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Abstract. In this work the problem of text classi�cation will be investigated, which becomes even more complex when
the Internet context is considered: countless and ubiquitous computational devices allowing people to create a huge
amount of text information stored in the cyberspace. De�ning the latter as a virtual environment where information
are produced and processed over time, it is also possible to consider them varying in geographical space as well as in
the context, giving semantic to the text. The main contribution of this work is the search for text classi�cation models
in this dynamic environment. It is proposed an analogy with ecosystems, where texts are represented as habitats and
classi�ers as individuals that evolve in the dimensions of time, space and context. To demonstrate the initial results
of the proposal, an algorithm that evolves combination of classi�ers was developed. These classi�ers have learned
in di�erent contexts and the results demonstrate how learning and evolution in diverse contexts can contribute with
signi�cant improvements in text classi�cation tasks.

Categories and Subject Descriptors: H.2.8 [Database Management]: Database Applications�Data Mining; I.2.6
[Arti�cial Intelligence]: Learning; I.2.7 [Arti�cial Intelligence]: Natural Language Processing

Keywords: biogeographic computation, ensembles, evolutionary computation, machine learning, natural language pro-
cessing

1. INTRODUCTION

One of the biggest problems in text classi�cation is the processing of natural languages, which is an
inherent human task, hindering its representation and processing using current computational systems
and algorithms [Searle 1992][Turing 1950]. Several techniques try to imitate the action of classifying a
text [Aggarwal and Zhai 2012][Sebastiani 2002] and the ones arising from machine learning [Mitchell
1997][Shalev-Shwartz and Ben-David 2014] and natural computing [de Castro 2006][de Castro et al.
2011] are the approaches employed in this work. Whatever is the classi�cation required, the text
classi�cation problem is de�nitely more complex when the present Internet context is considered:
countless and ubiquitous computational devices allowing people to create a huge amount of text
information stored in the cyberspace. Information are created and processed over time [Graham 2013],
however, not only this dimension can be considered: information semantic also varies in geographic
space as well as in the context which they were created. The main point discussed in this paper is the
context, which is de�ned as the topic or subject of text documents.

This work has the purpose to present theoretical results regarding text variation and how classi�ers
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can adapt themselves in di�erent classi�cation contexts. In order to do that, an analogy between
cyberspace texts and classi�ers with arti�cial ecosystems and biogeographic computation [Pasti et al.
2011][Pasti 2013] will be made. As in cyberspace, ecosystems are complex environments that varies in
space and time where di�erent reproductive units, represented as organisms, are more or less adapted
to di�erent habitats. As a consequence, it is possible to represent text as habitat and classi�ers as
individuals that provide di�erent answers to a speci�c environment. Individuals more adapted in space
and time yield more suitable answers and increase their probability of survival. The formalization
and dynamics of this arti�cial ecosystem are applied in the development of an algorithm that evolve
combination of classi�ers as individuals adapted to di�erent habitats, represented by text in di�erent
contexts. The central purpose of this paper lies in this evolutionary algorithm, and how the resulting
combination of classi�ers can be in�uenced by the diversity of contexts.The proposed experimental
settings and results represent a �rst step of investigation in the proposed paper and algorithm.

The text is organized as follows: Section 2 makes an analogy between ecosystems and machine
learning problems in texts, opening the possibility to apply biogeographic and space-time processes to
solve them. Section 3 proposes an evolutionary algorithm that evolves individuals as classi�ers com-
binations. Section 4 presents results in di�erent context-varying scenarios while Section 5 concludes
the work and presents some future perspectives.

2. FROM ECOSYSTEMS COMPUTING TO TEXT PROCESSING

Biogeography is the science responsible for the investigation of ecosystems [Brown and Lomolino 2005],
as well as Biogeographic Computation has the purpose of investigate the computation of ecosystems.
What allows characterize the computation that occurs in ecosystems are the information de�nition and
information processing [Pasti et al. 2011]. Information is everything that an ecosystem is composed of,
i.e., individuals (biota) and habitats (geographic space). The information processing occurs through
the individuals as well as through the biogeographic processes. Through the formalization of an
arti�cial ecosystem, it is possible to characterize habitats as a set of documents and machine learning
tasks as individuals, both subject to processes that alter the information in space, time and context.

