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Abstract
Topological inference of biological interaction networks from experimental data
is a fundamental research topic in the broad area of Systems Biology. Sev-
eral algorithms presented in the literature have been devised in order to infer
the topology of a network from time-course data. The present work intro-
duces a novel method for reverse-engineering gene regulatory networks from
time-course experiments, which combines the instrumental variables technique
for the identification of dynamical systems with a regularization strategy for
dealing with over-parametrized systems. Differently from least squares methods,
the proposed approach can explicitly address the bias and nonconsistency issues
that arise when dealing with time-course measurements, thus yielding improved
performance with respect to methods designed for steady-state data. Moreover,
the devised approach, which has been named RIVA (Reverse-engineering of
biological networks via Instrumental VAriables), can simultaneously exploit
multiple time-series, thus enabling one to get improved results by collecting
and exploiting data from multiple experiments, and is computationally efficient,
thus it can be also applied to large-scale (in the order of thousands of nodes)
networks. To analyze the applicability and effectiveness of RIVA, we performed
several tests, both with simulated data and with experimental data, and com-
pared the results against other state-of-the-art inference methods designed for
time-series data.

K E Y W O R D S
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1 INTRODUCTION

A key challenge in the field of Systems Biology is the reverse-engineering (or inference) of the topology of biological
interaction networks at the molecular level using the measurements of the nodes’ expression under different experimen-
tal conditions, for example, external perturbations (drugs, signaling molecules, pathogens), or changes in environmental
conditions (change in the concentration of nutrients, or in the temperature level). Most biological processes are con-
trolled by gene regulatory networks, thus it is paramount to understand how the expression of each gene is influenced
by the other ones over time. To this aim, several algorithms have been proposed to infer a gene regulatory network from
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time-course experimental data using different methodologies, for example, TSNI,1 based on regression, or the Inferelator,2
based on meta predictors. There are also algorithms based on statistical methods, such as Bayesian networks3 and Mutual
Information theory,4 which are currently the most widely used tools for network inference in biology. Such approaches
usually require large datasets and/or assume that the measurement samples are independent. In many situations, how-
ever, only a small number of experimental data points may be available, and the assumption of independent samples is
clearly not satisfied for measurements of the same gene expression at two consecutive time-points. On the other hand,
methods based on the identification of ordinary differential equation (ODE) models of biological networks, have been
shown to provide an effective alternative to statistical approaches.5-11 A common limitation to the practical application
of the latter class of methods is the detrimental effect of measurement noise. Indeed, the performance of the dynamical
model-based approaches have been shown to degrade significantly in the presence of even limited amounts of noise in the
measurement data,.6,8,12,13 In Reference 10, the authors propose an approach for network inference that takes into account
noise and nonlinear dynamics; this method, however, seems to be only suitable for small-scale networks. An attempt to
address the problem of noise, using the Constrained Total Least Squares (CTLS) algorithm, showed promising results,14

but involves a level of computational complexity that limits its application to relatively small-scale networks as well.
In this work, we describe an alternative approach which explicitly takes into account the effect of measurement noise

within the inference process while minimizing computational overheads, so that large-scale networks can be inferred. In
fact, the RIVA algorithm introduced in this work can be effectively applied to networks of thousand nodes, thus it is pos-
sible to overcome the computational limitations of the aforementioned methods. Our approach exploits the Instrumental
Variables (IV) identification technique p. 486 of Reference 15, to avoid the introduction of bias and nonconsistency due
to measurement noise, which affects the estimation of the parameters of a dynamical system when using the standard
Least Squares (LS) method.

Network inference methods typically tackle the problem in two steps: first, the full model structure is identified, thus
assigning a weight to each putative edge between every pair of node; subsequently, the edges are ranked according to
some criterion based on the computed edge weights. This strategy also poses the challenging problem of selecting the
true edges among all the possible candidates.

This is a feature selection problem, which can be tackled by means of some regularization strategy, such as the regular-
ized LS (RLS) technique, called ridge regression in statistics p. 49 of Reference 15, to deal with over-parametrized models
and with the related problem of under-determination of the model structure. These techniques introduce a penalty on
the norm of the optimization variables, thus reducing the variance of the estimated parameters, which are subject to a
shrinking around the true value. Consequently it is easier to identify the parameters with true values equal to zero and
remove the corresponding terms from the estimated model.

The proposed approach has been first evaluated against a simulated dataset, generated via GeneNetWeaver (GNW),
an open-source tool for the automatic generation of in silico gene networks and reverse engineering benchmarks.16-18

Although our approach is based on the use of linear models of biological interaction networks, the in silico networks
used for its evaluation are nonlinear. The proposed algorithm is also tested on experimental micro-array data measuring
the time-course expression of a regulatory subnetwork of the cell cycle in S. cerevisiae. Finally, the results obtained by
RIVA are compared with those yielded by other two state-of-the-art network inference algorithms, namely dynGenie319

and BINGO.20 The results show that the proposed approach yields in most cases superior performance, while requiring
a much lower computational burden and, thus, being more scalable to large networks.

