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ABSTRACT

The amount and size of biological data have increased dramatically
in recent years, with computational models struggling to keep up
with this trend.  This is especially the case with microarray data,
which plots the activity of genes within a cell, tissue or organism.
Gene activities within a cell are regulated by other genes within that
cell, and it is the extraction of these patterns (or regulatory
networks) within the data which is of great interest to biomolecular
scientists and researchers within the pharmaceutical industry. If
gene regulatory networks can be found which explain disease
inception and progression, drugs can be designed to target specific
genes so that the disease either does not progress or is even
eradicated from an individual.  In this paper we describe novel
experiments using artificial neural networks which explore the
feasibility of modelling microarray data as a first step towards the
extraction of  gene regulatory networks from such data.   The
resulting networks are capable of encoding complex relationships
between genes with relatively small computational effort.

INTRODUCTION

Gene (DNA) chips will allow tomorrow’s doctors to probe several thousand
genes and possibly the whole genomes of individuals and embryos
simultaneously.  Also, it is predicted that within five years a doctor will be able
to use gene chip results on a palm held computer to determine how a particular
patient metabolises certain drugs. However, the major obstacle to this vision is
the need to ‘ reverse engineer’ an individual’s gene network (the description of
how one gene regulates other genes by either activating them or inhibiting them)
from the vast amount of gene expression data contained on gene chips.  In recent



years, the proli feration of biological data has far outstripped our abilit y to
process and understand the complex interactions that generate or underlie this
data.  Nowhere is this analytical gulf more apparent than the analysis of gene
expression microarray data.  Microarray data is created by observing gene
expression values (or “activation” values) over a number of timesteps, often
whilst subjecting the organism to some stimulus.  The measurements gained
from this study often span thousands of genes (fields) and only tens of timesteps
(records), which makes it relatively unusual in structure and not as amenable to
traditional symbolic analysis.  The goal of analysing such data is to determine
the pattern of excitations and inhibitions between genes which make up a gene
regulatory network for that organism. A gene regulatory network can be inferred
by observing the interactions between genes in one timestep and the next.
Finding an optimal or even approximate gene regulatory network can lead to a
better understanding of what regulatory processes are occurring in the organism
and therefore represents a significant step towards understanding the phenotype
of the organism.  Drugs designed for a particular individual, given their gene
regulatory network, can then be used  to counter genetic deficiencies.

The identification of gene regulatory patterns within microarray data is
certainly non-trivial.  There are a number of methods which have been
attempted to generate gene regulatory networks from such data: Bayesian
Networks [13][15], Clustering [2][12], Statistics [11][17], Visualisation [4],
Weight Matrices [19][20], Unsupervised Neural Networks [16], Genetic
Algorithms [1] and even Supervised Learning algorithms [3]. Standard neural
network, i.e. feedforward, back-propagation artificial neural networks (ANNs),
have not been used, apart from our own experiments in this area [7].  The weight
matrix, unsupervised learning and supervised learning algorithm approaches are
related to the standard feedforward backpropagation (FFBP) approach, but there
is no literature detaili ng a standard ANN application to reverse engineering gene
regulatory networks from microarray data. One of the reasons for this may be
that it has not been clear how to represent such data to a FFBP network.

There are two aspects to representation: architectural representation,
and data representation. The former deals with issues of layers and learning
rules, while the latter deals with data input. With regard to the latter issue,  real-
world microarray data is stored in a number of different formats and at different
levels of detail , with no uniform standards as yet agreed for reporting such data
[6]. One method for overcoming this is to use Boolean networks which
approximate real-world gene expression data, in that gene expression values are
restricted to “on” or excitation, and “off” or inhibition, states. This is completely
analogous to neurons in artificial neural networks outputting 0 or 1, although
real neurons output in terms of frequency rates. Genes that are on at one
timestep can subsequently turn other genes on or off in the next timestep.  Any
gene that receives no “excitation” in a timestep will switch itself off or can be in
a neutral state.  These networks therefore model the interactions between genes
in a controlled and intelligible manner.  Whilst this represents a simplification of
real-world gene expression data, the problems associated with extracting
networks from even Boolean data are still not trivial.  Gene expression data,



including Boolean networks, are problematic because of their dimensionali ty.
They have a large number of attributes (genes) and few examples (time
samples): a typical set for the yeast genome, for example, can consist of 6,000
genes (attributes) and less than 10 timesteps (records or samples). In this paper
we discuss the use of FFBP neural networks to model gene microarray data
represented in Boolean format. Algorithms already exist which can  perform this
task in provably correct terms, e.g.  REVEAL [10], but they suffer exponential
complexity with respect to the connectivity of the network and the number of
genes. The FFBP ANN we propose here tackles this problem of complexity by
assimilating all the gene information in parallel.