2.1 De�ning the Desired Arti�cial Ecosystem

An arti�cial ecosystem can be de�ned through representation spaces I and H, that allow to char-
acterize the individuals and habitats, respectively. Therefore, the arti�cial ecosystem is constituted
by two fundamental elements: (1) individuals ij ∈ I, j = 1, . . . , o, described by attribute vectors
ij = [ij1, . . . , ijp]

T ; and (2) habitats Hf , de�ned as set of vectors hz ∈ H,hz = [hz1, . . . , hzr]
T , that

represent the di�erent conditions or attributes that a geographic region has. Both individuals and
habitats vary in time as well as in space. Consider discrete instants k ∈ Z+ in time and spatial infor-
mation s ∈ X, where X is a generic representation space. It is possible to investigate the fundamental

elements as variant in time and space: i
(k,s)
j ,h

(k,s)
j and H

(k,s)
f . In the possession of the fundamental

elements, it is possible to de�ne a relation between them, denoted by ρ. Each relation de�nes exclu-
sively an interaction of individual-individual, individual-habitat or habitat-habitat. One fundamental
relation is used in this paper: the adaptation (�tness) ρA that allows characterize and quantify the
response quality of an individual ij to a habitat Hf . Finally, the last de�nition resides in biogeo-
graphic processes that alter information over time and space: ecologic, geographic, microevolutive
and macroevolutive processes denoted respectively by ξ, ϕ, µ and M [Pasti et al. 2011].

2.2 An Arti�cial Ecosystem of Documents

The cyberspace can be considered a virtual environment where information is created and processed
over time [Graham 2013]. However, regarding the text domain, not only the time variation can be
considered but also the geographic space since people create them in computational devices around the
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world. In spite of the notion of space doesn't exist in cyberspace, in the information scope it certainly
does considering the diverse geographic regions, languages, subjects and writing styles for example.
The text composition also obeys to a context variation, in other words, di�erent semantics have impact
in the composition of a text. Consider Df a set of text documents d : Df = {d1, . . . ,dq}, discrete
instants k ∈ Z+, spatial information s ∈ X and context information c ∈ X. It is possible to de�ne
documents as d(k,s,c)

z and D(k,s,c) varying in time, space and context. Considering an individual
ij ∈ I and assuming that ij provides an output for a speci�c input, this output can be thought as the

answer for a task of classifying the text d(k,s,c)
z , in other words, the answer depends intrinsically on

the reaction of individual ij as well as on the input information. In this case is possible to represent
classi�ers as individuals ij ∈ I and habitats Hf as a text set Df . The adaptation is de�ned as the
quality of the answer an individual provides to a set of documents. This opens the possibility to study
how biogeographic processes can lead to the construction of models for natural language processing
and machine learning problems, even considering an arti�cial ecosystem from the cyberspace.

3. EVOLVING COMBINATION OF CLASSIFIERS

In order to demonstrate the relation between ecosystems and text classi�cation problems through the
de�nitions presented in Section 2, it will be proposed an algorithm that aims to evolve individuals
that represent combination of text classi�ers. The application of evolutionary algorithms in machine
learning tasks [Back et al. 2000a] [Back et al. 2000b] [Barros et al. 2012] is a motivating factor for the
proposal of this paper, that seeks to add a new approach in this scenario by representing documents
as habitats that varying in time, space and context. The �rst step is the demonstration of how the
evolution of combinations of classi�ers learned in similar and di�erent contexts may in�uence the
response of classi�cation.

