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Abstract

Network inference methods are widely used to study regulatory inter-
play in biological systems. Such methods are usually based on simple,
often linear, approximations to underlying dynamics. We present a net-
work inference methodology that is rooted in nonlinear biochemical ki-
netics. This is done by considering a dynamical system that depends on
a reaction graph, summarizing all biochemical reactions and associated
parameters. We assume that neither graph nor parameters are known;
inference regarding the graph is carried out within a Bayesian framework,
using an efficient Monte Carlo approach to integrate out parameters. In
this way, we take account of model complexity as well as fit-to-data. Fo-
cusing on protein signaling networks, we show results on data simulated
from a recent dynamical model of MAPK signaling. We find that the
method is able to effectively recover regulatory relationships. Further-
more, the approach facilitates modeling of interventional data, since it
respects the roles of individual variables.

Statistical network inference techniques are widely used in the analysis of
multivariate biochemical data [5, 11, 21, 24, 31, 36]. The objective is to make
inferences regarding a network N whose vertices are identified with biomolecular
components (e.g. genes or proteins) and edges with regulatory interplay between
those components. Network edges often have the causal interpretation that
intervention on the parent influences the child.

Network inference methods are typically rooted in simple descriptions of
biological dynamics, usually linear or discrete [4, 5, 11, 25, 31, 36, 39]. The sta-
tistical and computational tractability of such formulations facilitates inference
over large spaces of networks. However, biochemical networks are structural
summaries of dynamical systems that are generally nonlinear. There is a ex-
tensive literature on relevant chemical kinetics [3]; in the absence of structural
uncertainty, nonlinear ordinary differential equations (ODEs) are widely used to
model dynamics [3, 7, 18, 19, 32]. However, the case where structure is unknown
or uncertain has received less attention and to date nonlinear dynamical models
have not been integrated into network inference over large model spaces.
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Here, we propose an approach that integrates nonlinear dynamical models
into network inference. We do so by considering a dynamical system fG that
depends on a “reaction graph” G, summarizing all biochemical reactions in the
system. A network N can be thought of as a coarse summary of the reaction
graph G, such that the former is a function N(G) of the latter (a detailed
example appears below). Letting X(t) denote a state vector describing system
configuration at time t, we have Ẋ(t) = fG(X(t),θ), where θ collects together
all unknown parameters, including the reaction rates. Given time-course data
D, we carry out inference within a Bayesian framework to obtain a posterior
distribution over reaction graphs G,

p(G|D) ∝ p(G)

∫
p(D|θ, G)p(θ|G)dθ︸ ︷︷ ︸

marginal likelihood p(D|G)

(1)

where the marginal likelihood p(D|G) captures how well the biochemical model
G describes data D, taking into account model complexity. Importantly, the
likelihood p(D|θ, G) is now rooted in the dynamical model fG, which we describe
below.

This approach, which we call “Network Inference using Chemical Kinetics”
(NICK), has a number of advantages over inference using on simple (linear or
discrete) statistical models. For instance basing inference on richer dynami-
cal models may provide gains with respect to estimation of network structure.
Further, since inference respects the mechanistic roles of individual variables,
integration of interventional data is facilitated and scientific interpretability of
results enhanced. The approach we propose is general and can be used in many
settings where kinetic formulations may be automatically generated, including
gene regulation and protein signaling. For definiteness in this paper we focus
on protein signaling networks mediated by phosphorylation. Protein phospho-
rylation is central to diverse biological processes and plays a key role in dis-
ease states including cancer [35]. Protein phosphorylation dynamics have been
widely studied [18]; here we employ a Michaelis-Menten kinetic formulation [19].
Moreover, recent advances in high-throughput proteomics have begun to permit
multivariate, data-driven study of signaling [15, 9]; we show an application to
reverse-phase protein array data below.

