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In order to identify genes involved in complex diseases, it is crucial to study the genetic interactions at the
systems biology level. By utilizing modern high throughput microarray technology, it has become feasi-
ble to obtain gene expressions data and turn it into knowledge that explains the regulatory behavior of
genes. In this study, an unsupervised nonlinear model was proposed to infer gene regulatory networks on
agenome-wide scale. The proposed model consists of two components, a robust correlation estimator and
anonlinear recurrent model. The robust correlation estimator was used to initialize the parameters of the
nonlinear recurrent curve-fitting model. Then the initialized model was used to fit the microarray data.
The model was used to simulate the underlying nonlinear regulatory mechanisms in biological organ-
isms. The proposed algorithm was applied to infer the regulatory mechanisms of the general network
in Saccharomyces cerevisiae and the pulmonary disease pathways in Homo sapiens. The proposed algo-
rithm requires no prior biological knowledge to predict linkages between genes. The prediction results
were checked against true positive links obtained from the YEASTRACT database, the TRANSFAC database,
and the KEGG database. By checking the results with known interactions, we showed that the proposed
algorithm could determine some meaningful pathways, many of which are supported by the existing
literature.
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1. Introduction

Large-scale analyses of gene regulatory networks are built from
a number of edges and vertices. The validation of whole-genome
functional interactions requires labor, time, and an adequate
budget. Thus, bioinformatics research plays an essential role in
automating the reconstruction of genetic regulatory networks
using available biological information (Zweigenbaum et al., 2007).
In recent years, the advance in research of modern molecular
biotechnology has allowed scientists to design various types of
microarrays, enabling a deeper insight into the processes of gene
regulatory mechanisms on a whole-genome scale (Zhong and
Sternberg, 2006). With an abundance of biological data, a number
of computational approaches have been proposed to analyze these
data, and more importantly, to infer functional interactions among

* Corresponding author. Tel.: +886 2 3366 5341; fax: +886 2 2362 7620.
E-mail address: jajiang@ntu.edu.tw (J.-A. Jiang).
! These two authors contributed equally to this work.

0303-2647/$ - see front matter © 2009 Elsevier Ireland Ltd. All rights reserved.
doi:10.1016/j.biosystems.2009.05.013

gene regulatory networks. Discovering the underlying regulatory
process in an organism is a difficult task because the functional
gene-gene interactions are more complex than those of physical
protein-protein interactions. Therefore, a successful computational
model might help with speeding up the genome-wide exploration
or with the validation of the genetic interactions.

Genome-wide gene expression analysis has been widely used
to investigate the gene regulatory networks of a given organism
(Spellman et al., 1998). Many models have been proposed to ana-
lyze time-course gene expression data. Clustering has been applied
to gene expression data to find co-expressed or co-regulated genes,
examples include k-means, hierarchical clustering (Eisen et al.,
1998), self-organizing maps (Térénen et al., 1999), bioclustering
(Getz et al., 2000), principal component analysis (Raychaudhuri
et al., 2000), and independent component analysis (Liebermeister,
2002). Some approaches incorporate sequence data and functional
annotations to reconstruct gene clusters (Ihmels et al., 2002; Pilpel
et al., 2001). Some earlier studies were built based on model-
based approaches, such as random Boolean networks (Liang et al.,
1998), Bayesians networks (Dojer et al., 2006; Friedman et al., 2000;
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Hughes et al., 2000; Friedman, 2004; Imoto et al., 2002a,b; Perrin
et al., 2003; Tamada et al.,, 2003; Segal et al., 2003; Husmeier,
2003; Kim et al., 2004; Beal et al., 2005; Lihdesmadki et al.,
2006; Lahdesmadki and Shmulevich, 2008), and state-space models
(Rangel et al., 2004a,b; Yamaguchi and Higuchi, 2006; Yamaguchi
et al., 2007) to infer the architecture of gene regulatory networks.
Some researchers used a system of differential equations to model
the behavior of the regulatory networks, such as deterministic dif-
ferential systems (Chen and Aihara, 2002; de Jong, 2002; Kimura
et al,, 2005), linear differential systems (Wu et al., 2004), nonlin-
ear differential systems (Vu and Vohradsky, 2007), and machine
learning approaches (Chuang et al., 2007, 2008). These models have
been shown to be informative for understanding genetic interac-
tions. However, their disadvantages are that some of them provide
no direct way to obtain information about how multiple cooper-
ating transcriptional factors (TFs) interact with a specific target
gene. Furthermore, some approaches suffer from excessive compu-
tational overhead due to complicated mathematical modeling not
suitable for applications of whole-genome analysis. Graphic mod-
els (Whittaker, 1990), on the other hand, provide the possibility to
infer gene networks using a simplified model formulation. In recent
studies (Wong et al.,2003; Dobra et al., 2004; Schafer and Strimmer,
2005), the theory of graphical models has been extended such that
it is possible to infer large-scale gene networks using small sample
data.

Traditional techniques for microarray technology have provided
valuable insights towards deciphering gene regulatory networks in
living organisms. In recent years, the ChIP-on-chip technique has
become more popular in identifying physical interactions between
TFs and the upstream sequence of genes on a genome-wide basis.
Many earlier proposed studies (Simon et al., 2001; Lee et al., 2002;
Harbison et al., 2004) investigated the transcriptional regulatory
elements and networks using ChIP-on-chip data. However, further
analyses are required to obtain information regarding the role of a
given TF (as an activator or as a repressor).

In this study, we proposed an unsupervised computational
model, which consists of a robust correlation estimator and a non-
linear recurrent model, to infer gene regulatory interactions using
time-course gene expression data. The robust correlation estima-
tor assesses the similarity of the expression patterns of all possible
paired genes. The nonlinear recurrent curve-fitting model, which is
initialized by the robust correlation estimator, infers the gene reg-
ulatory interactions by discovering the causal effects of the gene
expression levels. The remainder of this paper is organized as fol-
lows. In the following sections, we describe the derivations of our
approach, followed by the experimental results of the proposed
method in Saccharomyces cerevisiae and Homo sapiens. Then the
data sets and normalization procedures used in this work are pre-
sented. The gene interactions confirmed by YEASTRACT database
(Teixeira et al., 2006) and TRANSFAC database (Matys et al., 2003),
and KEGG database (Kanehisa et al., 2006) are then used to evalu-
ate the performance of the proposed approach. Finally, a discussion
regarding the advantages of the proposed approach and future work
for possible improvement are provided in Section 5.

2. Methods
2.1. Overview

In this study, we develop a nonlinear recurrent model fitting approach to infer
genetic interactions on a whole-genome scale. The proposed approach encompasses
two primary components: a robust correlation estimator and a nonlinear recur-
rent model. The primary goal of the former was to initialize the model parameters,
and the latter was to detect regulatory linkages using time-course gene expres-
sion data. The conceptual system diagram of the proposed approach is shown in
Fig. 1. The proposed model is a graphical model. Since some of essential model
parameters are estimated a priori, the prediction result yielded by the proposed
approach is very stable under the same data set. Detailed descriptions of the robust
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Fig. 1. Conceptual block diagram of the proposed approach.

correlation estimator and the nonlinear recurrent model are given in the following
subsections.

