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ABSTRACT
Since the genomics revolution, bioinformatics has never been
so popular. Many researchers have investigated with great
success the use of evolutionary computation in bioinformat-
ics [19] for example in the field of protein folding or deter-
mining genome sequences. In this paper, instead of using
evolutionary computation as a way to provide new and in-
novative solutions to complex bioinformatics problems, we
use genetic programming as a tool to evolve programs that
are able to automatically classify research papers as deal-
ing or not with a given protein. In a second part, we show
that the attributes that are selected by the genetic program-
ming evolved programs can be used efficiently for proteins
classification.
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1. INTRODUCTION
Information acquired by biological experiments have helped

to expand understanding about cellular biology, specifically
about biological functions of proteins. However, exponen-
tial increase in the number of proteins being identified and
sequenced using high throughput experimental approaches
(e.g. gene expression microarrays) leads to a growth in the
number of uncharacterised proteins.
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Determining protein functions is a central goal in bioin-
formatics, and it is crucial to improve biological knowledge,
diagnosis and treatment of diseases. While biological exper-
iments are the ultimate methods to determine the function
of proteins, it is not possible to perform a functional assay
for every uncharacterised protein due to time and financial
constraints, together with the complex nature of these ex-
periments. Hence, a need for using computational methods
to assist the annotation of large amounts of protein data
appeared. This is a big opportunity to apply data mining
techniques to analyse and extract knowledge from biological
databases.

Evolutionary algorithms use the principle of natural evo-
lution (as described by Darwin) to evolve solutions to com-
plex problems the same way nature solves problems using,
for example, species mutations to adapt to a variation of
their environment. In these methods, potential solutions to
a problem are evolved to make optimal ones emerge. Evo-
lutionary algorithms have already been successfully applied
to biological problems, for example to discover protein func-
tions or interactions, or to classify proteins (see [3, 4]), as
well as text mining problems (see [5]) where such algorithms
have been used in text mining engines for several applica-
tions.

Genetic Programming (GP) is a particular case of Evolu-
tionary Algorithms where the evolved individuals are pro-
grams. Evolving rules using GP have been also successfully
applied to text classification as can be seen in [6, 7, 8]. The
problem we tackle here can be considered as being part of
both text mining and protein study as it consists in classifi-
cation of protein related documents.

First, we introduce in more details the bioinformatics prob-
lem. In a second step, we talk about some preprocessing
techniques we use to get a suitable dataset for our algo-
rithm. We briefly recall the main principles of Generic Pro-
gramming in section 4. Then in section 5, we talk about
ROC curves that are used as an optimisation criterion for
our learning task. In section 7, we discuss how attributes
have been synthesised using the Genetic Programming re-
sults. Finally, we draw some conclusions in section 8.

2. DESCRIPTION OF THE PROBLEM
We work here with a set of abstracts extracted from the

UniProt database (see [2]). UniProt (Universal Protein Re-
source) is the world standard non-redundant database of
protein annotation. The UniProt database consists of three
main database layers: UniProt Archive (UniParc), UniProt



Knowledge base (UniProtKB) and UniProt Reference Clus-
ters (UniRef). The UniProtKB layer consists of two sec-
tions: Swiss-Prot and TrEMBL. Swiss-Prot is the richest
annotated protein sequence database, containing manually
annotated/curated records, with extensive database cross-
references and literature citations. TrEMBL database con-
tains computationally analysed records that await full man-
ual annotation.

The dataset we extract from this database contains article
abstracts classified as related to proteins and so called GO
terms. GO terms come from the Gene Ontology databases.
They are terms that group proteins together accordingly
to their similar functions (e.g. the GO term GO:0005216
which represents the “ion channel activity”). GO terms are
organised hierarchically, and one node can have more than
one parent. Figure 1 shows the hierarchy of GO terms we
work with. Documents belonging to a particular class au-
tomatically belong to upper classes (e.g.: a document in
class 0005216 will belong also to classes 0015268, 0015267,
0015075, 0005215, 0003674 and 0003673).

