWUöP�����

7ZR�)RUPXODWLRQV�RI�WKH�3UHGLFWLRQ�7DVN

0HWKRGV�ZLWK�D�IL[HG�SUHGLFWLRQ�KRUL]RQ

�������µ7KH�7LPH�6HULHV�$SSURDFKµ

�������µ7KH�7UDGLQJ�5XOH�$SSURDFKµ

�����3UREOHP�
�����:H�GRQ·W�QHFHVVDULO\�LQWHQG�WR�VHOO�WKH�VWRFNV�K�GD\V

�����DIWHU�ZH�ERXJKW�WKHP

1R�IL[HG�SUHGLFWLRQ�KRUL]RQ�

��������6LPXODWHG�WUDGLQJ�ZLWK�EX\��DQG�VHOO�UXOHV

�����3UREOHP�

�����)HZHU�SRLQWV�JLYHV�ORZHU�VWDWLVWLFDO�VLJQLILFDQFH
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7KH�7LPH�6HULHV�$SSURDFK
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✔ ,QSXW�OD\HU�ZLWK���LQSXWV

✔ 7ZR�+LGGHQ�OD\HUV�ZLWK���DQG���QRGHV

✔ 2XWSXW�OD\HU�ZLWK���RXWSXW�QRGH

y(t)

           y(t-1)

y(t-2)

y(t-3)

7KH�ZHLJKWV��Z��DUH�FRPSXWHG�WR�PLQLPL]H

)HHG�)RUZDUG�1HXUDO�1HWZRUN

)t(g

∑
=

− +−=
1-N

4t

2
w4N

1 ))1t(y)t(g(E

20
©�7KRPDV�+HOOVWUöP�����

✔ )HHGEDFN�WR�LQSXW�OD\HU

✔ 7KH�KLGGHQ�OD\HU�VWRUHV�SUHYLRXV�YDOXHV�DQG�FDQ
UHFRQVWUXFW�WKH�G\QDPLFV

7KH�ZHLJKWV�Z�DUH�FRPSXWHG�WR�PLQLPL]H�

5HFXUUHQW�1HXUDO�1HWZRUN
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7KH�506(�PHDVXUH�DQG�WKH�SURILW�PDGH�E\�DSSO\LQJ�WKH
SUHGLFWLRQ�DOJRULWKP�KDYH�GLIIHUHQW�PD[LPD�

|�7KH�506(�WUHDWV�DOO�SUHGLFWLRQV��VPDOO�DV�ODUJH��HTXDOO\

|�7KH�506(�SHQDOL]HV�D�ODUJH�FKDQJH�LQ�WKH�VDPH

����GLUHFWLRQ�DV�WKH�SUHGLFWHG�FKDQJH

'UDZEDFNV�RI�WKH�7LPH�6HULHV�$SSURDFK
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7KH�7UDGLQJ�5XOH�$SSURDFK�
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7HFKQLFDO�,QGLFDWRUV

✔ 7KH�WRROV�IRU�7HFKQLFDO�WUDGLQJ�LQFOXGH�SULQFLSOHV
VXFK�DV�

± 7KH�WUHQGLQJ�QDWXUH�RI�SULFHV

± 9ROXPH�PLUURULQJ�FKDQJHV�LQ�SULFH

± 6XSSRUW�5HVLVWDQFH

✔ ([DPSOHV�

± 0RYLQJ�DYHUDJHV

± )RUPDWLRQV�VXFK�DV�WULDQJOHV

± 56,���WKH�UHODWLRQ�EHWZHHQ�WKH�DYHUDJH�XSZDUG�SULFH
FKDQJH�DQG�WKH�DYHUDJH�GRZQZDUG�SULFH�FKDQJH
ZLWKLQ�D�WLPH�ZLQGRZ�QRUPDOO\����GD\V�EDFNZDUGV
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%HQFKPDUNV
✔ 1DLYH�SUHGLFWLRQ�RI�VWRFN�SULFHV�

Close·(t)=Close(t-1)

✔ 1DLYH�SUHGLFWLRQ�RI�UHWXUQV�

    The naive predictors are local minimum in many models
    e.g AR-models (but also Neural Networks):

✔ %X\�DQG�KROG�
Buy at day 1 and sell at day N.

