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Abstract.  This paper proposes an empirical study of inductive Genetic 
Programming with Decision Trees. An approach to development of fit- 
ness functions for efficient navigation of the search process is presented. 
It relies on analysis of the fitness landscape structure and suggests mea- 
suring its characteristics with statistical correlations. We demonstrate 
that this approach increases the global landscape correlation, and thus 
leads to mitigation of the search difficulties. Another claim is that the 
elaborated fitness functions help to produce decision trees with low syn- 
tactic complexity and high predictive accuracy. 

1 Introduction 

Inductive concept learning is considered search for concept descriptions that 
model accurately given data. The inductive learning has to construct concept 
descriptions which: first, cover most of the data; second, feature by high extrap- 
olation power; and, third, have reasonable length. Nowadays, stochastic com- 
plexity (minimum description length) measures [6], [7], [8] are used for achieving 
these qualities. The stochastic complexity measures keep a balance between the 
syntactic complexity and predictive accuracy of the inferred descriptions. 

Evolutionary algorithms [1],[5] are random search methodology that could 
be employed for inductive learning. They build concept descriptions with repro- 
duction, recombination and mutation operators. The evolutionary search could 
be viewed as navigation by the genetic operators on their landscapes determined 
by a fitness function. The fitness landscape structure is the only information for 
search navigation. The evolutionary algorithms perform well on fitness land- 
scapes that contain relevant information about the search goal [4]. On such 
landscapes they can find global, or nearly-global solutions, reliably and quickly. 

This research was motivated by the fact that the navigation difficulties are 
influenced by the fitness function, as they obviously depend on how the land- 
scape has been created. An approach to developing fitness functions for efficient 
search upon a global fitness landscape analysis is presented. The approach helps 
to make fitness functions that provide enough information for locating the global 
optima on the landscape. The fitness distance correlation [4] measure is used for 
estimating the correspondence between the fitness of a point and its distance to 
a global optimum in the search space of the task. 
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The approach is illustrated with elaboration of a fitness function for effi- 
cient concept learning by inductive Genetic Programming with Decision Trees 
(GPDT) [9]. The claim is that a careful design of a stochastic complexity fitness 
function helps to achieve: first, mitigating the navigation difficulties by increas- 
ing the global landscape correlatation, and, second, keeping a balance between 
the parsimony and accuracy of the decision trees. The experiments show that 
the inductive GPDT is really useful when it continuously promotes genotypes 
with low syntactic complexity and high predictive accuracy. 

This paper presents GPDT in section two. It includes the genetic decision 
tree-like programs, the reproduction, recombination and mutation operators, 
and the fitness function. The study of GPDT with a special statistical measure 
is given in section three. Finally, conclusions are derived. 

2 G e n e t i c  P r o g r a m m i n g  w i t h  D e c i s i o n  Trees  

2.1 Genetic Decision Tree-like Programs 

The Genetic Programming (GP) paradigm can be used for solving inductive 
concept learning tasks [3],[5] by manipulating a population of decision trees [7]. 
The search could be organized by modifying the size and shape of decision trees 
with recombination and mutation operators. The GP is appropriate for inductive 
learning as it allows the size of the trees to be discovered automatically. 

The presented GPDT evolves genetic programs in the form of decision trees 
[7]. In context of the learning task and in terms of the chosen description lan- 
guage, the nodes of the decision tree are attributes of the concept features, and 
the leaves denote the class of the concept. Since a decision tree can be viewed as 
a representation of a composition of functions, it is easy to determine how the 
tree components serve as genetic material: the concept attributes could naturally 
be functional nodes, and the concept classes could be terminal leaves. 

2.2 Reproduction, Recombination and  M u t a t i o n  Operators 

GPDT breeds a population of decision trees with three genetic operators: re- 
production, recombination and mutation. Currently, steady state reproduction 
is employed with fitness proportionate selection [1]. 

The recombination operator for GPDT performs crossover [5] by cutting 
and splicing two parent trees in randomly chosen nodes. The crossover operator 
maintains the closure property [5] and derives only syntactically correct decision 
trees. That is why the cross points in the parent trees are selected so that only 
offsprings having nonrepeating attributes on each branch can result. 

