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Abstract—1In this paper we suggest a method to reconstruct
the gene interaction network of the cell cycle of S.cerevisiae
from microarray data. We study a small subnetwork comprising
20 genes and estimate iteratively partial correlations between
expression profiles of the corresponding genes. Starting from
a fully connected network an edge is deleted if the estimated
partial correlation coefficient is not statistically significant from
zero. To find an appropriate significance level for the statistical
test we use prior information from the literature and calculate a
so called efficient significance level used for the hypothesis tests.
That means, our method is supervised and by this adaptive to
various noise levels in the data.

I. INTRODUCTION

In molecular biology the advent of high-throughput tech-
nologies have opened the possibility to record information on
a genomic-scale. Theoretically, application of appropriate data
analysis methods to these data should allow to reconstruct the
molecular information flow, at least to a certain extend, to
unravel the function of subprocesses and components main-
taining, e.g., the cells ability to mitosis or apoptosis. The first
generation of data analysis methods that have been applied
to, e.g., data from microarray experiments, were clustering
methods [5]. The goal of the data clustering was to associate,
e.g., genes with known function with genes with unknown
function. In this way, valuable information could be gained at
a high rate ranging from cells of lower to higher organisms.
On a downside, clustering methods provide only an unordered
set allowing a rough association between the set members.
However, no structural information between the set members
can be inferred. Depending on the biological context such
structural information could clarify questions concerning, e.g.,
transcription regulation, signaling or metabolism and, hence,
provide insights in questions concerning the functional or-
ganization within a cell. In general, the functional units of
the types mentioned above are summarized under the term
gene networks, because a directed graph allows to visualize
the information flow conveniently. The important question
arising now is how to reconstruct the network structure of
gene networks from high-throughput data. In this paper we
investigate this question.

JUDEA PEARL et al. and PETER SPIRTES et al. suggested
independently a mathematical framework based on the notion

of d-separation and higher-order partial correlations to infer
causal structures, that means directed graphs, from data. More
precisely, in [15] the PC-algorithm was introduced which it-
eratively estimates partial correlation coefficients whose order
increases successively during the iterations. Starting with a
fully connected graph between all variables, partial correlation
coefficients are estimated from experimental data starting from
low going to high orders. If one of these tests gives a
vanishing partial correlation coefficient the edge between the
corresponding variables is deleted, because a direct interaction
could be ruled out. Theoretically, the PC-algorithm is able
to reconstruct the network structure from given experimental
data supposed all partial correlations of arbitrary order can
be estimated reliably. However, practically the PC-algorithm
is not applicable if the number of variables is high because
of the combinatorial explosion of possible test that need to
be calculated. For this reason, it was speculated that already
low order partial correlations are sufficient to reconstruct
the underlying network structure with high precision [4].
However, so far these approaches are solely based on heuristic
considerations rather than a solid mathematical justification.

In this paper we introduce an algorithm similar to the PC-
algorithm but with two significant differences. First, we restrict
the maximal order of the partial correlation coefficients to
three. This is one order higher compared to the approach
used by [4] and allows to study the influence of the order on
the number of detected edges. Second, we learn an efficient
significance level from the data based on the assumption
that we already know from the literature that some gene
interactions (edges) should be present. That means, we correct
values of the significance level by comprising the variablity
within the data quantifiable, because prior information about
the biological system, i.e., that network structure, is available
from the literature. This results in a supervised rather than
unsupervised method as the PC-algorithm.

This paper is organized as follows. Starting from an intro-
duction in section I, section II provides a short description
of the genes participating in the yeast cell cycle we use
in our study. Section III presents the main approach for
reconstructing the network structure from microarray data. The
experimental section IV summarizes the numerical results. The



paper finishes in section V with conclusions and a summary.

II. THE YEAST CELL-CYCLE

In our study we consider only a small subnetwork of the
yeast cell cycle consisting of 20 genes given in table I. In the
following we give a short description of these genes and their
role during the cell cycle.