2 METHODS

The RIVA inference algorithm is based on the combination of the IV and RLS methods. In this section we introduce
the machinery of the proposed technique. Subsequently, the generation of the different datasets used to evaluate the
performance of RIVA is illustrated. Moreover, we briefly recall the main features of dynGENIE3 and BINGO.

Our approach is based on the use of Linear Time-Invariant (LTI) models of the network dynamics, in the form

ẋ(t) = Ax(t) + Bu(t), (1)

where x(t) = (x1(t), … , xn(t))T ∈ Rn, the state variables xi, i = 1, … ,n, denote the quantities of the different compounds
present in the system (e.g., mRNA concentrations for gene expression levels), A ∈ Rn×n is the state transition matrix and
B ∈ Rn×m is a matrix that determines the direct targets of external perturbations u(t) = (u1(t), … ,um(t))T ∈ Rm (e.g.,
drugs, overexpression, or downregulation of specific genes), which are typically induced during in vitro experiments.
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Although the dynamics of biological networks are typically nonlinear, the use of linear models in network inference
algorithms is fairly common and is justified by the fact that our goal is not to identify an accurate predictive model of the
state trajectory of the biological system, but rather to recover the functional dependencies between the state variables.
Furthermore, the use of a linear model relies on the assumption that the system is at steady state and the it undergoes
a relatively small perturbation. Note that the derivative (and therefore the evolution) of xi at time t is directly influ-
enced by the value xj(t) if {A}ij ≠ 0. Moreover, the type of influence (i.e., whether the source node promotes or inhibits
the expression of the target node) and the strength of this interaction can be associated with the sign and magnitude of
the element {A}ij, respectively. Thus, if we consider the state variables as quantities associated with the nodes of a net-
work, matrix A can be considered as a compact numerical representation of the network topology, that is, a weighted
adjacency matrix. Therefore, the network topology can be inferred by identifying the dynamical system (1) from the
experimental measurements.5,7,21,22 In particular, while the adjacency matrix A provides information about the edges
of the network, the input matrix B can be associated to the experimental perturbations. Each column of B is associ-
ated to a different type of perturbation that can be imposed to the network: each column has one or more nonzero
entries defining which nodes are direct targets of that specific perturbation. If the input vector for the pth experiment is
defined as

u(p)(⋅) =
(

0 … 0 up(⋅) 0 … 0
)T

,

the effect of the pth perturbation is determined by the pth column of B and by up(⋅). Note that, using the same model, it
is also straightforward to deal with experiments where a combination of multiple perturbations is applied, by allowing
more than one element of u(p) to be nonzero.

Given the perturbation inputs and the corresponding measurements of the full state of the network sampled at h + 1
time points, that are ū(p)(tk) and x(p)(tk), k = 0, … , h, for each perturbation experiment, p = 1, … ,m, the problem can
be reformulated in the discrete-time domain as

x(p)(k + 1) = Adx(p)(k) + Bd ū(p)(k), (2)

where, for the sake of brevity, we adopt the notation x(p)(k) ∶= x(p)(tk). Note that we assume equispaced samples in time; in
the case of non-equispace sampling, the data have to be interpolated (e.g., through a cubic spline) to generate the missing
samples.

The matrices Ad and Bd are the discretized counterparts of the time-continuous A and B in (1). Using a discretiza-
tion method, for example, the zero-order-hold, it is easy to demonstrate that Ad ≈ I + A Ts and Bd ≈ B Ts, where the
approximation is closer when the sampling time Ts is sufficiently small with respect to the dominant time-constant of the
time-continuous system (see the appendix in Reference 8). Thus, the topology of the network and the targets of pertur-
bations can, at least in principle, be inferred also by Ad and Bd. For the sake of simplicity, in the following we will use the
symbols A and B to denote Ad and Bd. Let

X
+
p =

(
x(p)(1) … x(p)(h)

)
∈ R

n×h,

Xp =
(

x(p)(0) … x(p)(h − 1)
)
∈ R

n×h,

Ūp =

(
ū(p)(0) … ū(p)

n (h)
0 … 0

)
∈ R

n×h,

The identification model reads

Ξ = Θ̂Ω, (3)

where

Ξ ∶=
(

X
+
1 … X

+
m

)
, Θ ∶=

[
Â B̂

]
, Ω ∶=

(
X1 … Xm

Ū1 … Ūm

)
,
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Â and B̂ are the estimates of the matrices of system (2). Regarding the perturbation inputs, note that it is not required
to know the absolute value of the signal u(p)(⋅), but only a normalized profile, since the scaling factor is embedded in
the estimate of B̂. For instance, if the pth perturbation experiment consists of exposing the cell to a constant amount of
metabolite/drug during the first l time steps, this can be easily obtained by setting

u(p)(k) =

{
1 for 0 < k < l
0 for k > l

. (4)

In general, the direct targets of the perturbation are unknown; however, when using perturbations that directly influ-
ence the expression of one or more given nodes (e.g., gene knock-down or knock-out), this information can be readily
exploited in the present modeling framework, by a priori assigning the zero pattern of the corresponding column in the
B̂ matrix.