2.2. Robust correlation estimator

The expression levels of genes are commonly regulated by the level of transcrip-
tioninitiation. Most studies focus on exploring the interactions between significantly
expressed genes. However, it is known that some genes with low expression lev-
els (e.g., housekeeping genes) might play an essential role in pathway regulation.
To reveal the underlying function of those genes, a standardization step for gene
expression data is applied. Let G4(t) denote the gene expression of gene x at time
point t. We can then transform Gy(t) into the standardized form by

Gutr) = L0,

where Gy(t) is the standardized expression level of gene x at time t, and jtx and oy
are the mean and the standard deviation of G,(t), respectively. Note that this step is
optional. Those who tend to focus on the interaction between significantly expressed
genes can skip the standardization step.

Then, we take the 1st-order derivatives of the standardized gene expression
levels with respect to t. The primary goal of this step is to extract the gene expression
pattern without influencing the baseline shift effect. In addition, it is widely known
that gene expression data are nonlinear. Many famous metrics, such as Euclidian
distance (Krause, 1986) and Pearson correlation (Biedl et al., 2001), have been proven
to be ineffective in the analysis of gene expression data. To remove the nonlinearity
in the data, we slice Gy(t) into small pieces, and extract the expression features of a
pair of genes. The 1st-order partial derivative with respect to t can be obtained by

- 3Gx(1)

Gty = ——.

Since time-course gene expression data G,(t) are discretized in time t, the partial
derivative terms can be reformulated by

&)= acgt(r) _ Gt itz Gt

where t+ At denotes the (t+ At)th time point and At is the time interval between
time points t and t+ At,and At = 1. For a pair of genes {A, B}, where A is the regulating
gene and B is the target gene, we use the procedure of the linear regression model
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Fig. 2. The schematic view of the nonlinear recurrent network model. The model consists of two stages, gene activity extraction and recurrent network model.

to fit G, (¢) and G(t) by

Gy(t) = Bo + Biagy Gu(t) + £(Bo. Biasy- ),

where f is the intercept, B;ap, is the slope of the regression line, and &(Bo, Bas;
t) denotes the error term. Estimation of 8o and Bap can be obtained by the
method of the general least squares estimator (LSE). The LSE estimates B, and
Biasy by minimizing the sum of the squares of the residuals Z[ez(ﬁo, Biapy, t) =

PN(AGET: IS ,B{AVB)CA(t))Z. However, the LSE approach is known to have a major
drawback in that it is very sensitive to outliers. To overcome this problem, here, we
utilize a robust linear regression model (Huber, 1981) to reduce the influence of out-
liers. Thereby we can reformulate the error term by the Cauchy-Lorentz distribution
(Spiegel, 1992) as follows:

1 1
(o = - . 1
& (Bo. Biapy- t) T+ ¢2(Bo. Brag)- 1) 14 (G0 fo 7ﬁ{A,B}6A(t))2 (1)

Since the 1st-order partial derivative step neutralizes the baseline shift effect, we can
omit By from Eq. (1). The optimal B4 5; can be obtained by following the procedures
of the robust linear regression model. The reason for using the Cauchy-Lorentz dis-
tribution is that the probability density function of the Cauchy-Lorentz distribution
suppresses the error caused by the outliers and leads the regression line to closer to
the data points. This is one of the major robust regression techniques that can easily
be implemented by scientific computing software, e.g., MATLAB, S+, or R. Indeed,
there are other robust regression models can be used in this step to obtain similar
values of optimal B4, e.g., least median squares estimator (Rousseeuw, 1984) and
least trimmed squares estimators (Rousseeuw, 1985).

After we obtain the optimal value of the parameter B, which is denoted by
f}{A.B}, the robust correlation coefficient in the time-course gene expression levels of

paired genes {A, B} can be calculated by transforming B{AB} into an interval ranging
from1to—1as

Bia.n) N
———————— if|Bapl =<1
reise(Ga, Gg) = max(<177//§as, 03[oa) {A,B} ‘
A.5) otherwise

max(oa/og, op/oa)

where ry15£(Ga, Gg) is the robust correlation coefficient in the expression levels of
paired genes {A, B}. The positive (negative) sign of r1sg(Ga, Gg) suggests that paired
genes {A, B} have a similar (reverse) pattern of variation in their expression level.
The amplitude of rysg(Ga, Gg) measures the strength of the pattern. For example,
rrse(Ga, Gg) =1 (—1) represents paired genes {A, B} have a perfect positive (negative)
correlation, and 0 means that there is no significant relation between paired genes
{A, B}. The coefficient r, ¢ plays an essential role in the initialization of the nonlinear
recurrent model, which is described as follows.

3. Nonlinear recurrent model

It has been widely known that the genetic regulatory networks
are nonlinear. The regulatory mechanism of genes encom-
passes complex molecular interactions, including transcription,
translation, post-translational modification, transcription cofactor

interactions, and unknown factor interference. Thus, the time-
course gene expression data from the microarray experiments are
nonlinear. In the present paper, we used a nonlinear recurrent
model to formulate the effects in a gene regulatory network.

The proposed nonlinear recurrent model is a graphical network
model that uses gene expression data to refine the regulatory activ-
ity of genes in the organism. Most previous network-based studies
initialized model parameters using a random number generator.
This may cause the training performance to be unstable. Therefore,
in this study we initialize the model parameters by the robust corre-
lation coefficient. The entire model consists of two stages, as shown
in Fig. 2.

3.1. Gene activity extraction

In the first stage, a scheme is used to reverse-engineer gene
activities on a genome-wide scale using gene expression data from
the microarray experiments. The concentrations of the mRNAs
reflect the expression levels of the genes. In addition to the famous
Michaelis—-Menten kinetics (Michaelis and Menten, 1913), there
are many mRNA kinetic models that have been proposed to deter-
mine the activity level of genes. A nonlinear least square method
has been proposed to fit the experimental data for uncovering
the mRNA intensities for the repressor-only, activator-only and
repressor—activator systems (Nicholas et al., 2006). A stochastic
model has been proposed to estimate the mean intensity of gene
products based on the effect of oscillatory stimulus (Lipan and
Wong, 2005). A correlation-based model was proposed to explain
the complex behavior of genes in a systematical gene network
(Pedraza and van Oudenaarden, 2005). A quasiequilibrium approxi-
mation has been proposed to model the reaction kinetics of fast and
slow reactions in stochastic biochemical systems (Haseltine and
Rawlings, 2002; Rao and Arkin, 2003; Goutsias, 2005). A Markov
chain-based has been proposed for simulating the self-regulated
gene with arbitraries feedback mechanism (Fournier et al., 2009).
These methods worked well in modeling the mRNA reaction
kinetics in biological systems. In this study, we assume that the
mRNA degradation and production rates are known a priori. To
simplify the problem in this study, we developed a simple mRNA
reaction kinetics that is able to find the explicitly approximation
of the dynamics of the gene expressions.

The mRNA degradation model is formulated by ordinary differ-
ential equations that contain the terms of mRNA degradation and
production rates.