Cyclins are regulatory subunits for Cyclin Dependent Ki-
nases (CDKs). Central to the cell cycle in yeast is the
protein kinase Cdc28, a CDK which serves to regulate many
aspects of the cell cycle. Activation of CDKs occurs by cyclin
binding, followed by stimulatory phosphorylation. Activation
can be inhibited by the binding of inhibitory proteins, or
through inhibitory phosphorylation. CLN1, CLN2, and CLN3
are G1 cyclins which promote the transition from G1 to S.
Transcription of CLN1 and CLN2 is cell cycle dependent.
They are expressed in G1, and their expression is dependent
on the transcription factor complexes MBF and SBF. MBF
consists of SWI6 and MBP1, while SBF consists of SWI6 and
SWI4. CLN3 transcription occurs throughout the cell cycle.
However the protein is regulated post-translationally through
several PEST motifs. CLN3 is phosphorylated by Cdc28p,
leading to it’s degradation. CLN3 is involved in the regulation
of CLN1 and CLN2. CLB1, CLB2, CLB3, CLB4, CLBS,
CLB6 are B-type cyclins which activate Cdc28 at various
points in the cell cycle including S, G2, and M. CLBI1 and
CLB?2 are expressed in G2 and promote the transition from G2
to M. They are both transcriptionally and post-translationally
regulated. CLB1 is important for meiosis, while CLB2 is
involved only in mitosis. CLB3 and CLB4 are expressed in
S phase and also involved promoting G2 to M. CLBS5 and
CLB6 are imortant for initiation of DNA synthesis (initiation
of S-phase). CLN1 and CLN2 are regulated by MBPI, a
DNA binding protein that is part of the MBF complex which
regulates genes involved in the G1/S transition of the cell
cycle. The MBF complex consists of MBP1 and SWI6. CLN1
and CLN2 are also regulated by a related complex termed
SBF, which consists of SWI6 and SWI4. SWI4 is highly
homologous to MBP1. SWIS is a transcription factor involved
in expressing genes required for the M/G1 transition. CDC20
is an activator of the Anaphase Promoting Complex (APC),
which controls the transition between metaphase and anaphase,
and also controls exit from mitosis and entry into G1. Cdc20
is important for ubiquitin mediated degradation of CLBS5 and
CLB3 proteins via the APC. Cdc20 is cell cycle regulated,
increasing expression as cells enter mitosis, and decreasing
expression as cells exit mitosis. HCT1 (CDHI1) is also an
activator of the APC, and effects substrate specificity. HCT1 is
required for APC mediated degradation of the CLB2 protein.
HCT1 also interacts with CLB3. CDC34 is an E2 ubiquitin
conjugating enzyme which, along with SKPI is part of a
complex involved in protein degradation. The SCF complex
promotes the transition from G1 to S by targeting degradation
of Gl cyclins, and SIC1 a cyclin/CDK inhibitor. MCM1
is a transcription factor involved in transcription of mating
type specific genes (i.e. activation of alpha-specific genes,

TABLE I
GENE INTERACTIONS FOUND IN THE LITERATURE. THE INTERACTION
PARTNERS FORM ANY KIND OF PHYSICAL INTERACTION WITH A GENE OR
PRODUCTS THEREOF.

Gene Interaction partners References from the literature
CLN1

CLN2 CLBI1, CLB2 (11, [17]
CLN3

CLBI1 SWI5, CLB2, CLN2 [11, [1], [1]
CLB2 CLBI1, CLB6, CLN2, SWIS  [1], [1], [17], [9]
CLB4

CLB5 CDC20 (8]

CLB6 CLBI1, CLB2, CDC20 [11, [11, [8]
MCM1 CLBI1, CLB2, SWI5 [11, [1], [1]
SIC1 CLBI1, CBL2, SWI5 [17], [17], [17]
SWI6 SWI4 (8]

CDC28  SWI4, SWI6, CDC20 [81, [81, [8]
CDCS53

MBP1 CDC34, SKP1 (71, [2]
CDC34 MBPI1 (71

SWIS CLNI, CLBI1, CLB2 (11, [11, [9]
SKP1 MBP1 (2]

SWI4 CDC28, SWI6 (81, [8]
CDC20 CLBS5, CLB6, CDC28 [8]

HCT1

repression of a-specific genes). Also found to affect regulation
of genes involved in the cell cycle, such as CLN1, CLN2,
CLB1, CLB2, SWI5.

