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Abstract Scientists involved in the area of proteomics are
currently seeking integrated, customised and validated
research solutions to better expedite their work in pro-
teomics analyses and drug discoveries. Some drugs and
most of their cell targets are proteins, because proteins
dictate biological phenotype. In this context, the auto-
mated analysis of protein localisation is more complex
than the automated analysis of DNA sequences; never-
theless the benefits to be derived are of same or greater
importance. In order to accomplish this target, the right
choice of the kind of the methods for these applications,
especially when the data set is drastically imbalanced, is
very important and crucial. In this paper we investigate
the performance of some commonly used classifiers,
such as the K nearest neighbours and feed-forward
neural networks with and without cross-validation, in a
class of imbalanced problems from the bioinformatics
domain. Furthermore, we construct ensemble-based
schemes using the notion of diversity, and we empirically
test their performance on the same problems. The
experimental results favour the generation of neural
network ensembles as these are able to produce good
generalisation ability and significant improvement
compared to other single classifier methods.
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1 Introduction

The ability to link known proteins through sequence
similarity and cellular localisation is becoming

increasingly important to accompany information on
protein primary sequence and tertiary structure. In
particular, the study of protein localisation (in order to
function properly, proteins must be transported to
various locations within a particular cell) is considered
very useful in the post-genomics and proteomics era, as
it provides information about each protein that is
complementary to the protein sequence and structure
data [1].

Two of the most thoroughly studied single-cell
organisms are the bacterium, Escherichia coli (E. coli)
and the brewer’s yeast, Saccharomyces cerevisiae (S.
cerevisiae). Both organisms use mainstream metabolic
pathways, the majority of which are recognisable, simi-
lar to the corresponding metabolic functions in all life
forms including higher eukaryotes. The entire genome
sequence has been determined for both organisms. The
relations between genetics and biochemistry, which
constitute the fundamental processes of life in these
single-cell organisms, serve as a foundation for on-going
investigations on the processes that operate in the more
complex, higher forms of life [2]. E. coli and S. cerevisiae
are both well-characterised organisms and can be effi-
ciently manipulated genetically. They have rapid growth
rate and very simple nutritional requirements. Many
studies have detailed both gene and protein expression
of these organisms [3, 4]. Recently a neuro-fuzzy ap-
proach for functional genomics has been proposed.
More precisely, the objective of this approach was to
learn and predict the functional classes of the E. coli
genes [5]. In this study, we are interested in a different
problem, which is the prediction of the localisation sites
of proteins, such as the E. coli and the S. cerevisiae.

The first approach for predicting the localisation sites
of proteins from their amino acid sequences was an ex-
pert system developed by Nakai and Kanehisa [6, 7].
Later, expert identified features were combined with a
probabilistic model, which could learn its parameters
from a set of training data [8]. Better prediction accuracy
has been achieved by using standard classification
algorithms, such as K nearest neighbours (KNN), binary

A. D. Anastasiadis (&) Æ G. D. Magoulas
School of Computer Science and Information Systems,
Birkbeck College, University of London, Malet Street,
London, WC1E 7HX, UK
E-mail: gmagoulas@dcs.bbk.ac.uk
E-mail: aris@dcs.bbk.ac.uk
Tel.: +44-1895-203397
Fax: +44-1895-211686

Neural Comput & Applic (2006)
DOI 10.1007/s00521-006-0029-y



decision trees and naı̈ve Bayesian classifiers. The KNN
achieved the best classification accuracy compared to
these methods [9]: E. coli proteins were classified into
eight classes with an average accuracy of 86%, while S.
cerevisiae proteins were classified into ten classes with an
average accuracy of 60% by applying cross-validation.
More recently, attempts to improve the classification
success have been made using back-propagation neural
networks, genetic algorithms, growing cell structures
and expanding range rules, but no significant improve-
ments over the KNN algorithm were reported [10]. A
data selection method for probabilistic neural networks
was also applied to the E. coli dataset achieving better
performance than the KNN (90% accuracy) [11]. Lastly,
an empirical study showed that combined methods can
achieve better performance than individual ones [12].

This paper advocates a neural network-based ap-
proach for classifying the localisation sites of proteins.
First, we describe the classification methods used in our
work. Next, we introduce the datasets and the evalua-
tion methodology adopted. We finally present experi-
mental results and comparisons.

2 Classification methods

2.1 The Horton–Nakai model

The first method we discuss is a probabilistic model,
referred to as the Horton–Nakai (HN) model, which has
been specifically designed for the protein localisation
problem [8]. The HN model consists of a rooted binary
tree of classification variables. Each non-leaf node of the
binary tree is a feature variable. The leaves of the tree
are the possible classes that a new pattern is going to be
classified. A non-leaf node n represents all the classes
that belong to leaves that are descendants of n. Each
node has a probability associated with it. The proba-
bility of n being true represents the probability that an
object belongs to n class. In our experiments, we have
used a version of the HN model that employs sigmoid
conditional probability functions, as those exhibited the
best results in previously published studies [8].

2.2 The K nearest neighbours algorithm

The KNN is a simple and effective classification
algorithm. It is widely used in machine learning and has
numerous variants. Given a test sample of unknown
labels, it finds the KNN in the training set and assigns the
label of the test sample according to the labels of these
neighbours. The vote from each neighbour is weighted by
its rank in terms of the distance to the test sample.

In a more formal way, we can express the operation
of the KNN algorithm as follows: let X ¼
fxi ¼ xi

1; . . . ; xi
d

� �
; i ¼ 1; . . . ;Ng be a collection of

d-dimensional training samples and C={C1, ..., CM } is
a set ofM classes. Each sample xi will first be assumed to
possess a class label Li 2 f1; . . . ;Mg indicating with

certainty its membership to a class in C. Assume also
that xs is the incoming sample to be classified. Classi-
fying xs corresponds to assigning it to one of the classes
in C, i.e. deciding among a set of M hypotheses:
xs 2 Cq; q ¼ 1; . . . ;M . Let Us be the set of the KNN of xs

in X. For any xi 2 Us, the knowledge that Li=q can be
regarded as evidence that increases our belief that xs also
belongs to one of the classes of C. However, this piece of
evidence does not provide certainty by itself.

The KNN method requires selecting a distance metric
and choosing a value for parameter K. The KNN, as
suggested by Duda and Hart [13], stores training data,
denoted as a pair (X, L), and classifies new sample to the
majority class among the K closest examples in the
training data. This is usually done by calculating the
Euclidean distance D, between the new point x and the
prototype pi of the d-dimensional training examples:

Di ¼ kx� pik; for all i;

where || || denotes the Euclidean norm.
One of the drawbacks of KNN algorithm is that it

needs to compare a test sample with all samples in the
training set. In addition, the performance of the algo-
rithm greatly depends on the appropriate choice for the
parameter K. KNN-based classification techniques are
very popular in the biological domain because of their
simplicity and their ability to capture sequential con-
straints present in the sequences. In order to classify
a test sequence, the KNN first locates K training
sequences which are most similar to the test sequence. It
then assigns the class label that most frequently occurs
among those K sequences (majority function) to the test
sequence. The key component of the KNN classifier is
the method used for computing the similarity between
the two sequences.