G*(t') = exp(—At'), (2)
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where G*(t') represents the quantity of newly produced mRNAs
of a given gene at time t/, t' denotes the duration of the degrada-
tion, A =In(1/2)/t* is the mRNA self-degradation rate, and t* is the
half-life of the mRNA. This forms an mRNA decay model G*(t') to
estimate the remaining mature mRNA quantity at time t’' after a
certain amount of the mRNAs have been transcribed.The levels of
mRNAs are mature mRNAs accumulated over time in the nucleus
and in the cytoplasm. Thus, we formulate the expression level of
mRNAs by a convolution model

G(t) = / P(T)G*(t — T)dT + (1),

oo

where G(t) is the expression level of mRNAs, P(t) represents the
quantity of mRNAs newly transcribed into the nucleus and the cyto-
plasm, G*(t) is the mRNA decay model described in Eq. (2), and &(t)
is the unknown noise in the data. In order to extract the quantity of
mRNAs that have been transcribed at any given time t, we decon-
volve the gene expression level G(t) from the mRNA decay model
G*(t) as

P(t) = /OO G(DIG*(t - T)]™dr. 3)

o0

Note that the unknown noise &(t) is eliminated to simplify the
model. In this study, we assume that the quantity of mRNAs
increases or decreases due to the transcription or degradation pro-
cesses, respectively. Thus, the value of P(t) should be positive for
all time t. If the minimal value of P(t) over time t is negative, it is
necessary to adjust the value of the mRNA self-degradation rate
A to satisfy our assumptions. If necessary, we adjust the value of
A by A=A, where A* is the adjusted A, and ¥ is the refinement
rate (default value is 0.99). We use the updated A to compute the
mRNA degradation model and P(t). This procedure is repeated until
all values of P(t) over t are positive.

According to the Michaelis—Menten kinetics, the maximum rate
of reaction mediated by enzymes has the saturation effects at the
steady state (Michaelis and Menten, 1913). However, there is no
clearly defined method to determine the maximum reaction rate
(Vmax) and the Michaelis constant (Kj,) in the kinetics model using
only microarray data. In this study, we formulate the mRNA pro-
duction rate changes by the level of the transcription rate and the
magnitude of the regulation from activators and repressors. In addi-
tion, we add a saturation characteristic for the mRNA production
rate, such that
2278 = c1SA(t)P(b)t,
where cq is a constant, S represents the transcription rate of the
gene (mRNA/h), and A(t) is the magnitude of regulation of the gene
at time t. Thus, we can derive the magnitude of regulation A(t) is

P2(t)—c,

Alt) = oSt

(4)
where c; is the constant of integration. Constants c¢; and ¢, can be
used to express Eq. (4) under different initial conditions, and can be
solved by two initial conditions: (1) when t=1min, A(1)=1,P(1)=1,
and (2) when t=60min, A(60)=1, P(60)=S. Thus, according to Eq.
(4), we can determine the magnitude of regulation A(t) simply by
putting the value of the quantity of the newly produced mRNAs P(t)
into Eq. (3). The processes described above are shown in Fig. 3.

4. Recurrent network model
4.1. Feedforward prediction process
In complex genetic regulatory networks, observing feedback

loops between mRNAs and TFs are common. In this study, we use a
nonlinear recurrent network to construct a modulated model with
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feedback connections and latent factors that provides the founda-
tion for the accurate representation of gene regulatory networks.

The proposed recurrent model consists of five layers as depicted
in Fig. 4. The first layer is the input layer. The magnitudes of regu-
lations of all genes (e.g., A;(t) for magnitude of regulation of gene i
at time t) are input to the model via this layer. We transform A;(t)
into a nonlinear space using a sigmoid function which results in
the saturation characteristic of the biochemical reactions in a living
organism as

Ai(t) = sig(A;(t)s; ;) + by, (5)

where A;(t) denotes the normalized reaction rate of gene i specified
for gene j at time t, sig is the sigmoid function, s;; is the scale factor
associated with the interaction between regulating gene i and target
gene j, and b; is the offset factor for gene i. The scale factor is used
to adjust the difference of the change ratios between genes, and
the offset factor is utilized to remove the constant offset effect in
Ai(t). We can determine the change ratio of the magnitude of the
regulation between gene i and gene j over time from

m;ax(Aj(t)) - m[in(Aj(t))
max(A;(0)) - min(A;(£))|

si,j =

In addition, the value of the constant offset b; is fixed at 0.

The outputs of the first layer feed directly into the second layer,
referred to as the hidden layer. The hidden layer is not only con-
nected to the following layer in a feedforward manner, but also to a
further layer, called the context layer, in a simple 1-to-1 connection.
To form recurrent connections, the outputs of the context layer G;(t)
are also inputted into the hidden layer. These recurrent connections
of the context layer provide the model with a short-term memory
(e.g., Gi(t)=H;(t —1)). It allows the hidden layer to not only observe
the actual inputs, but also to, via the context layer, obtain informa-
tion on their own state with time lag-1. Besides the context layer,

a latent layer is connected to the hidden layer. The outputs of the
latent layer L;(t) are used to imitate the influences of unknown fac-
tors on the regulation of the gene network. Each input of the node
in the hidden layer is multiplied by its corresponding weights. Fur-
thermore, the output is the linear sum of the weighted activations
from other layers, which is given by

Hi(0) =) WA+ Wi G0+ Y wi L) +hy,
J k l

where H;(t) represents the activation level of gene i, h; is the offset
factor used to formulate the bias influence in the hidden layer, and
wi e wf, and wf ; are weights associated with connections from the

input layer, context layer, and latent layer, respectively. Weights
between the input layer and hidden layer W?j are initialized by

robust correlation as

Wi — rise(Gi, Gj)
Y max(og,/og,, oc,/og;)’

where r;1sg(Gj, Gj) is the robust correlation coefficient in the expres-
sion levels of paired genes i and j, and o¢, and og; are variances of
the expression levels of paired genes i and j. Other weights are ini-
tialized in a random manner. The output of the hidden layer is then
fed to the third layer, called the transformation layer. The trans-
formation layer converts the activation level of a gene H;(t) by a
sigmoid function as

Ti(t) = sig(H;(t)),

where Tj(t) is the transformed activation level of gene i.

The outputs of the transformation layer are used to predict the
activation level of other genes at time t + 1. Each output is multiplied
by its corresponding weights. In addition, each node is connected to
the nodes in the output layer in a full-connected manner. Thus, the
output of the network is the linear sum of the weighed activations
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from the transformation layer as given by

> whT0 + o,
J

At+1)=

where A;(t + 1)is the predicted activation level of geneiat time t+1,
Wt denotes the weights associated with the connection between
the output layer and transformation layer, and o; represents the
offset factor for the prediction process.

4.2. Tuning process

For a given set of inputs, the squared error produced by given
weight and bias distributions can be defined as

E() = (At + 1)~ A + 1),

The error is thus computed backwards across the entire model
for each time point. To simplify the notation in this section, time
t will no longer be explicitly stated in the rest of this paper. The
change of the weight associated with the connection between out-
put node i and transformation node j can be determined by

OE; OF; 0A; .
Awt. = - =n— — =2nTi(A; — A)),
ij =1 awit,j A awztj Mj\A; =4

where Awt] is the change of weight, and 7 is the tuning rate. The
change of the bias associated with the same link is

9E;  OE; 9A;
Aoi—% QT‘Z(A —A),

where Ao; is the change of bias. The changes of the weights for
the incoming connections to the hidden layer can be described as
a linear combination of errors produced by each node produced at
the output layer.