III. RECONSTRUCTION OF NETWORKS BASED ON PARTIAL
CORRELATIONS OF HIGHER-ORDER

The algorithm we suggest to reconstruct the network struc-
ture from microarray data is similar to the PC-algorithm
[15] with two significant differences. First, we restrict the
order of the partial correlation to three. This is necessary,
because for practical reasons it is not possible to estimate
partial correlations up to an arbitrary order. A similar approach
has been suggested by [4]. However, in this study partial
correlations are limited to second-order. Second, due to the
fact that we apply our method to biological data rather than
to data from simulation studies we face the problem reliably
estimating the partial correlations from the data. This means,
that it is possible that a statistical test suggests to remove
an edge between gene A and B, however, from the literature
it is known that gene A and B interact biologically. If we
assume, that the microarray experiment is thoroughly designed
to capture this information we conclude that in this case the
signal is rather weak but present and could just not pass the
statistical test. To prevent such miss-judgments we suggest
to adapt parameters of the statistical test used to distinguish
vanishing from non-vanishing partial correlations from prior
knowledge in the literature.

The central result we base on our investigations in this paper
is from JUDEA PEARL et al. [18], [10]. They demonstrated that
there is a correspondence between a graph theoretical entity
called d-separation and the partial correlation coefficients of
higher-order which will be repeated here for completeness.



Definition 1: (d—separation, [11]) A path p is d-separated
(or blocked) by a set S iff one of the following statements
holds:

1) p contains at least one non-collider z with z € S or
2) p contains at least one collider z with neither z € S nor
any descendent 2z’ of z is in S

If a set S d-separates every path connecting = and y then S
d-separates x and y; x || y|S

Theorem 1: ([18],[6]) If the sets X and Y are d-separated
by S in a DAG G, then X is independent of Y conditioned
on Z in every Markovian model structured according to G.
Conversely, if X and Y are not d-separated by S in GG, then X
and Y are dependent conditioned on Z in almost all Markovian
models structured according to G.
Due to the fact, that conditional independence implies vanish-
ing partial correlation coefficient theorem 1 can be summarized
as

‘TJJ_y|S <~ Pzy.S = 0 (1

It has been shown by SPIRTES et al. [16] that Eq. 1 holds also
for cyclic graphs if a linear model is assumed.

A. Undirected dependency graph

In the following we neglect the direction of an edge and
reconstruct only undirected graphs from the data. This simpli-
fies our approach and helps to focus on the major problem.
We call the reconstructed graph undirected dependency graph
(UDG) [13]. The UDG is obtained via the following algorithm
1. Here Pa(x) denoted the parent set of = and Z is a set of
size O, e.g., Z = {z,y,z} with z,y, z € {x} for O = 3. For
our numerical investigations we used N = 20 genes listed in
table I and O = 3.

Definition 2 (UDG of third order): An UDG G of third or-
der is an undirected, unweighted graph with N nodes (number
of genes) that is obtained via algorithm 1.