    For multi-stock predictions or portfolio management:
    Buy and hold of a index (Dow Jones, FTSE, DAX etc.)
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$QRWKHU�5HOHYDQW�%HQFKPDUN

How often is this guy as successful as we are?
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3HUIRUPDQFH�0HDVXUHV

✔ 7KHLO�FRHIILFLHQW�

Compares the RMSE (root mean square error) for our
predictions with the naive price predictions

Predicting {Close(t), t=1,N} with {Close·(t), t=1,N}

T<1 for real predictive power
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3HUIRUPDQFH�0HDVXUHV

✔ 'LUHFWLRQDO�SUHGLFWLRQ�´+LW�UDWHµ
Predicting {R(t), t=1,N} with {R·(t), t=1,N}

For the naive return predictor:

✔ 1RUPDOL]HG�KLW�UDWH�

  > 1 for real predictive power
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3HUIRUPDQFH�0HDVXUHV

0HDQ�SURILW�SHU�WUDGLQJ�GD\�

✔ Fixed horizon predictions C·(t) of the close price C(t).
A trade is assumed at every time step, in the
direction of the predicted change:

 Benchmark: Mean daily return for a Buy and Hold strategy

0HDQ�SURILW�SHU�\HDU�
✔ Trading simulation:

– ´Runµ the trading and compute the mean profit
 Benchmark: Annual returns for Buy and Hold on index
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:KDW�,V�D�5HDVRQDEOH�*RDO"

✔ Efficient market hypothesis implies random walk,
which is impossible to predict!

✔ Published research (with proper evaluation) often
shows about ��� hit rate. I.e: correct prediction of

the sign of the future return y(t+h).

✔ Even 54% real hit rate is enough to make a fortune!

✔ Compare with a casino: They don·t know what number
    comes up next, they just improve the odds by adding
    the 0 and 00.
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'DWD�6QRRSLQJ�ZLWK�WKH�7LPH�6HULHV�$SSURDFK

✔ We are predicting a stock with equal numbers of moves up
and down during one year of 250 trading days.

✔ Apply a totally random prediction algorithm on each day

✔ What is the probability that the hit rate>54% ?

The distribution for number of hits is given by:

    x=0.54*250=135 gives P(H>135)=0.092

I.e.There is a 9% risk that a random algorithm gives 54%
  hit rate.

x250x 5.05.0
x

250
)xH(P −
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)5.0,250binocdf(x,1x)P(H1x)P(H −=≤−=>
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'DWD�6QRRSLQJ�ZLWK�WKH�7UDGLQJ�5XOH�$SSURDFK

✔ We want to compare 100 indicators, each producing
Sell and Buy signals once a week on average.
The test period is 10 years! We demand 55% hit rate!

✔ Apply 100 totally random indicators on each week of data.

✔ The probability that one specific indicator gets more than x hits is:

P(H>0.55*500)=0.0112

The probability that ANY one of the 100 indicators produces 55%
hit rate is 1-minus the probability that all are less than 55%:

I.e: The probability for a type II error (accepting a false
hypothesis) is 68%.

)5.0,500binocdf(x,1x)P(H1x)P(H −=≤−=>

68.0)0112.01(1 100 =−−
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(YDOXDWLQJ�3HUIRUPDQFH

Algorithm evaluation is part of the learning process
because it involves searching and selecting the
best performing algorithm.

Therefore:

✔ It must be done ´in sampleµ and not on the test set.

Best: A final test on data that didn’t exist at the time of the
development of the algorithm

✔ It is sensitive to ´over trainingµ.

✔ Be aware of the data-snooping problem!
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6RPH�*XLGH�/LQHV�IRU
�'HYHORSLQJ�3UHGLFWLRQ�$OJRULWKPV

✔ (QVXUH�KLJK�GDWD�TXDOLW\��:DWFK�RXW�IRU�RXWOLHUV

✔ +DQGOH�PLVVLQJ�GDWD�FRUUHFWO\

✔ :KHQ�SUHGLFWLQJ�RQH�VWHS�DKHDG��PDNH�VXUH�WKLV�LV�ZKDW
\RX�DUH�UHDOO\�GRLQJ��´RII�E\�RQHµ�HUURUV�DUH�VHOGRP�PRUH

IDWDO�WKDQ�LQ�ILQDQFLDO�SUHGLFWLRQV�
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✔ (YDOXDWH�RQ�SUHYLRXVO\�QRQ�XVHG�GDWD�

✔ 8VH�D�ORW�RI�GDWD��PDQ\�VWRFNV�DQG�ORQJ�WLPH�SHULRGV

✔ &RPSXWH�DQQXDO�SHUIRUPDQFH�UHVXOWV

✔ 7HVW�WKH�DOJRULWKP�RQ�UDQGRP�ZDON�GDWD

✔ )RU�FRPSDULVRQ��WHVW�D�UDQGRP�DOJRULWKP�RQ�WKH�GDWD

6RPH�*XLGH�/LQHV�IRU
�(YDOXDWLQJ�3UHGLFWLRQ�$OJRULWKPV