0En
(1 —
Aw nz awa

_ Zaimaﬁm& o
- 0Ap OT; OH; oW,

= 277Aj(1 —Aj)Z(Am —Am) '

Similar to Eq. (6), the weights associated with the connections
between the hidden layer, context layer, and latent layer can be
determined by

AWE =21G(1 =G> (Am — Am),

m

Awl = 20L(1 = L)) (Am —An),

m

where Ci(t)=Hy(t—1), and L; is the activation level of the latent
factors. The change in scale factor in Eq. (5) is given by

As Zafm _ Z%@@%L&
=2 s, oA, OT; OH; oA, 051,

= 277A,-(1 —4(A;si ;) + 6(A; S,J

— 4(Asij) )Z Am —Am)

After the changes in all parameters are obtained, we can update
the parameters as follows:

Sij=Sij+ As;j

0; = 0; — Ao;
h; = hi — Ah;

After we update the model parameters, we can estimate the values
of L;(t) by minimizing the mean square errors of all genes across
time, which is given by

fmax

ZZEm(t)

where @ represents the mean square error generated by the model,
and Ep(t) is the square error generated by node m in the output
layer at time t. Subsequently, in each simulation round (epoch), the
updated parameters are used to fit the activation levels of the genes
at time t+ 1. The fitting process will loop back to the first time point
when t reaches the maximum available time point tmy,x in the time-
course microarray data. An early stopping criterion based on the
mean square errors of all genes across time is suggested. We con-
tinue the fitting process until the mean square errors is (are) lesser
than e.g., 0.001 or until the number of loops reaches 100 epochs.

4.3. Interpretation of the tuned parameters

For the tuned parameters, a new objective is to extract the pre-
diction information embedded inside the model. We use a product
of the weights to infer the interaction type and the strength of the
link between a given pair of genes. For example, if we consider the
interaction between genes i and j, we can determine the properties
of the interaction by

L= (simWe e )
m

where I';; denotes the strength of the interaction, and the sign of
I';; is an indication of the interaction type. There are two types
of genetic interactions, the activation-target (AT) interaction and
the repressor-target (RT) interaction. AT interactions will result in
positive values of I';;, while for RT interactions I';; will result in
negative values. In order to distinguish significant links from whole-
genome predictions, we may screen out insignificant links using a
t-test at the significance level of 1%.

In addition, the latent factors L; at the latent layer also play
an essential role in modeling the hidden components in the
gene regulation networks (Sabatti and James, 2005). Similar to a
Bayesian version of the state-space model (Beal et al., 2005), these
latent factors are analogous to capturing the dynamic changes in
gene activations as functions of unobserved biological information,
including the activity levels of other unobserved genes or TFs, as
well as transcriptional and post-transcription effects. In our study,
the analysis resulting from the latent factors L; are immediately
interpreted as the influence of unknown factors that cannot be
measured in microarray experiments across time.

5. Results and discussion
5.1. Simulated data
A time-course data from 10-gene regulatory network with 2

latent factors was simulated. The simulation consists of various
sample sizes and noise levels. Let fj(t), y;(t) and ¢;(t) denote the
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expression level of latent factor i, gene i, and noise variable i, respec-
tively. The dynamic factor model for the 6-gene network is defined
as:

Ayq(t) = —-0.2f1(t) + 0.5y1(t — 1)+ 0.5y4(t — 1) + &4(t)
Ay, (t) = 0.4f5(t) — 0.5y,(t — 1) + 0.4y3(t — 1) + &5(t)
Ays3(t) = 0.6y3(t — 1) — 0.5y4(t — 1) + e3(t)

Aya(t) = 0.5y4(t — 1)+ 0.5y5(t — 1) + &4(t)

Ays(t) = 0.4f1(t) +0.7ys(t — 1) + &5(t)

Ayg(t) = —0.5y6(t — 1) + 0.5y7(t — 1) + &¢(t)

Ay7(t) = =0.5f,(t) + 0.5y7(t — 1) + 0.4yg(t — 1) + &(t)
Ayg(t) = —0.5yg(t — 1)+ 0.5y9(t — 1) + &g(t)

Ayg(t) = 03f2(t) + O.Syg(t — 1) — 0.5y10(f — 1)+ Sg(t)
Ay1o(t) = 0.5f2(t) — 0.7y10(t — 1) + £10(t)

where f;(t) ~N(0, 5), y;(0) ~ U(100, 500), and &;(t) ~ N(0, 0;2),i=1, 2,
..., 10. During the simulation, the values of y;(t) across time t must
be positive. The variance of noise o;2 is determined by the variance
ofy;(t). The noise level is quantified by a signal-to-noise ratio, where
o2 =Var(y;)/c, and c=10 or 4 for all i, representing data with signal
noise ratio equal to 10 or 4 (denoted by SNR10 and SNR4, respec-
tively). The model used in Eq. (7) is the dynamic of the 10-gene
network with 18 true links at time t, thereby the gene expressions
at time t are regulated by the latent factors at time t and the gene
expressions at time t — 1. The network roughly follows the sparse
property of cis-regulatory networks stated in van Someren et al.
(2002). The time-course data were simulated under four different
conditions; sample sizes (T=50 or 100) and noise levels (SNR10 or
SNR4), where T is the number of time points.

There were 100 experiments were carried out for each simu-
lation condition. For SNR4 group, the averaged true positive rates
(TPRs), true negative rates (TNRs) and false positive rates (FPRs)
yielded by the proposed algorithm when T=50 (100) are 90.6%
(971%), 93.2% (95.2%) and 6.8% (4.8%), respectively. For SNR10
group, the proposed algorithm results in averaged TPRs, TNRs, and
FPRs about 76.8% (83.9%), 82.6% (89.4%), and 17.4% (10.6%), respec-
tively for T=50 (100). Thus, the simulation studies on the 10-gene
network show that the proposed algorithm performs better when
SNR is large, which is a reasonable result. In addition, the proposed
algorithm is able to yield better result when sample size T is large
since a larger sample size gives more power to estimate the model
parameters.

6. Inferring genetic interactions in S. cerevisiae
6.1. Data preparation

In this study, we used the cell cycle cDNA microarray data in
Spellman et al. (1998), sampled from yeast cultures synchronized
by two independent methods: (-factor arrest (alpha) and elutria-
tion (elu). In these data sets, there are, respectively, 18 and 14 time
points with no replications. An abundance of number of time points
is helpful in (more time points are helpful to) the analysis of genetic
interactions of the whole genome. The time-course microarray data
of all genes are divided into five groups: M/Gq, Gq, S, G, and M.
The red (R) and green (G) fluorescence intensities are measured
from the mRNA abundance in the experimental group and the con-
trol group, respectively. A full description of these data sets and
complete normalized and raw data are available at http://cellcycle-
www.stanford.edu.