Figure 1: Organisation of the GO terms.

Our dataset is structured in three layers. The first layer
is composed of folders whose names are the names of the
GO terms. The second layer is also composed of folders
whose names are the names of proteins contained in the GO

terms. The third layer in composed of files, each containing
an abstract of an article related to a specific protein. This
structure is illustrated by Figure 2.

Figure 2: Structure of the dataset.

Using this dataset, the purpose here is to build binary
classifiers that are able to determine if a document talks
about a specific GO term or not. This means that, as a
first work, we need to build as many classifiers as we have
GO terms. Genetic Programming is used to automatically
evolve these classifiers.

3. PREPROCESSING
Before training the GP classifiers, some preprocessing is

necessary on the dataset. We first apply two classical meth-
ods in Text Mining that are Tokenizing and Stemming. Tok-
enizing is the process of demarcating and possibly classifying
sections of a string of input characters. It is performed using
a dedicated Java class and stop words removing is processed
using the Bow1 ([1]) library’s list. Stemming is the process
for reducing inflected (or sometimes derived) words to their
“stem”, base or root form. The stem needs not be identi-
cal to the morphological root of the word. The algorithm
has been a long-standing problem in computer science and
the first paper on the subject was published in 1968. The
process of stemming is useful in search engines for query ex-
pansion or indexing and other natural language processing
problems. Our stemming step is performed using Porter’s
algorithm ([17]). As an example of stemming, we can con-
sider the words “stems”, “stemmed” and “stemming” in an
abstract. These three words would be reduced to their root
form, which is the word “stem”. Now that our documents
are tokenized and stemmed, we build a corpus containing all
the stems encountered in the documents of our dataset.

The second step is to build a vector for each document.
This vector’s length will be equal to the number of stems in
the corpus (containing all the stems found in the dataset),

1http://www.cs.cmu.edu/˜ mccallum/bow/



and each entry will be the occurrence frequency of the stem
in the document as given by Equation 1.

freqstem =
number of occurrences of stem

number of words in the abstract
(1)

We also need to memorise the hierarchy of the GO terms
in order to build our sets of vectors and decide if they are
positive or negative cases. For example, if a vector (i.e. a
document) belongs to the GO term GO:0005261, it is also
a positive case for all the GO terms that are above in the
hierarchy (for example, for the GO term GO:0015268). On
the other hand, if a vector does not belong to a given GO
term, it will not belong neither to all the GO terms below
in the hierarchy.

4. THE GP ALGORITHM
Once these preprocessing steps are performed, the dataset

is ready to be used to evolve GP individuals. We use here a
GP algorithm that produces real valued functions that will
be converted into binary classifiers using a threshold (if the
return value is above the threshold, the result is assumed
to be “true”, otherwise it is assumed to be “false”). The
grammar includes addition, subtraction, multiplication, and
a Max node that returns the higher value between two re-
als. We also use 2 types of terminal nodes: real Ephemeral
Random Constants (ERCs), and a set of freqi nodes to ac-
cess the occurrence frequency of stems i in the documents.
Table 1 summaries the terminal and function set.

Table 1: Nodes set of the GP algorithm

Node input output Function
Mul 2 reals 1 real multiplication of 2 reals
Sub 2 reals 1 real subtraction of 2 reals
Add 2 reals 1 real addition of 2 reals
Max 2 reals 1 real maximum of 2 reals
Freqi null 1 real occurrence frequency of stem i
ERC null 1 real random ephemeral constant

Our experimental dataset is composed of 1070 abstracts
divided into 6 GO terms. A document belonging to a GO
term will also belong to all parents GO terms according to
the hierarchy shown in Figure 1. This brings us to a number
of abstract for each GO term varying from 80 for the bottom
GO terms to more than 200 for the top ones.