The computational burden can be reduced by decomposing row-wise the identification problem, that is the ith row
Θi∗ can be separately identified using the multiple regression model

Y = Z𝛽 + 𝜀, (5)

where Y ∶= ΞT
i∗ ∈ Rhm, Z = ΩT ∈ Rhm×(n+m), 𝛽 = (Θi∗)T ∈ Rn+m and 𝜀 ∈ Rhmh is the measurement noise, which admits

the standard LS solution

𝛽LS =
(

ZTZ
)−1ZTY . (6)

The matrix Z† ∶=
(

ZTZ
)−1ZT is the (Moore–Penrose) pseudo-inverse of Z. Note that, to compute Z†, it is necessary

that ZTZ is invertible; this is always possible if the n + m columns of Z (the regression vectors) are linearly independent,
which requires (h m) ≥ n + m, that is, one should have at least as many measurements as regression coefficients. Note
that, in theory, satisfaction of the latter inequality does not guarantee the invertibility of ZTZ; however, this is always true
in practice, because the presence of noise renders equal to zero the probability of exact singularity. On the other hand, a
nonsingular ZTZ does not guarantee an accurate solution: when ZTZ is nearly singular the effects of noise and round-off
errors on the estimated coefficients 𝛽 are very high, undermining the chances to recover the true values.

Note that, when the regression is performed on time-series measurements, the regressor matrix is not made up of
independent columns: if we consider a single experiment, the columns of Z are sampled points of a single-state trajectory,
thus the correlation of any two consecutive measurements takes a (nonzero) value, which depends on the type of per-
turbation, the system dynamics and the sampling time. If the dynamics of the system are smooth and slow, then x(p)(k)
can be approximated by a linear combination of its values at the previous steps, x(p)(k − 1), … , x(p)(0). This implies that
the columns of ZTZ are almost linearly dependent, which renders the LS solution highly sensitive to noise and round-off
errors. A further difference, with respect to the standard LS regression problem, is that the regressor variables are not
deterministic, since they are affected by noise: ΩT contains measured variables x(p)(k), including noise. For the above
reasons, the parameter estimates are generally biased and nonconsistent. Biased parameter estimates provide an average
value that systematically deviates from the optimal value; nonconsistency, on the other hand, means that the bias does
not approach zero even when the number of samples h → ∞.

It is worth noting that two common strategies for improving the identification results when using time-series mea-
surements, that is, increasing the number of measurements by either reducing the sample time or by considering a longer
time interval, might be useless in this context: indeed, having x(p)(k) too close in time to x(p)(k − 1) increase the correla-
tion between the regression vectors. On the other hand, taking additional measurements after the state has reached the
steady state, also introduces new regression vectors that are linearly dependent on the previous ones (by definition, at
steady-state x(p)(k) = x(p)(k − 1)). Hence, the only chance to improve the inference performance is by exploiting data from
many different experiments, possibly using different perturbation inputs, which affect different nodes of the network, in
order to excite all the dynamics of the network.

2.1 Regression with IV

The IV technique (see Reference 15, p. 486) will be exploited to deal with the issue of nonconsistent parameter estimates
discussed above. The main machinery of this method is based on the use of a matrix V ∈ Rmh×(n+m) of the same dimensions
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of the regressors matrix Z. The columns of V are named instrumental variables and are selected in such a way that they
are uncorrelated with the noise, that is V T 𝜀 = 0. Multiplying (5) by V T yields

V TY − V TZ𝛽 = V T𝜀 = 0,

thus

V TY = V TZ𝛽. (7)

Equation (7) admits the solution

𝛽IV =
(

V TZ
)−1V TY . (8)

The IV estimate (8) is equivalent to the estimate of the standard least-square solution (6) if V = Z. However, the
columns of Z cannot be used as IV, since Z is correlated with the noise (ZT 𝜀 ≠ 0), therefore the key point, when using an
approach based on IVs, is how to choose a suitable matrix V . In the following, we illustrate the procedure adopted in this
work to compute the matrix V .

Ideally, the IVs should be highly correlated with the regressors in order to make the variance error small.15 Effective
IVs would be the true (i.e., noncorrupted by noise) values of x(p)(k), however, they are unknown. A suitable strategy is to
compute an approximation of such values by filtering the measured x(p)(k) through the process model, which is the idea
underpinning the algorithm detailed below.

1. Compute the standard LS estimate, ΘLS, solving (6) for each row of (3).
2. Check the stability of the identified model (3) with the parameter set ΘLS and compute the simulated data x̂(p)(k): if

ĀLS is stable, then simulate the time evolution of the identified model ΘLS for generating x̂(p)(k), otherwise exploit ΘLS
for getting the one-step-ahead prediction of x̂(p)(k) from x̂(p)(k − 1), for each k.