An uniform replacement mutation operator has been developed especially for 
GPDT. The operator traverses a decision tree in depth-first manner and changes 
each visited node or leaf with a probability P m =  x/length(DT), where: x is 
a parameter. When a functional node is encountered, it is replaced with equal 
probability by another randomly chosen functional or terminal node. A terminal 
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is replaced again with equal probability by a randomly chosen functional or 
terminal. This uniform mutation also preserves the closure property [6]. When 
a functional node is to be replaced with a functional node, the new one is chosen 
so that it does not appear in the above and below contexts. 

2.3 The  Stochas t ic  Complex i ty  F i tness  Func t ion  
The purpose of inductive learners is to identify concepts that best model given 
examples. The stochastic complexity measures [61,[71,[81 provide sound criteria 
for data modeling. In terms of decision trees, these are criteria for isolation 
of parsimonious trees, with minimal syntactic complexity, and accurate trees, 
which model well the examples. A balance between accuracy and parsimony is 
very important for efficient evolutionary search [3]. We clarify this revelation is 
sense that the use of ready formulae does not necessarily lead to better results. 

Experiments into inductive GPDT were carried out with the recent measure 
of Quinlan [8]. This measure [8] was originally prepared for pruning decision 
trees, but it is reasonable to employ it for growing decision trees also: 

F( DT)  = min{  I(  DT)  § I (e lDT)  } 

I ( DT)  = n f  + nl + n f  • log2(f) + nl x log2(l) 

I ( e l D T  ) = tp • (-log2(P(eltp))) + f p  x (-log2(1 - P(eltp)))+ 

tn x (- log2(P(eltn)))  + f n  x (-log2(1 - P(e]tn))) 

It has been found, however, that during evolutionary learning distinct deci- 
sion trees have been assigned equal stochastic complexity values. That is why, 
we modify the measure so that the relative frequencies of the examples are 
computed with the following conditional probabilities [9]: 

gp 
P(eltp ) = P(e]tpl + tp2 + ... + tpN, ) = ~ ,  P(tp~) • P(eItp~ ) 

i=1 
N= 

P(el tn  ) = P(e l tn l  + tn2 + ... + tnN~ ) = • P(tni)  • P(eltni  ) 
i-=1 

where: n f-functional nodes in DT; nz-leaves in DT; f-possible functions; 
l- leaf classes; Np- positive leaves; Nn- negative leaves; tp-true positive exam- 
ples; fp-false positive examples; tn-true negative examples; fn-false negative 
examples. 

This calculation of the relative frequencies of the examples with conditional 
probabilities has the advantage that it accurately evaluates a decision tree as a 
disjoint combination of conjunctive components formed along the branches. 

3 S t u d i e s  o f  I n d u c t i v e  G P D T  

This research investigates the different fitness landscape structures that arise 
from different fitness functions employed in inductive GPDT. Such analysis is 
valuable as the navigation difficulties are monitored by the global structure of 
the fitness landscape, which is a global search characteristics of the task. 



186 

3.1 Fitness  Distance Correlation 
The fitness distance correlation (FDC) measure [5] provides evidences for the 
global correlation character of the fitness landscape: 

M 

(~-~)• 
FDC(F, D) = '=~ 

Fi--F)2• Di--D) 2 

where: M - is the number of the steps considered, and M > 0 ; F~- is the 
M 

fitness at step i ; D i -  is the distance at step i ; F---- (1/(M + 1)) • ~ Fi , and 
0 

M 

L)= (1/(M + 1))• ~ Di are weighted means. 
0 

The FDC is calculated with pairs (F, D) recorded during random walks 
on the landscape. The distance D = Dist(DT, O) is defined as the number 
of one-point mutations needed to produce the optimal decision tree O from a 
particular decision tree DT. Since the stochastic complexity fitness function has 
a minimizing effect, FDC is 1 when the correlation is maximal. 

3.2 The  Fitness  Landscape 

The fitness landscape here is a methaphore that relates decision tree-like geno- 
types with their fitnesses, calculated with the stochastic complexity function. 
Such a view has the advantage that the fitness landscape could be reliably exam- 
ined as special statistical measures for estimation of its characteristics exist. The 
landscape consists of points with fitnesses. The differences between the fitnesses 
of these points form the correlation structure of the landscape. The differences 
between the decision trees could be precisely identified as their fitnesses are 
points on different hills, valleys, and slopes of the correlation structure. 

