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Recent advances in microarray technology have opened new ways for functional annotation of previously
uncharacterised genes on a genomic scale. This has been demonstrated by unsupervised clustering of
co-expressed genes and, more importantly, by supervised learning algorithms. Using prior knowledge, these
algorithms can assign functional annotations based on more complex expression signatures found in existing
functional classes. Previously, support vector machines (SVMs) and other machine-learning methods have been
applied to a limited number of functional classes for this purpose. Here we present, for the first time, the
comprehensive application of supervised neural networks (SNNs) for functional annotation. Our study is novel
in that we report systematic results for ~I00 classes in the Munich Information Center for Protein Sequences
(MIPS) functional catalog. We found that only ~10% of these are learnable (based on the rate of false negatives).
A closer analysis reveals that false positives (and negatives) in a machine-learning context are not necessarily
“false” in a biological sense. We show that the high degree of interconnections among functional classes
confounds the signatures that ought to be learned for a unique class. We term this the “Borges effect” and
introduce two new numerical indices for its quantification. Our analysis indicates that classification systems with
a lower Borges effect are better suitable for machine learning. Furthermore, we introduce a learning procedure
for combining false positives with the original class. We show that in a few iterations this process converges to a
gene set that is learnable with considerably low rates of false positives and negatives and contains genes that are
biologically related to the original class, allowing for a coarse reconstruction of the interactions between
associated biological pathways. We exemplify this methodology using the well-studied tricarboxylic acid cycle.

DNA array technology (Schena et al. 1995; Shalon et al. 1996)
allows for the simultaneous recording of thousands of gene
expression levels and has opened new ways of looking at or-
ganisms on a genome-wide scale. It is now possible to study
genomic patterns of gene expression in prokaryotes (Arfin et
al. 2000) or in simple eukaryotes like yeast (Eisen et al. 1998)
and Caenorhabditis elegans (Hill et al. 2000), whereas in higher
organisms, like humans, tens of thousands genes can be
monitored (Zhang et al. 1997).

DNA array experiments primarily involve the measure-
ment of thousands of gene expression levels under different
conditions. The data can be clustered along these two dimen-
sions for two purposes: either (1) the classification of condi-
tions (tissues, phenotypes, etc.) in terms of expression values,
regarded as their molecular signatures, or (2) conversely, the
classification of genes with correlated expression patterns, to
explore shared functions or regulation. The classification of
conditions has been investigated in several studies. For in-
stance, aggregative hierarchical clustering has been used ex-
tensively for the molecular classification of leukemia (Golub
et al. 1999), colon cancer (Alon et al. 1999), breast cancer
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(Perou et al. 1999), and lymphoma (Alizadeh et al. 2000), to
cite just a few cases. Supervised methods can be used if there
is some prior knowledge about the classes to be analysed.
Thus, support vector machines (Furey et al. 2000), neural net-
works (Khan et al. 2001), and pattern discovery methods
(Califano et al. 2000) have been applied to the molecular clas-
sification of different cancer tissues.

Note that a typical expression data set usually contains
several thousands of genes but perhaps <100 conditions.
Thus, the classification of conditions involves only a few
items (conditions) to be classified, but a high number of vari-
ables (genes). We face an opposite data structure for the sec-
ond type of clustering, the classification of genes: Many items
(genes) need to be classified using only a few variables (con-
ditions). For the classification of genes, an arsenal of methods
has been used, including aggregative hierarchical clustering
(Sneath, and Sokal 1973; Eisen et al. 1998), K-means (Tavazoie
et al. 1999), singular value decomposition (Alter et al. 2000),
and other methods (Ben-Dor et al. 1999; Heyer et al. 1999).
Unsupervised neural networks like self-organizing maps (Ko-
honen, 1997; Tamayo et al. 1999; Toronen et al. 1999), or
their hierarchical version, the self-organizing tree algorithm
(Herrero et al. 2001), have also been used to obtain clusters of
co-expressing genes.

