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Abstract Complex systems are emergent, self-organizing and adaptive systems.
They are pervasive in nature and usually hard to analyze or understand. Often they
appear intelligent and show favorable properties such as resilience and anticipation.
In this paper we describe a classifier model inspired by complex systems theory.
Our model is a generalization of neural networks, boolean networks and genetic
programming trees called computational networks. Designing computational net-
works by hand is infeasible when dealing with complex data. For designing our
classifiers we developed an evolutionary design algorithm. Four extensions of this
algorithm are presented. Each extension is inspired by natural evolution and theories
from the evolutionary computing literature. The experiments show that our model
can be evolutionary designed to act as a classifier. We show that our evolved clas-
sifiers are competitive compared to the classifiers in the Weka classifier collection.
These experiments lead to the conclusion that using our evolutionary algorithm to
design computational networks is a promising approach for the creation of classi-
fiers. The benefits of the evolutionary extensions are inconclusive, for some datasets
there is a significant performance increase while for other datasets the increase is
very minimal.
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1 Introduction

Many problems in the world can be formulated as classification tasks. In fact, hu-
mans are classifying things, sounds, objects, scents and feelings all the time. Most
of these ‘problems’ are solved naturally by humans, while in fact some of them are
quite hard. That is, computers have not been able to solve some of these problems.

Classifiers are typically implemented using parameterized models, e.g. Bayesian
networks or neural networks, in which the model structure is specified by hand and
the parameters are learned by collecting statistics over the data. Such models capture
average behavior, but fail to model large variations and exceptions to the rule, they
lack adaptivity. Looking at software systems in general it can be noted that they do
not possess the adaptive properties which are so distinctive for natural systems. In
the world around us, adaptation is everywhere. Every organism is constantly adapt-
ing to its environment. According to Salehie and Tahvildari [30] there is a need for
a new approach for developing adaptive software.

In nature different adaptation strategies exist, the focus of this paper lies on so
called complex systems. Examples of complex systems are as diverse as ant colonies
[9], immune systems [14], the human mind [25] or a market economy. A common
feature of these systems is that they consist of autonomous interacting entities, it is
hard to pinpoint the location of the adaptivity in such a system. Yet their tremendous
power is apparent when looking at them from an engineering point of view.

In this paper we use complex systems as an inspiration for the design of a classi-
fier model. Our model is a variant of neural networks which we call computational
networks (CN). A computational network is a graph with mathematical functions
as nodes. These function nodes are similar to the functions in genetic program-
ming trees [22]. The model is a generalization of random boolean networks, neural
networks and genetic programming trees. A computational network allows more
expressive functions, it poses no restrictions on the graph topology (recurrent loops
are allowed) and it allows real values.

Designing computational networks by hand is nearly impossible due to some of
their complex system properties (which we will discuss in section 2). As an alter-
native we turn to artificial evolution for the design task. An advantage of evolving
classifiers based on complex systems compared to the traditional approach is that
the classifier can be structurally adapted to a specific problem. If the problem re-
quires a more adaptive model, evolution should be able to design the model to be
more adaptive. Another motive for using evolution is that natural complex systems
have emerged through natural evolution, as such it is plausible that complex sys-
tems can be designed using artificial evolution. An evolutionary algorithm (EA) is
constructed that designs computational networks. Several extensions for this EA are
proposed and investigated to verify their usefulness.

Our long term goal is to develop adaptive classifiers which are capable of han-
dling dynamism such as is encountered in the real world. In this paper, however, we
focus on creating static classifiers inspired by the theory of complex systems. We
hope that in future work our model can be a starting point towards more adaptive
classifiers.
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First, in section 2 we discuss some properties of complex systems that serve as
inspiration for our model and the design choices we made. In section 3 we present
our model, so-called computational networks and in section 4 we present our evolu-
tionary design algorithm. Section 5 describes the extension comparison experiment
and the performance comparison experiment. Section 6 discusses the obtained ex-
perimental results and we conclude this paper in section 7.

2 Complex Systems

Research of complex systems is done in different disciplines. The field of Complex
Adaptive Systems (CAS) [14] is concerned with an analysis of complex systems as
there is currently not a complete mathematical model of it. Collective intelligence
(CI), is more concerned with modeling the behavior of complex systems. For exam-
ple, in [31] Schut identifies several characteristic properties of collective intelligence
systems. Swarm intelligence (SI) is inspired by natural complex systems, and is a
paradigm for implementing adaptive systems [2, 20]. Further, the field of artificial
life (a-life) aims to construct artifacts that approach the complexity of biological
systems [1]. Typical examples of a-life are the work of Sims [32] and the research
field of cellular automata, where from simple rules complex patterns can emerge.