Raw data of the alpha and elu data sets are freely available in
Spellman et al. (1998), and complete normalized data of all data
sets are available for public access on the web. In this study, the
input of the proposed algorithm is the strength of the fluorescence
of wild-type genes in the control group. Thus, we retrieve the flu-
orescence signals of each gene from the Cy3-Channel (Channel-1)
microarray images. Afterward, a location and scale normalization

process (Dudoit and Yang, 2002) is applied to the data to adjust the
center and the spread of the distribution of the fluorescence sig-
nals obtained from the microarray images. Thus, we can obtain a
hybrid microarray data with 32 time points. It is worth mentioning
that there are two other data sets in Spellman et al. (1998) under
the treatments of blocking a cdc15 and cdc28 temperature-sensitive
mutants. However, the raw data of cdc28 data set is unavailable, and
the experimental conditions of the cdc15 data set are too compli-
cated. Thus, we will not use the cdc15 nor the cdc28 data set to
evaluate the performance of the proposed algorithm.

6.2. Prediction of genetic interactions in yeast

Transcriptional regulators (TRs) that activate the transcriptions
of DNAs are usually composed of a DNA-binding site and an activa-
tion domain. Transcription of DNA is initiated when transcriptional
activator protein is bound to its specific DNA-binding sites. There-
fore, transcriptional interactions are direct interactions. Because the
microarray data retrieved from Spellman et al. (1998) was collected
to identify the function of cell cycle-related genes, we focused on
predicting cell cycle-related transcriptional interactions annotated
in the YEASTRACT (Teixeira et al., 2006) and TRANSFAC (Matys
et al., 2003) databases. YEASTRACT and TRANSFAC databases are
accessible on the Internet and offer known associations between
TFs and genes with biological evidences and/or literature support.
We collected 118 and 64 transcriptional interactions from YEAS-
TRACT and TRANSFAC databases, respectively, to form a posteriori
knowledge data set to benchmark the proposed model. Besides the
interactions collected from the databases, we also collected 109
transcriptional interactions by surveying published literature. The
literature that we selected is related to the regulation of CIn-Cdc28
kinase. CIn-Cdc28 kinase is important because cyclin-dependent
kinase Cdc28 is associated with the CIn3 cyclin and seems to be
the most upstream activator (CIn3-Cdc28 complex) of two distinct
sets of transcriptional complexes, SBF and MBF. Therefore, cyclin-
dependent kinase Cdc28 may play an important role in the control
of the cell cycle progression in buddy yeast (Dirick et al., 1995;
Futcher, 1996; Levine et al., 1996; Stuart and Wittemberg, 1995;
Tyres et al., 1993; Alberghina et al., 1998). Thus, the a posteriori
knowledge data set is formed by 291 transcriptional interactions
(with AT/RT annotations) from various resources, and should be
adequate to avoid evaluation bias caused by lack of test data.

Gene expressions of 6116 genes in S. cerevisiae are used to fit the
proposed model. First, we use the proposed gene activity extraction
scheme to compute the activation levels of all genes across time. To
obtain the gene activity, we need to set up two parameters, the
mRNA self-degradation rate (A) and the transcription rate of the
gene (S, mRNA/h). To model the transcription, most previous studies
assume that the production rate of new mRNA is a constant, which s
approximately the same for all genes in the cell. However, to obtain
more accurate information, parameters A and S of each gene should
be measured individually. Hence, we conducted a series of RNAi
experiments that contain siRNA transfection protocol and nuclear
run-on analysis to measure the mRNA degradation and production
rates of each gene.

In the RNAi pathway for gene silencing, double-stranded RNA
(dsRNA) enters the cell through the transcription of endogenous
microRNAs (miRNAs), viral delivery, or endocytosis. After dsRNA
enters the cell, it encounters the dicer enzyme complex. The dicer
cuts the dsRNA into small fragments, called small interfering RNAs.
Then, the RNA inference silencing complex (RISC) binds these siR-
NAs, and uses their hybridization ability to target and degrade
longer complementary transcripts. Hence, with selection of effi-
cient targeting sequence, the transcription of a specific gene is
then inhibited. Followed by these procedures, RT-PCR experiment
is conducted to measure total amount of RNA isolated from the
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Fig. 5. Top-25 significant links predicted by the proposed model using alpha data set. We observed that BAS1, IME1, GCN4, and PCK1 are possible essential regulators that

control several genes in the predicted network.

experiment well. We can use this procedure to determine the time
it takes for a gene’s product to lose half of its quantity. There-
fore, the time can be calculated by the aforementioned mRNA
self-degradation rate (A). A nuclear run-on analysis is conducted
to identify the quantity of a gene’s product that is being tran-
scribed at a certain time. First, we lyse a number of cells to retrieve
the nuclei. The transcription process is halted due to the nuclei
were removed. We conducted RT-PCR experiment (with reverse
transcription) to measure the initial number of mRNAs. Then, we
allow transcription to finish and measure how many mRNAs are
produced from the stalled RNA polymerase, and then we can mea-
sure the transcription rate of gene (S, mRNA/h) after the cells were
lysed. By conducting the RNAi experiments, the mRNA production
and degradation rates of 4817 and 5119 genes are measured. Thus,
in this study we focus on 4817 genes in S. cerevisiae which have
both A and S available from the RNAi experiments. The complete
list of production and degradation rates of all genes is avail-
able at http://bem.bime.ntu.edu.tw/clchuang/CNNM_Supp.pdf. An
alternative way for the readers may be to set S as the average
production rate of all genes, 737 mRNA/h, and A as the average
degradation rate of all genes, as 18.87.

We assume that the number of latent factors of the number of
genes in a genome is 1%. Hence, we set the number of latent factors
at the latent layer of the proposed model to 48. Scale factors s;; are
initialized by, and bias factors b; are fixed at 0. Subsequently, we
apply the proposed model to fit the activation levels of 4817 genes
at the whole-genome scale using alpha and elu data sets.

Before we report the comparison results between the proposed
algorithm and other alternatives, we need to define the perfor-
mance metrics used in this study. There are 291 true links confirmed
via database and literature. These true links signify not only the
existence of the links, but also the interaction type (AT or RT) of the
link. Hence, the definition of “correctly predicted link” is that an AT
(RT) link is predicted to have a positive (negative) score; otherwise,
the predicted link is regarded as “incorrectly predicted link”. The
true positive rate is the number of correctly predicted links divided

by the number of true links (which is 291). In addition, we need to
ensure that all comparisons are properly controlled for false posi-
tive rates. Thus, the prediction accuracy is the number of correctly
predicted links divided by the number of significant links, and the
significant links are determined by the control of false positive rates.