The FDC measure summarizes whether the global optima is accessible from 
a given point on the landscape. The distance to the global optimum should de- 
crease with improving the fitness. Abstractly, this means that the global optima 
is visible and therefore the landscape is mountable. 

3.3 Exper imen ta l  Results  

The elaborated stochastic complexity formula was built in GPDT as a fitness 
function. Two kinds of experiments were conducted: first, with groups of uni- 
formly generated examples, and, second, with benchmark datasets. 

The landscape analysis with FDC started with the measure of Quinlan [8]. 
Two groups each of 5 sets of examples for different decision trees with up to 
6 attributes have been generated. The domains for the attributes consisted of 
2 to 4 discrete values. The sampling decision trees were symmetric and ani- 
symmetric. The first group included 5 symmetric trees, which left subtree mir- 
rors the right subtree. The second group included 5 anti-symmetric trees with 
different depths: shallow, medium, and deep. The parameter x of the probability 
Pm was: x -- 0.05. Walks on 1500 landscape points have been carried out. 
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Symmetr ic  Decis ion Trees The results from the tests on each of the 5 sets are 
visualized by scatter plots and abbreviated F D C  summaries. Figure 1 presents 
the scatter plot for the fitness/distance relationship derived from the 5 th sym- 
metric set (the remaining four scatter plots almost coincid with it). It reveals 
that the fitnesses and the distances produced with the measure of Quinlan are 
uncorrelated. The fitness values vary within a small range nevertheless the dis- 
tances to the globally optima/tree increase or decrease. Moreover, this has been 
noted for inductive tasks which are not very difficult. For all the 5 tasks the 
averaged F D C  values from the measure of Quinlan are in [-0.2 + -0.025]. 
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Anti - symmetr ic  Decis ion Trees The global landscape is obviously uncorre- 
lated as the F D C  values were near 0. Another series of tests with anti-symmetric 
decision trees have been conducted using the same parameters. Figure 3, with 
the scatter plots of F D C  derived from the 10 th example set, shows that there 
is no clear correlation between the fitnesses and their distances to the optima. 
When evaluated with the formula of Quiulan, the points on the landscape are 
within a tight band parallel to the horizontal axis. The formula failed to evaluate 
differently trees, which are at different distances to the global optima. 
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The abbreviated summary of averaged FDC from 10 trials with the sets for 
anti-symmetric trees is given on Figure 4. The FDC values were near 0, this time 
higher within the interval [0.035 + -0.125], which says that there is virtually no 
correlation between the fitness and the distance to the global optima. In other 
words, the problems were difficult for the measure of Quinlan, which is against 
the common sense as they have been deliberately generated as easy. After a 
careful examination it was found that when evaluated with this fitness function 
some offspring decision trees have the same fitness as their parents. 

Improv ing  the  Fi tness  Func t ion  Our objective was to make the formula 
to account for the number of the branches in a decision tree. The idea is to 
calculate the frequencies of the true positive and true negative examples with a 
conditional probability estimate that inherently measures how many concepts, 
acquired at the leaves, participate in the disjunctive concept description. The 
conditional probability estimate say that the smaller the branches that generate 
conjuncts, the better the compression of the examples. Hence, the stochastic 
complexity fitness function will assign lower values to more compact decision 
trees as they better compress the examples. 

Expe r imen t s  wi th  the  Repa i red  Fi tness  Func t ion  The experiments have 
been repeated using the modified stochastic complexity fitness function. The 
FDC scatter plots are given on figures 1 and 3. They reveal that the improved 
formula maintains a high fitness/distance relation. This is proven by the distri- 
bution of almost all points, derived with the novel formula, around a line that 
is at 45 degrees between the horizontal and the vertical axes. 

The abbreviated summaries with average FDC values from 10 trials are 
given on figures 2 and 4. While the FDC values derived with the formula of 
Qninlan are within the range [-0.2 + 0.035], those derived with the improved 
formula are in the interval [0.57 + 0.845]. That is why, the FDC values from 
Figure 2 and Figure 4 allow to conclude that the landscape has been tuned from 
misleading to straightforward, according to the original definitions [5]. Thus, the 
repair of the formula made the global fitness landscape more correlated. 