The remainder of this section presents a definition for complex systems and a
set of properties based on an extensive study of the related literature. Additionally,
several fundamental design choices are presented for the design of complex systems.

2.1 Definition

Our working definition of complex systems is:

Complex systems are adaptive systems composed of emergent and self-organizing
structures.

This definition says that in order to obtain an adaptive system, emergence and self-
organization are required. In the next two sections a total of six properties are iden-
tified for emergence and self-organization. In our view, these properties are required
to obtain an emergent and self-organizing system. Consequently, these six proper-
ties need to be included in the model in order to obtain an adaptive system. Using
these properties the design choices in section 2.2 are made.

2.1.1 Emergence

Emergence is a concept lacking a concise definition [16]. However, Corning [3]
defines emergence as the arising of novel structures during the process of self-
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organization in complex systems. This shows the close relation between the topics
of self-organization and emergence, just as in the proposed definition. A more sim-
ple definition of emergence is posed by Schut [31] as “the whole is more than the
sum of its parts”. This lack of a proper definition results in a lot of controversy how
emergent properties are to be distinguished from non-emergent properties [4]. Nev-
ertheless, three properties are presented which, in our opinion, belong to emergence.

The distinction between a local and a global perspective or level is often asso-
ciated with emergence [6]. Local is the level of the individual which describes the
behavior of the individual. Global is the system wide perspective, which describes
characteristics on a system level. Emergence occurs when global behavior of a sys-
tem is not evident from the local behavior of its elements [20].

Interaction between individuals is an important property for emergence. When
parts interact in less simple ways, reduction does not work, the interaction as well
as the parts have to be studied [16]. The stability of an economy can be seen as an
emergent property caused by the interactions of the participants (e.g. buyers, sellers)
in this economy [20].

This interaction between individuals gives rise to possible non-linear relations in
a system. This non-linearity is often stated as: small causes can have large effects,
and large causes can have small effects.

2.1.2 Self-organization

De Wolf and Holvoet [6] state that self-organizing systems appear to organize them-
selves without external direction, manipulation, or control. Di Marzo Serugendo [7]
states that self-organizing systems give rise to emergent properties. We identify three
properties which are in our opinion crucial to obtain self-organization.

Decentralization is an obvious property of self-organization, there is no central
controller that supervises all the parts. All individuals are autonomous.

The interaction discussed in section 2.1.1 gives rise to feedback. Feedback is a
circular cause-and-effect relation [13]. There is positive, self-reinforcing feedback
which allows a deviation to enlarge in an explosive way. And there is negative, self-
counteracting feedback which stabilizes the system.

Self-organizing systems sometimes appear to behave randomly. The occurrence
of randomness in complex systems is arguably more a limitation of the observer
than an intrinsic property of a system. If the observer would be able to perceive
every part of the system and completely understand the relations between the parts,
the randomness would disappear.
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2.2 Design of complex systems

The design of a complex system is a delicate task, that is, the design of a useful
complex system is complicated. As was stated in section 2.1.1, reduction does not
work, it is very hard to assemble parts which on a global level yield desired behavior.

Several attempts have been made to create complex systems, for example,
Mitchell and Hofstadter [26] have created an emergent architecture capable of mak-
ing analogies. In subsequent research their idea was applied to music prediction,
geometric puzzles [10], and auditory perception [8].

An alternative approach is automating the design of complex systems. Artifi-
cial evolution is widely used for this purpose. One of the most prominent examples
is genetic programming (GP) pioneered by Koza [22]. GP evolves a population of
computer programs (in the form of syntax trees) to perform a task. Another example
is the earlier mentioned work of Sims [32], where robot behavior and morphology
were evolutionary designed. Evolution has also successfully been applied for the
design of hardware [35], the design of robots [29], the development of an acous-
tic communication system between robots [36] and for designing cellular automata
[34]. Another automated approach is that of learning classifier systems pioneered
by John Holland [15].

We made several design decisions for modeling complex systems. In the follow-
ing sections these decisions are presented, the choices were listed in [37].

2.2.1 Centralization or decentralization

The choice between a centralized or decentralized control structure of a complex
system is clear. As discussed in section 2.1.2, self-organization and decentralization
are important properties of complex systems. As such, a decentralized approach is
recommended.