2.3 Feed-forward neural networks

In a multilayer feed-forward neural network (FNN)
nodes are organised in layers and connections are from
input nodes to hidden nodes and from hidden nodes to
output nodes. The notation I–H–O is used to denote a
network with I inputs, H hidden layer nodes and O out-
puts nodes. In our experiments, we have used FNNs with
sigmoid activations for the hidden and output nodes. One
of the most popular training algorithms for FNNs is the
batch back-propagation (BP), which is a first order
method that minimises the error function using the
steepest descent with constant learning rate [14]. A small
learning rate is usually chosen, i.e. 0 < g< 1, in order to
secure the convergence of the BP training algorithm and
avoid oscillations in a steep direction of the error surface.
However, it is well known that this approach tends to be
inefficient [15], and adaptive learning rate algorithms
have been proposed to alleviate this situation.

Adaptive algorithms with different learning rates for
each weight, try to overcome the inherent difficulty of
choosing the appropriate learning rate. This is done by



controlling the weight update for every single connection
during the learning process in order to minimise oscil-
lations and maximise the length of the minimisation
step. One of the better techniques, in terms of conver-
gence speed, accuracy and robustness with respect to its
parameters, is the Rprop algorithm [16–18]. The basic
principle of Rprop is that takes into account only the
sign of the partial derivatives to indicate the direction of
the weight updates. The Rprop algorithm requires set-
ting the following parameters: (1) the learning rate in-
crease factor g+=1.2; (2) the learning rate decrease
factor g�=0.5; (3) the initial update-value is set to
D0=0.1; and (4) the maximum update-value Dmax=50,
which is used to prevent weight updates from becoming
too large.

3 Ensemble-based methods

Ensemble-based methods enable an increase in general-
isation performance by combining several individual
neural networks trained on the same task. The ensemble
approach has been justified both theoretically [19, 20]
and empirically [21]. The creation of an ensemble is
often divided into two steps [22]: (1) generate individual
ensemble members; and (2) appropriately combine
individual members outputs to produce the output of the
ensemble. The simplest method for creating ensemble
members is to train each member network using ran-
domly initialised weights. A more advanced approach is
to train the different networks on different subsets of the
training set as bagging [23] does, where each training set
is created by resampling and replacement of the original
one with uniform probability. Boosting, [24], also uses
resampling of the training set, but the data points pre-
viously poorly classified, receive a higher probability.

Finally, there is a class of methods for creating
ensembles that focuses on creating classifiers that dis-
agree partially on their decisions. In general terms, these
methods alter the training process in an attempt to
produce classifiers that will generate different classifica-
tions. In the neural networks context, these methods
include techniques for training with different network
topologies, different initial weights, different learning
parameters and/or learning different portions of the
training set (see [25] for a review and comparisons).

3.1 The notion of diversity and its levels

Networks belonging to an ensemble are thought to be
diverse with respect to a test set if they make different
generalisation errors on that test set. Different patterns
of generalisations can be produced when networks are
trained either on different training sets, or from different
initial conditions, or with different numbers or hidden
nodes, or using different algorithms [25].

In 1997, Sharkey and Sharkey, [25], introduced the
term ‘Levels of diversity’. They proposed four levels of

diversity ranging from the best cases of levels 1 and 2
diversity to the minimum diversity of level 4. Level 1
diversity requires more than two members in an
ensemble and considers that for every test input there
is always a member that produces the correct output.
Level 2 diversity corresponds to at least five members
in an ensemble. It is possible diversity of level 2 to
lead to level 1 diversity by removing some of the
members. An ensemble of level 2 diversity is also
known as upwardly mobile and eliminates coincident
failures. However, in ensembles that belong to this
level, the majority is always correct. The level 3
diversity may contain subsets of classifiers with either
level 1 or 2 diversity and can be upwardly mobile. In
this case, the correct output for each input pattern
from a test set is always produced by at least one
member. Finally, the level 4 diversity is equivalent to
the minimal diversity that can be used to improve
generalisation. This level can never be reliable since the
ensemble members exhibit similar failures (see [25] for
details).

3.2 Measuring ensemble diversity

As we have already mentioned the measure of diversity
is an important factor in order to create ensembles that
can generalise well. There are many ways to quantify the
ensemble diversity; these are usually associated with the
use of a particular error measure.

In the context of regression problems, Krogh and
Vedelsby suggest to calculate the diversity as [20]:

diðpkÞ ¼ ½AiðpkÞ � A�ðpkÞ�2;

where di is the diversity of the ith classifier on pattern pk,
Ai(p) is the ith classifier prediction and A*(p) is the
ensemble prediction. Then in this case, we obtain for the
mean squared ensemble error the following equation:

Eens ¼ �E � �D;

where �D is the mean ensemble’s diversity and �E is the
mean single classifier’s errors.

Another measure of the diversity is related with a
conditional entropy error measure [26]. In our experi-
ments, we have focused on determining the contribution
of the individual ensemble member to diversity. In this
case, an entropy-based measure would not have been
useful because it does not allow determining individual
contributions [26].

Thus, for classification problems, the most widely
used diversity measure is a simple 0/1 loss function.
More precisely, if Ai (p) is the prediction accuracy of the
ith classifier for the label of p and assuming that the
ensemble’s accuracy is A* (p) then the diversity of the ith
classifier on our tested example p is:

diðpÞ ¼
0 if AiðpÞ ¼ A�ðpÞ;
1 otherwise:

�



The equation for the ensemble error is the same as in
regression problems, provided that the loss function
used is the squared error function, and that the ensemble
prediction is still given as the weighted average of the
single classifier predictions.

To compute the diversity of an ensemble of size n, on
a training set of size m, the average of the above term is:

Di;j ¼
1

nm

Xn

i¼1

Xm

j¼1
diðpjÞ:

In this paper, our approach was to build ensembles that
are consistent with the training data and attempt to
maximise this diversity term. The average diversity is an
interesting factor for the operation of a learning scheme.
We took into account small values for the mean squared
ensemble error Eens ¼ �E � �D; Eens\0:1 and used the
disagreement of an ensemble member from the ensem-
ble’s prediction as a measure of diversity. Thus, the
mean squared ensemble error is equal to the average
squared error of the individual networks minus the
average diversity. Generally, in order to obtain small
ensemble error, we want the diversity to be large and the
individual errors to be small [26].

Below an example is given to determine the con-
tribution of an individual ensemble member to diver-
sity. An ensemble of three different individual
members (FNNs in our case) try to improve the
accuracy for the S. cerevisiae data, particularly for
the class me2, using tenfold cross-validation. Each
member of the ensemble produces an output vector
with ten components (ten output nodes FNNs are
used), which are combined giving the ensemble’s out-
put. In Table 1, we take into account the output of
the winner node, using five patterns and three mem-
bers in the ensemble.

By applying the values in the equation for the
diversity term we take �D ¼ 0:33: The mean squared
ensemble error ðEens ¼ �E � �DÞ is shown in Table 2.

Figure 1 illustrates how FNNs are combined to
produce the ensemble. The major aim is to create an
ensemble of networks with good predictive perfor-
mance. Therefore, we consider a population of neural
networks (100 FNNs). First we consider the properties
of each individual FNN and then we combine FNNs
that achieve better performance for the desired
application.

The implementation of the ensemble-based method
consists of the following steps:

Step 1. Create n FNNs where each one uses the same
training set and differs only in its random initial weights.
Step 2. Select the k neural networks (k<n), which when
they do fail to classify the data, they fail on different
inputs patterns so that failures on one FNN can be
compensated by successes of others.
Step 3. Combine the ensemble members’ outputs using
majority voting to get ensemble’s output.