With regard to the issue of architectural representation, we use the
simplest form of FFBP ANN: there are no hidden layers and the activation
function used is the simplest of all – the step function.  A simple change of
activation function, either to the sigmoid or tanh function, is, we conjecture, all
that is required to allow the FFBP ANN to be used on real-world data.

Overall , therefore, our aim is to determine whether (a) single layer
FFBP ANNs with a step function are feasible for modeling gene expression data
stored in Boolean form, and (b) it is possible to extract basic gene regulatory
network information from FFBP ANNs successfully trained in this domain.
Earlier experiments on real world data  are reported in previous work [7], where
it was shown that FFBP ANNs can produce candidate gene networks, where
such networks are extracted from the trained ANNs through genetic algorithms.
The problem with the earlier work is that it is not possible to determine the
accuracy of the rules extracted from the successfully trained FFBP ANNs, since
the nature of the true causal relationships in that dataset is not known. The aim
of this paper is to determine the simplest type of FFBP network possible for
dealing with artificiall y produced gene expression data represented in Boolean
form, where rules have been used to generate the data (forward engineering the
data) and to see whether it is possible, after successful training of the FFBP
ANNs, to reverse engineer back to the original rules by looking at the weight
relationships between input and output layers of the ANNs alone (i.e. without
using genetic algorithms). In the real world, of course, it will not be possible to
determine the accuracy of the reverse engineered rules in purely computational
terms, because it is not known what the true causal relationships between genes
actually consists of. Nevertheless, the experiments reported here demonstrate
that reverse engineering with trained FFBP ANNs leads back to the original rule
set which produced the data in the first place and thereby lends confidence to the
view that neural networks can play a significant part in reverse engineering from
gene expression data.

METHOD AND EXPERIMENTATION

Architecture
 The FFBP ANN is single layered and fully connected between input

and output layer, with the activation function, the step function, shown here:
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There are no bias terms.  The architecture learns the input and output
connections by virtue of the backpropagation algorithm for the step function
which is quite simple:

Equation (2)
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There are no momentum terms, but there is a learning rate.  Due to the fact that
the inputs will be either 0 or 1, there must be some graduation to allow the
algorithm to learn weights around the threshold (here 0.5) area.  Therefore a
term η must be included to direct backpropagation in smaller steps towards an
optimal solution.  The term has been introduced in the experiments below as
1/20  and means that the weights progress towards the optimum in steps of 0.05.

 Training & Testing

The training is iterative with regard to the output. That is, each output
gene is taken in turn to be learnt by the network before progression to the next
gene.  Training consists of presenting pairs of data  (input and target) to the
network as normal.  The pairs, however, consist of gene expression values from
two consecutive timesteps. Gene values for Time=t are input to the algorithm
and the target consists of gene values at Time =t+1 (Figure 1).  Once training
has been completed over all output genes individually, testing consists of re-
inputting all input Time=t and comparing it against the target Time=t+1 to
compute a percentage accuracy. That is, while training only optimized one
individual output gene at a time until all output genes were sequentially trained,
testing allows us to determine what the overall output pattern for a specific input
pattern consists of after successful training of individual output genes. This
testing regime therefore tests whether the FFBP ANN has indeed captured a full
gene network in terms of the effect that activation values of input genes have in
parallel on activation values of output genes.



The experiments below have been run on artificial gene expression data
‘ forward engineered’ by a program which creates Boolean data based on ‘Liang
Networks’ [10][6] (Table 1). A Liang network consists of rules which are made
of AND and OR operators distributed randomly in fixed length logical
expression, but to a specific k value which determines the maximum number of
genes which can affect others in the next timestep. We used only two k values.
Iif k=2, then between two and four  genes can be affected at Time=t1 by genes at
Time=t0. When k=3, anything between three and nine genes are involved in the
next time step. The experiments below have been undertaken on artificial data
with 10 genes derived from Boolean rules with k values of 2 and 3.  The error
represents the percentage difference in the output and the target of the Boolean
network.