For the alpha data set, 98,087 out of 23,203,489 possible links
are predicted to be significant interactions. The true positive rate
yielded by the proposed model is 73.9% (215/291). There are 174 out
of 291 links are identified as significant links by t-test at two-tailed
significant level of 1%. Among the 174 significant links, 147 links
are correctly predicted; thereby the prediction accuracy is 84.5%
(147/174). Among 98,087 potential links, we select the top-25 sig-
nificant links to construct a genetic regulatory network as shown
in Fig. 5. Since it is not possible to know negative links, we show
the plot of the true positive rate versus the prediction accuracy in
Fig. 6 instead of the receiver operating characteristic (ROC) curve.
We can see that most of the links are related to four genes, which
are BAS1, IME1, GCN4, and PCK1. It is known that Bas1 the primary
regulator and induces the expression of genes related to purine and
histidine biosynthesis pathways (Daignan-Fornier and Fink, 1992).
BAS1 is predicted to be a positive regulator for GCN4, and GCN4
has a similar function to regulate the expression of genes involved
in purine biosynthesis and glycogen homeostasis (Natarajan et al.,
2001). Moreover, GCN4 is also predicted to be a negative regulator
of CYB2, and CYB2 is known to be repressed by glucose condition
(Lodi and Guiard, 1991). IME1 is a regulator that activates the tran-
scription of early meiotic genes through interaction with UME6
(Guttmann-Raviv et al., 2002). In the predicted network, IME1 is
an indirect positive regulator to UMEG, and UMES6 is also reported
as a key regulator of early meiotic genes (Vershon and Pierce, 2000).

Moreover, the proposed model has been applied to the elu data
set to infer genetic interactions. Among 23,203,489 possible links,
79,102 are predicted to be significant interactions. By checking the
prediction results against 291 transcriptional interactions in the a
posteriori knowledge data set, the proposed model yields a 71.8%
(209/291) true positive rate. There are 152 out of 291 links are iden-

Please cite this article in press as: Chuang, C.-L., et al., A robust correlation estimator and nonlinear recurrent model to infer genetic interactions
in Saccharomyces cerevisiae and pathways of pulmonary disease in Homo sapiens. BioSystems (2009), doi:10.1016/j.biosystems.2009.05.013



dx.doi.org/10.1016/j.biosystems.2009.05.013
http://bem.bime.ntu.edu.tw/clchuang/CNNM_Supp.pdf

GModel
BIO-2984; No.of Pages 16

C.-L. Chuang et al. / BioSystems xxx (2009) XXX—XXX 9
1 1
0.95 1 0.95F &
=
é 0.9 B 3 09r 4
= <
g £
3 5
2 083 1 5 085) -
£ £
0.8 B 0.8} i
0 75 1 1 1 A 1 1 0 75 1 1 1 1 1 1 1
01 0.2 03 0.4 05 0.6 0.7 0.8 0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8

True-Positive Rate

Fig. 6. Plot of true positive rate versus prediction accuracy of the proposed model
using alpha data set.

tified as significant links by t-test at two-tailed significant level of
1%. Among the 152 significant links, 133 links are correctly pre-
dicted; thereby prediction accuracy is around 87.5% (133/152). The
top-30 significant links are selected to construct a genetic regula-
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Fig. 8. Plot of true positive rate versus prediction accuracy of the proposed model
using elu data set.

tory network shown in Fig. 7. The plot of the true positive rate versus
the prediction accuracy is shown in Fig. 8. We can see that 8 out of 30
links are outgoing links emitted from SPO12, which implies that it
plays an essential role in the regulation of cellular functions. SPO12
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Fig. 7. Top-30 significant links predicted by the proposed model using elu data set. Several interactions are confirmed with biological evidences.
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Table 1

Summary of the true positive rates (TPRs) and prediction accuracy (PreAcc) yielded by LPC, EB-GMMs, PARE, DBN, VBEM, MAPEM and the proposed model using alpha and

elu data sets in Spellman et al. (1998).

Method Data set

alpha elu

Correctly predicted links TPR? (PreAcc)? Correctly predicted links TPR? (PreAcc)®
LPC 139/291 (23/41) 47.8% (56.1%) 148/291 (28/47) 50.9% (59.6%)
EB-GGMs 151/291 (34/54) 51.9% (62.9%) 157/291 (43/64) 54.0% (67.2%)
PARE 197/291 (152/214) 67.7% (71.0%) 193/291 (171/228) 66.3% (75.0%)
DBN 12/291 (0/3) 4.1% (0.0%) 14/291 (1/5) 4.8%(20.0%)
VBEM 62/291 (46/102) 21.3% (45.1%) 65/291 (53/119) 22.3% (44.5%)
MAPEM 134/291 (32/58) 46.0% (55.1%) 141/291 (33/55) 48.5% (60.0%)
The proposed model 215/291 (147/174) 73.9% (84.5%) 209/291 (133/152) 71.8% (87.5%)

2 TPR is the number of correctly predicted links divided by the number of true links.

b PreAcc is the number of correctly predicted links divided by the number of significant links.

has been implicated in the positive regulation of meiosis (Buonomo
et al., 2003). In addition, SPO12 has been identified to be a positive
regulator of the exit from mitosis (Chaves and Blobel, 2001). SPO12
and DBF2 are both reported to be related to the regulation of the
mitotic cell cycle in buddy yeast (Toyn and Johnston, 1993, 1994).
Extra copies of SPO12 can suppress DBF2, and the acquisition of
an extra chromosome VIII, which carries the SPO12 locus, will also
suppress DBF2 (Toyn and Johnston, 1993). SPO12 was reported to be
involved in the activation and release of Cdc14 from the nucleolus
during early anaphase (Asakawaa and Toh-e, 2002; Stegmeier et
al,, 2002, 2004). In the predicted network, MCMT1 is predicted to
be a suppressor of STE6, and STE6 is predicted to be a suppressor
of STE12. Thus, we can interpret these interactions as an indication
that MCMT1 is an indirect positive regulator of STE12. In Bruhn and
Sprague (1994), MCM1 is reported to mediate the interaction with
both alpha-1 and STE12 for cell-type-specific gene regulation and
DNA binding.

The predictions using the alpha and elu data sets were compared
with independently published data as mentioned above. There was
good agreement between the published and the predicted genetic
interactions, which reinforce the possibility of applying the pro-
posed model to predict pathways of the biological processes.

For the purpose of comparing the proposed model with exist-
ing methods, a lagged Pearson correlation (Schmitt et al., 2004),
an empirical Bayesian-based Gaussian graph model (Schafer and
Strimmer, 2005), a pattern recognition approach (Chuang et al.,
2008), a dynamic Bayesian network (Perrin et al., 2003), a varia-
tional Bayes EM (Beal et al., 2005), and a state-space model (Rangel
etal., 2004a) were applied to infer the interactions in the a posteriori
knowledge data set. The model formulations of the lagged Pearson
correlation (LPC), the empirical Bayesian approach-based Gaussian
graph models (EB-GMM), the pattern recognition approach (PARE),
the dynamic Bayesian network (DBN), the variational Bayes EM
(VBEM), and the state-space model (MAPEM) are based on the log-
ratio of the gene expression levels. We retrieved the normalized
gene expression data of alpha and elu data sets from Spellman et al.
(1998), and applied LPC, EB-GMMs, PARE, DBN, VBEM, and MAPEM
to infer genetic interactions. For the alpha data set, the true posi-
tive rates yielded by LPC, EB-GMMs, PARE, DBN, VBEM and MAPEM
are 48% (139/291), 52% (151/291), 68% (197/291), 5% (12/291), 21%
(62/291), and 46% (134/291), respectively. For the elu data set, the
true positive rates yielded by LPC, EB-GMMs, PARE, DBN, VBEM
and MAPEM are 51% (148/291), 54% (157/291), 66% (193/291), 5%
(14/291), 22% (65/291), and 49% (141/291), respectively. We have
applied all approaches to the alpha and elu data set with their
controls of false positive rates. In alpha data set, the prediction accu-
racies yielded by LPC, EB-GMM, PARE, DBN, VBEM and MAPEM, and
the proposed method are 56% (23/41), 63% (34/54), 71% (152/214),
0%(0/3),45%(46/102),55% (32/58), and 85% (147/174), respectively.
In addition, in elu data set, the prediction accuracies yielded by

LPC, EB-GMM, PARE, DBN, VBEM and MAPEM, and the proposed
method are 60% (28/47), 67% (43/64), 75% (171/228), 20% (1/5), 45%
(53/119), 60% (33/55), and 88% (133/152), respectively. The results
show that the performance of the proposed model is better than
that of the other six algorithms. The evaluated results are summa-
rized in Table 1 for comparison.