The fitness function chosen here is the area under the
ROC curve which will be described in the next section. For
each individual, the AUC (Area Under the ROC Curve) is
computed and the higher it gets, the best the individual is
(the AUC is normalised between 0 and 1).

From a more technical point of view, our method was
implemented using the ECJ2 library, written in the Java
language.

5. ROC CURVES
ROC curves were introduced in the 1950’s, being used to

optimise noisy radio signals. They are now used in many
other domains, and particularly for medical diagnosis for

2http://cs.gmu.edu/˜ eclab/projects/ecj/

which they are very efficient (see [9, 10, 11]). The area un-
der the ROC curve is another value that allows the evalua-
tion of the efficiency of a classification method. ROC curves
(Receiver Operating Characteristic) allow to study the vari-
ations of specificity and sensibility of a numerical test for
different discrimination threshold values. In medical diag-
nosis, these curves allow to get a representation of the ratio
between False Positives (FP) and True Positives (TP) de-
pending on the way the diagnosis is interpreted (ROC crite-
rion).

To draw a ROC curve, the x-axis must represent the vari-
able “1 − specificity” (false positives rate) and the y-axis
must represent the sensibility (true positives rate). The
curve plots the true positives rate in function of the false
positives rate for each threshold value (see Figure 3).

Figure 3: An example of a ROC curve.

Two particular cases of ROC curves can be encountered:
the case of an ideal threshold and the case of a non informa-
tive test, that is to say random discrimination. A threshold
value is ideal if it allows to totally separate all the positive
cases from the negative ones, without any false positives or
false negatives. It is therefore defined by a sensibility and a
specificity equal to 1 (point A of Figure 3). For a non infor-
mative test, we are on the diagonal beginning at the point
0.0. If the threshold does not allow to separate positives
from negatives, the proportion of positive classified cases is
the same in the true positive cases and true negative cases
(sensibility = 1 − specificity). The corresponding curve
is therefore represented by the diagonal of Figure 3. The
nearer the ROC curve to the point A, the more informative
the test will be. Thus the area under the ROC curve can be
considered as a global estimator of a test quality: if the test
is non informative, the area is 0.5. If the test is perfectly
discriminative, the area will be 1. This area can therefore
be used as a learning criterion to be maximised, as exposed



in [12, 13]. Increasing the area under the ROC curve in op-
timisation problems allows to increase learning stability in
the way that it is able to solve problems caused by the non
homogeneity of the learning set ([14]). Technically speak-
ing, the area under the ROC curve is computed easily using
Sebag et al. algorithm ([15]), that was corrected in [16].

To be able to use this criterion, we use GP individuals
(i.e. functions) that return a real value as output. To get a
binary classification, we only need to apply a threshold on
this value. This gives the possibility to choose a trade-off
between sensibility and specificity, i.e. moving the threshold
on the ROC curve.

6. RESULTS OF THE GP
Parameters used for the GP algorithm are shown in Ta-

bles 1 and 2.

Table 2: Parameters of the GP algorithm
Parameter Value

Number of generations 50
Number of individuals per generation 60000

Max tree depth 17
Mutation rate 5%
Crossover rate 90%

Reproduction rate (with elitism = 1) 10%

The curves of Figure 4 show the results of the 10 fold cross-
validation on the 6 Go Terms. The 10 fold cross-validation
is performed by dividing the set of examples in 10 folds,
then learning on nine fold and validating on the one left. By
repeating this procedure 10 times, changing at each time
the learning set and validation sets, we finally have used the
whole example set for learning. As we can see, GP reaches
a ROC area of 0.93 in 50 generations of 60000 individuals (2
hours calculations on 16 itanium2 processors). These curves
also show the variance of the fitness value averaged over
the 10 runs of cross-validation. As we can see, convergence
is quite fast, reaching a negligible variance before the 10th
generation.