3.1 The Problem of Finding an Optimum Combination of Classi�ers

Classi�er combination or ensembles are techniques that combines the output of multiple classi�ers
in order to maximize the accuracy. Several works show that ensembles presents bene�ts in opposite
to the results presented by isolated classi�ers [Pasti and de Castro 2009][Kuncheva 2004][Liu et al.
2000]. The combination proposed by this paper is intended by any kind of classi�er, as well as obey
to a speci�c formulation, considering the nature of the problem to be solved. Consider A a space
of methods that generates classi�ers and parameter sets and that are generated through a speci�c
training base. Also consider A as a classi�er set generated from A : A = {C1, . . . , Cn}, where Cx for
x = 1, . . . , n is a classi�er and x an index to the classi�er Cx in the set A. Consider an individual ij ∈ I
described by a vector of p attributes ij = [ij1, . . . , ijp]

T that represents a combination of classi�ers
extracted from A and that is composed by indexes that represents uniquely each of the classi�ers
available in the set A. Each position (locus) takes a di�erent value (attribute/gene) among the set
of available classi�ers A (alleles). Consider that an individual may have the number of locus ranging
from 3 (the minimum value for a majority vote) and n (the number of classi�ers in A). A population
of individuals under this condition is de�ned as a unique species of o individuals S = {i1, . . . , io}. To
an arbitrary set of n classi�ers the total number of possible combinations of attributes that make up
an individual is de�ned by Equation 1.

p∑
l=3

(
n+ l − 1

l

)
=

p∑
l=3

(n+ l − 1)!

l!(n− 1)!
(1)

The adaptation ρA of an individual ij , i.e., the answer that it provides for a speci�c habitat Hf

correspond to the quality of this answer regarding a set of texts Df . In this case, the adaptation ρA is
modeled combining the output of classi�ers through majority vote [Kuncheva 2004]. In other words,
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ρA should be maximized in order to improve the population's answer. In the representation proposed
by this work repetition of classi�ers are valid in an individual, representing that the combination may
have classi�ers with one or more votes.

3.2 Evolutionary Processes to Combine Classi�ers

Once accomplished the de�nition of individuals and adaptation, the proposed algorithm follow the
basic premise of a standard evolutionary algorithm: reproduction with natural selection [Back et al.
2000b]. The biogeographic processes deployed are reproduction with mutation and natural selection.

3.2.1 Reproduction and Mutation Processes. The reproduction process is de�ned as µR. Consider
two individuals {ij , ig} ∈ I, the processes µR combines the attribute sets of ij and ig to generate
two new individuals (sons) i∗1 and i∗2 . The combination is done through the choice of two random
cut points for ij and ig de�ned as lj and lg respectively. The son i∗1 is generated using the genes
(attributes) of the father ij from position 1 to lj combined with the genes of the father ig from position
lg+1 to pg (number of attributes of ig). In the same way, the son i∗2 is generated using the genes of ig
from position 1 to lg and the ones from ij from position lj+1 to pj . For example, suppose the crossing of
the following two individuals ij = [ij1, . . . , ijlj |ijlj+1 , . . . , ijp]

T and ig = [ig1, . . . , iglg |iglg+1 , . . . , igp]
T ,

where | represents the cut point. The two resultant individuals are i∗1 = [ij1, . . . , ijlj |iglg+1 , . . . , igp]
T

and i∗2 = [ig1, . . . , iglg |ijlj+1
, . . . , ijp]

T . After generating a son in the population, three mutation
processes can occur:

Mutation 1: change attribute. For each one of the son's p attributes, another classi�er present in A
is chosen to replace the attribute in question with probability pCA;

Mutation 2: delete locus. Excludes each one of the p attributes and its speci�c position (locus) with
probability pDL. The minimum number of attributes that an individual can have is 3;

Mutation 3: replicate. Replicate each one of the p attributes and its speci�c position (locus) with
a probability pR. The maximum number of attributes is equal to the number of classi�er in A.