7. Predict pathways of pulmonary disease in H. sapiens
7.1. Experiment conditions and data preparation

Mycobacterium tuberculosis is a global infectious disease with
approximately one-third of the world population having been
exposed to it. The disease kills more than two million people
annually. M. tuberculosis (MTB) is a major cause of human tuber-
culosis. Numerous studies have focused on the immune response
to MTB. During the early stages of human tuberculosis, MTB
induces an immune response which subsequently leads to the
development of pulmonary granulomas (Flynn and Chan, 2001).
Pulmonary granulomas consist of macrophages, T cells, B cells, and
fibroblasts. Recent research reveals that fibroblasts are essential in
secreting chemokine for modulating the inflammatory response
to MTB infection and influencing the survival of MTB within the
macrophages (O’Kane et al., 2007). Furthermore, fibroblasts involve
in the regulation of granuloma formation during MTB infection
(O’Kane et al., 2007, 2008). Despite the potentially crucial role
of fibroblasts in MTB infection, knowledge of the detailed MTB-
regulated mechanism in fibroblasts, especially its relation to MTB
secreted protein, is still very limited. The CFP-10/ESAT-6 protein
(CFES) is very famous secreted proteins from MTB and has been
shown to elicit an immune response in the host organism (Abramo
et al., 2006; Meher et al., 2007). However, the role and function of
CFES in fibroblasts is not clear. To characterize the regulatory mech-
anisms of CFES, we have carried out whole-genome microarray
experiments to identify potentially crucial pathways in the CFES-
treated human diploid fibroblasts (WI-38) cells.

The following is the information on the experimental conditions
underlying each microarray sample. The WI-38 cells were cultured
in Modified Eagle Medium (Gibco) containing 10% fetal clf serum
(FCS), 2 mM L-glutamine, 1 mM sodium pyruvate, 100 pg/mL strep-
tomycin, 0.025 p.g/mL amphotericin B, and 100 U/mL penicillin at
37°C with 5% CO,. The bacterial vector pET29b-CFES was created
by cloning CFP-10 and ESAT-6 from the H37Rv strain of MTB and
was transformed into Escherichia coli BL21 (DE3). IPTG was used to
express abundant amounts of recombinant CFP-10/ESAT-6 protein
(CFES). Next, we purified CFES protein using affinity chromatog-
raphy with nickel ion characteristic and dialysis. The Bio-Rad DC
Protein Assay Kit was used to measure CFES concentrations. The
purity of the CFES protein was controlled at a level above 95% as
assessed by the densitometry of SDS-PAGE gels. In addition, MALTI-
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Fig. 9. Visualization of the CFES-treated WI-38 cell microarray data. The microarray data consists of 8 time points (7 in visualization plot) with 3 replicates.

TOF mass spectroscopy was used to confirm that the CFES protein
was composed of CFP-10 and ESAT-6. WI-38 cells were arrested
at the GO/G1 phase after treatment with serum free medium for
24h, treated with CFES (12.5 wM), and incubated for O, 3, 8, 16,
24, 32, 40, and 48 h. Total RNA was extracted with Trizol reagent,
according to the manufacturer’s protocol (Invitrogen) and with
RNeasy Mini Kit (Qiagen). Purified RNA was quantified at OD260
with an ND-1000 spectrophotometer (Nanodrop), and determine
the amounts of the mRNA was determined with Agilent Bioanalyzer
2100 (Agilent). Total RNA was amplified with a Fluorescent Linear
Amplification Kit (Agilent). Next, cRNA was hybridized onto human
whole-genome oligo microarrays (Agilent), according to the manu-
facturer’s protocols. A total of 43,931 probe sets on the arrays were
analyzed. Feature Extraction Software (Agilent) was used to analyze
the scanned images and to estimate the differential gene expression
by calculating the statistical confidences. We selected 41,675 probe
sets by rank-consistency-filtering using the LOWESS method. These
probe sets were aligned to 7526 genes and exons with 8 time points
and 3 replicates based on genomic coordinates provided for each
probe set from the Agilent microarray specification. The visualiza-
tion of the CFES-treated WI-38 cell microarray data can be obtained

Table 2

by subtracting the first time point of each gene from the following
ones, as shown in Fig. 9. The microarray data is freely available at
http://bem.bime.ntu.edu.tw/clchuang/CNNM_MTB_Data_Raw.zip.

7.2. Prediction of interactions in human disease pathways

By surveying previous published studies, we suggest the read-
ers to set S to the average production rate of all genes, 10 (mRNA/h),
and A to the average degradation rate of all genes, 120 (Chen et
al,, 2004; Yang et al., 2003). Then, we applied the proposed model
to fit the microarray data, and 181,797 out of 56,640,676 possi-
ble links were predicted to be significant interactions. There are
fourteen human cancer pathways in the KEGG DISEASE database
(Kanehisa et al., 2006). We checked the predictions against the
disease pathways annotated in the KEGG database. We found
that the prediction results yielded by the proposed model were
highly consistent with the pathways of small cell lung cancer,
non-small cell lung cancer, acute myeloid leukemia, and cell adhe-
sion molecular disorder. The matching results of the predicted and
annotated interactions in each disease pathway are summarized in
Table 2.

Summary of the true positive rates of the proposed model by checking the predicted links against the known interactions in human diseases.

Pathway Name Predicted links Correct predictions Prediction accuracy
hsa04514 Cell adhesion molecules (CAMs) 7 5 71.4%
hsa05221 Acute myeloid leukemia 51 44 86.3%
hsa05222 Small cell lung cancer 17 14 82.4%
hsa05223 Non-small cell lung cancer 20 19 95.0%
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Fig. 10. Regulatory network constructed by the true positive links predicted by the proposed model in the pathways of small cell lung cancer and non-small cell lung cancer.

