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Abstract—The assessment of co-expressed genes is an initial
step to investigate the gene regulatory system in a microarray
analysis. We designed a simple method to assess co-expressed
genes from the expression profiles, based on the path consistency
(PC) algorithm, which systematically infers a causal graph. The
PC algorithm is simply modified for the frequent occurrence of
high correlations between expression profiles, which causes an
accidental stop of the algorithm by the violation of a numerical
calculation. By utilizing the flexible features of the algorithm,
biological information about co-expressed genes can be
introduced into the algorithm. The performance is illustrated by
the application to the gene profiles of operons: 1168 gene profiles
in 137 known operons in Escherichia coli. By the improved
algorithm, more than 80% of the operons were correctly detected,
and less than one gene per operon was falsely detected. The
performance promises the wide feasibility of the present method
for the assessment of co-expressed genes from microarray data
on a genomic scale.
Keywords—gene expression profile, co-expression, gene
regulation, graphical model, network inference

I.

INTRODUCTION

The assessment of co-expressed genes from microarray data
is one of the useful approaches to investigate gene regulatory
system [1]. For example, a transcriptional factor is expressed
coordinately with the genes regulated by the factor.
Furthermore, a number of recent studies demonstrated that
genes co-expressed across multiple conditions are more likely
to represent common functions than would be expected by
chance alone [2,3]. The general tenet is that genes encoding
proteins participating in a common pathway will display
correlated expression levels when analyzed on a sufficient scale
[4-7]. Thus, the assessment of co-expressed genes from
microarray data is the basis for investigating the cellular
functions of genes as well as their regulatory systems.
Most of the methods to assess co-expressed genes from
microarray data begin with a similarity measure that describes
the degree to which the expression levels between pairs of
genes are similar across multiple conditions [1]. The matrix of
similarity across the microarray, typically representing the
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pairwise similarity of the expression patterns of thousands of
genes, is the starting point from which the genes can be
organized into clusters. Clustering involves a wide variety of
algorithms for dividing genes into groups with approximately
similar expression patterns [8]. However, there are several
important limitations to most of the clustering algorithms that
are in conflict with the reality of biology. For example, the
analyzed genes are assigned to only one cluster: an artificial
limitation is placed on the biology under study, in that many
genes play important roles in multiple, but distinct,
relationships. As an alternative to assigning genes to clusters,
the pairwise similarity is estimated by setting a threshold to
create a graph comprised only of edges with similarities that
exceed the threshold. For example, Allocco and colleagues
originally described such graphs as relevance networks [9], in
which both positive and negative correlation coefficients
exceeding a specified threshold are displayed graphically,
allowing visual recognition of highly connected subsets of
genes. Recent studies have mined relevance networks to extract
co-expressed genes by the pairwise relationships that could be
extracted manually from the graphs in cancer cells [10,11] and
myopathic muscle biopsies [12], and by the cliques in the graph
that could be computationally identified to find the highly
connected subsets of genes in relevance networks in the spleens
of mice exposed in vivo to low-dose ionizing radiation (IR)
[13]. Although the relevance network approach overcomes the
pitfalls of clustering approaches, such as a single relation, the
correlation coefficient, which is utilized at the initial step, is
essentially a measure between two variables. As well known in
statistics, Simpson’s paradox illustrates the risk for the pseudocorrelation between two variables, when the two variables are
correlated with the other variables [14]. Thus, in terms of the
existence of multiple relationships between the genes, it is
desirable that a basic correlation between two genes itself is
estimated by carefully considering the influence of the
remaining genes.
A partial correlation coefficient quantifies the correlation
between two variables, when conditioning on one or several
other variables. For example, the first order of a partial
correlation coefficient, rxy,z, between variables x and y
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conditioning on z means the correlation between the parts of x
and y that are uncorrelated with z. In other words, the partial
correlation coefficient express the correlation between x and y
without any influence of z. The order of the partial correlation
coefficient is determined by the number of variables that it is
conditioned on, and any arbitrary n-th order of a partial
correlation coefficient can be formulated by using the (n-1)-th
order of a partial correlation coefficient.
Owing to the nature of a partial correlation coefficient for a
complex relationship between multiple variables, the partial
correlation coefficient has been utilized as a basic correlation to
infer gene regulatory networks from microarray data by various
approaches. We have previously developed a method for
inferring the association between many genes [15, 16], based
on the graphical Gaussian model (GGM) [17]. In the GGM, the
higher order of a partial correlation coefficient, in which this
order is equal to the total number of variables, is calculated
from the inverse matrix of the correlation coefficient matrix.
Unfortunately, the calculation of the higher order of the partial
correlation coefficient is frequently difficult when applying it
to infer a large scale network between many genes. This is
because the correlation coefficient matrix is not regular, due to
the existence of many genes with similar expression patterns.
Thus, we have designed a method to utilize the GGM to infer a
framework of gene associations by a combination with the
clustering of microarray data in the previous study [15, 16],
although its resolution degree was naturally low, due to the
clustering. In the following studies, the difficulty in the
calculation of the higher order partial correlation coefficient
has been carefully treated: methods for calculating the partial
correlation coefficients from lower to higher orders [18] and for
using a combination of the Moore–Penrose pseudo-inverse and
Robbins–Efron-type inferences [19] have been designed.
However, some restraints remained in the two methods: the
former, sophisticated method has been designed for a sparse
network, and the latter, simple method needs an ad hoc setting
for the order of the partial correlation method to estimate the
network.

