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Network Completion for Static Gene Expression Data
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Abstract: In this report, we address the problem of completing and inferring gene regulatory networks under station-

ary conditions from static data, where network completion is to make the minimum amount of modiﬁcations to an
initial network so that the completed network is most consistent with the expression data in which additions and deletions of edges are basic modiﬁcation operations. For this problem, we present a novel method for network completion
using dynamic programming and least-squares ﬁtting. This method can ﬁnd an optimal solution in polynomial time if
the maximum indegree of the network is bounded by a constant. We evaluate the eﬀectiveness of our method through
computational experiments using synthetic data and microarray data from normal lung and lung cancer tissue samples.

1. Introduction
Estimation of genetic interactions from micorarray expression
data is an interesting and important topics in bioinformatics.
There are two types of gene expression data: time series data and
non-time series data. A time series data is a temporal data, which
consists of a set of observations measured at successive time instants at uniform time intervals in the same sample and generally
exhibits an autocorrelation between successive measurements [1].
On the other hand, non time-series data consists of a snapshot of
gene expression at a single time point taken from independent
tissue samples from healthy individuals and patients of various
types of diseases [2]. Although these data are not necessarily
static, we may regard them as static data because these are averaged over a large amount of cells in rather steady states.
For inference of genetic networks, various reverse engineering
methods have been proposed, which include methods based on
Boolean networks [3], [4], Bayesian networks [5], [6], diﬀerential equations [7], [8], and graphical Gaussian models [9], [10].
However, most methods suﬀer from inaccuracy and/or computational ineﬃciency and thus there is not yet an established or
standard method for inference using only gene expression data.
In recent years, there have been several studies and attempts
for network completion, not necessarily for biological networks
but also for social networks and web graphs. Kim et al. [11]
addressed the network completion problem in which an incomplete network including unobserved nodes and edges is given and
then the unobserved parts should be inferred. Guimerà et al. [12]
presented a mathematical method which can identify both missing and spurious interactions in complex networks by using the
stochastic block models to capture the structural features in the
network. Hanneke et al. [13] proposed a sampling method to
derive conﬁdence intervals from sample networks. As a related
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work, Saito et al. [14] developed a method to measure the consistency of an inferred network with the measured gene expression
data.
Independently, Akutsu et al. [15] proposed another model
of network completion in which the objective is to make the
minimum amount of modiﬁcations to a given network so that
the resulting network is most consistent with the observed data.
Based on this concept, Nakajima et al. [16] developed a practical
method, DPLSQ, for completion of genetic networks from time
series data. DPLSQ is based on a combination of least-squares
ﬁtting and dynamic programming, where least-squares ﬁtting is
used for estimation of parameters and dynamic programming is
used for minimizing the sum-of-squared errors under the constraints on the number of added and deleted edges. DPLSQ is
guaranteed to output an optimal solution (in the sense of the minimum squared error) in polynomial time if the maximum indegree
is bounded by a constant. Nakajima et al. [17] also proposed a
method to complete and infer the time-varying networks by extending DPLSQ so that additions and deletions of edges can be
performed at several time points.
In this study, we propose a novel method, DPLSQ-SS (DPLSQ
for Static Samples), for completing and inferring a network using
static gene expression data, based on DPLSQ. The purpose of this
study is twofold, ﬁrstly, to complete and infer genetic networks
from static expression proﬁle, and secondly, to investigate the relationship between the genetic networks under diﬀerent conditions (e.g., comparison of normal and cancer networks obtained
from samples of normal and cancer cells). The basic strategy of
DPLSQ-SS is the same as that of DPLSQ. In order to cope with
static data, we modiﬁed the error function to be minimized. Although the idea is simple, it brings wider applicability because a
large number of static gene expression data are available. We
demonstrate the eﬀectiveness of DPLSQ-SS through computational experiments using synthetic data and microarray data for
lung cancer and normal lung samples.
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Fig. 1: Network completion by addition and deletion of edges from m samples. The dotted and the dashed edges represent added and deleted edges
respectively.

2. Method
We consider additions and deletions of edges as modiﬁcation
operations (see Fig. 1). In the following, let graph G(V, E) be a
given network where V and E are the sets of nodes and directed
edges, including loops, respectively. We also let n denote the
number of genes and let V = {vi , · · · , vn }. For each node vi , e− (vi )
and deg− (vi ), respectively, denote the set of incoming edges to vi
and the number of incoming edges to vi as deﬁned below:
e− (vi ) = {v j |(v j , vi ) ∈ E},
deg− (vi ) = |e− (vi )|.