To evaluate the efficiency of our method, we test it against
the well known C4.5 decision tree algorithm [18] (available
as J48 in the Weka3 toolkit). The confidence parameter used
with the C4.5 was left to its default value, that is 0.25. As
we can see on the ROC curves of Figure 5, for all the GO
terms, GP is equal or dominating the C4.5 algorithm.

These curves show that our GP algorithm is efficient and
produces good classifiers. These classifiers output a real
value “diagnosis” that allow users to choose the trade-off be-
tween sensibility and specificity, via the value of a threshold.
However these are less readable than decision trees, as the
average size is about 488 nodes per GP tree. Nonetheless we
are working on analysing the stems that are present in the
best individuals: building statistics about these stems could
help to identify words that are significant in identifying a
particular protein and might me helpful for biologists.

7. ATTRIBUTES SELECTION
Considering the good results achieved by the GP algo-

rithm, we think that stems used by GP individuals should

3http://www.cs.waikato.ac.nz/ml/weka/

be relevant and might be considered as significant attributes
for proteins to be classified.

In order to make a comparison, we have considered three
different types of protein representations to be used as pre-
dictor attributes, namely amino acid composition, protein
interaction data and textual information derived from MED-
LINE document references.

Amino acid composition attributes were derived di-
rectly from proteins’ primary sequences by calculating the
ratio between amino acid occurrences and the sequence length.
For instance, if the amino acid A (Alanine) occurs 14 times
in a protein sequence of length 140, the value of attribute
A (attribute representing the composition of amino acid A)
would be 0.10 (14/140). In other words, for each amino
acid out of 20 that can be found in a protein sequence, we
compute the percentage of the sequence composition rela-
tive to the amino acid in question. Using this procedure,
20 numeric attributes were produced for each protein in the
dataset.
Protein interaction attributes are useful because many
proteins interact with one another to perform their func-
tion, by assembling multi-protein complexes or metabolic
pathways, for example. If one can establish an interaction
between a known function protein and an unknown function
protein, the protein-protein interaction information can be
used to predict the function of the unknown function pro-
tein. Protein interaction data was encoded as binary at-
tributes as follows. First, for each protein we retrieved the
list of interactor proteins from IntAct database. Then, the
complete list of interactors (interactors of all proteins in our
dataset) was filtered to remove interactors that only inter-
act with one protein in the dataset. This restriction was
necessary to remove interactors present only in one protein,
which do not have any predictive power. Finally, the filtered
list of interactors (2095 interactors in total) was encoded as
a binary attribute vector. Each position of the vector indi-
cates, with a “yes” or “no” value, if the protein interacts with
a particular interactor protein or not.
Textual information attributes derived from MEDLINE
documents (titles and abstracts) in the form of keywords
were encoded as binary attributes, using document refer-
ences found in proteins’ UniProt records. In total, 1010
documents were linked to the 147 proteins of our dataset.
We applied a Genetic Programming (GP) algorithm, as de-
tailed before, to select relevant words (keywords) from linked
documents in a preprocessing step. The selected keywords
were encoded as a binary attribute vector. Each position
of the vector indicates, with a “yes” or “no”, if the docu-
ments linked to the protein contain a particular keyword or
not. Each of the above three types of attributes was used to
produce a single dataset, namely “AA” (for amino acid com-
position attributes), “PI” (for protein interaction attributes)
and “TX” (for textual information attributes).

The idea in this last representation is to build, for each
GO Class, a set of keywords used by the best GP individuals.
Therefore, for each GO Class, all the keywords used by the
five best individuals generated by the GP are extracted, and
those that appear at least in two of the five individuals are
kept as significant attributes. This allows to reduce the list
of keywords from several hundreds to a dozen.