3. Construct V using the simulated data x̂(p)(k)

V ∶=

(
X̂ (1) … X̂ (m)

Ū1 … Ūm

)T

,

where

X̂ (p) =
(

x̂(p)(0) … x̂(p)(h − 1)
)
∈ R

n×h , p = 1, … ,m,

and compute an IV estimate of the model parameters, ΘIV, by solving (8).
4. Compute new simulated data x̂(p)IV (k) as in step 2, using model (2) with the parameter set ΘIV, and replace x̂(p)(k) in P3

with x̂(p)IV (k).
5. Compute the error matrix

E = Ξ − ΘIVΩ ∈ R
n×mh.

Define the vectors of residuals as

e(p)IV = (e(p)(1)T , … , e(p)(h)T)T ∈ R
nh , p = 1, … ,m,

where e(p)(k) = E∗i ∈ Rn is the ith column of E, where i = p ⋅ k for k = 1, … , h.
6. Construct an autoregressive (AR) model for the residuals to extract the remaining information from eIV. For each

p = 1, … ,m we have the following model,

e(p)(k) + a(p)
1 e(p)(k − 1) + · · · + a(p)

l e(p)(k − l) = v(p)(k), (9)
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where v(p)(k) ∈ Rn is white noise and l is the dynamic order of the AR model. If we introduce the backward shift
operator q−1

q−1e(p)(k) = e(p)(k − 1),

and

L(p)(q) = 1 + a(p)
1 q−1 + · · · + a(p)

l q−l,

then Equation (9) can be rewritten as

e(p)(k) = 1
L(p)(q)

v(p)(k).

Exploiting the regression model

X (p)
e = Z(p)

e a(p) + v(p),

where

X (p)
e = (e(p)(h), … , e(p)(2))T ∈ R

n(h−1) ,

v(p) = (v(p)(h), … , v(p)(2))T ∈ R
n(h−1) ,

a(p) = (−a(p)
1 , … ,−a(p)

l )T ∈ R
l,

and

Z(p)
e =

⎛⎜⎜⎜⎜⎜⎜⎜⎝

e(p)(h − 1) … e(p)(h − l)
⋮ ⋱ ⋮

e(p)(h − l − 1) … e(p)(1)
⋮ ⋱ 0

e(p)(1) 0 0

⎞⎟⎟⎟⎟⎟⎟⎟⎠
∈ R

(h−1)×l,

compute the LS solution to find the optimal coefficients a(p) of the filters L(p) , p = 1, … ,m,

â(p)
LS =

(
Z(p)T

e Z(p)
e

)−1
Z(p)T

e Xe.

7. Filter the x̂(p)IV (k) computed at step 4. with the filter L̂(p)(q) estimated at step 6,

x̂(p)IV−L(k) = L̂(p)(q)x̂(p)IV (k). (10)

8. Construct the new IV matrix VL from the filtered measurements x̂(p)IV−L(k) obtained at step 7,

VL ∶=

(
X̂ (1)

L … X̂ (m)
L

Ū1 … Ūm

)T

,

where

X̂ (p)
L =

(
x̂(p)IV−L(0) … x̂(p)IV−L(h − 1)

)
∈ R

n×h,

for p = 1, … ,m.
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9. Compute the new model parameters ΘIV−L by solving (8) with the IV matrix VL. Update x̂(p)(k) in step 3 with the new
data obtained by the simulating model (2) with the parameter set ΘIV−L. Repeat steps 3–9 until the values of the IV
solution converges (convergence is usually very fast—in general three iterations are sufficient).

2.2 Regularization of IV regression

Recall that the Hessian matrix H = ZTZ in the LS problem solution (6) has to be well conditioned in order to obtain
accurate parameter estimates. It is well known that the probability of ill-conditioning increases with the matrix dimen-
sion and that it may lead to large variances of the parameter estimates. The condition number of the Hessian matrix, 𝜒 ,
can be defined by the eigenvalue spread of the matrix by the formula 𝜒 = 𝜆max

𝜆min
, where 𝜆max and 𝜆min are the largest and

smallest eigenvalue of H, respectively. A method for controlling the condition number of the Hessian is called ridge regres-
sion (see Reference 15, pp. 49–53). It consists of adding a small term 𝛼 to all diagonal entries of the Hessian, (ZTZ + 𝛼I).
Consequently, the eigenvalues of H are modified, in particular the large eigenvalues (𝜆i ≫ 𝛼) are not significantly influ-
enced, whereas the small ones (𝜆i ≪ 𝛼) become approximately equal to 𝛼. Therefore the condition number of the Hessian
becomes 𝜒reg = 𝜆max