(1)

2.1 Model of Nonlinear Equation and Estimation of Parameters
We adopt a mathematical model based on nonlinear equations
instead of diﬀerential equations in [16]. We assume that the static
state of each node vi is determined by the following equation:
d


aij xi j +
aij, h xi j xih + bi ω,
(2)
xi = ai0 +
j=1

1≤ j<h≤d

where vi1 , · · · , vid are incoming nodes to vi , xi corresponds to the
expression value of the i-th gene, and ω denotes a random noise.
The second and third terms of the right-hand side of the equation
represent linear and nonlinear eﬀects to node vi , respectively (see
Fig. 2), where the parameters (i.e., ai0 , aij , aij,h ) can take on any
positive and negative values corresponding to an activation eﬀect
and an inhibition eﬀect.
We assume that static expression data y1 (s), y2 (s), · · · , yn (s)
(s = 1, · · · , m), are given, where m is the number of samples and
yi (s) denotes the expression value of gene vi in the s-th sample.
The parameters can be estimated by minimizing the following
objective function using a standard least-squares ﬁtting method.
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2.2 Completion by Addition and Deletion of Edges
Since completion by addition of edges is a special case of completion by addition and deletion of edges, here we consider network completion by adding h edges and deleting w edges in total.
ⓒ 2015 Information Processing Society of Japan

Fig. 2: Dynamics model for a node. The expression level of vi is determined
by the correlation between other genes (i.e., vi1 , · · · , vid ). ai1,2 is a coeﬃcient
corresponding to cooperative regulation by vi1 and vi2 .

We let σh j , w j , j denote the minimum squared error when adding
h j edges to e− (v j ) and deleting w j edges from e− (v j ) as below,
where added and deleted edges must be disjoint.
σh j , w j , j =

min

j1 , j2 , ..., jh j
j1 , j2 , ..., jw j

S ej− (v j )−{v  , v  , ..., v 
j

j

1

2

jw

j

}∪{v j1 , v j2 , ..., v jh }

, (4)

j

where {v j1 , v j2 , . . . , v jh j } is the set of added edges to e− (v j ) and
{v j1 , v j2 , . . . , v jw j } is the set of deleted edges from e− (v j ). In order
to avoid the combinatorial explosion, we constrain the maximum
h j and w j to be small constants H and W. We let σh j , w j , j = +∞ if
h j > H, w j > W, h j − w j + deg− (v j ) ≥ n, or h j − w j + deg− (v j ) < 0
holds. Therefore, the problem is stated as
n


min

h1 +h2 +···+hn =h
w1 +w2 +···+wn =w j=1

σh j , w j , j .

(5)

Here, we deﬁne D[h, w, i] by
D[h, w, i] =

min

i


h1 +h2 +···+hi =h
w1 +w2 +···+wi =w j=1

σh j , w j , j .

(6)

Then, the network completion problem can be solved by using
the dynamic programming algorithm as follows:
D[h, w, 1] = σh, w, 1 ,
D[h, w, j + 1] = min
{D[h , w , j] + σh , w , j+1 }.


(7)

h +h =h
w +w =w

3. Results and Discussion
To evaluate the eﬀectiveness of DPLSQ-SS, we performed two
types of computational experiments using both synthetic data and
microarray expression data.
3.1 Completion Using Synthetic Data
In order to examine network completion, we applied synthetic
networks and datasets to DPLSQ-SS, which are generated by randomly adding h edges and deleting w edges in total from an original network [18]. The performance is evaluated in terms of the
accuracy of modiﬁed edges and the computational time. The accuracy is deﬁned as follows:
h + w + |Eorig ∩ Ecmpl | − |Eorig |
,
(8)
h+w
where Eorig and Ecmpl are the set of edges in the original network
and the completed network, respectively. For each (h, w), we took
2
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Table 1: Results on completion with synthetic data on DPLSQ-SS.

n = 10

n = 20

Number of added edges and
number of deleted edges
h = 1, w = 1
h = 2, w = 2
h = 3, w = 3
h = 4, w = 4
h = 5, w = 5
h = 1, w = 1
h = 2, w = 2
h = 3, w = 3
h = 4, w = 4
h = 5, w = 5

Accuracy
1.000
1.000
1.000
1.000
0.700
1.000
1.000
0.833
1.000
0.700

CPU time (sec.)
0.720
5.810
4.610
5.000
4.410
2.760
51.870
46.220
53.880
48.910

Table 2: Summary of gene symbols and notations. The RB gene did not listed
in this table, because there is no expression value of the RB gene in the raw
data ﬁle.
No.
Gene symbol
Gene annotation
1
MYC
v-myc myelocytomatosis viral oncogene homolog (avain)
P15
cyclin-dependent kinase inhibitor 2B
2
3
CDK4/6
cyclin-dependent kinase 4
CCND1
cyclin D1
4
5
MAX
MYC associated factor X
6
CKS1
CDC28 protein kinase regulatory subunit 1B
SKP2
S-phase kinase-associated protein 2 (p45)
7
8
CCNE1
cyclin E1
E2F3
E2F transcription factor 3
9

Table 3: Results on inference of real networks, where the accuracy (i.e., the
ratio of the number of correctly inferred edges to the number of added edges)
is shown for each case. Since directions of edges are ignored in comparison
with ARACNE and GeneNet, bold dashed arrows (refer to Fig. 4) connecting
to P15 are regarded as correct.