2.2.2 Differentiation

This choice concerns the homogeneity of the individuals in the complex systems.
Natural complex systems of both types exist, ants in an ant colony are (largely) the
same, while there are several types of antibodies in the immune system. Groß et al.
[11] show that homogenous robots are capable of a division of labor, meaning that
robots perform different kind of tasks. An advantage of the homogenous option over
the heterogenous option is that it reduces the design task significantly. As compro-
mise, we prefer a semi-homogenous option which reduces the design task but still
allows a limited amount of variety among individuals.
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2.2.3 Communication structure

In order to enable signaling or communication between individuals, a communica-
tion structure has to be chosen. According to Uny Cao et al. [37] there are three
types of communication: interaction via environment, interaction via sensing and
interaction via communications. An example of environmental interaction is stig-
mergy as employed by ants. The difficulty of this type of communication lies in
the definition of the environment. It is hard to define for more abstract problems. A
similar problem arises for interaction via sensing. If the problem is difficult to trans-
late to the physical domain, how can sensing be defined? The only communication
structure which does not suffer from these potential physical domain translations is
interaction via communications. This communication structure can be characterized
as a network topology. The most famous example of this structure is of course the
human brain, essentially a network of interconnected neurons. Because this latter
option does not have the disadvantages of the other types of communication, inter-
action via communications is the preferred communication structure for a model of
complex systems.

3 Model

Based on the choices made in the previous section a model for complex systems is
constructed.

As was stated, the system needs to be decentralized, it must be comprised
of semi-homogenous individuals connected in a network. Furthermore, the sys-
tem needs to have a possibility to interact with the outside world, it needs in-
puts and outputs. A network of semi-homogenous individuals is decentralized as
long as each individual is autonomous. Such a decentralized network can be repre-
sented by a graph. Several graph based representations already exist such as hidden
Markov models (HMMs), Bayesian networks (BNs), neural networks (NNs), ran-
dom Boolean networks (RBNs) and GP syntax trees. HMMs and BNs are both prob-
abilistic graphical models. Since complex systems are not limited to mere statistics,
these models are not adequate to model complex systems.

Neural networks and especially recurrent neural networks (RNNs) are interesting
since they are a networked computational model, with semi-homogenous individu-
als. The choice for RNNs over NNs is because recurrent neural networks have the
ability to memorize values through recurrent loops, which is of great importance
for time sequence processing [28]. An interesting observation on recurrent neural
networks is that knowledge in the system can be seen as an emergent property, it
emerges from the structure of the network.

A random boolean network is a similar emergent computational model, it is ba-
sically a series of interconnected boolean gates such as AND, OR and XOR gates.
An important difference with NNs is that RBNs only deal with boolean values, and
that each gate (node) can implement a different boolean function.
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As discussed earlier, in genetic programming syntax trees are evolved. In a syntax
tree the nodes are programming functions and the branches connect the inputs and
outputs of the functions. The evolved syntax trees can be converted to an executable
program. This is in contrast to RNN and RBN which are graph based computational
models, while GP trees are graph (tree) based genotypical representations.

We propose a novel model that combines properties of RNNs, RBNs and GP
syntax trees, called computational network (CN). Computational networks can be
seen as a generalization of NNs and RBNs, their properties are compared in Table
1. In the table it can be seen that CNs do not have to be structured in any kind of

Table 1 Comparison of three different computational models: computational networks, recurrent
neural networks and boolean networks and GP trees

CN RNN RBN GP tree
type computational model genotypic representation
structured no yes no yes
functions diverse similar diverse diverse
values real real boolean real

form, in contrast to the structures of RNNs which are usually designed in advance.
The structure of a GP tree is designed by evolution, however, it is required that the
structure is a tree (no cycles are allowed). Further, RNNs, RBNs and GP trees are
all graphs of interconnected mathematical functions. In RNNs these functions are
usually all similar while in RBNs and GP trees these can be different. Since semi-
homogenous individuals are required, CNs allow the use of different mathematical
functions using real values. RNNs and GP trees also use real values while RBNs are
limited to booleans. An example of a computational network is shown in Figure 1.
A node can be defined as a mathematical function f (x1,x2, ..,xn) with a number of

output 0

input 0

input 1

f2(x)

f4(x)f1(x)

f5(x)f3(x)

Fig. 1 Example of a computational network, with two inputs and one output, all weights and
parameters are omitted.

n inputs and one output, each node can implement a different function.
There are several reasons why CNs are chosen over RBNs, RNNs and GP trees.