𝛼
, where 𝜒reg is the regularized eigenvalue spread. Thus, the solution of (5), using the RLS approach,

yields the parameter estimate

𝛽RLS =
(

ZTZ + 𝛼I
)−1ZTΞi, (11)

where I ∈ Rmh×mh is the identity matrix. In the present work, the method of generalized cross-validation (GCV) has been
applied to calculate a good estimate of 𝛼 on the basis of the data (see Reference 23). In particular, 𝛼 is set to the value that
minimizes the function

F (𝛼) =
1

mh
|| (I − G (𝛼))Y ||2(

1
mh

Trace (I − G (𝛼))
)2 , (12)

where

G (𝛼) = Z
(

ZTZ + mh𝛼I
)−1ZT . (13)

The RIVA algorithm is a regularized version of the regression with IV approach presented in the previous section: the
estimation of each row of Θ is computed by applying the formula

𝛽RIVA =
(

V TZ + 𝛼I
)−1V TY . (14)

Also in this case, the optimal 𝛼 is computed via (12) and (13), where ZT is replaced by V T . The computation of V is
performed using the iterative procedure illustrated in Section 2.1. Also the estimation of the coefficients of the AR filter
in (9) is performed through RLS.

2.3 Edges selection

Independently of the method selected for the estimation of the connectivity matrix, all of the entries of the estimated Â
are in general nonzero, whereas biological networks typically exhibit sparse connectivity, that is, the average number of
connections per node is much lower than the total number of nodes. Before using the estimated Â for network inference,
we perform a normalization of the matrix elements; the normalization is obtained by dividing each entry by the norm of
the corresponding row and column. This renders the algorithm more robust against significant magnitude differences in
the expression of the nodes of the network. The normalized estimated adjacency matrix Ã is

Ãij =
Âij(||Â∗j|| ⋅ ||Âi∗||)1∕2 . (15)
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Finally, this normalized estimated matrix is translated into an inferred network, by sorting the entries in descending
order by the absolute magnitude: correspondingly, we obtain a sorted list of edges associated to the weights of the normal-
ized connectivity matrix. The elements at the top of the list will correspond to high-confidence predictions, that is, edges
with high probability of being true positives. The edges related to self-interactions between the nodes of the network were
not considered in the ranking list.

2.4 Generation of the artificial datasets

The artificial dataset for the assessment of the proposed algorithm has been generated by means of GeneNetWeaver
(GNW),24 an open-source tool for in silico benchmark generation and performance profiling of network inference
methods.16 The gene network is modeled by the following ODE system:

ẋi(t) = mifi(y) − 𝜆RNA
i xi, (16)

ẏi(t) = rixi(y) − 𝜆Prot
i yi, (17)

where xi and yi are the mRNA and protein concentrations of every gene, respectively, mi is the maximum tran-
scription rate, ri the translation rate, 𝜆RNA

i and 𝜆Prot
i are the mRNA and protein degradation rates, respectively. The

function fi(⋅) is the so-called input function of the ith gene, which determines the relative activation of the gene, mod-
ulated by the binding of transcription factors (TFs) to cis-regulatory sites; it is approximated using Hill-type terms.
The typical molecular noise, originated from random thermal fluctuations and other noisy processes attributable to
gene expression, was added in equation system (16) and (17) by GNW through Gaussian and lognormal models (for
more details see Reference 24). Then, by exploiting GNW, we are able to create noisy artificial datasets for RIVA
assessment.

In silico networks of 100 nodes: We have used the same network topologies provided for the DREAM3 Challenge,18

in particular the subchallenge called InSilico Size100, consisting of five networks of 100 nodes, and used these net-
works to generate the artificial noisy time-course experiments in GNW. In particular, for each network, time-course
evolution of the network nodes expression is simulated in response to a simultaneous random perturbation of the
basal transcription rate of 10 genes. The network inference algorithms are fed with an experimental batch com-
posed of 10 perturbations, and the targets of the perturbations are chosen in such a way that each gene is per-
turbed at least once, to evaluate the performance in ideal conditions where all the dynamics of the network are
excited.

In silico Escherichia coli network of 1565 nodes: We used the E. coli transcriptional regulatory network of 1565
nodes provided along with GNW, to generate a case-study for the inference of a large-scale network. As in the case of
100 nodes networks, each experimental batch comprises several time-series (in this case 39 perturbations) with different
perturbations in order to modify all the genes: in particular, each perturbation affects the transcriptional rate of a different
set of genes (40 genes for the first 38 perturbations, 45 genes for the last one). The inference algorithm has been run on
20 experimental batches, to evaluate the variability of the performance.

