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OUTLINE 



If we want to finding investment opportunities in the financial 
markets , financial forecasting is good tools and technologies 
for us. Financial forecasting is a 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 sti l l very inef ficient and that 

further improvements are necessary if we want this application 

of GP to become successful. 
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BACKGROUND 



(1) Financial Data Set to Classification Data Set 

     Some indicators were used to transform the financial data 

set to classification data set 

 

(2) Here we get a classification data set D 

D =X = {X1 , X2, é , Xn},  Xi is an observation in D. for Xi is the 

form (zi1 , zi2,é,zim , ci), here (ᾀ ᶰὙ, for ρ Ὥ ὲ, called feature 

sets, ci  ɴF, F is a finite set, called label set). 

 

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

set. 
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PROBLEM DESCRIPTION 



Genetic programming is a machine learning technique used to 

optimize a population of computer programs according to a 

fitness landscape determined by a program's ability to perform 

a given computational task[12].  

 

It has two advantages: 

First, tree shaped rules are explicit and easily be understood, 

which is important 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 ef ficiently 

synthesize highly-accurate decision trees.  
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GENETIC PROGRAMMING 



The Dynamic Data Investment Evaluator (EDDIE, [1]) has been 
used to discover interactions between variables in decision 
making processes. EDDIE-1 is the first implementation of 
EDDIE, it was used in horse race. 

 

FGP-1, the third EDDIE release, fully focused on financial 

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

 

EDDIE-102 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 ef ficient. 

Ensemble method is involved in EDDIE-102 to get better results. 
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EDDIES-FGP 



Algorithm EDDIE-102 (M, N) 

M is the maximum generation 

N is the size of the ensemble 

BEGIN 

   Let gen = 0 

   Ini t ial ize the population using the grow method 

   whi le (gen < M) 

 Evaluate f i tness of each individual 

 Update archive of Best N individuals 

 Survival Selection : Tournament Select ion 

 Crossover and Mutat ion 

 Adjust Individuals with Hi l l-Climbing 

 gen = gen + 1 

   end whi le 

   Ensemble the Best N individuals on test data set 

END 
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ALGORITHM DESCRIPTION 



(1) Fitness Function 

V      Cost Sensitive method 

V      AUC 

V      Entropy method 

 

(2) Modified Operations 

V     Crossover 

V     Mutation 

 

(3) Ensemble  
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THREE POINTS 



(1) Ὢ : Cost Sensitive method[2] 

(2) Ὢ : AUC [5] 

(3) Ὢ : Entropy [9] method 

 

Table.1 Confusion Matrix     

        

        

        

        

  

 

 

Ὢ ύ ὃzὧὧόὶὥὧώ ύ ὙzὊ ύ Ὑzὓὅ                (1) 

Ὢ = AUC(Classifier, Data Set)[5]                       (2) 
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FITNESS FUNCTIONS 

Predict 0 Predict 1 O- = TN + FP   O+ = FN + TP 

 

Actual 0 TN FP O- N- = FN + FN   N+ = TP + FP 

 

Actual 1 FN TP  O+ Accuracy = (TN+TP)/(O- + O+) 

 

N- N+ Ntr RF = FP/N+   RMC = FN/O+ 

 



     

 

 

 

 

 

 

 

 

 

 

 
  

       Fig.  Representat ion in FGP  Fig.  Representat ion in EDDIE-102   
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ENTROPY METHOD 



ὴ
В

         π Ὧ ὔὒȟὯᶰὙ          (3) 

Ὢ  
В В В

      (4) 

 

 

ὔὒ is the number of decision leave nodes 

ὔ  is the number of training instances 

В ὴὰέὫὴ  using information gain[12] 
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FITNESS USING ENTROPY 



Modified crossover and mutation[3] 

(1)Individuals with lower fi tness are chosen as candidates to do crossover or 

mutation with a larger probabi l i ty. 

(2)Do mutation operation many t imes on a individual unti l  i ts per formance is 

improved. Half size of training data set is used to save t ime. 

 Fig.3 Crossover [13]                                          Fig.4 Mutation[13] 
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MODIFIED OPERATORS 



Our ensemble method is using several individuals to decide the 

final score for instance C 

 

ὛὧέὶὩὅ Ὓ ὅȡὭ ὥὶὫ
ὥὶὫ

Ὦɴ ρȟȣȟὔ
ὥὦίὛ πȢυ  

 

N is the size of ensemble 

Ὓ ὅ  is the score achieved by the ith individual classifier 
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ENSEMBLE 



Stock Start End P(n,r) Train_size Test_size 

D1 S&P 500 Apr2,1963 Jan25,1974 P(63,4) 1800 900 

D2 DJIA Apr7,1969 May5,1980 P(63,4) 1900 900 

D3 DJIA Apr7.1969 Apr9,1981 P(63,4) 2024 1011 

D4 DJIA Apr7,1969 May5,1980 P(21,2.2) 1900 900 
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DATA SETS AND RESULTS 

Table.2   Data Sets 

In this experiment, we have four algorithms,  

Fitness Adopt  modified operation 

FGP-1                          f1 NO 

FGP-AUC f2 NO 

FGP-E f3 NO 

EDDIE-102 f3 Yes 
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RESULTS 

Tree Size 

Test Training 

D1 
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RESULTS 

Tree Size 

Test Training 

D2 