As said above, CNs are a generalization of RNNs and RBNs, while RNNs usually
allow just one type of function in the network, a computational network does not
pose restrictions on the functions. For example, consider a classification problem
which looks for the minimum value of 10 real input values. In a computational
network this can be represented using one single node containing the min function.
When using neural networks at least an array of neurons with a sigmoid function
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is required to represent the same function, this is obviously much more complex
compared to the CN solution. This means that computational networks are more
expressive, more advanced computations can be done with a small number of nodes,
thereby reducing the solution space. Furthermore, this particular problem cannot be
solved by using boolean networks since it involves continuous values. Although it is
possible to encode continuous values with boolean networks, the precision has to be
defined on forehand which directly influences the network size. The more number
of digits are needed for encoding the problem, the larger the network will be. Nodes
in a GP tree share the same expressiveness as nodes in a CN graph. However, the
interactions in a CN graph are unbound while the interactions in a GP tree are all in
the same direction (there are no cycles).

An important aspect of computational networks is the order of computation. Cir-
cular dependencies are allowed, as it allows recurrent loops, which can be seen in
Figure 1. Circular dependencies pose a problem because a node can only be exe-
cuted when all input values are set. For this reason, when no executable node can be
found, the first node that is found which is directly connected to an executed node
(or input) is executed. For example in Figure 1 the first node to be executed would
be node f1(x), even though not all its input values are set. When an input value is
not set, the value of the previous time step is used instead.

Earlier it was said that complex systems are comprised of autonomous entities,
as such, the chosen encoding should also have autonomous individuals. Nodes and
their mathematical functions are in their simplicity not first to come to mind when
thinking about autonomy. However, it is clear that their behavior is not dictated by
some outside force. As such they can be considered autonomous.

Furthermore it has been proven that recurrent neural networks are equivalent
to a universal Turing machine [18]. The same holds for a type of cellular automata
(CA), which are a subclass of boolean networks [20]. Since computational networks
are a generalization of RBNs and RNNs, CNs themselves are universal Turing ma-
chine equivalent. This means that a computational network is at least capable of
representing a good classifier. Since RNNs have proven to be powerful classifiers,
and CNs are a generalization of RNNs, it is expected that CNs are good classifiers
themselves. A classifier can be described as a mathematical function which divides
a problem space into several subspaces (classes), since a computational network is
in essence a set of interconnected functions, it is appropriate to use it as a classifier.

4 Algorithm

This section discusses the evolutionary algorithm that we have devised to design
computational networks. The purpose of this research is to design a complex system
which acts as a classifier. A classifier predicts (classifies) the class of a sample based
on its input features. A fitness score can be computed using the number of correct
classified samples. The evolutionary algorithm evolves a population of classifiers
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(computational networks), each generation the classifiers are evaluated by testing
them on a set of data samples.

Several possible extensions for evolutionary design are proposed. These exten-
sions attempt to improve the evolutionary design process for computational net-
works. In Figure 2 an outline of the algorithm is shown, displaying the algorithmic

complex system classifier (3)in out

hierarchical complexity 
(4.4)

fitness function (4.3)

genotype (4.1) EvoBoosting (4.2)

embryogeny (4.1)
fitness distance metric 

(4.3)

dataset (5.1)

Fig. 2 Illustration of the evolutionary algorithm that designs a complex system classifier. The dot-
ted blocks indicate algorithm extensions that are researched in this paper. For each block a section
number is shown where a description is given about that block. The samples in the dataset are
used as inputs of the complex system classifier. The classifier returns outputs which are evaluated
by the fitness function. In the evolutionary algorithm the classifier is the genotype, or when the
embryogeny extension is used, the genotype encodes the classifier (phenotype). The EvoBoosting
extension operates on the genotype. The hierarchical complexity extension changes the outputs of
the classifier. The fitness distance metric is an alternative fitness function.

extensions which usefulness is researched. The illustration shows that the increas-
ing complexity extension modifies the input of the classifier and the fitness distance
metric is a variant of the fitness function. EvoBoosting operates on the genotype
and the embryogeny extension is a mapping between genotype and phenotype (the
classifier). In the next sections each extension is discussed in more detail. A more
detailed description is given in [24].

4.1 Representation

We designed two different representations, a direct representation and a generative
representation. For the direct representation there is no distinction between genotype
and phenotype. The variation operators (discussed in section 4.5) are directly ap-
plied to the graph representation of computational networks. Figure 3 shows an ex-
ample of the direct representation. This representation can be encoded as G= 〈V,E〉,
where V is the set of vertices (functions) and E is the set of edges in graph G.