Expe r imen t s  wi th  Classical B e n c h m a r k  Datase t s  The improved stochas- 
tic complexity function was tested also by running GPDT on two classical bench- 
mark datasets : the Iris data [7]; and the Multiplexor-ll data [7]. The accuracy 
and complexity of the evolved decision trees were compared with the ones pro- 
duced by C4.5 [7] after learning from exactly the same data sets and testing on 
exactly the same testing sets. We used the pruned decision trees produced by 
C4.5 with confidence level CF = 25%. 

The Iris data set consists of 150 examples from 3 classes. For training 100 
examples were used. They include 4 continuous attributes, which we discretized 
in advance. The parameters were: PopulationSize = 50, Generations = 100, 
Pc,.os~o,~,.=0.8, and PMu~ation=0.2. Tests with the formula of Quinlan and the 
improved one, using values of x: 0.5, 1, 1.5, 2, and 2.5, were conducted. On Figure 
5 the average fitnesses from 10 runs with the Iris data are plotte& The best 
fitnesses, visualized on Figure 6, are obtained only with the improved formula 
and values of x: 0.5, 0.8, 1, 1.2, 1.5, 2, 2.5, 2.95, 3, and 3.5. 
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The plots on Figure 5 reveal that the evolutionary learner with the improved 
formula solves the Iris task more accurately. As evidences the more stable curves 
serve. With the Quinlan's formula the evolution was periodically misleaded. 
Figure 6 shows that all of the runs with the improved fitness formula converged 
to the same decision tree. The size of the tree, to which all the runs of GPDT 
converged, was 4, exactly the same as the decision tree generated by C4.5. The 
classification accuracy on unseen test data was also the same 98.7%. Note that 
this is an indication for a slightly overpruned decision tree, but this is because 
of the simplistic manual discretization of the continuous attributes. 

Figures 7 and 8 represent results derived when learning concepts from the 
Multiplexor-ll [7] data set. They describe an ll-bit multiplexor with 3 at- 
tributes for the address bits, and 8 for the data bits. There were randomly 
generated 100 examples for training and 1000 for testing. The decision tree pro- 
duced by C4.5 for the training set was with length 39, and the decision tree 
produced by GPDT with length 7. The accuracy of the tree of C4.5 on unseen 
data was 71.63% and the accuracy of the GPDT tree was 81.54%. The difficulty 
of this inductive task can be understood from the small band in which the curves 
on Figure 7 appear. The band of curves produced with the formula of Quinlan 
is more rugged and implies unstable evolutionary search. 

Learning with Different Values for X 

Multiplexor-ll 
. . . .  X.2..S 
- - x , ~ . s . . s  

. . . . .  X . ; . 5 . ~  

. . . . . .  X . 2 . ~  

40 60 SO 

Ger~ratic~s 
fig.7 

Learning with Different Values for X 

ss~ Multiplexor-ll i-i'. ~[I:,~ 

so ~ ::is 

, ;  . . . . . .  x i 3 . s  

Z : | i  

i i i i i i 
o 20 4o 6o go l o o  ~ o  

A v e r a g e  F i t n e s s  

f ig.8 



190 

4 D i s c u s s i o n  
The presented study had two aspects. First, it demonstrated an approach to 
elaboration of fitness functions for evolutionary learning, but the approach could 
be used for improving the heuristic functions for symbolic learners also. 

Second, the study demonstrated that evolutionary concept learners can be 
successfully applied for solving inductive tasks. They can produce concept de- 
scriptions with accuracies that could be compared favorably with the results 
generated by some of the best symbolic learners. The evolutionary learning pro- 
cess, however, is critically influenced by the selection of parameter values for the 
genetic operators. Note that these aspects were exploited with a system which 
uses decision tree-like genotypes, but they can help also to improve GP systems 
with other genetic program representations [3]. 

5 C o n c l u s i o n  
This paper continues the study of the navigation and the structure of the search 
carried out by inductive learners. Statistical correlations were used to measure 
the quality of the solutions in order to make the search more efficient. The 
contribution of the paper is twofold: first, it developed a general stochastic 
complexity formula for eastimating decision trees appropriate for incremental 
and batch learners; and, second, a relationship between the performance and 
the representation in inductive evolutionary learners has been found. 
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