In our experiments, reported in the next section, we
investigated two different approaches for creating
ensembles. The first approach consisted of creating a
simple neural network ensemble by combining FNNs
that use the full training set but differs in their random
weight initialisations. The second approach was based
on the notion of diversity that was mentioned above and
used three different FNNs. Training and testing sets
were generated by applying cross-validation. Similar
approaches often produce results as good as bagging
[21]. In these experiments, we also investigated the
behaviour of neural ensembles which belong to levels 3
or 4 of diversity, [25], when cross-validation method is
applied, and level 3 diversity, [25], when the test set
contains all proteins.

4 Experimental study

4.1 The PSORT system

ThePSORTsystem(http://www.psort.ims.u-tokyo.ac.jp/)
is a tool for the prediction of protein sub-cellular
localisation in the sense that it can deal with proteins
localised at almost all the sub-cellular compartments.
The latest version of PSORT is a widely used compu-
tational method to predict the sub-cellular localisation
sites of proteins from their amino acid sequences. The
reasoning algorithm is the KNN classifier. It is used to
assess the probability of localising at each candidate sites
[9]. For each query protein, such as the Gram-positive or
Gram-negative or eukaryotic proteins, the output values
of the subprograms for these proteins are normalised
and simple Euclidean distances to all of the data points
contained in the training data are calculated. Then, the
prediction is performed using the KNN. For example, if
let’s say KNN contain 50% nuclear proteins, then the
query is predicted to be localised to the nucleus class
with a probability of 50%.

Table 1 Example with three classifiers and five data patterns of S.
cerevisiae dataset for the class me2

Target output values p1 p2 p3 p4 p5 Classification
errors

1 1 1 1 1

FNN1: A1(x) 0 1 0 1 0 E1=0.6
FNN2: A2(x) 1 0 1 1 0 E2=0.4
FNN3: A3(x) 1 1 1 0 1 E3=0.2
Ensemble: An(x) 1 1 1 1 0 E =0.2

Table 2 The mean squared ensemble error for the example

Average error of the
three classifiers� ð�EÞ

Mean diversity� ð�DÞ Eens ¼ �E � �D

0.4 0.33 0.07



4.2 Description of datasets

Two of the datasets used have been submitted to the
UCI machine learning data repository by Murphy and
Aha [27] and are described in [7–9]. They include the
E.coli dataset, which consists of 336 different proteins
labelled according to eight localisation sites, and the S.
cerevisiae data set that contains 1,484 proteins labelled
according to ten sites.

Escherichia coli, being a prokaryotic Gram-negative
bacterium, is an important component of the biosphere.
It colonises the lower gut of animals and survives, as it is
a facultive anaerobe, when realise to the natural envi-
ronment, allowing widespread to new hosts [28, 29].
Three major and distinctive types of proteins are char-
acterised in E. coli: enzymes, transporters and regula-
tors. The largest number of genes encodes enzymes
(34%) (this should include all the cytoplasm proteins),
followed by the genes for transport functions and the
genes for regulatory process (11.5%) [2].

Saccharomyces cerevisiae is the simplest eukaryotic
organism, but still it is more complicated form of life
than E. coli. It possesses different types of proteins
related to the cytoskeletal structure of the cell, the
nucleus organisation, membrane transporters and met-
abolic related proteins, such as mitochondrial proteins.
Of major importance are the yeast membrane trans-
porter proteins as they are responsible for nutrient
uptake, drug resistance, salt tolerance, control of cell
volume, efflux of undesirable metabolites and sensing of
extracellular nutrients [28, 29, 30].

Protein patterns in the E. coli data set are organised
as follows: 143 patterns of cytoplasm (cp), 77 of inner
membrane without signal sequence (im), 52 of periplasm

(pp), 35 of inner membrane with uncleavable signal
sequence (imU), 20 of outer membrane without lipo-
protein (om), 5 of outer membrane with lipoprotein
(omL), 2 of inner membrane with lipoprotein (imL)
and 2 patterns of inner membrane with cleavable signal
sequence (imS).

Saccharomyces cerevisiae proteins are organised as
follows: there are 463 patterns of cytoplasm (cyt), 429
of nucleus (nuc), 244 of mitochondria (mit), 163 of
membrane protein without N-terminal signal (me3), 51
of membrane protein with uncleavable signal (me2), 44
of membrane protein with cleavable signal (me1), 35 of
extracellular (exc), 30 of vacuole (vac), 20 of peroxisome
(pox) and 5 patterns of endoplasmic reticulum (erl).

The last dataset used in our experiments is the
recent sequence of Arabidopsis thaliana chromosomes 4
[31]. The A. thaliana chromosome 4 data consist of four
different sequences:

• C—chloroplast, i.e. this sequence contains a chloro-
plast transit peptide, cTP;

• M—mitochondrion, i.e. it contains a mitochondrial
targeting peptide, mTP;

• S—secretory pathway, i.e. this sequence contains a
signal peptide, SP;

• OL—sequence of any other location.

The dataset is organised as follows: 2,247 cTP patterns,
386 mTP patters, 657 SP patterns and 533 patterns of
unknown location.

4.3 Evaluation methods

4.3.1 Cross-validation

In k-fold cross-validation a dataset D is randomly split
into k mutually exclusive subsets D1,..., Dk of approxi-
mately equal size. The classifier is trained and tested
k times; each time t 2 f1; 2; . . . ; kg it is trained on all
Di, i=1,...,k, with i „ t, and tested on Dt. The cross-
validation estimate of accuracy is the overall number of
correct classifications divided by the number of instances
in the dataset.

We have used cross-validation to estimate the accu-
racy of the classification methods by considering the
proportion of patterns for all classes to be equal in each
partition; this approach provides more accurate results
than plain cross-validation [31].

4.3.2 The Wilcoxon test of statistical significance

The Wilcoxon signed rank test (WSRT) is a non-
parametric method [32]. It is an alternative to the paired
t test, but is less tolerant of overlapping variance. It has
been introduced by Wilcoxon in 1945, and it is designed
to test whether a particular sample comes from a pop-
ulation with a specific median. It can also be used in
paired difference experiments. This test assumes that

input pattern

network 1

O1

network 2 network n

O2 On

combine member outputs using majority vote

ensemble output On

Fig. 1 Neural ensemble formulation



there is information in the magnitudes of the differences
between paired observations, as well as the signs. It is a
very popular statistical test used by researchers to prove
the significance of the experimental results [33, 34].

Next, we briefly describe the method. Firstly, the
paired observations are taken, the differences are cal-
culated and then ranked from smallest to largest
depending on their absolute value. Adding all the ranks
associated with positive and negative differences gives
the so called T+ and T� statistics, respectively. Finally,
the probability value associated with this statistic is
found from the appropriate Tables.

More precisely the data consists of n* observations on
the respective bivariate random variables. Assume that
the sample of differences,DFi, is randomly selected from
the population of differences. The DFis are mutually
independent and the probability distribution for the
sampled paired differences is continuous. Let |DFi|=| Xi

� Yi| be the absolute differences for i=1, 2, ..., n*, where
Xi ¼ ðx1; . . . ; x�nÞ is the population A, Yi ¼ ðy1; . . . ; y�nÞ is
the population B and n is the number of non-zero
differences. T+ denotes the sum of signed rank of posi-
tive DFi, T� denotes the sum of signed rank of negative
DFi and T=min(T+, T�). Ranks are assigned to these n
absolute differences according to their relative size.

We implemented the right-tailed test. In this case, the
population A is shifted to the right of B. The statistical
hypothesis is: H0: DFi=0, and Ha: DFi > 0, and the
rejection region is T £ T0 for small sample sizes, where
T0 is given by a standard table and it is the critical value
of T [35]. When the sample sizes are greater than 25, the
large sample approximation procedure can be used; this
is Zc > Za, where Zc is equal to:

Zc ¼
Tþ � ½nðnþ 1Þ=4�
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
nðnþ 1Þð2nþ 1Þ=24

p

and Za takes a standard value Za=1.96, and n is the
number of the paired differences, which are not zero.
This approach was used in our experiments in order to
analyse the statistical significance of the results.