For the correlation we use PEARSON correlation

Cxy

Ox0y

T'xy = (2)
with the covariance Cxy = E[(x — ux)(y — tty)]. The partial
PEARSON correlation of first, second and third order are
recursively given by

Toyz = Tey — TozTyz 3
Ja—r2)a -2

’f'my.Z1Z2 — Twy.zl - Tw’ZZ'eryzz.zl (4)
\/(1 - (O T§Z2_Z1)

Tay.zizs — Tazs.zizTyzs.z12 -

Toy.z12023 =
\/(1 - T%Zg,.zlzz)(l - T12123.z122)

Statistically, we test for vanishing (partial) correlation r by
transforming r to
rVN—-2-0

P ©

Algorithm 1 Undirected dependency graph of third order

1: given N expression profiles {x}

2: each x is represented by one node

3: connect all N nodes with an edge

4: for all 2-tuples x and y from {x} do

5:  estimate 74,y

6: if r,; =0 then

7: delete edge between x and y

8: end if

9: end for

10: for i =1 to O do

11:  for all x and y do

12: determine Pa(x,y) = {z|z € Pa(z)V z € Pa(y)}
13: for all O-tuples Z from Pa(z,y) do
14: estimate 7,y z7

15: if 7,z = 0 then

16: delete edge between x and y

17: end if

18: end for

19:  end for
20: end for

The ¢, values follow a Student’s t distribution with df =
N — 2 — O degrees of freedom [12], [13]. The null hypothesis
Hy : r = 0 is rejected if ¢, is greater or equal than the
tabled critical two-tailed value ¢, for a significance level a by
assuming a nondirectional alternative hypothesis Hy : r # 0.
In the following we use three different significance values o =
{0.05,0.01,0.001} to study the influence of this parameter on
the obtained results.

B. Empirical adjustment of significance levels

The approach presented in the previous section does not
rely on any kind of prior information from other sources,
e.g., the literature, but uses only the information present in
the data. In a machine learning terminology this is called
an unsupervised method. The advantage of this method class
namely no parameters need to be learned from training data is
a disadvantage if the signal within the data is weak, because
there is no direct way to beneficially influence the performance
of the method by prior knowledge or information available in
addition to the data set to be analyzed. Roughly speaking, for
this reason, supervised methods are in general more powerful,
because more information is used to analyze the data. As a first
step extending the unsupervised method of the previous section
to a supervised method we suggest to adjust empirically the
significance level o from the data and expert knowledge about
the biological system under investigation from the literature.
That means, we learn an efficient significance level o, indi-
rectly by determining

. = to —ta - do do >0
e T ta : else

@)

from the data for selected gene interactions known to be
present. Here d, is the mean value of the relative deviation



of t, from ¢,

to —tr
do =< > (8)

[e3%

The mean is evaluated with respect to some connections
between genes that should lead to a pronounced (partial)
correlation r and, hence, to ¢, values larger than ¢, because
these interactions (edges in the network) are known from the
literature. More precisely, we make the following assumptions.
First, we assume that the data contain all information sufficient
to infer all interactions between the genes and, hence, allow
to reconstruct the gene networks, however, the signal is very
weak and its detection difficult. Second, we assume that we
know already reliably some gene interactions. For these genes
Eq. 8 is estimated. If d, is less or equal to zero ¢,, is not
changed because all gene interactions can be detected from
the data (high (partial) correlation coefficients)). If d, > 0
the majority of these interactions would not be detected for
a given significance level «, because the null hypothesis
would not be rejected. However, given our assumptions, this
is wrong. The efficient significance level o, represents a
correction of o apparently not appropriate for the given data,
because otherwise true (partial) correlation coefficients would
be rejected. For our numerical simulations we use the genes
given in table II chosen from the literature as ’true’ gene
interactions.

TABLE II
"TRUE’ GENE INTERACTIONS ASSUMED TO BE PRESENT IN THE
EXPERIMENTAL DATA.

SWI5 - CLB1
SWI5 - CLB2
CLB1 - CLN2
CLB6 - CLB2

IV. RESULTS

For our numerical studies we use the microarray data set of
the S.cerevisiae cell cycle from SPELLMAN [14] and CHO [3].
The cell cultures were synchronized by three different meth-
ods, resulting in three different data sets alpha-factor, cdcl5
and cdc28, and, hence, represent three different observations
of the same biological process. We apply our method described
in section III-A to all three data sets. Additionally, we apply
the method to the combined data set.