3.2.2 Selective Pressure Relation and Natural Selection Process. The selective pressure relation
ρSP proposed has the objective of selecting through a probability individuals to be passed to the next
generation. To accomplish this, a logistic function is deployed to model the selection with the aim of
imitate the real behaviour of load capacity and population cycle in a species. Consider o the number
of individuals in a population S and ρanorm the normalized adaptation (in the interval [0,1]) de�ned
as ρanorm(ij) = [r(ij)−1]/(o−1), where r(ij) is the ij adaptation rank regarding the population S, in
other words, if ij has the greatest adaptation r(ij) = 1 and if it has the worst r(ij) = o. To conclude,
the probability of an individual ij not be excluded from the population is directly proportional to its
adaptation and the population size. The relation ρSP is de�ned in Equation 2 where the parameter
σindex controls greater or lesser selective pressure in an individual. The natural selection process µNS

now consists in selecting individuals according to Equation 2.

ρSP (ij) =

[
exp(

1

σindex.o.ρanorm(ij)
)

]−1

(2)

3.2.3 Evolutionary Pseudocode. The pseudo-code in Algorithm 1 describes in a higher level the
algorithm obtained using the previous processes. Consider a generation ω as an iteration.

4. EVOLVING SUBJECTIVITY ANALYSIS

From the proposed algorithm it is possible evolving individuals as combinations of classi�ers seeking
maximizing the classi�cation accuracy under di�erent conditions varying in time, space and context.

Symposium on Knowledge Discovery, Mining and Learning, KDMILE 2014.



Evolutionary Combinations of Text Classi�ers: Investigating the Diversity of Contexts · 5

repeat o times
choose randomly (without repetition) two individuals ij and ig
make the reproduction µR with mutation between ij and ig and generate i∗1 and i∗2
evaluate the new individuals according to the adaptation de�ned as majority vote
add the new individuals i∗1 and i∗2 to the population S

until;
for each individual ij ∈ S do

execute the natural selection process µNS

end

Algorithm 1: Evolutionary algorithm for classi�er combination. Consider the initial population S
of cardinality o initiated randomly, repeat until a maximum number of generations ωmax.

In this paper is considered, as a �rst study, the variation in context c, as well as variation within
the context de�ned by sub-contexts. To investigate these scenarios, individuals will be generated
seeking classify texts as subjective or objective. The classi�cation of subjectivity is important for
many applications, as for example in the sentiment analysis [Montoyo et al. 2012][Liu 2012]. The
focus of the results does not lie in getting better results against the literature or the comparison with
other techniques, but expose theoretical results about the evolution of combinations of classi�ers in a
diversity of contexts and sub-contexts. Other techniques to classify objectivity and subjectivity can
be found in [Wilson et al. 2005][Karamibekr 2013].

4.1 Experimental Methodology

All modules and algorithms were implemented in Python language and NLTK package [NLTK Project
2014], and for data storage were used the MongoDB database [MongoDB Inc 2014]. The premise for the

experiments lies in the composition of sets D
(c)
f which serve as datasets for generating text documents,

as well training and testing classi�ers to compose sets A. To obtaining sets D
(c)
f the following steps

was implemented:

�A data collector to collect tweets from Twitter. Entries search are de�ned through keywords. All
tweets collected were pre-processed by the following steps [Aggarwal and Zhai 2012]: 1 tokenization;
2 removing stopwords; 3 removal of accents and all transform all characters in lowercase; 4 stemming;
the latter in particular is motivated aiming to reduce the dimensionality of the problem;

�Tweets were collected in 3 di�erent contexts de�ned by hashtags, which are keywords that de�ne de
indexer for tweets. Many of these hashtags represent a context for the tweet. In this work, hashtags
are used to compose sets that de�ne 3 di�erent contexts, de�ned as following:
(1) context 1 = {#NaoVaiTerCopa, #VaiTerCopa, #Copa2014, #VaiTerCopaSim};
(2) context 2 = {#diadosnamorados, #12dejunho, #namorados, #movimento13 };
(3) context 3 = {#eleicoes2014, #eleicao, #dilma13, #equipean, #pt, #psdb }.

�Only tweets written in Portuguese were analyzed. Classi�ed by means of a dictionary. It is worth
emphasizing that the language used is independent of the results and objectives of this paper.

