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Abstract

In theory, it should be possible to infer realistic ge-
netic networks from time series microarray data. In prac-
tice, however, network discovery has proved problematic.
The three major challenges are 1) inferring the network; 2)
estimating the stability of the inferred network; and 3) mak-
ing the network visually accessible to the user. Here we de-
scribe a method, tested on publicly availabletime series mi-
croarray data, which addresses these concerns.

1. Introduction

The inference of genetic networks from genome-wide
experimental data is an important biological problem which
has received much attention. Approaches to this problem
have typically included application of clustering algorithms
[6]; the use of Boolean networks [12, 1, 10]; the use of
Bayesian networks [8, 11]; and the use of continuous mod-
els [21, 14, 19]. Overviews of the problem and general ap-
proaches to network inference can be found in [4, 3].

Our approach to network inference is similar to earlier
methods in that we use both clustering and Boolean net-
work inference. However, we have attempted to extend the
process to better serve the end-user, the biologist. In partic-
ular, we have incorporated a system to assess the reliabil-
ity of our network, and we have developed tools which al-
low interactive visualization of the proposed network.

2. Network Inference

The first step in our inference algorithm involves clus-
tering the time series microarray data. The clustering algo-
rithm uses force directed graph layout, and produces a two-
dimensional representation of the genes from the microar-
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ray [2, 13]. In this representation, genes with similar expres-
sion profiles are placed near each other, and genes with dif-
ferent expression profiles are placed farther apart. We then
partition this representation using the well-known k-means
algorithm to provide k groups of co-regulated genes. Al-
together, this process not only simplifies the task of net-
work inference (by reducing the problem size), but also re-
sults in a network of gene groups, instead of actual genes.
These gene groups, which we call meta-genes, make the bi-
ological analysis and interpretation of the inferred network
tractable. Figure (1) illustrates the process of obtaining the
gene groups.

Figure 1. Gene map partitioned by k-means
for yeast time series microarray data in [18].
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Since our network inference algorithm is Boolean, we
must first discretize our the expression levels of our meta-
genes. This discretization is accomplished in two steps.
First, Support Vector Regression [17] is used to obtain a
single continuous curve representing each meta-gene. Next,
and on/off expression profile is obtained by thesholding the
resulting continuous curve, as shown in Figure (2).

Cluster 11

Gene Expression

Figure 2. Discretized meta-gene for a gene
group from Figure (1).

After discretizing the meta-genes, we infer a Boolean
network. The inference algorithm is based on previous work
in chemical reaction network generation [7] and contains
routines to count, enumerate, and sample Boolean networks
that match the clustered and discretized expression profiles.
The inference routines run in O(2*¥n*+1) time, where n is
the number of meta-genes available, and £ is the maximum
connectivity of a given gene.

In order to more easily interpret the results of our
Boolean network inference algorithm, we exploit avail-
able tools for electronic circuit analysis. In particular, we
perform a two-level Boolean minimization on the truth ta-
ble representation of the inferred gene network using
Espresso, a well-known logic simplification tool avail-
able from www-cad.eecs.Berkeley.edu. Espresso produces
a minimized truth table for each meta-gene. Since each
meta-gene is processed in the same manner, we get a min-
imized representation of the entire network. This new
version of the network simplifies the biological analy-
sis and interpretation.

3. Stability Assessment

Even though the number of possible logic clauses per
meta-gene is limited, a large number of possible networks
that can be inferred from the same meta-genes. To ex-
plore the distribution of possible networks, we expand our
logic clause calculation to a set of 1000 randomly sam-
pled networks. We use this calculation to generate statis-
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tics which identify the most reliable meta-genes and associ-
ated clauses.

We also cluster the sampled networks according to their
dynamics. Briefly, we cluster two networks when one net-
work differs from another by a pre-defined hamming dis-
tance, as measured using its dynamic expression profile. In
other words, two networks having different topologies are
clustered if they have similar dynamics. Tests on random
networks with different sizes and hamming distance thresh-
olds indicated that for a number of unclustered networks
(ranging between 1 and 3'° nodes), the number of clusters
was no greater than 500.

Finally, we simulate our inferred network using a con-
tinuous model called BioXyce, which is a parallel electric
circuit simulation tool adapted to biological problems [15].
Results are comparable to the original discretized signal.
We note that the simulation was not possible using tradi-
tional CMOS-based Boolean logic, but we found that a non-
CMOS based logic was successful [16].

4. Network Visualization

After the network has been inferred, converted into a
minimal set of logical clauses, and been assessed for qual-
ity, we present the results in a format amenable to interac-
tive viewing. First, we draw the network using the dot graph
drawing tool [9], as shown in Figure (3). This tool was pro-
grammed to use various colors and shapes to encode infor-
mation specific to the particular application.

To make the drawing interactive, we displayed it using a
web-browser, where each meta-gene is hot-linked and has
mouse-over capability. In particular, clicking a meta-gene
opens a spreadsheet containing the annotation for the genes
in that group, and when a meta-gene is under the mouse, a
window pops up to show the original gene expression pat-
terns and corresponding discretization, as shown in Figure

).

5. Results

We have applied our method to the publicly available
yeast time series microarray data in [18]. The steps in the
process have been illustrated in Figures (1-3).

In Figure (1), we used the clustering of the time series
data previously performed in [20], along with the partition-
ing by k-means. In this case, we used £ = 100, and dis-
carded clusters with fewer than 20 genes, leaving 81 meta-
genes.

In Figure (2), we used Support Vector Regression with a
Gaussian kernel (v = 2) and an e-tube width of one and a
half times the average standard deviation of the expression
values at each time point.
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