one of the most trusted gene sets, in which multiple open
reading frames are transcribed from the same promoter into a
single mRNA transcript, and therefore the genes are generally
transcribed at the same levels. Indeed, some methods illustrated
their performance by analyzing the operons in E. coli [22, 23].
Although the performances of their methods are extremely
high, the previous methods were specialized to detect the
operons, and thus depended on various data specific to the
operons, such as the sequence length of the upstream regions,
except for the expression degree of the genes. In contrast to the
previous methods, the present method requests the least amount
of information about operons, to test the performance for
generally assessing the co-expressed genes.
II.

MATERIALS AND METHODS

A. Path Consistency (PC) Algorithm
The path consistency (PC) algorithm [20] is an algorithm to
infer a causal graph that is composed of two parts: the
undirected graph inference by a partial correlation coefficient
and the following directed graph by using the orientation rule.
Since the present method partially exploits the first part of the
PC algorithm for the assessment of the co-expressed genes,
here, we briefly describe the initial steps for the corresponding
part in the PC algorithm.

We have developed a method for the assessment of coexpressed genes, along the efforts for the network inference
based on the partial correlation coefficient. Our method
partially exploits the path consistency (PC) algorithm [20]. The
PC algorithm is one of the algorithms that infer causal
relationships between variables, and is composed of the
construction of an undirected independence graph (UIG), based
on the partial correlation coefficient, and the estimation of a
causal relationship from the constructed UIG, according to the
orientation rule [21]. Although the UIG part of the PC
algorithm still faces the difficulty in calculating the partial
correlation coefficient in some cases, this part has merits, such
as the natural completion of the algorithm in a reasonable
amount of computational time, depending on the analyzed data.
Thus, we utilized the UIG part to assess the co-expressed genes
from the microarray data: the genes that are composed of a
network are regarded as a set of co-expressed genes.
We examined the performance of our method by using a set
of microarray data that was measured in Escherichia coli, and
by detecting the constituent genes of operons as a benchmark
test for the assessment of co-expressed genes. The operons are
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Step 0: preparation of graph
•

Prepare a complete undirected graph of C = (V, E),
where V={X1, X2, …, Xm}.

Step 1: the zeroth-order of the partial correlation coefficient
•

Select any ordered pairs of vertices {Xi, Xj} that are
adjacent in C, and calculate the zeroth-order of the
partial correlation coefficient, rij (the Pearson’s
correlation coefficient), between Xi and Xj.

•

Examine the independence between Xi and Xj, and
delete an edge between Xi and Xj, if Xi and Xj are
independent. The graph C is updated, and the variable
pairs with the independence are restored in the subset
S.

•

If no ordered pairs of vertices {Xi, Xj} that are adjacent
in the updated C are found, then the algorithm stops;
otherwise, go to the next step.

Step 2: the first-order of the partial correlation coefficient
•

Select any ordered pairs of vertices {Xi, Xj} that are
adjacent in C, except for the variables in S, and
calculate the first-order of the partial correlation
coefficient, rij, k, between Xi and Xj given Xk.