Table III (top) shows the results for three different signifi-
cance levels « and Fig. 1 shows the corresponding values of
d. It is already clear from visual inspection that the center of
mass of d,, is for all three cases larger than zero. Numerically,
we find d0,05 = 0.231, d0.0l = 0.248 and d0,001 = 0.191.
This means, despite the fact that the gene interactions given
in table Il are necessary to ensure the progression of the
yeast cell cycle they are undetectable given the corresponding
significance levels c. Again, we assume that this information
taken from the literature is true and that the microarray data
capture enough information about the underlying biological
process that a detection should be possible.

TABLE III

ESTIMATED GENE INTERACTIONS FROM THE DATA OF THE YEAST CELL

CYCLE. THE NUMBER OF VOTES INDICATES HOW MANY DATA SETS,

ALPHA-FACTOR, CDC15, CDC28 OR THE COMBINED DATA SET, DETECT

STATISTICALLY SIGNIFICANT AN INTERACTION BETWEEN THE
EXPRESSION PROFILES OF GENE A AND B. TOP: SIGNIFICANCE LEVEL.

BoTTOM: EFFICIENT SIGNIFICANCE LEVEL.

a = 0.05 a =0.01 a = 0.001
votes 4
CLB6 - CDC53 CLB6 - HCT1 SIC1 - SWI5
CLB6 - HCT1 SICI - SWI5 CDC53 - CDC20
SICI1 - CDC34 CDC53 - CDC20 CDC34 - SWI5
SICI - SWI5 CDC34 - SWI5
CDC53 - CDC20
CDC34 - SWI5
votes 3
CLB6 - CDC20 CLB6 - CDC20 CLB6 - CDC20
SICI - CDC28 SIC1 - CDC34 CLB6 - HCT1
CDC28 - CDC34 CDC20 - HCT1 SIC1 - CDC34
CDC53 - HCT1
CDC20 - HCT1
votes 2
CLN1 - CLN3 CLN1 - CLN3 CLN1 - CLN3
CLB2 - CLB4 CLB2 - MCM1 CLB2 - MBP1
CLB2 - MCM1 CLB2 - MBP1 CLB2 - CDC34
CLB2 - SIC1 CLB2 - CDC34 CLB6 - SIC1
CLB2 - MBP1 CLB6 - SIC1 CLB6 - CDC53
CLB2 - CDC34 CLB6 - CDC28 CDC28 - HCT1
CLB6 - SIC1 CLB6 - CDC53 CDC53 - SKP1
CLB6 - CDC28 CLB6 - SKP1 SKP1 - CDC20
CLB6 - SKP1 SIC1 - CDC28
CDC28 - SWI5 CDC28 - CDC34
CDC28 - HCT1 CDC28 - HCT1
CDC53 - SKP1 CDC53 - SKP1
SKP1 - CDC20 SKP1 - CDC20
a = 0.05 a = 0.01 a = 0.001
votes 4
CLB6 - HCT1 CLB6 - CDC53 CLB6 - HCT1
SICI - CDC34 CLB6 - HCT1 SIC1 - SWI5
SICI - SWI5 SIC1 - CDC34 CDC53 - CDC20
CDC53 - CDC20  SICI - SWI5 CDC34 - SWI5
CDC34 - SWI5 CDC53 - CDC20
CDC34 - SWI5
votes 3
CLB6 - CDC28 CLB6 - CDC20 CLB6 - CDC20
CLB6 - CDC53 SIC1 - CDC28 SIC1 - CDC34
CLB6 - CDC20 CDC28 - CDC34
SICI - CDC28 CDC53 - HCT1
CDC28 - CDC34  CDC20 - HCT1
CDC20 - HCT1
votes 2
CLN1 - CLN3 CLN1 - CLN3 CLN1 - CLN3
CLN3 - MBP1 CLB2 - CLB4 CLB2 - MCM1
CLBI1 - CDC53 CLB2 - MCM1 CLB2 - MBP1
CLB2 - CLB4 CLB2 - SIC1 CLB2 - CDC34
CLB2 - MCM1 CLB2 - MBP1 CLB6 - SIC1
CLB2 - SIC1 CLB2 - CDC34 CLB6 - CDC28
CLB2 - MBP1 CLB6 - SIC1 CLB6 - CDC53
CLB2 - CDC34 CLB6 - CDC28 SIC1 - CDC28
CLBS - SWI6 CDC28 - SWI5 CDC28 - CDC34
CLBS5 - CDC20 CDC28 - HCT1 CDC28 - HCT1
CLB6 - SIC1 CDC53 - SKP1 CDC53 - SKP1
CDC28 - HCT1 SKP1 - CDC20 SKP1 - CDC20
CDC53 - SKP1
CDC53 - HCT1
SKP1 - CDC20