Despite the wealth of data on gene properties (such as

Genome Research 1703
www.genome.org



Mateos et al.

function, subcellular localization, protein interactions, pres-
ence in pathways, or cellular complexes), supervised ap-
proaches that take this prior information into account have
been applied only scarcely. Brown et al. (2000), using expres-
sion data from yeast (Eisen et al. 1998), concluded that sup-
port vector machines (SVMs; Vapnik 1998) were the most
efficient method for identifying sets of genes with common
functions, among several machine-learning techniques they
compared. However, supervised neural networks (SNNs;
Bishop 1995), the method we use here, were not included in
this comparison.

SNNs are computer-based algorithms inspired by the
structure and behavior of neurons in the human brain. Simi-
lar to SVMs, SNNs are capable of extracting features of classes
in a training process in order to learn how to identify them. In
particular, this pattern-recognition process is achieved in per-
ceptrons (Rosenblatt 1958) by adjusting parameters of the
SNN in a process of error back-propagation and minimization
through learning from experience. They can be calibrated
(trained) using any type of input data, such as gene expression
levels from DNA arrays, and the output can be grouped into
any given number of categories. Compared to SVMs, they
have some potential advantages. SNNs allow for multiple clas-
sifications in a single query, whereas SVMs are only designed
to bisect the data into two classes (the class to be learned and
its complement) and can thus achieve multiple classifications
only indirectly and iteratively. (If a gene being queried is as-
signed to the complement of the original class, the comple-
ment needs to be bisected again with respect to the next class,
and so on, until the gene is assigned or remains unclassified
in the final complement. This procedure is dependent on
the chosen order of the classes.) In contrast, multilayer per-
ceptron-based SNN schemes provide a more direct method
in that they can be tailored to perform multiset classification
in one run, with the output consisting of as many units as
classes of interest. A further advantage is that the parameters
of the SNN (weights) can give relevant information on the
relative importance of each condition in the learning of the
classes.

Our goals in this paper are twofold. First, we explore the
ability of supervised neural networks to learn the gene expres-
sion signatures of classes both in the binary case (i.e., for a
class and its complement) and in the multiple-class case. Sec-
ond, we systematically explore how well these classes can be
learned. Similar to Brown et al., we used the classes from the
Munich Information Center for Protein Sequences (MIPS)
functional catalog, but unlike Brown et al., who analyzed only
five of them, we investigated 96 classes of the MIPS functional
catalog (Mewes et al. 2000). Our results show that even
though some classes can be learned with a low rate of false
positives and false negatives, other classes can hardly be
learned at all. In fact, we get >60% false negatives for 92% of
the functional classes. A priori, one could suspect that this is
caused by a poor performance of the neural network learning
method. There are, however, a number of reasons that can
affect learning performance. First, the output of DNA array
technology can have a poor signal to noise ratio, and poor
learning can be a result of the noise eclipsing the signal. In
addition to this, we identified three reasons for the poor
learning performance that are purely related to the biology
underlying the data rather than to the technical aspects of
machine learning. They are (1) class size, (2) heterogeneity of
the classes, and (3) the high degree of intersection among
functional classes. The MIPS catalog, which has been com-
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piled based on the extensive biological knowledge in the lit-
erature, is indeed highly interconnected. This of course re-
flects the fact that cellular processes do not represent isolated,
modules. Thus, if the neural network falsely classifies a gene
as a positive, this is not necessarily a failure of the learning
scheme, but often represents a gene participating in biological
processes closely associated with the original class to be
learned. We substantiate these claims by studying the inter-
section structure of functional classes. For a given classifica-
tion scheme, such as the MIPS catalog, we define what we call
the “Borges effect” and introduce two numerical indices that
give a rough measure of the overlapping structure of a given
class. We conjecture that these indices determine the learning
performance of this class.