•

Examine the partial independence between Xi and Xj
given Xk, and delete an edge between Xi and Xj, if Xi
and Xj are partially independent, given Xk. The graph C
is updated, and the variable pairs with partial
independence are restored in S.

•

If no ordered pairs of vertices {Xi, Xj} that are adjacent
in C are found, then the algorithm stops; otherwise, go
to the next step.

Step 3: the second-order of the partial correlation
coefficient
•

Select any ordered pairs of vertices {Xi, Xj} that are
adjacent in C, except for the variables in S, and
calculate the second-order of the partial correlation
coefficient, rij,kl, between Xi and Xj, given Xk and Xl.

•

Examine the partial independence between Xi and Xj,
given Xk and Xl, and delete an edge between Xi and Xj,
if Xi and Xj are partially independent, given Xk and Xl.
The graph C is updated, and the variable pairs with
partial independence are restored in S.

•

If no ordered pairs of vertices {Xi, Xj} that are adjacent
in C are found, then the algorithm stops; otherwise, go
to the next step.

In general, the (m-2)-th order of the partial correlation
coefficient is calculated between two variables, given (m-2)
variables, i.e., rij,rest, between Xi and Xj, given the ‘rest’ of the
variables, {Xk} for k=1, 2, …, m, and ki, j, and after
calculating the (m-2)-th order of the partial correlation
coefficient, the algorithm naturally stops. However, the
algorithm does not usually request the (m-2)-th order of
correlation coefficient for the natural stop. This is because
adjacent variables after excluding the variables in the subset S
are often not found, even in the calculation of the lower orders
of partial correlation coefficients.
B. Test for the correlation from actual data in the PC
algorithm
In the application of the PC algorithm to actual data, we test
the correlation between the variables from the actual data, for
judging the independence between variables by using the
standard statistical test. Fortunately, t test can be applied to
both the zeroth-order of the partial correlation coefficient for
the independence and the higher-orders of the partial
correlation coefficients for the partial independence [24].
The t is obtained from the correlation coefficient as follows,

t=

r df

(1)

1− r 2

where r and df are the correlation coefficient and the degree of
freedom, respectively. In the zeroth-order of the partial
correlation coefficient, r is Pearson’s correlation coefficient, rij,
expressed by

rij =

cov( X i , X j )
var( X i ) var( X j )

(2)

where cov(Xi, Xj) and var(Xi) are the covariance between Xi and
Xj, and the variance of Xi. In the higher order of the partial
correlation coefficients, r is the partial correlation coefficient,
rij,rest, expressed by
rij ,rest =

− r ij
r ii ⋅ r jj

(3)

where rij is the i-j element of inverse correlation coefficient
matrix. Note that the dimension of the correlation coefficient
matrix corresponds to the orders of the partial correlation
coefficients. For example, the first order of the partial
correlation coefficient is calculated from three variables, and
the dimension of the correlation coefficient matrix is three. In
general, the n th-order of the partial correlation coefficient is
calculated from the (n+2) dimension of the correlation
coefficient matrix. As for the degree of freedom, each degree of
freedom, df, in the zeroth- and higher-order of the partial
correlation coefficients is expressed by n - 2 and n - p,
respectively, where n and p are the number of samples and the
number of variables.
C. A simple modification for analyzing the gene expression
profiles in the PC algorithm (mPCA)
In the actual expression profile data, many genes frequently
show profiles with similar patterns. This makes the numerical
calculation of correlation coefficients difficult, due to the multicolinearity between the variables. Indeed, the correlation
coefficient matrix is not always regular, due to many gene
expression profiles sharing similar expression patterns on a
genomic scale. The original PC algorithm accidentally stops, if
only one correlation between a pair of variables shows a
violation of the numerical calculation. However, in a biological
sense, the gene pairs that cause the accidental stop can be
interpreted as the case when they are highly associated with
each other, in terms of gene expression. Thus, we will modify
the PC algorithm to prevent it from accidentally stopping with
the highly associated gene pairs.