The generative representation is called embryogeny which is a mapping between
genotype and phenotype. The genotype is encoded as an tuple 〈Gseed ,R〉. In this
encoding Gseed is a graph called a seed and is encoded as above, and R is a set
of rules. A rule is encoded as follows ri = 〈vi,Gi〉, vi is a special identifier node
and Gi is the substitution graph. Embryogeny is a function f : 〈Gseed ,R〉 → G, that
converts a genotype (a seed graph and a set of rules) into a phenotype (a graph). The
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output 0

input 0

input 1

f2(x)

f3(x)

f1(x)

f5(x)f4(x)

f5(x)f4(x)

Fig. 3 Direct (phenotypic) representation of a computational network.

output 0

input 0

input 1

f1,2,3(x)

f4,5(x)

f4,5(x)

(a) seed

f1,2,3(x)

f2(x)

f3(x)f1(x)
f4,5(x)

f5(x)f4(x)

(b) rules

Fig. 4 Genotypic representation (embryogeny) of a computational network. The names in the
boxes of (b) ( f1,2,3 and f4,5) refer to the nodes of the seed in (a). By substituting nodes in (a)
with their corresponding graph in (b), the graph in Figure 3 is obtained. In case a node in the seed
has multiple outputs (for example f1,2,3), the output node of the corresponding rule subgraph is
connected to each output in the seed graph (see the outputs of f3 in Figure 3).

rules in Figure 4(b) are used to substitute the nodes with the same name in the seed
in Figure 4(a). Note that these substitutions are similar to grammatical rewriting
systems such as created by Lindenmayer [23]. The seed and the rules produce the
computational network presented in Figure 3. This technique also has similarities
with automatically defined functions (ADFs) used in GP [22].

As these two representations both encode computational networks, they can be
compared to each other by conducting experiments. The advantage for using an
embryogeny is the use of ‘building blocks’ [21]. These building blocks are imple-
mented using the replacement rules visualized in Figure 4(b), which allow the reuse
of substructures throughout the network.

4.2 EvoBoosting

EvoBoosting is a supervised learning algorithm inspired by the boosting concept of
Kearns [19] who researched whether a group of weak classifiers can be combined
to create a single strong classifier. EvoBoosting is similar to incremental structure
evolution, but differs in its implementation [27]. Incremental structure evolution
uses predefined structures, while EvoBoosting aims to do this on the fly. It is also
similar to complexification used by Stanley and Miikkulainen [33].

EvoBoosting is activated after a certain number of generations has passed. When
activated, the genotype with the highest fitness value, called Gbest is selected from
the last generation. In the next generation all genotypes in the population will be
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based on the Gbest subgraph with some additional nodes randomly attached to it.
The Gbest subgraph is marked as ‘frozen’, meaning that it cannot and will not be
changed during future generations. However, it is allowed to attach new nodes to
the frozen part, stimulating the reuse of the previously evolved frozen subgraph.

In Figure 5(a) a computational network is shown which is the best of its genera-
tion (Gbest ) and which is used for EvoBoosting. Figure 5(b) shows one genotype in
the next generation which contains the frozen Gbest subgraph drawn in bold.

f2(x)

f3(x)

f1(x)

f4(x) f5(x) output 0

input 0

input 1

(a) Best of generation, Gbest .

            Gbest

f2(x)

f3(x)

f1(x)

f4(x) f5(x)
output 0

input 0

input 1
f7(x)

f6(x)

(b) New genotype after EvoBoosting was applied.

Fig. 5 Fictive EvoBoosting example, showing a best of generation genotype in (a) with nodes
f1−5. In (b) the same nodes are drawn in bold indicating that it is frozen, nodes f6 and f7 were
randomly added as free nodes.

This method can recombine partial solutions into higher level (partial) solutions,
which can theoretically result in increasingly more complex solutions. EvoBoosting
can be applied on a conditional basis, for example after a number of generations or
when a specific fitness level has been reached.

4.3 Fitness distance metric

Two fitness functions are proposed, the default fitness function simply counts the
number of correct answers. It is denoted as

fitnessdefault = |{oi ∈ O|oi = ei}| (1)

where O is the set of obtained outputs of a classifier, oi is the output obtained for
sample i and ei is the expected (correct) output for sample i.

The second fitness function is called ‘fitness distance metric’. This function re-
wards answers proportional to their distance to the correct answer:

fitnessdist =
1
|O|

|O|

∑
i=0

dist(oi,ei) (2)
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where dist(oi,ei) computes the distance (difference) between an obtained output and
a correct output for a sample i. The fitness distance metric is expected to smooth the
fitness landscape, making it easier for evolution to travel over irregular landscapes.

4.4 Hierarchical complexity

This extension combines features of increased complexity evolution [35] and exap-
tation. Increased complexity evolution defines several stages in the evolutionary
process, in each stage building blocks are used to reach higher levels of complexity.
Exaptation also called preadaptation is the shifting of the function of a biological
trait. It denotes that a trait originally ‘intended’ for a particular function can later be
adapted to be used for another function. An example of exaptation given by Darwin
[5] is that of the swimbladder in fishes, this organ is used for flotation, with it fish
can stay at the current water depth without having to waste energy in swimming.
Darwin [5] states that the swimbladder is ‘ideally similar’ in position and structure
with the lungs of the higher vertebrate animals. He states that the swimbladder of
fish has later evolved into lungs.