Finally, in order to test the proposition that false classi-
fications are not necessarily errors of the learning process, we
introduce an iterative procedure in which, starting from a
single MIPS class, the false positives of iteration i are added as
true positives for iteration i+ 1. If the false positives were
really caused by the learning process, one would expect the
rate of false positives to remain approximately unchanged at
each iteration, eventually producing a class that comprises
almost all genes. If this were not the case, one would expect
the false positives rate to decrease and the procedure to con-
verge to a small set of genes. Indeed, we observe the latter
scenario. We have let the iterations run until the rate of false
positives reached a low preassigned threshold. We show that
the new set of genes produced after a few iteration steps, can
be learned with considerably low rates of false positives and
false negatives. This finding is biologically meaningful in that
the new gene set contains genes with functional classes that
are related to the original class through interacting cellular
processes. We shall argue that this method of iteratively pick-
ing up signatures related to an original class might allow for a
coarse reconstruction of the interactions between associated
biological pathways. We exemplify this methodology using
the well-studied tricarboxylic acid cycle (TCA).

RESULTS

Using Multilayer Perceptrons to Learn Multiple
Functional Classes

As mentioned, Brown et al. (2000) applied several supervised
learning schemes to recognize functional classes of genes.
Their results showed that SVMs were superior in performance
to other schemes such as decision trees, Parzen windows, and
the Fisher linear discriminant. In order to meaningfully com-
pare our results, we applied the multilayer perceptron (MLP)
to the same data with the same validation scheme (threefold
cross validation) as used in Brown et al. (2000). We initially
focused on the five MIPS classes that Brown et al. analyzed: (1)
the TCA cycle, (2) genes involved in respiratory processes, (3)
ribosomal genes, (4) the genes of the proteasome, and (5)
histone related genes. (Brown et al. also considered a decoy
class defined by a structural motif [helix-turn-helix] rather
than a functional characteristic, but we shall not consider it
here.) Later, we shall extend our study to a systematic learning
of all functional classes in MIPS.

For each of the 2467 genes contained in the data (Eisen
1998) there are 79 gene expression ratios corresponding to
different experimental conditions. We divide the 2467 genes
into six sets, the five classes mentioned above plus a comple-
mentary set comprising the rest of the genes.



Systematic Learning of Gene Classes

The architecture of our MLP consists of one input layer
with 79 units (one per experimental condition), one hidden
layer with eight units, and one output layer with five units:
one for each of the classes under consideration. Presented
with an example (i.e., gene) from one class in the training set,
a value of one was assigned to the corresponding output unit,
with the other four output units set to zero. Given a gene that
is not a member of any of the five classes, the five units were
trained to output zero.

Once trained, the performance of the MLP was analyzed
with genes from the test set in order to collect the number of
FPs and FNs. In general, the output units yield a value be-
tween zero and one for genes from the test set. We assigned
the gene to the class for which the corresponding output unit
exceeds a preset threshold v (with O <7< 1). If, for a gene
previously known to belong to class i, the MLP calculates a
value greater (smaller) than 7 in the corresponding output
unit i, the classification results in a true positive (false nega-
tive). Alternatively, if a gene from another class j causes unit
i to be greater (smaller) than 1, the result is a false positive
(true negative).

The number of correct and incorrect assignments de-
pends on the random partition made for the threefold vali-
dation process. Thus, different partitions result in different
numbers of correct and incorrect assignments. We performed
five random partitions and computed the average number of
assignments and their standard deviations. Table 1 shows these
results, along with the comparisons with Brown et al. (SVM with
a radial kernel). The statistics for the SVMs was extracted from
http://www.cse.ucsc.edu/research/compbio/genex.

Table 1 shows that the MLP and SVM perform similarly
in terms of the number of FNs, although the MLP seems to do
systematically worse than the SVM in terms of the number of
FPs. We found very similar results when we performed a MLP
binary classification (i.e., one output unit) as opposed to a
multiclass one (data not shown). It might seem then that the
performance of the MLP is inferior to that of SVM despite its
ability to do multiclass classification. But we should not has-
ten to conclude that the MLP performs worse than the SVM,
even though that is what the results tell us at face value. The
reason is that a machine-learning FP or FN might not be a
biological FP or FN. In the next section, we shall argue that

the FPs and FNs picked by the MLP are actually biologically
meaningful.