The implementation consists of the following steps
[35]:

Step 1. Create two lists of experimental data in a pair-
wise fashion.
Step 2. Take the absolute difference |DFi|=|Xi � Yi| for
each pair.
Step 3. Omit from consideration those cases where |Xi �
Yi|=0.
Step 4. Rank, from smallest to largest, the remaining
absolute differences using tied ranks where this is
appropriate.
Step 5. Assign to each such rank a ‘‘+’’ sign when the
difference of (Xi � Yi) > 0, and a ‘‘�’’ sign when the
difference of (Xi � Yi) < 0. T+ is the sum of signed rank
of positive and T� is the sum of signed rank of negative.
Step 6. Calculate the value of Zc for the Wilcoxon
test if the sample sizes are greater than 25, or calculate

the value of T for small samples, which is equal to
the minimum of the sum of the signed ranks
T=min(T+, T�).

All statements, above, refer to a significance level of
5%, [32], which corresponds, for example, to T < 8 for
the E. coli dataset and T < 14 for the S. cerevisiae
dataset [35].

4.4 Experiments and results

In previous works, [8, 9], Horton and Nakai showed that
the KNN algorithm achieves better performance than
the HN probabilistic model. Thus, in our experiments,
reported below, only KNN results are presented and
compared against FNNs and neural ensembles.

4.4.1 Classifying E. coli proteins using a feed-forward
neural network

We conducted a set of preliminary experiments to find
the most suitable FNN architecture in terms of training
speed. The Rprop algorithm was used to train several
networks with one hidden layer with various combina-
tions of hidden nodes, i.e. 8, 12, 14, 16, 24, 32, 64, 120
hidden nodes. Each FNN architecture was trained ten
times with different initial weights. The best available
architecture was a 7-16-8 FNN, and this architecture
was used throughout the experiments. In order to ex-
plore the effect of the network error on the accuracy of
the classifications, one hundred (100) independent tri-
als were performed with two different termination
criteria, which are based on the Mean Squared Error,
EMSE<0.05 and EMSE<0.015. Following previous work
in this area [6–10], we conducted experiments using all
the data for testing, as well as data sets produced by
fourfold cross-validation. Also, we did additional
experiments by applying leave one out cross-validation
to further investigate the performance of the methods.

4.4.1.1 Classification of E. coli patterns using the full
dataset The particular nature of the problem makes
important for biologists to know exactly the perfor-
mance of a method on each individual protein that is
included in the dataset. Thus, this experiment trained
and tested FNNs using the entire dataset. Table 3 pre-
sents the classification success for each class.

The results of the FNN for each class exhibit average
performance over 100 trials. It is evident that the FNNs
outperforms KNN (the value K=7 was used as sug-
gested in [9]) in almost every class. It is very important to
highlight the FNN classification success in imS and imL
classes. In the first case, FNNs trained with EMSE<0.05
exhibit a 6.5% success and FNNs with EMSE<0.015
have 49% success. In the second case, FNNs with



EMSE<0.05 and FNNs with EMSE<0.015 exhibit 85 and
91.8% success, respectively. The KNN method fails in
both cases to produce correct classifications.

It is worth noticing that FNNs results become better
when an EMSE<0.015 was used in training. This obvi-
ously caused an increase to the average number of
epochs required to converge (approximately 2,000
epochs were needed on average), but at the same time
led to considerable improvements: the average classifi-
cation accuracy over 100 runs was 93% with a standard
deviation of 0.33. This behaviour provides evidence that
a small variation in the value of the error goal might
affect the classification success. This might provide
explanation for the unsatisfactory FNNs performance
reported in [10], where no details on the error goals used
in the training phase were provided.

In order to identify common misclassifications, we
calculated the confusion matrix for the KNN and the
FNN that exhibited the best training speed for the error
goal EMSE<0.015. These results are shown in Tables 4
and 5. The aforementioned neural network achieved
high percentage of classification compared to other
methods [9]. These results also show that fast conver-
gence achieved by the FNN by no means affect its
classification success.

4.4.1.2 Classification of E. coli patterns using fourfold
cross-validation In this experiment, we performed a
fourfold cross-validation test by randomly partitioning
the dataset into four equally sized subsets, as suggested
in [8, 9]. Three subsets were used for training, while the

remaining one was used for testing. Table 6 presents the
best KNN and FNN classification accuracy for each
class in the second partition. The overall classification
success is given in Table 7, where results are in terms
of percentage of success for each partition. Lastly, it is
important to mention that the performance of KNN
algorithm is considerably improved when fourfold
cross-validation is used but still lacks in performance
compared to the best FNN.

4.4.1.3 Classification of E. coli patterns using leave one
out cross-validation In this experiment, we classified E.
coli proteins using a FNN by applying a leave one out
cross-validation. Table 8 gives the best results for each
method using leave one out cross-validation. As shown
in the table, the KNN exhibited better performance than
the FNN in this case. Nevertheless, it still lacks com-
pared to KNN with fourfold cross-validation.

The overall pattern classification success for all clas-
ses using FNNs with EMSE<0.015 was 85.42%, which
can be considered slightly worst compared to the 86% of
the KNN. Table 8 exhibits the average classification
success for each class. The differences in mean perfor-
mance of the two methods in Table 8 reflect the fact that
the KNN classified correctly the five patterns of the class
omL while the FNN misclassified one of these patterns.
In order to identify the misclassifications in the E. coli
dataset we created the confusion matrix for the KNN
and FNN, which are shown in Tables 9 and 10,
respectively.

Table 3 The accuracy of classification of E. coli proteins for each
class

No. of
patterns

Class
label

KNN
(%)

FNN (%)
(EMSE<0.05)

FNN (%)
(EMSE<0.015)

77 im 75.3 82.5 89.0
143 cp 98.6 98.1 99.0
2 imL 0.0 85.0 91.8
5 omL 80.0 100.0 100.0
35 imU 65.7 68.0 88.3
2 imS 0.0 6.5 49.0
20 om 90.0 86.6 93.2
52 pp 90.3 88.7 93.6
Mean (%) 62.5 76.9 88.0
Stdv 39.8 30.1 16.3

Table 4 Confusion matrix for E. coli proteins with KNN

No. of
patterns

Class
label

cp imL imS imU im omL om pp

143 cp 141 0 0 0 0 0 0 2
2 imL 0 0 0 0 1 1 0 0
2 imS 0 0 0 1 0 0 0 1
35 imU 0 0 0 23 11 0 0 0
77 im 3 0 0 14 58 0 0 2
5 omL 0 0 0 0 0 4 1 0
20 om 0 0 0 0 0 0 18 2
52 pp 4 0 0 0 1 0 0 47

Table 5 Confusion matrix for E. coli proteins with FNN

No. of
patterns

Class
label

cp imL imS imU im omL om pp

143 cp 142 0 0 0 0 0 0 1
2 imL 0 2 0 0 0 0 0 0
2 imS 0 0 1 1 0 0 0 0
35 imU 0 0 0 31 4 0 0 0
77 im 2 0 0 6 69 0 0 0
5 omL 0 0 0 0 0 5 0 0
20 om 0 0 0 0 0 0 19 1
52 pp 3 0 0 0 0 0 0 49

Table 6 Best classification success for each method with fourfold
cross-validation for E. coli proteins (results are for the second
partition)

No. of
patterns

Class
label

KNN
(%)

FNN (%)
(EMSE<0.015)

77 im 84.0 79.5
143 cp 100.0 97.2
2 imL 0.0 0.0
5 omL 100.0 100.0
35 imU 62.2 87.5
2 imS 0.0 0.0
20 om 80.0 80.0
52 pp 92.2 100.0
Mean (%) 64.8 68.1
Stdv 41.8 42.7



4.4.2 Classifying S. cerevisiae proteins using
a feed-forward neural network

We conducted a set of preliminary experiments as with
the E. coli dataset in order to find the most suitable
architecture. An 8-16-10 FNN architecture exhibited the
best performance. One hundred FNNs were trained with
the Rprop algorithm using different initial weights. As
previously we conducted the experiments following the
guidelines of [8, 9], and used K=21 as suggested in [9].