Normal network
Cancer network

Fig. 3: A part of small cell lung cancer network, containing RB/E2F pathway.
ɹ

the averaged accuracy and the CPU time for completion over 5
modiﬁcations for 10 and 20 networks, where we used the default
values of H = W = 2 [18].
As can be seen from Table 1 that DPLSQ-SS has quite high accuracy regardless of the number of h and w except for h = w = 5.
Moreover, the CPU time increases rapidly when applied to networks with 20 genes. In comparison with the CPU time for network inference by DPLSQ-SS, there seems to be a remarkable
diﬀerence even if n equals 10. Obviously, the number of modiﬁed
edges for network inference is much larger than that for network
completion. However, network completion requires a lot of CPU
time than network inference (refer to [18]). This result suggests
that the time complexity of DPLSQ-SS depends not so much on
the number of modiﬁed edges, h and w, but depends much on the
number of H and W as discussed in [18].
3.2 Inference Using Real Data
We also examined DPLSQ-SS for inference of genetic networks from static microarray data under multiple conditions. The
aim of this experiment is to complete and infer diﬀerent static
gene networks under diﬀerent conditions and investigate the differences of these network topologies. We focus on the genetic
network related to lung cancer and employed a partial network as
a gold standard, which contains RB/E2F pathway in human small
cell lung carcinoma (SCLC) from the KEGG pathway database
[19] shown in Fig. 3. The RB/E2F pathway is one of two major tumor suppressor pathways and the retinoblastoma (RB) gene
plays an important role in cancer development [20].
In this experiment, we considered the network consisting 9
genes as the original network [18] as shown in Table 2. As for
the static data, we used static microarray data for lung cancer tissue samples obtained by Beer et al. [21]. This dataset comprises
86 tumor and 10 normal tissue samples and is publicly available
ⓒ 2015 Information Processing Society of Japan

DPLSQ-SS
0.3846
0.1538

Method
ARACNE
0.3076
0.3846

GeneNet
0.0769
0.0769

from the study of Choi et al. [22]. In order to examine the relationship between cancer and normal network topologies, we performed network inference using these two types of data, where
H = 2, W = 0, h = 13 and w = 0. The results are displayed in
Fig. 4. We also compared DPLSQ-SS with ARACNE [23], [24]
and GeneNet [9], [10] using these microarray data.
From Table 3, DPLSQ-SS was worse than ARACNE for the
cancer network, but it was better for the normal network. It may
be because that directions of edges are ignored. As can be seen
from Fig. 4, while DPLSQ-SS has some diﬀerence in the accuracy between the cancer and the normal networks, existing methods show the similar accuracies, of course, these accuracies were
estimated on the basis of the uniﬁed criterion. Considering the
crucial link between genes and cancer, there probably are significant diﬀerences between the cancer and the normal networks.
Therefore, these results suggest that DPLSQ-SS provides reasonable estimates on microarray expression data compared with existing methods.
The inferred normal network indicated the presence of RB/E2F
pathway involved in the regulation of E2F activity. We also found
that the tumor suppressor gene P15 controlled the CDK4 activity
and E2F was under the regulation of both CDK4 and CCND1.
On the other hand, in the inferred cancer network, no signiﬁcant
correlation was observed between genes in the RB/E2F pathway.
Therefore, inference of two types of networks could make the reasonable estimate that nearly matches biological knowledge and
could capture the features of each network. Although there is
no common edge between the inferred cancer network and the
original network, it is reasonable because cancer networks may
be very diﬀerent from normal networks. This result suggests that
our proposed method can identify the structural features of cancer
and normal networks.
3.3 Discussions and Conclusion
We addressed the problem of completing and inferring genetic
networks under stationary conditions from static gene expres3
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(a) Normal network
(b) Cancer network
Fig. 4: Results on inference with gene expression data for cancer and normal samples. We could verify that the E2F activity is normally regulated by the RB/E2F
pathway activities in the normal network and does not seem to be regulated by the RB/E2F pathway in the cancer network. The red bold solid arrows represent
the correctly added edges. The blue bold dashed arrows denote the incorrectly added edges (i.e., added edges that are included in the original network).

sion data. For this problem, we proposed a novel method called
DPLSQ-SS, based on least-squares ﬁtting and dynamic programming. This method works in polynomial time if the maximum
indegree is bounded by a constant. We demonstrated the eﬀectiveness of DPLSQ-SS through computational experiments using synthetic data and microarray data. In particular, we tried
to compare the cancer and the normal networks from static expression data. As for the results using synthetic data, DPLSQ-SS
showed relatively good performance in comparison to other existing methods. As for the results using microarray data obtained
from normal and cancer samples, it is seen that DPLSQ-SS allows us to distinguish the diﬀerences between genetic networks
under diﬀerent conditions.
There is some room for extending DPLSQ-SS. For example,
we employed here simple nonlinear equations as the model of
gene regulation rules, but it can be replaced by equivalent complicated equations. Although DPLSQ-SS works in polynomial time,
the degree of polynomial is not low, which prevents the method
from being applied to completion of large-scale networks. However, DPLSQ-SS can be highly parallelizable: σh j , w j , j can be
computed independently for each σh j , w j , j . Therefore, parallel
implementation makes DPLSQ-SS more powerful and is also important future work.
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