Fig. 2. Estimated networks structure of the gene interactions during the yeast cell cycle. Left: Visualization of the results from table III (bottom) for o = 0.05.

Right: Visualization for the combined data set for o = 0.05.
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In table IIT (bottom) we present the results for the by Eq. 7
adjusted « values. The overall observation is that the efficient
significance value leads for all cases to a larger number of
statistically significant (partial) correlation coefficients and,
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Fig. 1. Histograms of the (smoothed) relative deviation do for o = 0.05
(top), o = 0.01 (middle) and o = 0.001 (bottom).

hence, in a larger number of gene interactions as expected. It
is important to note that also for these cases the reconstructed
networks are sparse, because only about 10% of the total
number of possible gene-gene interactions pass the statistical
test. This is remarkable, because we did not include any
sparseness constraint in our algorithm. In Fig. 2 we show the
estimated networks for d o5 for the voted results in table IIT
(bottom, left column) and the combined data set.

Finally, we study the influence of the maximal order O up
to that we estimate the partial correlation coefficients. In Fig. 3
we show the number of edges in the network as function of O.
The top figure corresponds to the uncorrected o values and the
bottom figure to . for the results in table III. The number of
edges chances most from O = 0 to O = 1. This is reasonable,
because O = 1 is the first case that allows to exclude indirect
causes between genes. However, it is surprising that, e.g., a
further increase to O = 2 seems to have almost no influence,
suggesting that there are almost no parallel pathways genes
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Fig. 3. Number of estimated edges present in the gene network in dependence
on the order O of the partial correlation coefficients.

can interact through. This is an interesting point deserving
more attention in further studies. Overall, these results clearly
confirm [4] and justify the restriction of the maximal order up
to partial correlation coefficients are evaluated.

V. CONCLUSION

We introduced in this paper a supervised learning method
to reconstruct a small subnetwork of gene interactions of the
cell cycle of S.cerevisiae from microarray data. This method is
similar to the PC [15] or IC algorithm [15], however, with two
differences. First, for practical reasons we can only estimate
the partial correlation coefficients up to a certain order. In
this paper the maximal order was O = 3. We investigated the
influence of the order on the number of estimated edges in the
network and found that from O = 2 to 3 the number of edges
changes only slightly justifying a restriction of the maximal
order to 2 or 3. This confirms previous results by [4]. Second,
the PC as well as the IC algorithm are unsupervised methods
which should work perfectly if all (partial) correlations present
in the biological system can be estimated reliably. In reality,
however, (partial) correlations present can not always be
estimated from the data, e.g., because the data are too noisy.
For this reason, we allow to learn the significance level from
prior information not present in the data to at least partially

compensate such negative effects. This lead us to the definition
of an efficient significance level o, which reduces the normal
significance level a.. For example, for o« = 0.05 we found from
numerical simulations dg g5 = 0.231. This gives for the cdc15
data set t,, = 1.595 for df = N —2 = 22. From a table of the
Student’s t distribution we find that ¢,, = 1.595 corresponds
to a significance level o, of about 0.12. The crucial point
is, normally one would not consider significance level above
0.05.
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