Machine-Learning FPs and FNs Are Not Necessarily
Biological FPs and FNs: A Case Study

In order to gain insight into the biological meaning of the FPs
and FNs found by the MLP, we will concentrate on one of the
five classes previously analyzed: the TCA cycle. We choose
this class because it is one of the best understood biochemical
pathways. Figure 1 shows a representation of the TCA cycle
and two associated biochemical modules involved in the
same biological process of energy generation: oxidative phos-
phorylation, and ATP synthesis. The genes encoding the en-
zymes that catalyze the reactions of the TCA cycle are listed
within the grey boxes. These are the enzymes as cataloged in
the MIPS database, under the entry of tricarboxylic acid cycle.
We will show that most of the FPs and FNs found by the MLP
are involved in other biological processes of energy metabo-
lism, in which the TCA cycle plays an important role.

We repeated the threefold cross-validation process (see
Methods) five times, thus creating five different sets of FPs
and FNs. These sets overlap: Some of the FPs appear in all five
cross-validation experiments, others appear in four out of
five, and so on. (The same holds for the FNs.) The names of FP
genes are framed with green boxes in Figure 1A, with the
number of cross-validation experiments in which they appear
listed between parentheses. For example, PYC2 (pyruvate car-
boxylase) is not a member of the TCA class according to MIPS,
but it appeared as a FP twice out of the five cross-validation
experiments. PYC2 catalyzes the carboxylation of pyruvate
into oxaloacetate. The three genes listed next to acetyl CoA in
Figure 1A, CIT2, ACH1, and ACS1, which appear in five, five,
and three cross-validation experiments respectively, are en-
zymes for reactions that involve acetyl CoA. For example,
CIT2 (citrate synthase) catalyzes the synthesis of citrate from
acetyl CoA in the glyoxylate cycle. In addition to CIT2, other
members of the glyoxylate cycle (see Fig. 1B), MDH2 and
MLS1, appear as FPs. Both ACH1 (acetyl CoA hydrolase) and
ACS1 (acetyl CoA synthase) function to produce acetyl CoA
from acetate. In summary, Figure 1A clearly shows that the
FPs have a raison d'etre: They actually function together with
the TCA cycle in the biology underlying the classification.

Table 1 Average Performance of Support Vector Machines (SVMs) With a Radial Kernel and Multilayer Perceptrons (MLPs) With
79 Input Units, Eight Hidden Units, and Five Output Units When Trained to Learn the Gene Expression Profiles of Different

Functional Classes

Class
Class size Method False positive False negative True positive True Negative
TCA cycle 17 MLP 11.0 =3 10.0 = 2 7.0 =2 2439.0 = 3
SVM 5.6 9.0 8.0 2444.4
Respiratory processes 27 MLP 6.8 =1 9.6 =1 174 =1 2433.2 = 1
30 SVM 6.0 10.4 19.6 2431.0
Ribosomal genes 121 MLP 94 =3 4.0 =2 117.0 = 2 2336.6 = 3
SVM 5.4 5.4 115.6 2340.6
Proteasome 35 MLP 11.6 = 2 8.6 =1 264 = 1 24204 = 2
SVM 1.8 7.0 28.0 2430.2
Histone related genes 11 MLP 0.6 =1 20 =1 9.0 =1 24554 + 1
SVM 0.0 2.0 9.0 2456.0

The averages are taken over five independent realizations of the three-fold cross-validation scheme. For MLP, the standard deviations over the
five different realizations is included. False negatives show similar performance between the two methods, but MLP tend to produce a higher
number of false positives. Of the 30 respiratory genes used to train the SVM, 3 were also members of the TCA cycle, and were excluded from

the respiratory process set when training the MLP.
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