The hierarchical complexity extension divides the search space in several stages.
This is done by initially limiting the number of outputs of the classifiers to two.
During this initial stage, fitness is computed using only these two outputs. In later
stages the number of outputs can be slowly increased until it matches the number of
outputs which are required to solve the entire problem. This extension can be seen as
slowly increasing the complexity of the problem. Figure 6 shows that this extension

output 0 output 1 output 2 output 3

computational network

Fig. 6 Hierarchical complexity example. Showing a problem domain which requires four outputs.
In the current view only two outputs are used for calculating the fitness, the other outputs (drawn
with dotted lines) can be added in subsequent stages, resulting in an increasingly complex problem.

changes the number of outputs which are used for the fitness function, in a sense it
is a hierarchic fitness function which gradually increases the fitness pressure.

This extension can only be used with problems which require at least two inde-
pendent outputs or at least three dependent outputs. Dependent outputs restrict each
others values. For example, for a classifier which has to determine whether or not
the light is on, this can be modeled with two outputs, one for the ‘on’ state, one for
the ‘off’ state. It is clear that if one output has value 1 (activated), the other must
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have value 0 (deactivated). In this situation hierarchical complexity is not useful,
solving this problem with one output already solves the problem for two outputs.

4.5 Variation and selection

Mutation is used as a primary means for introducing variation in the population. Sev-
eral mutation operators were designed and are used in conjunction. These operators
can randomly reset the entire genotype, add or remove nodes, connections or rules
(in the case of embryogeny). Also a mutation operator for changing the weights of
the nodes and connections was used. When embryogeny is used a special crossover
operator was used which exchanges rules between genotypes. For parent selection
tournament selection is used.

5 Experiments

As stated earlier, the goal of this paper is to design classifiers. This section describes
the five datasets that are used and presents the two experiments that were performed.

5.1 Datasets

In Table 2 an overview of the properties of each dataset is shown. All datasets except
the Banana set are from the UC Irvine Machine Learning Repository1.

Table 2 Overview of several properties of the five used datasets. The number of inputs and outputs
indicate how many inputs and outputs were used in the computational network for that particular
dataset.

Dataset # instances # inputs # outputs
Banana set 500 2 1
Pima Indians Diabetes 768 8 1
Tic-tac-toe 958 9 1
Iris set 150 4 3
Connect-4 1349* 42 3

* The number of instances of the Connect-4 dataset is a subset of the original 67557 instances.

Banana set The banana set is a two class problem which cannot be separated by a
simple linear classifier. Its name is derived from the banana shape of both classes

1 http://archive.ics.uci.edu/ml/index.html
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which is visible when plotted. It is an artificial dataset generated using PRTools2,
a pattern recognition library for MatLab from Delft University of Technology.

Pima Indians Diabetes Database This dataset is a collection of measurements
and properties of female patients of at least 21 years old of Pima Indian heritage.
It has two classes, one is ‘tested positive for diabetes’ and the other is ‘tested
negative for diabetes’. Based on the 8 attributes of the patients a classifier has to
determine to which class a patient belongs, i.e. if she has diabetes or not.

Tic-tac-toe endgame This dataset contains the complete set of possible board
configurations at the end of Tic-tac-toe games. The 9 inputs describe the play
field, each input can be in one of the following states: ‘taken by player 1’, ‘taken
by player 2’ or ‘empty’. Based on these inputs a classifier has to decide whether
player 1 can win (two classes: ‘positive’ and ‘negative’).

Iris set The Iris dataset contains measurements extracted from a set of irises,
based on these values a classifier has to determine to which particular subclass
of the iris species it belongs. The set consists of 150 data points of four features
each: sepal length, sepal width, petal length and petal width. The data is evenly
divided among three classes, Iris Setosa, Iris Versicolour and Iris Virginica.

Connect-4 This is a dataset containing all legal 8-ply positions in the game of
connect-4 (also known as ‘four in a row’). For each configuration neither player
has won yet and the next move is not forced. Based on the information about the
42 positions, a classifier must determine whether player 1: wins, loses or if the
game ends in a draw.

