USING GP TO EVOL
DECISION RULES FC
CLASSIFICATION I|g\uyousose

mail.ustc.edu.cn

FINANCIAL DATA SERS

Nature Inspired Computation and Applications Laboratory
NICAL




Background
Problem Description

Algorithm Description
V Fitness Function
VV Modified Operators
V Ensemble Method

Results
Future Work

Reference

OUTLINE



BACKGROUND

If we want to finding investment opportunities in the financial
markets , financial forecasting is good tools and technologies
for us. Financial forecasting isa lucrative and complicated

application of machine learning.

Forecasting problem is also a classification problem, by
designing some indicators, Li[4] had used GP to find some
patterns from the real financial data sets. Some results are not
suitable or

However, we also show that the Genetic

Programming process itself is still very inefficient and that
further improvements are necessary if we want this application
of GP to become successful.



PROBLEM DESCRIPTION

(1) Financial Data Set to Classification Data Set

Some indicators were usedto transform the financial data
set to classification data set

(2) Here we get a classification data set D

D=X={X;, X, é&.},, X is an observation inD. for X; is the
form (z,, z,, €, C), here(a N, forp "Q ¢, called feature
sets, ¢N F, Fis a finite set, called label sej).

So we want to find patterns or rules between features and label
set.



GENETIC PROGRAMMING

Genetic programming isa machine learning technique used to
optimize a population of computer programs according to a
fitness landscapedetermined by a program's ability to perform
a givencomputational task[12].

It has two advantages:

First, tree shaped rulesare explicit and easily be understood,
which isimportant in real-world applications where users will
not trust suggestions coming from a system they cannot
understand.

Second, there exists a variety of approaches to efficiently
synthesize highlyaccurate decision trees.



EDDIESFGP

The Dynamic Datalnvestment Evaluator (EDDIE,1]]) has been
usedto discoverinteractions between variables in decision
making processes.EDDIEL is the first implementation of
EDDIE, it was used in horse race.

FGR1, the third EDDIE release, fully focused on financial

forecasting and is thus referred to asFGP, it successfully find
some patterns in the financial data sets.

EDDIE102 is the extension of FGP, it takes AUC[5] as the final
result which is more stable then accuracy, and it also adopts
some advance operations to make the search more efficient.

Ensemble method is involved in EDDHE02 to get better results.



ALGORITHM DESCRIPTION

Algorithm EDDIE102 (M, N)
M is the maximum generation
N is the size of the ensemble
BEGIN
Letgen =0
Initialize the population using the grow method
while (gen < M)
Evaluate fitnessof each individual
Update archive of Best N individuals
Survival Selection : TournamentSelection
Crossoverand Mutation
Adjust Individuals with Hill-Climbing
gen=gen + 1
end while
Ensemblethe Best N individuals on test data set
END



THREE POINTS

(1) Fitness Function
Vv Cost Sensitive method
\Y AUC
V Entropy method

(2) Modified Operations

V Crossover
V Mutation

(3) Ensemble



FITNESS FUNCTIONS

(1) Q. Cost Sensitive method[2]
(2) Q: AUC [5]
(3) Q. Entropy [9] method

Table.1 Confusion Matrix

T I I

Actual 0 N-=FN+FN N+=TP +FP
Actual 1 FN TP O+ Accuracy = (TN+TP)/(©r O+)
N- N+ Nitr RF = FP/N+ RMC = FN/O+
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"Q = AUC(Classifier, Data Set)[5] (2)



ENTROPY METHOD

Fig. Representation in FGP Fig. Representation in EDDIELO2
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FITNESS USING ENTROPY

N 5 m Q 0oy (3)

0 (4)

U Uis the number of decision leave nodes
U is the number of training instances
B na¢ i using information gain[12]
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MODIFIED OPERATORS

Modified crossover and mutation[3]
(1)Individuals with lower fithness are chosen as candidates to do crossover or
mutation with a larger probability.

(2)Do mutation operation many times on a individual until its performance is
improved. Half size of training data set is used to save time.

Fig.3 Crossover [13] Fig.4 Mutation[13]
Parents Offspnng Parents Offspring
Crossover .~~~ : /2 Mutation Mutation
Point (x+y)+3 -- (X (Pomt Point
s oo {\ R
X y ;
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Crossover .- .--=""" " TToeoln ' §y_p_tree x 2

Point \.- ®. (Y+1) (x/2)
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ENSEMBLE

Our ensemble method is using several individuals to decide the
final score for instance C

) Ol QL.
YHEBIQ YEQ B g L GOTY T

N is the size of ensemble
"Y(0) is the score achieved by the ith individual classifier
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DATA SETS AND RESULTS

Table.2 Data Sets

B N B T AT

S&P500  Apr2,1963 Jan25,1974  P(63,4) 1800
D2 DJIA  Apr7,1969 May5,1980  P(63,4) 1900 900
D3 DJIA  Apr7.1969 Apr9,1981  P(63,4) 2024 1011
D4 DJA  Apr7,1969 May5,1980 P(21,2.2) 1900 900

In this experiment, we have four algorithms,

| Fitness | Adopt modified operation

FGR1
FGRAUC

FGRE
EDDIEL02

NO
NO
NO
Yes

14



D1

RESULTS

Tree Size

AUC

0.75

0.7

0.65

0.6

0.55[

0.5

Training

Test

20 30
Generation

40

50

140

120

1001

80

Size of Decision Tree

601

40 ‘

0 10 20 30 40
Generation

50

0.64
0.621
0.6-
O
2 0.981
= 0.58
0.56

0.54

0'520 10 20 30 40

Generation

FGP-1
FGP-AUC
FGP-E
EDDIE-102

15



RESULTS

D2 Tree Size
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