We simply modify the original PC algorithm as follows. If
the calculation of any order of the partial correlation coefficient
between the variables is violated, then the corresponding pair
of variables is regarded as being dependent. For example, if the
first-order correlation coefficient, rij,k, cannot be calculated
numerically due to the multi-colinearity between Xi and Xj, then
keep the edge Xi-Xj without the statistical test. The other parts
remain unchanged in the modified algorithm. Note that the
above modification ensures the natural stop of the algorithm for
the data including the high correlation. Hereafter, the modified
algorithm above is named mPCA.
D. Introduction of biological priors into mPCA (mPCA+)
One of the merits of the present method is that biological
information can be easily introduced into the mPCA as the
prior. As for the operon detection in the present study, we can
introduce three types of information about the operons as the
priors. The first type of biological information is that the
number of constituent genes in one operon is limited, from the
fact that the observed operon is composed of less than twenty
genes [25]. According to the definition of an operon, the
second is that all of the constituent genes in each operon are
coded in the same strand, and the third is that all constituent
genes are adjacent to each other. Note that the above three
types of information are general features of operons. Thus, the
present introduction needs no preliminary survey, such as the
sequence length distribution of upstream regions in operons,
depending on the bacterial genomes analyzed.

The first type of information is realized by partially
replacing the observed correlation coefficients with zero
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values, which means that the corresponding edges are removed
at any level of significance probability. In the present study, the
elements that were 20 elements apart from the diagonal in the
correlation coefficient matrix were set to zero values, i.e.,
°cij = rij
®
°̄ cij = 0

when | i − j |≤ 20
when | i − j |> 20

where cij represents the i-j elements of the correlation
coefficient matrix generated for calculating the higher order of
correlation coefficients. In the introduction of the second type
of information, first, the two data sets of genes coded in the
respective strands were generated, and then the two outputs
separately obtained from the data sets were combined into one
output. The third type of information is realized by simply
excluding the disordered genes from the outputs; if the genes in
one inferred network are not adjacent, then the corresponding
edges are removed. Note that the introduction of the three types
of information into the algorithm is ordered when operating the
algorithm. The first two priors are set before operating the
algorithm, while the last prior is set after doing it. Hereafter,
the algorithm, in which the three priors were further introduced
into mPCA, is referred to as mPCA+.
E. Gene expression and operon data
The gene expression profile data analyzed in the present
study are listed in TABLE I. We compiled the expression
profiles measured for all genes in Escherichia coli from eight
experiments [26-33], and in total, the numbers of genes and
measured points are 4289 and 178, respectively, in the present
data set. To correct for the different magnitudes of the profiles
between the measured conditions, the profiles were
standardized by the average and the standard deviation for each
condition.
TABLE I.

EXPRESSION PROFILE DATA SETS USED IN THE PRESENT STUDY

M9+glucose and LB medis

Number of measued
conditions
16

Degradosome mutants

78

27

UV irradiation

15

28

Tryptophan regulation
DNA gyrase and topoIV
regulation
RraA regulation

27

29

21

30

7

31

RnaG regulation

10

32

Adaptation to famine

4

33

Condition

TABLE II.
No. of
genes
in
operon
No. of
operons

Reference
26

GENE FREQUENCY IN OPERONS OF THE PRESENT DATA SET

2

3

4

5

6

7

8

9

10

11

12

13

15

169

81

50

35

13

8

6

5

3

2

1

1

3

The information on the operons was cited from EcoCyc
[25], and the operons that are composed of more than two
genes with profiles within the data set were selected. The

number of operons thus selected was 377, and the total number
of constituent genes was 1163. The distribution of the
constituent gene numbers of each operon is listed in TABLE II.
As seen in the table, about half of the operons are composed of
two genes, and the maximum number of constituent genes is 15
in one operon. Although the maximum number in the present
data set is less than that set as the prior in the preceding section,
the present prior is set to detect a co-expressed gene set
composed of more genes than those of known operons.
III.