In order to generate classi�ers, and create the A sets, the following steps are implemented:

�A method for labeling sets D
(c)
f . Consists of labeling tweets on subjective / objective according to

a dictionary de�ned by subjective words. If the tweets contain at least one of these words is labeled
as subjective, otherwise it is objective;

�For each of the three contexts, c1, c2 and c3, were extracted �ve sets of documents D
(c)
f , where

f = 1, . . . , 5, which represent di�erent sub-contexts in the same context c. From all sets D
(c1)
f , D

(c2)
f

and D
(c3)
f datasets for training, validation and testing were composed. For input of the classi�ers,
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(a) (b)

Fig. 1. (a) - Two di�erent values of σindex composing two distinct selective pressure. (b) - Population
cycle with di�erent values of σindex

the texts were converted to bag-of-words representation where 1 indicates the presence of a word
and 0 otherwise [Aggarwal and Zhai 2012]; The datasets size are: training → 200, validation/test
→ 200, with strati�ed samples for classes subjective/objective. This leads to a total of 15 training
and validation sets in 6000 samples;

�Finally, a method of bagging [Breiman 1996] was used to generate sets of classi�ers for each of

the training sets from D
(c)
f . Consists of generate n training sets by sampling with replacement the

original training set from each D
(c)
f . Therefore, for each set of documents D

(c)
f n classi�ers are

generated, and their respective bag-of-words resulting from the sampling. The choice of the value
of n was made considering the cardinality of the sets A that provide di�erent conditions for the
proposed algorithm. The classi�ers were generated using the Naive Bayes [Mitchell 1997][Shalev-
Shwartz and Ben-David 2014] algorithm.

�The parameters for the algorithm were obtained by testing it under di�erent conditions and datasets.
Detailed analyzes of parameters will be made in future works, but a brief analysis of σindex parameter
is done in the following section. Chosen parameters: pCA = 0.1 , pDL = 0.15, pR = 0.1 and σindex
= 0.25.

4.2 Experimental Results

This section presents and analyzes the results of an initial investigation into the proposed paper.
The results essentially seek to demonstrate the performance of the algorithm as well as results that
demonstrate how the variation of contexts impact on the evolution of combinations.

4.2.1 Experiment 1: Natural Selection Parameter Analysis. The �rst experiment consists of make
a brief analysis of the selective pressure index σindex and how it implies the process of natural selection.
Figure 1 (a) shows two di�erent values σindex according to Equation 2. For σindex = 0.1 (solid line)
the probability of an individual does not pass to the next generation appears less when the index
increases to 0.25. The result is re�ected in the population size over generations as shown in Figure 1
(b), where the lower selective pressure increased over time. It is worth emphasizing that the dynamics
shows a pattern of population cycle in this ecosystem, where the mean size of a population presents
a cycle around a carrying capacity.

4.2.2 Experiment 2: Investigating the e�ciency of the proposed algorithm versus the best classi�ers.

This experiment makes use of all the sets D
(c)
f text generated. The goal is to verify the performance

of the algorithm when evolve combinations from classi�ers sets D
(c)
f . The results are then faced with

the best classi�er present in each of the sets A
(c)
f . Tables I and II show the results for each database

in each of three contexts. Table I presents the best classi�er and the average accuracy for validation
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Table I. Best individual classi�ers applied in the validation data and classi�ers' mean accuracy to the validation data.
Base 1 Base 2 Base 3 Base 4 Base 5

c1 80,0% - 73,34% 79,0% - 70,83% 70,5% - 64,63% 74,0% - 68,16% 76,5% - 67,87%

c2 82,5% - 77,09% 84,0% - 78,45% 83,5% - 78,04% 80,5% - 74,66% 83,5% - 77,64%

c3 83,5% - 75,22% 75,5% - 67,82% 79,5% - 73,95% 81,5% - 75,41% 83,0% - 73,23%

Table II. Mean and standard deviation of 20 execution of algorithm in all 3 contexts datasets.
Base 1 Base 2 Base 3 Base 4 Base 5