As can be seen in this toy example (Table 1), the activations at T=t0
represent the full logic table of the 3 genes.  The activations at T=t1 represent
the activations once the rules have been applied. For instance, the expression
values 0 0 1 for gene 1, gene 2 and gene 3, respectively, at t0 become 0 1 1 for
these three genes at t1 (fifth row). The rules for producing such artificial gene
regulation data are as follows (in the format gene expression at t1 = gene
expression at t0):

Network State Time T = t0

Network State Time T = t1

Figure 1 - Gene expression values at Time T=t0 are input to
the network and expression values at Time T=t1 are used as

training targets for the neural network



Time = t0
Gene 1 Gene 2 Gene 3

0 0 0
1 0 0
0 1 0
1 1 0
0 0 1
1 0 1
0 1 1
1 1 1

Time = t1
Gene 1’ Gene 2’ Gene 3’

0 0 0
0 1 0
1 0 0
1 1 1
0 1 1
0 1 1
1 1 1
1 1 1

Table 1 – A (toy) example of the type of boolean network used in
experiments (a “L iang Network” ).  The left-hand table represents the gene

expression values at Time T=t0, and the right hand table, those at Time
T=t1. Note that only three genes are involved here. In the actual  forward
engineering of data, 10 genes are involved. (Taken from Liang, Fuhrman

and Somogyi [10].)

Rule 1: Gene 1’ = Gene 2;
Rule 2: Gene 2’ = Gene 1 OR Gene 3
Rule 3: Gene 3’ = (Gene 1 AND Gene 2) OR (Gene 2 AND Gene 3) OR (Gene
1 AND Gene 3)

For instance, looking at the fifth row of Table 1 again, since gene 2 is 0 at t0,
gene 1’s value at t1 is 0 (first rule); since gene 3’s value is 1 at t0, gene 2’s value
is 1 at t1 (satisfying rule 2), and so on. The FFBP ANNs on which these
experiments are based are exactly the same except that the rules are randomly
distributed and the networks involve 10 genes rather than 3. Altogether, six
artificial datasets were produced, with different random rules. Three of the
datasets had k value 2 and three had k value 3.  Already, 210 (1024) records are
needed to specify every possible truth assignment for each dataset. If one were
to increase this to 20 genes, this would require 220 (1,048,576) records. Although
Liang networks quickly become intractable to fully enumerate, the point here is
to determine whether FFBP ANNs can successfully reverse engineer even
constrained, forward engineered Liang networks. If they don’ t, there is very
littl e chance that FFBP ANNs will be successful for large numbers of genes with
sparse data (typically, a real microarray will have data for several hundred and
perhaps several thousand genes, for anything between 3 and 50 timesteps) and
where the original rules giving rise to the data are not known.

Six separate step-function linear models were trained on six 10-gene
Liang-type datasets (1024 records each).  The goal for the experiments is to
show that FFBP ANNs with a simple step function can model this type of data
and embody the correction connections within their weights.  The linear models
seen here were all implemented in C++ using the equations above and the runs



were made with a boundary of 0.1% error, or 100 epochs, whichever was
achieved sooner.  With only 100 epochs, these runs were completed in very
quick time, typically less than 10 seconds per network.

RESULT S

Kvalue Data1 Data2 Data3
2 98.125% 100% 99.84%
3 100% 98.359% 99.375%

Table 2 – Percentage error of runs of the step-function neural method over
6 “L iang Networks” .

As can be seen (Table 2), the results are very close to the optimum for these
networks.  The average accuracy over the 6 datasets is 99.283%. That is, when
all 1024 records are used for training (one output gene iteratively trained at a
time) as well as for testing, almost perfect results are obtained. This represents
extremely good accuracy over this size and number of datasets. Higher k values
don’ t appear to affect the accuracy. An important aspect, though, is to reveal the
knowledge and rules embodied in the networks to see whether the ANNs have
indeed reverse engineered successfully back to the original rules which gave rise
to the datasets in the first place. What is interesting is that the weights reveal a
great deal about the actual distribution of the of the data – for instance, the most
common weights seen are:

0.6-0.7 – Used for genes which are the sole contributors to output, or genes
which are part of OR logic functions. Genes coupled with this weight are
capable of turning on units by themselves.