RESULTS AND DISCUSSION

A. Application of the PC algorithm
As expected from the high correlations between the
expression profiles, as usual, the UIG part in the PC algorithm
stopped during its application to the data set analyzed in the
present study. This is because highly similar profiles show
multi-colinearity between the expression profiles. Indeed, the
correlation coefficients could not be calculated in 111 cases
(data not shown). Thus, the modification for the high
correlation shown in 2.2 was needed for detecting co-expressed
genes from the expression profiles in the present study. The
word “data” is plural, not singular.
B. Numbers of connected edges by mPCA
We counted the numbers of edges detected by mPCA at the
different levels of significance probabilities, before evaluating
the detection accuracy of the present method. Fig. 1 is the plot
of the numbers of edges by mPCA, against the orders of
correlation coefficients. By the simple modification described
in 2.2, mPCA naturally stopped by completing the calculation
for higher orders of correlation coefficients. In the significance
levels ranging from 10-1 to 10-8, the calculations in the
respective levels stopped from the third-order of correlation to
the seventh-order of correlation. As seen in the figure, the
number of edges decreased most drastically from the zeroth
(the range from 104.6 (§40,000) to 105.6 (§400,000)) to the firstorder correlations (the range from 102.8 (§700) to 104.5
(§36,000)), while the decrease in the degree of edge numbers
from all connected cases to the zeroth-order correlation is
relatively small (675,703 (=1163*1162/2) to about 550,000
edges). In addition, the numbers of edges in the first-order
correlation depend on the significance levels in the range from
102.8 (§700) to 104.5 (§36,000), while those in the zeroth-order
correlation ranged from 104.6 (§40,000) to 105.6 (§380,000).
Thus, the calculation of the partial correlation coefficient is
highly effective to estimate the degree of gene associations. In
the orders higher than the second order of correlations, the
numbers of edges decrease gradually. Finally the calculations
stopped, depending on the significance level: the third order at
10-8, 10-7, 10-6 and 10-5, the fourth order at 10-4 and 10-3, the
sixth order at 10-2, and the seventh order at 10-1.

Here, we can estimate a possible range for the edge
numbers in the constructed graphs, with reference to the
numbers of constituent genes in the analyzed operons in
TABLE II. Assuming that only the constituent genes in the
operons are connected with each other, the maximum number
of edges is calculated to be 2477, when the constituent genes in
each operon are mutually connected (complete graph), and the
minimum number of edges is calculated as 928, when the
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constituent genes are linearly connected (chain graph). As seen
in Fig. 1, the numbers of edges when the algorithm naturally
stopped were in the ranges of possible numbers of connected
edges at the significance levels of 10-2 to 10-5. Thus, we will
consider these significance probability levels in the following
study.
1.E+06
-1
-2
-3

1.E+05
Number of edges

-4
-5
1.E+04

-6
-7

D. Detection accuracy by mPCA+
We evaluated the accuracy for detecting the operons by
mPCA+, in which the three priors described in 2.3 were
introduced into mPCA. In addition to the detection accuracy,
the detection accuracies by introducing each of the three priors
were also calculated.

-8
1.E+03

1.E+02
Order of correlation

0th 1st 2nd 3rd 4th 5th 6th 7th
Figure 1. Number of edges established by mPCA until natural stops of
estimation. We performed mPCA at significance levels from 10-1 to 10-8. The
calculations stop in various orders of correlations, depending on the above
levels. The number of possible edges connected between all constituent genes,
675,703 (=1163C2), is also plotted at the start points of each graph.

C.
Detection accuracy by mPCA
We evaluated the accuracy for detecting the operons by
mPCA. For this purpose, first, the correctly detected operons
were counted in the significance probability levels from 10-2 to
10-5. In this count, an operon was regarded as a ‘correctly
detected’ operon, when the edges were connected between
more than two genes in the constituent genes of each operon.
Then, the fraction of the number of correctly detected operons
to the total number of operons was calculated as the accuracy
for the correctly detected operons. In addition to this operon
accuracy, two values of gene detection accuracy were further
estimated in the correctly detected operons: one is the average
ratio of the number of correctly detected genes to the number
of constituent genes per operon, and the other is the average
number of genes that were falsely connected with the operon
genes.
TABLE III.