5.2 Extension experiment

Four algorithmic extensions were discussed in section 4: embryogeny, EvoBoosting,
fitness distance metric and hierarchical complexity. All extensions are compatible
with each other and are tested on the five datasets discussed above, each extension
can be on or off. For the Banana set, Pima Indians Diabetes set and Tic-tac-toe
set only embryogeny and boosting are implemented, which means there are 22 = 4
experiments. For the Iris and Connect-4 sets all four extensions are implemented
resulting in a total of 24 = 16 experiments. This experiment intends to find the best
extension setting for each dataset. Because evolution is a stochastic process each ex-
periment is repeated 10 times, each time with a different random seed. A population
of 500 (genotype) individuals is used which is evolved for 500 generations.

2 http://prtools.org/prtools.html
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5.3 Performance experiment

Using the best extension settings determined in the extension experiment, a ‘perfor-
mance’ experiment is conducted for each dataset. In this experiment computational
networks are evolved for each dataset, the classification performance of these com-
putational networks is then compared to classifiers from the Weka workbench [12].

Each dataset is divided in 10 equal parts using stratified sampling, ten fold cross
validation is used resulting in 10 experiments. For each experiment the train set con-
tains 9 folds and the tenth fold is used as a test set. For each of these 10 fold settings
a computational network is constructed and all classifiers of the Weka workbench
are executed on this setting. For each dataset this results in 10 scores (one for each
fold setting) per classifier, these scores are then averaged and used as the final score
of a classifier for that dataset. The best computational network is searched by using
a population size of 5000 which is evolved for 500 generations

The computational networks are constructed using a population of 5000 (geno-
type) individuals which are evolved for 500 generations.

6 Results Analysis

6.1 Extension experiment

Table 3 presents the results of the extension experiment. The first row shows the
means and standard deviations of the baseline score for each dataset. The baseline
score is computed without using any extensions. The other rows show the scores
obtained with that extension.

Table 3 Results of the extension experiment showing results for each extension on all five datasets.
The µ and σ values indicate the mean and standard deviations of the 10 runs for each setting with
different random seeds.

Banana set Pima indians Tic-tac-toe Iris Connect-4
µ σ µ σ µ σ µ σ µ σ

Baseline 0.962 0.018 0.761 0.027 0.775 0.033 0.816 0.056 0.852 0.009
Fit.dist.metric 0.993 0.006 0.821 0.004
EvoBoosting 0.955 0.025 0.765 0.024 0.762 0.022 0.718 0.255 0.836 0.011
Embryogeny 0.941 0.039 0.746 0.025 0.791 0.038 0.865 0.054 0.853 0.003
H.complexity 0.858 0.021 0.853 0.003

Banana set When examining the column of the Banana set in Table 3 it can be
seen that the baseline already performs very good with a 0.962 score. In the same
column it can be seen that both the EvoBoosting and the Embryogeny extensions
individually degrade the performance of the classifier. However, this table does
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not show any possible interaction effects between the extensions. It turns out that
there is a positive interaction effect, the score obtained using both the EvoBoost-
ing and Embryogeny extensions is 0.969, which is slightly better compared to
the baseline.

Pima Indians Diabetes Database For the Pima indians diabetes dataset the situ-
ation is different. The EvoBoosting extension improves slightly over the baseline
while the Embryogeny extension degrades the solution. For this dataset no posi-
tive interaction effect exists.

Tic-tac-toe endgame Of the two extensions used for the Tic-tac-toe dataset, only
the Embryogeny extension improves over the baseline. For this dataset also no
positive interaction effect exists.

Iris set In the fourth column in Table 3 it can be seen that the Fit.dist.metric,
Embryogeny and H.complexity extensions improve the solution compared to
the baseline. Only for the EvoBoosting extension the performance is less than
the baseline. The absolute best score is obtained using the Fit.dist.metric and
H.complexity extensions together, yielding a score of 0.993.

Connect-4 In the last column in the table, the scores for the Connect-4 dataset
are shown. It can be seen that the Fit.dist.metric and the EvoBoosting extensions
degrade the solution. Embryogeny and H.complexity slightly improve the score
compared to the baseline. Remarkable is that using both the Embryogeny and the
H.complexity extensions at the same time yields exactly the same score of 0.853.
The interaction effect is exactly neutral.

6.2 Overview

Table 4 shows an overview of the previously described best performing extension
settings. These settings are used in the performance experiment described in section
6.3. It is clear that there is not one specific setup that always performs best, the best

Table 4 Overview of best performing extensions on the five tested datasets. The right column
shows the difference in performance of that particular setting compared to the baseline.