2.5 In vitro micro-array dataset

Experimental micro-array data of the cell cycle regulatory subnetwork in Saccharomyces cerevisiae have been extracted
from ArrayExpress, a database of functional genomics data.25 The gold-standard for assessment of the inferred networks
has been derived by the model proposed in Reference 26 for transcriptional regulation of cyclin and cyclin/CDK regulators
and in Reference 27, where the main regulatory circuits that drive the gene expression program during the budding yeast
cell cycle are considered. The network is composed of 27 genes: 10 genes that encode for TF proteins (ace2, fkh1, swi4,
swi5, mbp1, swi6, mcm1, fkh2, ndd1, yox1) and 17 genes that encode for cyclin and cyclin/CDK regulatory proteins
(cln1, cln2, cln3, cdc20, clb1, clb2, clb4, clb5, clb6, sic1, far1, spo12, apc1, tem1, gin4, swe1 and whi5). Therefore, the
expression profiles for the above 27 genes have been extracted from the following two perturbation experiments stored
on ArrayExpress:
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• E-MTAB-1908: This dataset contains the expression levels of S. cerevisiae genes, obtained by using metabolic RNA
labeling and comparative dynamic transcriptome analysis. In this experimental batch two subdatasets are available,
named “labeling” and “total,” each composed of two independent replicas (named “A” and “B”).28 Since the data are
collected every 5 min for three cell cycles and considering the periodic nature of these specific time-series, we have
selected a single time period ranging from 5 to 105 min (21 measurement points). The inference tests have been run
on the labeling experiment/replica B data.

• E-MTAB-643: This experiment investigated the ability of the yeast S. cerevisiae to reprogram its transcriptional profile
in response to two different nutrient impulses (glucose and ammonium).29 In this case, the genetic expression profile
converges to a steady state. Hence, we have considered only the initial transient, that is the first 2 h of the experiment.
The inference tests have been conducted on the data of the glucose impulse experiment.

Before the analysis, the micro-array probe intensity values have been preprocessed via the RMA normalization
algorithm30 (to this aim, the affyrma routine in the Matlab Bioinformatics Toolbox has been used). The raw data for both
the experiments are normalized together, in order to render the measurements comparable. For achieving a statistical
evaluation of the inference algorithms, we have generated 20 artificial replicas by adding the typical noise present in
micro-array data.31

2.6 Assessment and benchmarking

Two other state-of-the-art inference algorithms have been used in order to compare the results of RIVA methods:

• dynGENIE319 is a semi-parametric model, developed as an extension of GENIE332 to deal with time-series data. With
respect to the GENIE3, which uses tree-based ensemble methods Random Forests or Extra-Trees, the dynGENIE3
algorithm can explicitly take into account the dependence between the values measured at different time points, by
using a discrete-time dynamical model of the network to be inferred (similarly to the approach proposed in the present
work).

• BINGO20 is a nonparametric approach, based on a gaussian process dynamical models of gene expression profiles and
a statistical sampling of the corresponding model realizations using Markov Chain Monte Carlo techniques.

Moreover, in order to quantify the improvement brought by the RLS technique and IV method, we also compare the
RIVA results with those obtained by the other LS-based approaches, that is, the standard LS method, its version with the
iterative IV algorithm, denoted with LS-IV, and the RLS technique.

The performance of the different methods has been evaluated by computing

• the AUPR index, defined as the area under the precision (or Positive Predictive Value, PPV) versus recall (or sensitivity
(Sn)) curve

• the AUROC index, defined as the area under the Receiver Operating Characteristic (ROC) curve, that is, true positive
rate versus false-positive rate.

The above indexes take values in the range from 0 (worst case) to 1 (best achievable performance). The positive pre-
dictive value is defined as PPV ∶= TP

TP+FP
and measures the reliability of the interactions inferred by the algorithm. The

sensitivity is defined as Sn ∶= TP
TP+FN

and is the fraction of actually existing interactions (FN:=false negatives) with respect
to the total number of inferred interactions (see Reference 33, p. 138). To compute these performance indexes, we do not
consider the weight of an edge, but only its existence and direction.

3 RESULTS

In this section RIVA is first assessed through tests on the artificial networks introduced in Section 2.4; subsequently, it is
applied to real experimental data for inferring the cell cycle regulatory subnetwork of S. Cerevisiae described in Section 2.5.
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In both cases, the performance obtained by RIVA are compared with those obtained by BINGO and dynGENIE3 on the
same time-series.

The parameters of BINGO have been set as suggested by the authors: the results were computed by generating a
total of 6000 samples and keeping all other parameters at default values. Also for dynGENIE3 we have used the sug-
gested default parameters: random forest like method with a number of trees grown in the ensemble equal to 1000. All
the experiments can be easily replicated via the scripts provided in Appendix S1 (see the Code and Data Availability
section).