4.4.2.1 Classification of S. cerevisiae patterns using the
full dataset This experiment concerns training and
testing the FNN using the whole dataset. The FNN
outperformed significantly the other methods. The
average classification accuracy of the FNNs was 67%;
the worst-case performance was 64% (which is still an
improvement over other methods) and the best one
69%. The result of the KNN was 59.5%. FNNs were

trained for 10,000 epochs or until EMSE<0.05. On
average, 3,500 epochs were necessary in order to reach
convergence.

Table 11 shows the classification success achieved for
each class. The results of the FNN represent the average
of 100 trials. The neural network outperforms the other
methods in almost every class. It is very important to
highlight its classification success in the POX and ERL
classes.

To identify the misclassifications in the S. cerevisiae
dataset we created the confusion matrix for the FNN
that exhibited the fastest convergence to an EMSE<0.05.
The results are shown in Table 12. It is important to
highlight the significant improvements in classifying the
sites for each class compared with previous attempts as
shown in Table 13 [9].

4.4.2.2 Classification of S. cerevisiae patterns using
tenfold cross-validation This experiment involved the use
of tenfold cross-validation method, as proposed in
previous published works [8, 9]. The results obtained are
shown in Table 14. The KNN algorithm exhibited an
improved generalisation achieving an overall classifica-
tion success of 59.5%. The performance of the FNNs was
also improved, achieving average classification success of
64.9%. In these experiments, we used an EMSE<0.05 to
train our networks. The results of the Wilcoxon test for
the runs shown in Table 14, givesT=7,which satisfies the
condition T<14 (satisfy WSRT).

Table 7 Best overall performance on each partition of the fourfold
cross-validation

Cross-validation Partition KNN
(%)

FNN (%)
(EMSE<0.015)

0 89.3 91.7
1 95.2 88.1
2 84.5 84.5
3 76.2 88.1

Mean (%) 86.3 88.1
Stdv 8.0 2.9

Table 8 Classification success of E. coli proteins for each class
using leave one out cross-validation

No. of
patterns

Class
label

KNN
(%)

FNN (%)
(EMSE<0.015)

77 im 76.6 79.3
143 cp 97.9 97.2
2 imL 0.0 0.0
5 omL 100.0 80.0
35 imU 57.1 65.7
2 imS 0.0 0.0
20 om 80.0 80.0
52 pp 88.5 84.6
Mean (%) 62.5 60.8
Stdv 40.8 38.5

Table 9 Confusion matrix for the KNN with leave one out cross-
validation in the E. coli data set

No. of
patterns

Class
label

cp imL imS imU im omL om pp

143 cp 140 0 0 0 0 0 0 3
2 imL 0 0 0 0 1 1 0 0
2 imS 0 0 0 1 0 0 0 1
35 imU 1 0 0 20 14 0 0 0
77 im 4 0 0 10 59 0 0 4
5 omL 0 0 0 0 0 5 0 0
20 om 0 0 0 0 0 1 16 3
52 pp 5 0 0 0 1 0 0 46

Table 10 Confusion matrix for the FNN with leave one out cross-
validation in the E. coli data set

No. of
patterns

Class
label

cp imL imS imU im omL om pp

143 cp 139 0 0 0 0 0 0 4
2 imL 0 0 0 0 1 1 0 0
2 imS 0 0 0 1 0 0 0 1
35 imU 0 0 0 23 11 0 0 1
77 im 3 0 0 11 61 0 1 1
5 omL 0 0 0 0 0 4 1 0
20 om 0 0 0 0 0 2 16 2
52 pp 4 0 0 0 3 0 1 44

Table 11 The accuracy of classification of S. cerevisiae proteins for
each class

No. of
patterns

Class
label

KNN
(%)

FNN (%)
(EMSE<0.05)

463 cyt 70.7 66.7
5 erl 0.0 99.6
35 exc 62.9 62.7
44 me1 75.0 82.9
51 me2 21.6 47.8
163 me3 74.9 85.6
244 mit 57.8 61.3
429 nuc 50.7 57.7
20 pox 55.0 54.6
30 vac 0.0 4.1
Mean (%) 46.8 62.3
Stdv 29.1 25.9



4.4.2.3 Classification of S. cerevisiae patterns using leave
one out cross-validation In this experiment, we imple-
mented a leave one out cross-validation to explore fur-
ther the performance of the tested methods. The best
overall classification success using a FNN with leave one
out cross-validation was 59.9%, while the KNN algo-
rithm exhibited approximately 58%. Both methods
performance still lacks compared to tenfold cross-vali-
dation. Table 15 shows the comparative results for the
tested methods using leave one out cross-validation in
terms of average classification success for each class. The
statistics reveal that the FNN outperforms the KNN,
exhibiting a more balanced performance.

4.4.3 Classifying proteins using ensemble-based
techniques

We have created ensembles focusing on classifiers that
disagree on their decisions so that when they do fail to
classify the data, they fail on different inputs. In this
way, failures of one ensemble member can be compen-
sated by successes of others. Combining diverse neural
networks (DNNs) into an ensemble formulation allows
weighting the outputs of the networks in such a way
that either the correct answer is obtained or at least it
is obtained often enough so that the generalisation is
improved. In order to get a small ensemble error, the

diversity should get large values but the number of
individual errors should be small.

4.4.3.1 Experiments using the full datasets In this sec-
tion we report results using a simple network ensemble
(SNE) and a DNNs ensemble (DNE). The DNE
implementation consisted of five networks and belonged
to the so called level 3 diversity [25]. Table 16 exhibits
the results of the two ensemble techniques on the E. coli
dataset. The overall classification success of the SNE
was 93.5%, while the overall classification success of the
DNE was 96.8%. We decided to concentrate on the
DNE approach and created an ensemble for classifying
the patterns of the S. cerevisiae dataset. The results are
shown in Table 17. The DNE significantly outperforms
all other methods used so far in the literature (cf. with
the results reported in [8–10]).