Several long-term clinical studies have shown that a large per-
centage of MTB patients show evidence of permanent obstruction
or restrictive impairment of lung function (Willcox and Ferguson,
1989; Krishna et al., 1977; Vargha, 1983). For MTB patients who had
damaged lung function, the risk of triggering the development of
lung cancer is more than twice that of people with healthy lung (Sin
et al., 2004; Man et al., 2003). By reviewing the medical records of
patients with coexisting MTB and lung cancer, it has been reported
that the incidence of lung cancer is significantly higher in MTB
patients (Chen et al., 1996). Recent reports have shown that CFES
protein released from MTB can have directly influence suscepti-
bility to lung immune system (Abramo et al., 2006; Meher et al.,
2007). Furthermore, fibroblasts play an essential role in modulat-
ing inflammatory response to MTB infection (O’Kane et al., 2007). It
has been reported that inflammatory response-altering interleukin
1 (IL1) gene variations may raise the risk to develop lung cancer
(Engel et al., 2007). Thus, we turned our focus to the disease path-
ways of small cell lung cancer and non-small cell lung cancer. The
prediction result given by the proposed model contains 37 posi-
tive prediction interactions related to the pathways of lung cancer.
By checking the known interaction annotated in KEGG database,
33(89.1%) among them are true positives. These true positive links
are shown in Fig. 10 as a gene regulatory network. The functions
of 31 genes that involve in the predicted network are summarized
in Table 3. A high percentage of genes were identified to involve in

essential functions of MAPK, cell death, and apoptosis. There are 9
genes found to be oncogenes that may play a role in the malignant
transformation to acquire the properties of cancer. Furthermore, 18
genes were found to involve in more than 5 cancer pathways. Thus,
the prediction result yielded by the proposed model suggests that
CFES protein released from MTB may be a potential factor to initi-
ate the pathogenesis of lung cancer. With previous clinical studies
mentioned in above state the associations between MTB and lung
cancer, it would be worth for us to conduct a more comprehen-
sive investigation into the relation between CFES protein and lung
cancer at the molecular level.

As summarized in Table 2, it can be seen that the result given
by the proposed model is highly consistent with interactions in the
pathway of acute myeloid leukemia (AML). There are a total of 51
interactions that have been identified as positive links. By checking
the result against the KEGG database, 44 (86.3%) among them were
true positives in the pathway of AML. We formed these true positive
links into a regulatory network as shown in Fig. 11. The predicted
network encompasses with 36 genes summarized in Table 4. We
can see that a large number of genes involve in functions of cell
death, apoptosis, MAPK, and immune system response. In addition,
31 genes are identified to be oncogenes, and 15 genes involve in
more than 5 cancer pathways. The predictions suggest that CFES
protein released from MTB may be a potential factor in the genesis
of AML. Such inference is valid only if the MTB has invaded bone
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Table 3
Summary of functions of genes predicted to involve in the pathways of lung cancer.
KEGG or KEGG or
GO database GO database

Gene Symbol BIOCARTA pathway Gene Symbol BIOCARTA pathway
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Fig. 11. Regulatory network constructed by the true positive links predicted by the proposed model in the pathway of acute myeloid leukemia.
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Table 4
Summary of functions of genes predicted to involve in the pathways of acute myeloid leukemia.
KEGG or KEGG or
GO database GO database
Gene Symbol BIOCARTA pathway!Gene Symbol BIOCARTA pathway
eleleoelaloleie!l e j j 29 {‘ & : @ : ®
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(I MAPK, @ Cell death, G) Immune system, @) Apoptosis, & Immune system, (&) MAPK

signaling, (7) Oncogene, (8) Number of cancer pathways involved.

marrow, since only bone marrow necrosis may induce AML. In order
to verify the inference of the proposed model, clinical evidence
that addresses the association between MTB and AML is required,
and will now be discussed. In earlier clinical studies (Chandra et
al., 1986; Lowther, 1959; Twomey and Leavell, 1965), a variety of
haematological alternations ranging from various cytopenias to
leukemoid reactions and frank leukemia in association with MTB
were reported. In Sen et al. (1991), the relationship between devel-
oped MTB and myelodysplastic syndrome has been confirmed,
where the myelodysplastic syndrome is known to represent a pre-
leukemic state in the stem cells and evolves into the pathogenesis of
AML (Francis and Hoffbrand, 1985). In Olaniyi and Aken’Ova (2003),
it was reported that MTB patients can develop leukocytosis. In addi-
tion, MTB can present with bone marrow necrosis to induce AML
(Kumar et al., 2005; Paydas et al., 2002; Al-Anazi et al., 2007), and
then cause fatality. These clinical studies further support the infer-
ence given by the proposed model in the relation between CFES
protein released from MTB and AML.

Finally, we looked into the association between cell adhesion
molecules and MTB. There are a total of 11 links were predicted to
be positive interactions, and 8 (72.7%) out of them were true pos-
itives annotated in the KEGG database. The predictions yielded by
the proposed model can be interpreted as the fact that CFES pro-
tein released from MTB causing inflammatory response in lung, and
these reactions are a part of the pathway regulated by cell adhe-
sion molecules. Many studies have indicated the importance of cell
adhesion molecules in the pathogenesis of various inflammatory
lung diseases (Mukae et al., 2003), which includes inflammatory
and immune responses caused by MTB infection. In Lai et al. (1993),
ithas beenreported that cell adhesion molecules may be involved in

the pathogenesis of MTB, and that some adhesion molecules could
be used as markers to diagnose the disease activity. Thus, the clinical
evidence mentioned above further supports the inferences yielded
by the proposed model that cell adhesion molecules play a role in
inflammatory and immune responses against CFES protein released
from infectious MTB.

The consistencies between prediction and known human dis-
ease pathways reinforce the possibility of using the proposed model
to predict pathways of complex human diseases.

8. Conclusions

The proposed nonlinear model first calculates the activation
levels of genes using a robust correlation estimator and the gene
activity extraction scheme. Next, it uses a recurrent network to
model the mechanism of gene regulation. After the nonlinear fitting
process, the parameters of the tuned network can be used to pre-
dict the functional linkage between genes. The proposed model was
applied to simulated data set and microarray data setsin . cerevisiae
and H. sapiens. For S. cerevisiae, the proposed model was applied to
alpha and elu date sets in Spellman et al. (1998). The true posi-
tive rates of the proposed model were 73.9-71.8% in the alpha and
elu data set, respectively. The performance of the proposed model
was evaluated and compared with the lagged Pearson correlation,
Bayesian-based Gaussian graph model, the pattern recognition,
the dynamic Bayesian network, the variational Bayes EM, and the
state-space model using the same microarray data sets. The results
showed that the proposed model outperformed the other six algo-
rithms. Furthermore, many predicted interactions were shown to
agree with known interactions. These consistencies indicate that
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the proposed model has the potential to predict genetic interac-
tions.

Furthermore, the proposed model was applied to time-course
gene expression data of CFES-treated human diploid fibroblasts
(WI-38) cells. By matching the predicted interactions against
known interactions annotated in the KEGG database, the proposed
model yielded high true positive rates in four human disease path-
ways. These pathways are considered to be highly related to the
CFES-treated WI-38 cells, which are small cell lung cancer, non-
small cell lung cancer, acute myeloid leukemia, and cell adhesion
molecular disorder. The true positive rates of the proposed model in
the prediction of the interactions in human diseases ranged from
71.4% to 95%. The prediction results imply that CFES-treated WI-
38 cells might have activated these human diseases due to the
treatments used in the experiment. By surveying previous stud-
ies and reports, many clinical researchers confirmed the inference
made by the proposed model for many clinical medical records.
Thus, the proposed model may be a feasible tool to predict interac-
tions in complex human diseases. The predicted interactions in the
pathways need to be further investigated in order to unravel the
underlying regulatory mechanisms of complex diseases, which we
leave for future research.
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