3.1 Tests on the in silico datasets

The first test consists of reconstructing the topology of five networks of 100 nodes, provided in the DREAM3 Challenge,
which are used for the generation of our dataset through GeneNetWeaver (see Methods). In particular, the 100-nodes
networks are obtained from subnetworks of the E. coli and S. cerevisiae transcriptional regulatory networks. For each net-
work, all of the inference methods are fed with the 10 time-series in the experimental batch (each time-series comprises
21 time points and is the result of the direct perturbation of the basal expression of 10 genes). The inference tests are repli-
cated five times, using five different realizations of the experimental batches. Figure 1 shows the performance obtained by
the three different techniques. The results have been evaluated by computing the AUPR and AUROC indexes (see Meth-
ods for the definition of the performance indexes): each plot shows the results for a given network (E. coli 1 or 2, Yeast 1,
2 or 3). Figure 1 shows that RIVA outperforms dynGENIE3 and BINGO in terms of AUROC for all the five networks of
100 nodes, while it appears to be comparable (except for Ecoli 1 network) in terms of AUPR.

The capability of RIVA to infer gene regulatory networks, is next tested on a large in silico network. To this aim, we
have chosen the E. coli transcriptional regulatory network composed of 1565 nodes, and provided by GNW, in the same
way as reported in the Section 2. Since the network is very large and the computational time is prohibitive for BINGO,
we reported the performances of RIVA and dynGENIE3. Figure 2 shows the results obtained by the two algorithms. The
results of RIVA are obtained by generating 20 noisy replicas of the original experimental batch, each batch consisting of 39
time-series of 51 time points; the time-series are generated by perturbing the expression of different genes, so that every
genes is perturbed in one of the 39 time-series. The final reconstructed network is obtained via an additional polling step,
which takes into account the inference results on the 20 replicated batches: for each inferred network, we create the edge

(A) (B) (C)

(D) (E)

F I G U R E 1 Results obtained from dynGenie3 (dark squares), Bingo (red diamonds) and RIVA (blue circles) for the five 100-node
networks. The performance (in terms of AUPR and AUROC) for each network is computed over a set of five experimental batches, each one
comprising 10 time-series of 21 time points, using a sample time Ts = 25 min in the interval [0:500] min
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ranking list according to (15); then, the final list of edges is ordered on the basis of the average ranking of each edge over
the 20 inference tests. In this case RIVA provides a significant improvement with respect to dynGENIE3 in terms of both
AUPR and AUROC, as shown in Figure 2.

To conclude the tests on the artificial networks, we evaluated the performance of RIVA on the dataset provided by the
DREAM4 challenge, where time-series are generated by applying a perturbation to some nodes of the network, but only
over the first half of the experimental time interval (in the remaining half time interval, the perturbation is removed).
In particular, Figure 3 shows the results obtained via RIVA on the DREAM4 networks of 100 nodes. For the evalua-
tion, we generated noisy replicas of the experimental batch (consisting of 10 time-series of 21 points). Furthermore, the
influence of the sampling time has also been investigated, by using alternatively Ts = 50 min (i.e., equal to that of the
original data-set) and Ts = 25 min, thereby generating time-series of 41 points; for both the cases (Ts = 50 and 25 min)
the noisy replicas were obtained by interpolation via smoothing spline, as in Reference 34. For each replica of the
experimental batch, we use the first half of the data ([0:500] min) for identifying both the adjacency matrix A and the
perturbation target matrix B of system (1) (thus B is considered unknown). Since the perturbations are subsequently
removed, in the second half of the experimental time interval ([500:1000] min), only the A matrix is estimated, whereas
the B matrix is assumed equal to zero; the results of these two inference steps (with unknown B and with B equal to

F I G U R E 2 Results obtained from dynGenie3 (dark squares) and RIVA (blue circles) on the in silico E. coli network of 1565 nodes

(A) (B) (C)

(D) (E)

F I G U R E 3 Results obtained from dynGenie3 (dark squares), Bingo (red diamonds), and RIVA (blue circles) for the five 100-node
networks of DREAM4 challenge, using all the dataset (10 time-series of 21 points), where static perturbations are applied on some nodes for
the first half of the data ([0:500] min) and, then, removed for the second half ([500:1000] min)
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zero) over the 20 replicated experimental batches are then merged on the basis of the average edge ranking, as illustrated
above.

As shown in Figure 3, with this type of dataset BINGO outperforms both dynGENIE3 and RIVA in terms of AUPR
(except for Net. 3) and exhibits comparable AUROC values.

As a further test, we have also evaluated the three algorithms using only the first half of the time-series data provided
by DREAM4 challenge, that is, without considering the half interval without perturbation. In this case, as shown in
Figure 4, RIVA improve considerably, outperforming the other two algorithms. In particular, RIVA shows better results
in three of the five analyzed networks (Net.1, Net.3, and Net.5), while, in the other two networks, RIVA shows a slight
improvement in terms of AUROC and a slight decrease in terms of AUPR with respect to dynGenie3.

Moreover, for the DREAM4 challenge dataset, we have compared the RIVA results with those obtained via the other
LS-based approaches, that is, LS, LS-IV, and RLS, as shown in Appendix S1 (see Figure S1). In almost all cases, RIVA out-
performs the other approaches, proving that the combination of the RLS technique and IV method achieves a significantly
improved inference capability: indeed, RLS performs better than both LS and LS-IV, and RIVA significantly improves the
performance.