0.05-0.2 – Used for genes which do not contribute to the output of that gene.
These weights effectively null ify the contribution of that gene.

0.25-0.45 – Used for genes which are part of AND statements, where these
weight values are not enough to trigger the gene directly but when coupled
together with another like gene will give good results.

These mathematical values were used successfully to extract rules linking genes
in the input layer to genes in the output layer and so derive rules from the trained
neural networks. The experiments therefore demonstrate that, with constrained
Liang datasets, FFBP ANNs can model Boolean gene expression data and
successfully reverse engineer such data to derive rules which are compatible
with the data and close in accuracy to the actual rules which underlie the data.

To test this claim further, we trained the model on fewer numbers of records to
ensure the ANN was capable of generalising to new data.  Table 3 shows the
high level of accuracy (average 96.81%) which is maintained when training on



only 100  randomly chosen records and tested on the full enumeration of the
Liang network.

Kvalue Data1 Data2 Data3
2 96.67% 97.92% 97.98%
3 95.53% 95.28% 97.46%

Table 3 – The percentage accuracy of the step-function neural
model when trained on only 100 records and tested on the entire

enumeration (1024 records).

DISCUSSION

Most genes display some background activation, but this is not enough
to turn on a gene in the output.  Also, not every rule in the discovered network is
specified exactly as it is in the original ruleset. There may be a number of
reasons for this, including overfitting based on tautologies.  There are a number
of situations where an input gene occurs (randomly) several time in the rules for
one output gene. Therefore,  rules such as

If Gene 4 = 1 THEN Gene 3’ = 1
OR
If (Gene 4 OR Gene 3) = 1 THEN Gene 3’ = 1

can arise. As can be seen, the two rules specify the same logical relation with
respect to Gene 4, and therefore the network simply weights gene 4 more highly.
On some occasions, the same gene (or combinations of genes) may be repeated
through all l ogical rules. In this case, the algorithm may well simply strengthen
that connection and ignore some genes which are connected to those genes by
OR statements. Also, since we use only single layered FFBP ANNs, the
connections between all genes at the input layer and individual genes at the
output layer have only one minimum, not multiple local minima as with
networks with hidden layers.  Therefore, given suff icient computational time,
the algorithm can be shown to find an optimal answer for each output gene.  By
using only direct connections between input and output genes, the models
described here can be seen as perceptrons.  These types of model have a
fundamental weakness in that they are unable to satisfactorily process the XOR
problem.

This may seem like a large problem for the reverse engineering of networks
from such data until one remembers that Boolean networks are only models of
real gene expression data. It is not currently known whether real world gene
regulation has XOR  relationships, but if it does then hidden layers will have to
be used. As can be seen from the results here, however, the problem of modeling
gene expression data and extracting candidate rules from trained networks looks
soluble from an ANN viewpoint, using a relatively simple architectural



representation.  For future work, we intend to reduce the training set to more
realistic levels, assess the impact of noise on these networks (microarray
expression data are notoriously noisy), and apply FFBP ANNs to the growing
body of microarray data which will become available on the web.

CONCLUSION

Until very recently, the application of standard FFBP ANNs to gene
expression data has been largely ignored, although there are exceptions [7]. As
mentioned previously, several ANN-based methods have been discussed but are
mainly unsupervised and used for clustering tasks rather than reverse
engineering gene expression data.  The stripped-down version of a neural
network described here has shown that even without its trademark sigmoid
function, the backpropagation algorithm is capable of making an impact in this
area.  If and when real world gene expression data is made available publicly in
intell igible and standard formats, our research indicates that FFPB ANNs can
perform a useful function in capturing combinations of genes involved in the
regulation of other genes. Extracting rules from such trained ANNs is essential
if the reverse engineering problem is to be truly solved. There is already
fundamental work taking place in the application of genetic algorithms for
extracting rule based knowledge from trained ANNs [8][9]. In summary, the
experiments reported here demonstrate the feasibili ty of successfully reverse
engineering trained FFBP ANNs to a set of rules which accurately approximate
the real causal relationships in the gene expression data.
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