DETECTION ACCURACY IN APPLICATION TO KNOWN OPERONS
IN E. COLI


Significance level
10-2

10-3

10-4

10-5

Fraction of correctly detected operons 0.63

0.51

0.57

0.54

Ratio of correctly detected genes

0.85

0.82

0.81

0.79

Number of falsely detected genes

8.41

5.75

4.33

3.51

TABLE III shows the three values of detection accuracy.
As seen in the table, the fractions of correctly detected operons
ranged from 0.51 to 0.63 at four levels of significance
probabilities. As for the gene accuracy in the correctly detected
operons, the average ratios of the number of correctly detected
genes showed high values, about 0.80, and the average
numbers of falsely detected genes for each operon ranged from
3.5 to 8.5 at the four levels. While the ratios of the number of
correctly detected genes were relatively high, the numbers of
falsely detected genes were large; the constituent genes of one
operon were falsely connected with the genes of the other
operons. This situation causes the relatively low accuracy of
operon detection. Thus, the reduction of the falsely connected
operons will be effective to raise the operon detection accuracy,
by considering some priors.

Fig. 2A shows the fractions of correctly detected operons
by mPCA+. The fractions of correctly detected operons by
mPCA+ were much higher than those detected by mPCA in
TABLE III. Indeed, the fractions detected by mPCA+ were in
the range from 0.83 to 0.92, at the four significance
probabilities, while those by mPCA ranged from 0.51 to 0.63.
Thus, the introduction of the three biological priors in mPCA+
was strikingly effective to improve the accuracy for detecting
the constituent genes in operons. Furthermore, the respective
effects of the three priors on the accuracy in operon detection
were also evaluated in Fig. 2A. Among the three priors, the
number of constituent genes was the most effective for the
accuracy. Indeed, the fractions rose from ca. 0.6 to more than
0.8, by the introduction of the constituent gene number into
mPCA as a prior. The introduction of the coding strand was
also effective for the operon detection; the fraction was raised
by ca. 0.05. In contrast, the adjacency of constituent genes had
little effect on the detection accuracy. Thus, the three priors
showed different effects on the operon detection accuracy. The
respective effects will be further investigated below, by
evaluating the gene detection accuracy in the correctly detected
operons.
Fig. 2B shows the average ratios of the correctly detected
genes at different levels of significance probabilities. The
average ratios by mPCA+ reached ca. 0.95, indicating the
striking effects of prior introduction on the detection accuracy.
As seen in the figure, the introduction of the three priors also
showed distinctive effects in raising the accuracy. Interestingly,
the overall effects of the different priors on the gene detection
accuracy were very similar to those on operon detection
accuracy in Fig. 3A. Indeed, the effect increased in the order of
the number of constituent genes, the coding strand, and the
continuity of the constituent genes. As for the effect on the
correctness, the prior on the number of constituent genes was
highly effective, while in contrast, the prior on the adjacent
genes was minimally effective.
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The detection accuracy by mPCA+ was drastically
improved with the falsely detected genes. The average numbers
of false genes detected by mPCA+ were suppressed to about
0.5 genes per operon in the four significance probabilities in
Fig. 2C, while those by mPCA ranged from ca. 4 to 8 genes per
operon. Interestingly, the effects of the three priors on the false
gene number in Fig. 2C are different from those on the
correctly detected genes in Fig. 2B. The adjacency of the
constituent genes was the most effective prior to exclude the
falsely detected genes, while the number of constituent genes
and the coding strand were much less effective. Thus, the prior
for the operon structure is effective for the exclusion of falsely
detected genes.
A

CDO

1.00
0.90

mPCA

0.80

+ gene number
+ strand

0.70

+ adjacent

0.60

mPCA+

1.E-03

1.E-04

IV.

CONCLUSIONS

We designed a simple method to assess co-expressed genes
from the expression profiles, based on the PC algorithm. We
modified the algorithm for the high correlation due to
accidental stops, and the modification enabled us to utilize the
beneficial properties of the PC algorithm, such as the selection
of direct associations from indirect associations and the natural
stop depending on the intrinsic properties of the analyzed data.
Furthermore, the flexibility for introducing the priors generated
higher accuracy for detecting the operon structure, with a low
rate of false structure detection. Indeed, the algorithm with
priors attained about 90% in the benchmark test and 70% in the
genes on the genomic scale, and a small number of false genes
(less than 1.0 gene per operon), for the known operons in E.
coli. Thus, the present method will be useful to survey coexpressed genes for initially investigating gene regulatory
systems from microarray data.
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