4.4.3.2 Experiments using leave one out cross-valida-
tion In this case, it is difficult to build an ensemble with
FNNs that make errors at different inputs patterns,
because when leave one out cross-validation is used most

Table 12 Confusion matrix of S. cerevisiae proteins for each class
using an FNN

No. of
patterns

Class
label

cyt erl exc me1 me2 me3 mit nuc pox vac

463 cyt 309 0 0 3 0 12 30 109 0 0
5 erl 0 5 0 0 1 1 0 0 0 0
35 exc 4 0 23 2 2 0 2 2 0 0
44 me1 3 0 1 37 0 2 1 0 0 0
51 me2 6 0 2 3 25 5 8 2 0 0
163 me3 9 0 0 0 0 140 2 10 0 2
244 mit 50 0 0 2 4 10 150 28 0 0
429 nuc 110 0 0 0 42 10 20 247 0 0
20 pox 6 0 0 0 0 0 2 1 11 0
30 vac 11 0 2 0 1 6 2 7 0 1

Table 13 Confusion matrix of S. cerevisiae proteins for each class
using the KNN algorithm

No. of
patterns

Class
label

cyt erl exc me1 me2 me3 mit nuc pox vac

463 cyt 314 0 1 0 2 3 32 91 1 0
5 erl 0 0 3 1 1 0 0 0 0 0
35 exc 4 0 22 4 2 0 2 1 0 0
44 me1 0 0 8 33 0 1 2 0 0 0
51 me2 9 0 7 10 11 3 7 4 0 0
163 me3 18 0 0 0 1 122 6 16 0 0
244 mit 62 0 4 2 5 8 141 19 3 0
429 nuc 171 0 0 0 2 10 27 216 0 0
20 pox 4 0 1 1 0 0 1 2 11 0
30 vac 13 0 3 1 1 6 1 5 0 0

Table 14 Best performance for each method using tenfold cross-
validation for S. cerevisiae proteins

Cross-validation Partition KNN
(%)

FNN (%)
(EMSE<0.05)

0 55.8 65.1
1 59.2 66.4
2 61.0 63.2
3 65.8 65.8
4 48.6 66.4
5 62.3 68.5
6 68.5 61.8
7 58.9 59.8
8 56.9 66.4
9 58.2 65.6

Mean (%) 59.5 64.9
Stdv 5.5 2.6

Table 15 Best performance for each method using onefold cross-
validation for S. cerevisiae proteins

No. of patterns Class label KNN
(%)

FNN (%)
(EMSE<0.05)

463 cyt 55.4 66.7
5 erl 0.0 80.0
35 exc 61.7 62.7
44 me1 65.1 82.9
51 me2 26.0 47.8
163 me3 75.8 85.6
244 mit 58.4 61.3
429 nuc 50.3 57.7
20 pox 57.8 54.6
30 vac 0.0 4.1
Mean (%) 46.05 60.3
Stdv 26.9 23.4



of the FNNs fail on the same patterns. Thus, the clas-
sification ability of the ensemble cannot be improved
significantly compared to a single FNN. The corre-
sponding is shown in Tables 18 and 19 below.

4.4.3.3 Experiments using fourfold cross-validation for
the E. coli dataset In these experiments, an ensemble of
three FNNs was investigated. This ensemble corre-
sponded to level 4 diversity, as all FNNs fail to predict
patterns of imS class. This ensemble can never be reli-
able but it can still be used to improve the generalisation
overall. In order to train properly the FNNs, a smaller
error target was set EMSE<0.01 and the process focused
on FNNs that can classify correctly classes with very few
patterns, such the imL class. The diversity obtained in
these experiments was D=0.33 and the ensemble was
able to classify correctly the two patterns of the imL
class.

Table 20 presents the number of mistakes for each
member of the ensemble and for different combinations.
Ensemble members FNN1, FNN2 and FNN3 fail to
classify 15, 16 and 11 mistakes, respectively. Combining
different FNNs produces various numbers of common
mistakes (failures) depending on the diversity of the
members which are combined. For example, as shown in
Table 20, although FNN1 and FNN2 make 15 and 16

mistakes, a combination of the two produces signifi-
cantly smaller number of common failures, i.e. only two
common mistakes. In our experiments we used a com-
bination of the three FNNs using majority voting. This
ensemble also produces two common failures but the
overall success is improved. Detailed results are shown
in Table 21.

It is important to mention that using a DNE allows
to classify correctly the imL class, which has only two
patterns. This can increase the average class accuracy for
E. coli proteins as shown in Table 21.

Various combinations of diverse FNNs can be pro-
duced focusing on improving the classification for par-
ticular class labels. For example, if predicting correctly
classes with a few patterns (e.g. imS) is not a priority
then it is possible to improve the overall classification
success by focusing on classifying correctly classes with
many patterns (e.g. cp). In this case the ensemble would
combine diverse neural networks that achieve better
performance in classes with many patterns, such as the
cp class.

4.4.3.4 Experiments using tenfold cross-validation for the
S. cerevisiae dataset In this case, we created an ensemble
of three neural networks, which corresponds to level 3
diversity [25]. In this case a simple majority vote will not

Table 16 Accuracy of classification for E. coli proteins using
ensemble-based techniques

No. of
patterns

Class
label

SNE (%)
(EMSE<0.015)

DNE (%)
(EMSE<0.015)

77 im 87.0 92.2
143 cp 98.0 100.0
2 imL 100.0 100.0
5 omL 100.0 100.0
35 imU 77.2 94.3
2 imS 50.0 50.0
20 om 80.0 100.0
52 pp 91.4 96.1
Mean (%) 85.5 91.7
Stdv 16.8 17.1

Table 17 Accuracy of classification for S. cerevisiae proteins
combining diverse neural networks

No. of
patterns

Class
label

DNE (%)
(EMSE<0.05)

463 cyt 69.2
5 erl 100.0
35 exc 64.3
44 me1 84.9
51 me2 54.9
163 me3 88.4
244 mit 61.7
429 nuc 57.7
20 pox 55.0
30 vac 10.0
Mean (%) 64.6
Stdv 24.6

Table 18 Best performance for each method using leave one out
cross-validation for E. coli proteins

No. of
patterns

Class
label

FNN (%)
(EMSE<0.015)

DNE (%)
(EMSE<0.015)

77 im 79.3 80.6
143 cp 97.2 97.2
2 imL 0.0 0.0
5 omL 80.0 80.0
35 imU 65.7 65.7
2 imS 0.0 0.0
20 om 80.0 80.0
52 pp 84.6 86.6
Mean (%) 60.8 61.3
Stdv 38.5 38.8

Table 19 Best performance for each method using leave one out
cross-validation for S. cerevisiae proteins

No. of
patterns

Class
label

FNN (%)
(EMSE<0.05)

DNE (%)
(EMSE<0.05)

463 cyt 66.7 66.7
5 erl 80.0 100.0
35 exc 62.7 62.7
44 me1 82.9 80.0
51 me2 47.8 47.8
163 me3 85.6 91.7
244 mit 61.3 61.3
429 nuc 57.7 57.7
20 pox 54.6 54.6
30 vac 4.1 4.1
Mean (%) 60.3 62.6
Stdv 23.4 26.4



always produce the correct answer, but at least one
member in the ensemble will produce the correct output
for each input pattern in the test set. Table 22 shows
classification success for an FNN and two ensembles
(DNE1 and DNE2) using tenfold cross-validation. The
FNN performance is the best available from a set of 100
trials, while the diversity value for DNN1, which focuses
on predicting cyt patterns, is D=0.36 giving
Eens=0.023, and for DNN2, which is built based on vac
patterns, is D=0.33 and Eens=0.022.

It is important to mention that DNEs achieved better
performance compared to other classification methods.
The KNN overall success was 59.3% and the FNN
success was 63.4% when EMSE<0.05 was used in train-
ing. DNN1 shows significant improvement in overall
pattern classification success, reaching 67.6% but it
cannot classify correctly any vac pattern; it focuses on cyt
patterns instead. The overall classification success for
DNN2 was 62.75% with predictions for all classes of the
S. cerevisiae proteins, and an average success per class of
66.2%, as shown in Table 22.

