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Abstract
Revealing the structure and dynamics of gene
regulatory networks (GRNs) is of great interest
and represents a considerably challenging com-
putational problem. The GRN estimation prob-
lem is complicated by the fact that the num-
ber of gene expression measurements is typi-
cally extremely small when compared to the di-
mension of the biological system. Many recent
GRN inference methods are founded on or-
dinary differential equations (ODE). However,
because gene regulation process is intrinsically
complex, commonly used parametric models
can provide too simple description of the un-
derlying phenomena and, thus, can be unreli-
able.
The presented novel framework is based on the
use of Bayesian analysis with ODEs and non-
parametric Gaussian process modeling for the
transcriptional level regulation. It is applicable
to structure learning and prediction of the dy-
namic behavior of a GRN. The uncertainty in
measurements is taken into account by using a
noise model and Bayesian analysis, and uncer-
tainty in the phenomena is tackled by utilizing
non-parametric modeling.
The performance of the proposed structure
and dynamics inference method is evaluated
using the recently published in vivo reverse-
engineering and modeling assessment (IRMA)
data set. By comparing the obtained structure
inference results with those of existing ODE-
based inference methods we demonstrate that
the proposed method provides more accurate
network structure learning. By splitting the
IRMA data set into training and test sets, we
also demonstrate that the model is able to cap-
ture dynamics of the system.

Model
Let xi(t) denote the expression of gene i at time
t and vector x̂i(t) denote the expressions of
genes that regulate gene i. The model of gene
regulation is a first-order differential equation

ẋi(t) ' ∆xi(t) = αi + fi

(
x̂i(t)

)
− λixi(t),

where α is the basal rate, fi is an unknown reg-
ulatory function of gene expressions and λi is
the degradation rate. If one wants to infer reg-
ulatory interactions from steady-state measure-
ments, then the rate of expression is set to zero

ẋi(t) ' 0 = ∆xi(t) = αi + fi (x̂i(t))− λixi(t).

In practice, the exact values of αi and λi are un-
known, thus we assign distribution to them

∆xi(t) = fi(x̂i(t)) + h(xi(t)) [αi, λi]
T
,

where h(xi(t)) = [1, −xi(t)] and [αi, λi]
T has

a normal prior N (b, B). Later on, we will in-
tegrate them out to get the complete marginal
likelihood.

Gaussian Processes
One of the key ideas behind our method is to
use Gaussian processes to learn the unknown
regulation function fi(·) from the data. We may
write

gi(xi, x̂i) ∼GP
(
h(xi)Tb,

k(x̂i, x̂′
i) + h(xi)TBh(x′

i)
)
,

where gi(xi, x̂i) represents ∆xi. Under these
assumptions, it is possible to derive the
marginal likelihood and prediction equations
in analytical form. The hyperparameters of the
Matérn covariance function are optimized (ML-
II) by maximizing the (log) marginal likelihood
with a conjugate gradient method.

Model Selection
Let Mj denote a network structure. The pos-
terior probability of a given model Mj can be
obtained by applying Bayes’ theorem

p(Mj |∆xi, X) =
p(Mj)p(∆xi|X,Mj)∑
j p(∆xi|X,Mj)p(Mj)

,

where terms p(∆xi|X,Mj) are obtained by
evaluating the optimized marginal likelihood
for each gene i (corresponding to the explana-
tory variables specified by Mj) and p(Mj) is
the prior probability of the network structure
Mj . Because the model selection relies on the
marginal likelihood, the variable selection au-
tomatically favors models that are explanatory
but at the same time not too complex.
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Results
The method was evaluated on the IRMA dataset which contains two time-series and two steady-
state data sets.
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The topology of the inferred IRMA network (p = 0.5) from switch-on and switch-off data set and
the regulatory function of GAL4 learned from switch-off data set. Our method found out correctly
the regulatory genes of GAL4.. It can be seen that the method found out correctly that gene CBF1
is an activator and gene GAL80 is a repressor. This demonstrates that the proposed non-parametric
model is able to learn the regulatory role of different explanatory variables even in the case of
combinatorial regulation.
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Plotted are the P-ROC curves on switch-on and switch-off data sets and the TSNI results.
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Predicted expression profile of gene GAL4. Switch-off data set was used as a training set and
switch-on as a test set. As before, the method found out correctly the regulatory genes, i.e., this
combination of regulatory genes had highest posterior probability.
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