c1 85,02% - 0,56% 84,27% - 0,34% 73,72% - 0,41% 78,52% - 0,3% 81,27% - 0,49%

c2 85,5% - 0,39% 87,3% - 0,44% 85,32% - 0,4% 82,87% - 0,32% 86,9% - 0,26%

c3 87,95% - 0,22% 79,97% - 0,41% 84,3% - 0,4% 86,45% - 0,5% 86,92% - 0,33%

Table III. Best individual classi�ers versus a evolution in a diversity of contexts
Mixture 1 Mixture 2 Mixture 3

Single classi�ers 76,90% - 69,50% 77,90% - 67,10% 75,90% - 67,60%

Evolved combination 88,23% - 83,06% 90,68% - 82,89% 91,20% - 85,30%

set for all n = 100 classi�ers. Table II shows results of the combinations evolved from each D
(c)
f . The

table shows the mean and standard deviation of 20 runs of the algorithm. It can be seen that in all
cases the evolved combinations of classi�ers showed better results when compared to the best isolated
classi�er for each dataset from all contexts. In some cases there was gain 5 to 6% accuracy, which
represents a gain of 12 samples correctly classi�ed. The results demonstrate that the combination
of di�erent classi�ers generated in a single context may lead to gains in accuracy and generalization
capability.

4.2.3 Experiment 3. This experiment consists in evolving combinations of classi�ers from di�erent

contexts and sub-context. The methodology consists in using the set of texts D
(c)
f generated in the

previous experiment, as well as their respective classi�ers present in A
(c)
f . Table 3 row 1 presents the

accuracy of the best classi�er generated and the average of the accuracies of the classi�ers. Table 3
row 2 shows the results for the mean and standard deviation of 20 runs of the evolutionary algorithm.

The �rst column shows the sum of three sets of classi�ers A
(c)
f (Mixture 1) deriving for each context

c1, c1, and c1 which are used as input in the generation of the combinations (from a total of 15 sets

D
(c)
f and A

(c)
f ). In this �rst case, the input of de algorithm was a set of 300 classi�ers. Column 2

represents six sets of classi�ers (Mixture 2) (2 for each context) and a total of 600 classi�ers. And
column 3 shows the results for nine sets of classi�ers (Mixture 3) (3 for each context), and a total
of 900 classi�ers. Since the combinations evolve from classi�ers trained in di�erent contexts, the
aim of the experiment was to evaluate the accuracy of combinations in a variety of contexts. The
validation database was composed of 200 samples as in the previous experiments, but they were made
from the respective bases of validating �ve bases of each of three contexts. The results demonstrate
that the individual classi�ers tend to have a greater loss of accuracy, since they learned in unique
contexts. However, the evolution of the classi�ers results in a gain of accuracy. This demonstrates
that combinations of classi�ers learned in a variety of contexts tend to achieve gains in accuracy and
generalization ability, even while individual classi�ers have low performance. Additionally, the results
show that increasing the search space (cardinality of A sets), the algorithm continues to show good
performance and convergence.

5. CONCLUSIONS

In this paper an evolutionary algorithm was constructed starting from a parallel between ecosystems
and texts documents present in cyber space. The premise behind the �rst results resides in the
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variation of set of texts in a diversity contexts. Through this variation, combinations of classi�ers
corresponding to individuals were generated. The results demonstrated the potential of the proposal
both in application and in the study of theoretical results on text classi�cation tasks. Especially
demonstrating that the generalization ability can be improved through the evolution of classi�ers
combination. From the results of this paper, several research fronts and future works are created, which
deserves mention: 1- the investigation of the proposed algorithm in several contexts and experimental
scenarios, seeking to show how di�erent contexts in�uence the performance of classi�cation; 2 compare
the algorithms with other ensembles approaches; 3- to investigate the variation of texts in time and
space and thus obtain combinations of classi�ers adapted to di�erent conditions determined not only
by the context.
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