4.4.3.5 Classifying A. thaliana chromosome 4 data In
order to test further the effectiveness of the DNE ap-
proach we applied to a new problem, the classification of
the A. thaliana chromosome 4 [31]. An ensemble of three
neural networks exhibiting level 3 diversity, [25], was
created. Tenfold cross-validation was used to estimate

the accuracy of the classification methods by considering
the proportion of patterns for all classes to be equal in
each partition. One subset was used for training, while
the remaining ones were used for testing. Using this
procedure we can achieve an overall mean classification
performance of approximately 99.9%. The FNNs in the
ensemble were combined using a simple majority vote.

Table 23 shows the classification success for each
different sequence of the A. thaliana chromosome 4 data.
The performance of the FNN is the average of 100 runs.
As before, two different ensembles were created; each
one focused on better prediction for particular se-
quences. DNE2 is better able to classify correctly more
sequences of the cTP and SP peptides class. As shown in
Table 23, DNE2 performs significantly better in SP and
cTP classes compared to a single FNN, and the DNE1,
which focused on mTP and OL patterns, improves its
testing classification success on these classes. DNE2
achieves the best mean performance for each class.

5 Conclusions

In this paper we explored the use of a neural network
approach in predicting the localisation sites of proteins
in the organisms. Neural Networks performance both in
single mode and in ensemble formulation was investi-
gated. We particularly investigated the use of network
ensembles exhibiting levels 3 and 4 diversity with and
without cross-validation, creating ensembles from

Table 21 Classification results for E. coli proteins using fourfold
cross-validation and a diverse neural networks ensemble

No. of
patterns

Class
label

FNN (%)
(EMSE<0.01)

DNE (%)
(EMSE<0.01)

77 im 89.0 88.8
143 cp 97.2 97.2
2 imL 0.0 100.0
5 omL 100.0 100.0
35 imU 75.0 87.5
2 imS 0.0 0.0
20 om 80.0 80.0
52 pp 100.0 92.3
Mean (%) 67.6 80.7
Stdv 42.7 33.3

Table 20 Number of E. coli patterns that are not classified cor-
rectly for each ensemble member (FNN1, FNN2, FNN3), and for
combinations of diverse FNNs (FNN1&FNN2, FNN1&FNN3,
FNN2&FNN3, FNN1&FNN2&FNN3). Training used fourfold
cross-validation

Number of FNNs Failures

FNN1 15
FNN2 16
FNN3 11
FNN1&FNN2 2
FNN1&FNN3 5
FNN2&FNN3 3
FNN1&FNN2&FNN3 2

Table 22 Classification results for S. cerevisiae proteins using ten-
fold cross-validation and diverse neural networks ensembles

No. of
patterns

Class
label

KNN
(%)

FNN (%)
(EMSE<0.05)

DNE1 (%)
(EMSE<0.05)

DNE2 (%)
(EMSE<0.05)

463 cyt 70.7 71.7 76.1 59.0
5 erl 0.0 100.0 100.0 100.0
35 exc 62.9 25.0 75.0 50.0
44 me1 75.0 80.0 60.0 80.0
51 me2 21.6 60.0 40.0 60.0
163 me3 74.9 87.5 100.0 100.0
244 mit 57.8 75.0 91.7 58.3
429 nuc 50.7 42.9 52.5 54.8
20 pox 55.0 66.7 33.3 66.7
30 vac 0.0 0.0 0.0 33.3
Mean (%) 46.8 60.9 62.9 66.2
Stdv 29.1 30.3 32.2 21.3

Table 23 Classification results for A. thaliana chromosome 4 pat-
terns using tenfold cross-validation

No. of
patterns

Class
label

FNN (%)
(EMSE<0.001)

DNE1 (%)
(EMSE<0.001)

DNE2 (%)
(EMSE<0.001)

2,247 OL 98.1 99.5 98.5
386 mTP 83.5 96.8 87.4
657 SP 77.9 78.9 89.9
533 cTP 87.0 88.3 95.5
Mean (%) 86.6 90.9 92.8
Stdv 8.5 9.3 5.0



classifiers that disagree on their decisions in order to
improve the generalisation success for each class. In
many case, these ensembles were able to achieve signif-
icant improvements compared to all other approaches in
the literature for the E. coli and S. cerevisiae data sets,
and satisfactory performance for the A. thaliana chro-
mosome 4 data set.

Although our test produced encouraging results, it is
important to improve the performance of the ensembles
by generating and combining networks that exhibit
higher diversity, when possible. To this end, our future
work will explore the training and use of network
ensembles with higher degrees of diversity, taking into
account the drastically imbalanced nature of certain
datasets.

Acknowledgements We would like to thank Dr Maria Roubelakis
of Oxford University for assistance in biological aspects of this
work.

References

1. Boland MV, Murphy RF (1999) After sequencing: quantitative
analysis of protein localization. IEEE Eng Med Biol Sept/
Oct:115–119

2. Liang P, Labedan B, Riley M (2002) Physiological genomics of
Escherichia coli protein families. Physiol Genomics 9(1):15–26

3. Lu Z, Szafron D, Greiner R, Lu P, Wishart DS, Poulin B,
Anvik J, Macdonell C, Eisner R (2004) Predicting subcellular
localization of proteins using machine learned classifiers. Bio-
informatics 20:547–556

4. Clare A, King RD (2003) Predicting gene function in Saccha-
romyces cerevisiae. Bioinformatics 19:42–49

5. Neagu D, Palade V (2003) A neuro-fuzzy approach for fuc-
tional genomics data interpretation and analysis. Neural
Comput Appl 12:153–159

6. Nakai K, Kanehisa M (1991) Expert system for predicting
protein localization sites in gram-negative bacteria. Proteins:
Struct Funct Genet 11:95–110

7. Nakai K, Kanehisa M (1992) A knowledge base for predicting
protein localization sites in eukaryotic cells. Genomics 14:897–
911

8. Horton P, Nakai K (1996) A probabilistic classification system
for predicting the cellular localization sites of proteins. In:
Proceedings of the 4th international conference on intelligent
systems for molecular biology, AAAI Press, St. Louis, pp 109–
115

9. Horton P, Nakai K (1997) Better prediction of protein cellular
localization sites with the k nearest neighbors classifier. In:
Proceedings of intelligent systems in molecular biology,
Halkidiki, Greece, pp 368–383

10. Cairns P, Huyck C, Mitchell I, Wu W (2001) A comparison of
categorisation algorithms for predicting the cellular localization
sites of proteins. In: Proceedings of IEEE international work-
shop on database and expert systems applications, pp 296–300

11. Bolat B, Yıldırım T (2003) A data selection method for prob-
abilistic neural networks. In: International XII. Turkish sym-
posium on artificial intelligence and neural networks—TAINN,
pp 1137–1140

12. Tan AC, Gilbert D (2003) An empirical comparison of super-
vised machine learning techniques in bioinformatics. In:
Proceedings of the first Asia Pacific bioinformatics conference
(APBC 2003), Adelaide, Australia. Australian Computer

Society, Sydney. Chen P (ed) Conferences in research and
practice in information technology, vol 19, pp 219–222

13. Duda RO, Hart PE (1973) Pattern classification and scene
analysis. Wiley, New York

14. Rumelhart DE, Hinton GE, Williams RJ (1986) Learning
internal representations by error propagation. In: Rumelhart
DE, McClellend JL (eds) Parallel distributed processing:
explorations in the microstructure of cognition. MIT Press,
Cambridge, pp 318–362