3.2 Assessment with experimental micro-array data

In order to demonstrate the applicability of RIVA to real biological problems, in this section we test its ability to reconstruct
a cell cycle regulatory subnetwork in S. cerevisiae from experimental micro-array data: the subnetwork consists of 27 genes
encoding the main TFs, cyclin, and cyclin/CDK regulatory proteins that determine the essential regulatory circuits driving
the gene expression program during the budding yeast cell. For the selected 27 genes, we take the micro-array profiles from
ArrayExpress, choosing two datasets, E-MTAB-1908 and E-MTAB-643 (see Section 2). First of all, we have applied RIVA
to E-MTAB-643 and E-MTAB-1908 separately. Subsequently, the performance has been evaluated by running RIVA on
both the experimental datasets simultaneously, as a single experimental batch. The same type of analysis was performed
for dynGENIE3 and BINGO. The results obtained for the three algorithms, on a set of 20 replicated tests, are reported
in: (i) Figure 5A–C for E-MTAB-643, (ii) Figure 5D–F for E-MTAB-1908, and (iii) Figure 5G,H for E-MTAB [643:1908].
Each column shows the performance obtained using a given sample time Ts for the two dataset: Ts equal to 15 min for

(A) (B) (C)

(D) (D)

F I G U R E 4 Results obtained from dynGenie3 (dark squares), Bingo (red diamonds), and RIVA (blue circles) for the five 100-node
networks of DREAM4 challenge, using only the first half of the dataset (10 time-series of 11 points in the interval [0:500] min), where static
perturbations are applied on some nodes
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(A) (B) (C)

(D) (E) (F)

(G) (H) (I)

F I G U R E 5 Results obtained from dynGenie3 (dark squares), Bingo (red diamonds), and RIVA (blue circles) on the experimental
dataset, using different sampling times

the first column, 10 min for the second one and 8 min for the last one. In all of these tests, RIVA appears to perform in
a comparable of slightly better way than dynGENIE3 and BINGO: this turns out to be more evident in Figure 6, where
the results for the three algorithms have been presented taking into account the mean and the standard deviation. Note
that increasing the number of points, that is, decreasing the sample time, does not lead to a significant improvement of
RIVA’s performance, as well as for dynGENIE3 and BINGO. On the other hand, exploiting simultaneously more than
one time-series in the inference process can lead to better performance for RIVA in terms of both AUPR and AUROC
(see Figure 6G–I).

3.3 Computational time cost

With regard to the computational complexity of RIVA, on a standard PC endowed with 2.7 GHz Intel Core i5 processor, a
single test on a network of 100 nodes takes about 1 min. In Table 1 we report an estimation of the computational time for
networks with different size, to demonstrate that the algorithm can be effectively scaled-up. When the number of nodes
is more than 100, the computational time considerably increases due to the estimation of the vector a of the AR filter
defined by Equation (9), by using the RLS approach and, in particular, the GCV method for choosing a good estimate
of 𝛼 (see Section 2.2). Regarding the 1565 node network, note that the computational time of RIVA is about 200 times
the time required to tackle the 100 node network. Instead, dynGENIE3 requires a computational time about 450 times
larger for the large-scale network with respect to the smaller one. If we assume the same scaling factors for BINGO, this
would end up to a required computational time approximately between 16 and 37 days to tackle the same large-scale
network.
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(A) (B) (C)

(D) (E) (F)

(G) (H) (I)

F I G U R E 6 Results obtained from dynGenie3 (dark squares), Bingo (red diamonds), and RIVA (blue circles) for the experimental
dataset.The results are reported as mean and standard deviation

T A B L E 1 Computational time (tc) (in s) for running RIVA, dynGENIE3, and BINGO
on the networks of 100 nodes and of 1565 nodes used in the results section

Algorithm Net. 100 Net. 1565

RIVA tc 60 13170

dynGENIE3 tc 178.71 80578

BINGO tc 7050 -

4 CONCLUSIONS

This work has addressed the problem of inferring the topology of a biological network from multiple time-series obtained
through perturbation experiments. In order to avoid the issues of bias and nonconsistency of the estimated model param-
eters, arising in the context of dynamical systems identification due to measurement noise, we have proposed to exploit an
algorithm based on the combination of the IV method with a regularization strategy, which is fundamental to deal with
the over-parameterization of the regression model. The results obtained on both the artificial networks and the biological
case study show that the performance of RIVA is in most cases comparable or better than other state-of-the-art methods.
The tests also show that, compared to other approaches in the literature, RIVA is much less computationally demand-
ing. A striking feature of the presented results is the demonstrated ability of an algorithm based on linear models to infer
the topology of nonlinear interaction networks. In this paper we have focused our attention on network inference using
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only time-series data. If additional sources of data, such as steady-state data, are available, then the methods discussed in
References 18,35 can also be used to further improve the inference capability.
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