Dataset Best extension settings Performance increase over baseline
Banana set EvoBoosting and Embryogeny 0.007
Pima indians diabetes EvoBoosting 0.004
Tic-tac-toe Embryogeny 0.016
Iris Fit.dist.metric and H.complexity 0.177
Connect-4 Embryogeny and H.complexity 0.001

extension setting is very data dependent. Each extension is part of the best setting for
at least one dataset, but never for all datasets. Also, it is interesting that hierarchical
complexity is present in the best settings for both datasets where it was tested.
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In absolute terms, the improvement in performance for the extensions used for
the Iris set are the most impressive. For the Tic-tac-toe dataset the increase is 1.6%
which is reasonable. For the other three datasets the performance increase is mini-
mal. Each of the extensions was designed to improve the generation of more com-
plex structures. For some datasets it might be the case that very simple classifiers
(with respect to structure) were required for good performance. This might explain
the poor performance of the extensions for some of the datasets.

6.3 Performance experiment

Table 5 shows the results obtained in the performance experiment. The results are
compared with the best performing Weka classifiers3 for each dataset. Table 5(a)

Table 5 Performance experiment results for all datasets. In (a) and (c) the four best performing
classifiers and the computational network are shown. In (b), (d) and (e) the top five performing
classifiers are shown. Each µ and σ value indicates the mean and standard deviation, respectively,
of the performance of that classifier measured over the ten different fold configurations.

(a) Banana set

# Classifier µ σ

1 LibSVM 0.992 0.01
2 KStar 0.986 0.013
3 IB1 0.984 0.0080
4 IBk 0.984 0.0080

10 Computational network 0.976 0.013

(b) Pima Indians Diabetes

# Classifier µ σ

1 Computational network 0.846 0.026
2 Logistic 0.777 0.026
3 MultiClassClassifier 0.777 0.026
4 RotationForest 0.772 0.027
5 DTNB 0.771 0.034

(c) Tic-tac-toe endgame

# Classifier µ σ

1 IBk 0.987 0.0090
2 LibSVM 0.983 0.011
3 SMO 0.983 0.011
4 Ridor 0.983 0.011

33 Computational network 0.847 0.059

(d) Iris

# Classifier µ σ

1 Computational network 1.0 0.0
2 Logistic 0.98 0.045
3 LibSVM 0.98 0.032
4 MultilayerPerceptron 0.973 0.047
5 SimpleLogistic 0.967 0.047

(e) Connect-4

# Classifier µ σ

1 Computational network 0.919 0.011
2 MultilayerPerceptron 0.858 0.033
3 RotationForest 0.852 0.028
4 RandomCommittee 0.832 0.017
5 RandomForest 0.831 0.027

shows the results for the Banana set. All scores are very high, indicating that this

3 A description for each of the Weka classifiers can be found at their website:
http://www.cs.waikato.ac.nz/ml/weka/index.html
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dataset is not challenging. The computational network classifier is outperformed by
9 of the Weka classifiers, although the performance difference is only 2%.

For the Pima Indians Diabetes dataset the results from Table 5(b) show that the
evolved computational network significantly outperforms all Weka classifiers. This
is an promising result and shows the potential of our method.

The performance of the computational network for the Tic-tac-toe dataset as
shown in Table 5(c) is quite disappointing. The CN is outperformed by 32 Weka
classifiers and the difference in performance is 14%. It is unclear why the perfor-
mance is so miserable for this dataset as it is not regarded as particular challenging.

For the Iris dataset an exceptional result was obtained for the computational net-
work: a 100% score for all folds, as shown in Table 5(d). The good performance of
the Weka classifiers indicates that this dataset is unchallenging, as is widely known.

Table 5(e) shows that the CN for the Connect-4 dataset outperforms all Weka
classifiers. Interestingly, the second best performing classifier is MultilayerPercep-
tron. This is a neural network which shares a very similar model with the CN. Nev-
ertheless, the CN outperforms this neural network by more than 6%.

7 Conclusion

In this paper we presented a complex systems inspired classifier which is designed
using an evolutionary algorithm. Four extensions for the evolutionary algorithm
were presented and tested by evolving classifiers for five different datasets. This
experiment shows that the performance of the extensions is data dependent. Also
when an extension improved over the baseline, the performance gain varied greatly
for the datasets. Another experiment was conducted assessing the quality of the
produced classifiers. This experiment showed promising results for the evolutionary
designed computational networks. For three datasets our solution performs better
compared to all the Weka classifiers. However, for two datasets the Weka classifiers
performed better than our evolved solution. The results show that evolving compu-
tational networks is a promising approach for creating competitive classifiers.

In future work the performance of the extensions on more datasets can be re-
searched. Investigating a possible relation between complexity of the classifier and
the effectiveness of the extensions is an intriguing research angle. It would be in-
teresting to investigate whether our model which is inspired by complex systems is
also capable of handling dynamism, just as natural complex systems. This can be
researched by extending the work in [17, 36] by using CNs for the control of robots.
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