15. Sima J (1996) Back propagation is not efficient. Neural Netw
6:1017–1023

16. Riedmiller M, Braun H (1993) A direct adaptive method for
faster backpropagation learning: the RPROP algorithm. In:
Proceedings of international conference on neural networks,
San Francisco, CA, pp 586–591

17. Riedmiller M (1994) RPROP-description and implementation
details. Technical Report, University of Karlsruhe, Germany

18. Udelhoven T, Schutt B (2000) Capability of feed-forward
neural networks for a chemical evaluation of sediments with
diffuse reflectance spectroscopy. Chemometr Intell Lab Syst
51:9–22

19. Hansen LK, Salamon P (1990) Neural network ensembles.
IEEE Trans Pattern Anal Mach Intell 12:993–1001

20. Krogh A, Vedelsby J (1995) Neural network ensembles, cross
validation, and active learning. In: Tesauro G, Touretzky D,
Leen T (eds) Advances in neural information processing sys-
tems, vol 2, pp 650–659

21. Opitz D, Maclin R (1999) Popular ensemble methods: an
empirical study. J Artif Intell Res 11:169–198

22. Sharkey AJC (1996) On combining artificial neural nets.
Connect Sci 8:299–314

23. Breiman L (1996) Bagging predictors. Mach Learn 24:123–140
24. Freund Y, Schapire RE (1996) Experiments with a new

boosting algorithm. In: Proceedings of the 13th international
machine learning conference, pp 148–156

25. Sharkey AJC, Sharkey NE (1997) Combining diverse neural
nets. Knowl Eng Rev 12:231–247

26. Zenobi G, Cunningham P (2001) Using diversity in preparing
ensembles of classifiers based on different feature subsets to
minimize generalization error. In: Proceedings of the European
conference on machine learning, pp 576–587

27. Murphy PM, Aha DW (1996) UCI repository of machine
learning databases. http://www.ics.uci.edu/mlearn

28. Blattner FR, Plunkett G, Bloch CA, Perna NT, Burland V,
Riley M, Collado-Vides J, Glasner JD, Rode CK, Mayhew GF,
Gregor J, Davis NW, Kirkpatrick HA, Goeden MA, Rose DJ,
Mau B, Shao Y (1997) The complete genome sequence of
Escherichia coli K-12. Science 277(5331):1453–1474

29. Lodish H, Berk A, Zipursky SL, Matsudaira P, Baltimore D,
James Darnell J (2003) Molecular cell biology, 5th edn.
Freeman, San Francisco, CA

30. Van Belle D, Andre B (2001) A genomic view of yeast mem-
brane transporters. Curr Opin Cell Biol 13(4):389–398

31. Emanuelsson O, Nielsen H, Brunak S, von Heijne G (2000)
Predicting Subcellular localization of proteins based on their N-
terminal amino acid sequence. J Mol Biol 300:1005–1016

32. Igel C, Husken M (2003) Empirical evaluation of the improved
Rprop learning algorithms. Neurocomputing 50:105–123

33. Kohavi R (1995) A study of cross-validation and bootstrap for
accuracy estimation and model selection. In: International joint
conference on artificial intelligence, AAAI Press and MIT
Press, pp 223–228

34. Nugent CD, Lopez JA, Smith AE 1, Black ND (2002)
Prediction models in the design of neural network based ECG
classifiers: a neural network and genetic programming
approach. BMC Med Inform Decis Making 2(1)

35. Snedecor G, Cochran W (1989) Statistical methods, 8th edn.
Iowa State University Press, Ames, IA



<<
  /ASCII85EncodePages false
  /AllowTransparency false
  /AutoPositionEPSFiles true
  /AutoRotatePages /None
  /Binding /Left
  /CalGrayProfile (None)
  /CalRGBProfile (sRGB IEC61966-2.1)
  /CalCMYKProfile (ISO Coated)
  /sRGBProfile (sRGB IEC61966-2.1)
  /CannotEmbedFontPolicy /Error
  /CompatibilityLevel 1.3
  /CompressObjects /Off
  /CompressPages true
  /ConvertImagesToIndexed true
  /PassThroughJPEGImages true
  /CreateJDFFile false
  /CreateJobTicket false
  /DefaultRenderingIntent /Perceptual
  /DetectBlends true
  /ColorConversionStrategy /sRGB
  /DoThumbnails true
  /EmbedAllFonts true
  /EmbedJobOptions true
  /DSCReportingLevel 0
  /SyntheticBoldness 1.00
  /EmitDSCWarnings false
  /EndPage -1
  /ImageMemory 524288
  /LockDistillerParams true
  /MaxSubsetPct 100
  /Optimize true
  /OPM 1
  /ParseDSCComments true
  /ParseDSCCommentsForDocInfo true
  /PreserveCopyPage true
  /PreserveEPSInfo true
  /PreserveHalftoneInfo false
  /PreserveOPIComments false
  /PreserveOverprintSettings true
  /StartPage 1
  /SubsetFonts false
  /TransferFunctionInfo /Apply
  /UCRandBGInfo /Preserve
  /UsePrologue false
  /ColorSettingsFile ()
  /AlwaysEmbed [ true
  ]
  /NeverEmbed [ true
  ]
  /AntiAliasColorImages false
  /DownsampleColorImages true
  /ColorImageDownsampleType /Bicubic
  /ColorImageResolution 150
  /ColorImageDepth -1
  /ColorImageDownsampleThreshold 1.50000
  /EncodeColorImages true
  /ColorImageFilter /DCTEncode
  /AutoFilterColorImages false
  /ColorImageAutoFilterStrategy /JPEG
  /ColorACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /ColorImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /JPEG2000ColorACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000ColorImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasGrayImages false
  /DownsampleGrayImages true
  /GrayImageDownsampleType /Bicubic
  /GrayImageResolution 150
  /GrayImageDepth -1
  /GrayImageDownsampleThreshold 1.50000
  /EncodeGrayImages true
  /GrayImageFilter /DCTEncode
  /AutoFilterGrayImages true
  /GrayImageAutoFilterStrategy /JPEG
  /GrayACSImageDict <<
    /QFactor 0.76
    /HSamples [2 1 1 2] /VSamples [2 1 1 2]
  >>
  /GrayImageDict <<
    /QFactor 0.15
    /HSamples [1 1 1 1] /VSamples [1 1 1 1]
  >>
  /JPEG2000GrayACSImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /JPEG2000GrayImageDict <<
    /TileWidth 256
    /TileHeight 256
    /Quality 30
  >>
  /AntiAliasMonoImages false
  /DownsampleMonoImages true
  /MonoImageDownsampleType /Bicubic
  /MonoImageResolution 600
  /MonoImageDepth -1
  /MonoImageDownsampleThreshold 1.50000
  /EncodeMonoImages true
  /MonoImageFilter /CCITTFaxEncode
  /MonoImageDict <<
    /K -1
  >>
  /AllowPSXObjects false
  /PDFX1aCheck false
  /PDFX3Check false
  /PDFXCompliantPDFOnly false
  /PDFXNoTrimBoxError true
  /PDFXTrimBoxToMediaBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXSetBleedBoxToMediaBox true
  /PDFXBleedBoxToTrimBoxOffset [
    0.00000
    0.00000
    0.00000
    0.00000
  ]
  /PDFXOutputIntentProfile (None)
  /PDFXOutputCondition ()
  /PDFXRegistryName (http://www.color.org?)
  /PDFXTrapped /False

  /Description <<
    /DEU <>
    /ENU <>
  >>
>> setdistillerparams
<<
  /HWResolution [2400 2400]
  /PageSize [2834.646 2834.646]
>> setpagedevice