All experiments were conducted running the well-known
10-fold cross-validation procedure. The results concerning



Figure 4: Evolution of the fitness value (Area under the ROC curve) and variance of the best individuals
over the 6 GO terms.

predictive accuracy of single attribute datasets per GO term
are shown in Table 3. An entry in the column “TX” is shown
in bold if, for the corresponding GO term, the accuracy
achieved with textual information attributes is significantly
greater than the accuracy achieved with the second best
type of attribute (columns “AA” or “PI”) for the GO term
in question - according to a two-tailed Student’s t-test with
significance level α = 1%. Overall, the highest predictive

Table 3: Predictive accuracy (average ± standard
deviation) of single attribute datasets per GO term.
An entry in the column “TX” is shown in bold if, for
the corresponding GO term, the accuracy achieved
with textual information attributes is significantly
greater than the accuracy achieved with the second
best type of attribute (columns “AA” or “PI”) for
the GO term in question - according to a two-tailed
Student’s t-test with significance level α = 1%.

Term AA PI TX
GO:0015267 69.26 ± 2.01 55.30 ± 3.77 94.38 ± 1.78
GO:0015075 71.49 ± 4.37 59.30 ± 1.14 88.49 ± 2.81
GO:0005342 84.32 ± 3.01 85.75 ± 2.08 87.18 ± 1.49
GO:0005275 88.57 ± 2.80 87.93 ± 1.53 92.65 ± 1.52
GO:0015268 65.92 ± 3.29 57.02 ± 2.64 93.24 ± 2.98
GO:0008324 64.55 ± 3.76 59.92 ± 1.63 83.77 ± 2.24
GO:0008509 92.01 ± 1.86 93.21 ± 1.42 93.44 ± 1.87
GO:0046943 86.59 ± 2.38 89.89 ± 1.78 88.55 ± 1.35
GO:0005216 73.32 ± 3.46 57.71 ± 3.60 93.18 ± 1.77
GO:0015171 88.59 ± 1.62 89.26 ± 1.74 88.51 ± 2.27
GO:0005261 71.92 ± 2.17 68.68 ± 2.66 88.93 ± 3.44
GO:0015276 86.37 ± 2.00 89.18 ± 1.03 85.18 ± 2.34
GO:0005244 69.42 ± 1.95 81.05 ± 3.02 83.58 ± 2.58
GO:0005253 94.03 ± 2.01 94.65 ± 1.85 97.99 ± 1.02
GO:0005267 82.38 ± 1.75 88.52 ± 0.95 97.29 ± 1.11
GO:0005262 86.90 ± 2.64 85.64 ± 1.67 87.42 ± 3.15
GO:0005245 89.90 ± 2.84 93.24 ± 2.22 90.57 ± 2.84

accuracy was achieved when using textual information as
predictor attributes (dataset “TX”) - 7 out of 17 cases with
no significant loses in the remaining 10 cases. These re-
sults indicate that textual information attributes are useful

for predicting GO terms at any level in the hierarchy used
in our experiments. Protein interaction attributes achieved
the lowest predictive accuracy in 5 out of 17 cases - in GO
terms GO:0015267, GO:0015075, GO:0015268, GO:0008324
and GO:0005216. At the same time, they achieved com-
petitive predictive accuracy (when compared to textual in-
formation attributes) in 3 cases - GO terms GO:0008509,
GO:0005253 and GO:0005245. These results suggest that
protein interaction attributes are useful for predicting GO
terms at levels near the leaves of the hierarchy, since at levels
near the root of the hierarchy they achieved a significantly
lower accuracy. Amino acid composition attributes achieved
an average predictive accuracy in overall. In 2 cases - GO
terms GO:0008509 and GO:0005253 - the accuracy achieved
was competitive with textual information attributes.

8. CONCLUSION
It is well known by researchers in biology that the numbers

of papers published is now so large that trying to be up to
date is a very difficult goal to achieve. In this paper, we show
that evolutionary computing can be used to automatically
analyse papers abstracts and to automatically classify them.
In a second part, we show that stems obtained by the evo-
lutionary algorithms can be used as attributes for proteins
classification, with an efficiency at least equal, and some-
times better, than the efficiency of the classical attributes
used in this field.
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