Network inference using linear statistical models may be cast as approxi-
mate inference based on linear ODEs [25], with a number of existing methods
exploiting this connection [2, 13]. In the context of gene regulation, [1, 17] com-
bined linear ODEs with Gaussian processes. On the other hand, [38] recently
demonstrated that formal statistical model selection based on four hand-crafted
ODE nonlinear models could be used to elucidate signaling mechanism in hu-
man embryonic kidney cells. This work unifies nonlinear model selection with
network inference in the context of biological networks.

The remainder of the paper is organized as follows. First, we introduce
the model and associated statistical formulation. Second, we discuss inference.
Third, we show empirical results, comparing NICK to several existing network
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inference approaches. We carry out in silico assessment using a recent mecha-
nistic model of MAPK signaling [38], under a range of regimes including inter-
ventional data. Finally, we discuss our findings, including directions for further
work and limitations of the proposed approach.
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Figure 1: Network inference using chemical kinetics. Reaction graph G summa-
rizes interplay that is described quantitatively by a kinetic model fG. Candidate
graphs G are scored against observed time course data D in a Bayesian frame-
work, using the marginal likelihood p(D|G). Evidence in favor of graph edges
is captured by the the posterior probability of the edge, obtained by averaging
over the space of graphs.

1 Methods

In this Section we describe the proposed methodology in the specific context of
protein phosphorylation networks. We begin by defining reaction graphs G for
this setting and considering relevant chemical kinetics. We then explain how
statistical network inference rooted in these kinetics may be carried out.

1.1 Reaction graphs for protein phosphorylation

We consider p proteins Xi ∈ V = {X1 . . . Xp}. Each Xi can be phosphorylated
to X∗i (∗ denotes the phosphorylated form); the set of phosphorylated proteins
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is V∗. Phosphorylation of Xi is catalyzed by enzymes E ∈ Ei; the subscript indi-
cates that each protein may have a specific set of enzymes (enzymes catalyzing
phosphorylation are known as kinases, we use both terms interchangeably). We
consider the case in which the kinases themselves are phosphorylated proteins,
i.e. the sets Ei are subsets of V∗ (if phosphorylation of Xi is not driven by an
enzyme in V∗, we set Ei = ∅). For simplicity we do not consider other post-
translational modifications such as ubiquitinylation, nor spatial effects such as
translocation. The ability of enzyme E ∈ Ei to catalyze phosphorylation of Xi

may be inhibited by proteins I ∈ Ii,E ⊂ V∗; the double subscript indicates
that inhibition is specific to both target Xi and enzyme E (see below). The
reaction graph G provides a visual representation of the sets Ei and Ii,E ; Fig. 1
contains an illustrative example. A coarser network N(G) is formed by drawing
a directed graph with exactly p vertices and edges (i, j) indicating that X∗i is
either an enzyme catalyzing phosphorylation of Xj , or an inhibitor of such an
enzyme. That is, (i, j) ∈ N ⇐⇒ i ∈ Ej ∨∃E · i ∈ Ij,E . For the example shown
in Fig. 1, the network N is the directed graph A→ C ← B.

1.2 Phosphorylation kinetics

The reaction graph G can be decomposed into local graphs Gi describing en-
zymes and their inhibitors for protein Xi. For simplicity of exposition, in what
follows we consider phosphorylation of one protein Xi and inference concerning
Gi. Thus, Xi plays the role of the substrate; following conventional notation in
enzyme kinetics, we refer to Xi using the symbol S (the corresponding set of
kinases is ES and for kinase E the set of inhibitors IS,E). Square brackets [·]
denote concentration.

We carry out network inference rooted in a dynamical system fG based on
Michaelis-Menten phosphorylation kinetics [18, 19, 32]. The rate of phospho-
rylation due to kinase E is given by VE [E][S]/([S] +KE), which acknowledges
variation of kinase concentration [E] and permits kinase-specific response pro-
files, parameterized by KE , with rate constant VE . We entertain competitive
inhibition, where substrate S and inhibitor I compete for the same binding site
on the enzyme E (EI 
 E 
 ES → E+S∗). When multiple inhibitors (IA, IB)
are present, they are assumed to act exclusively, competing for the same bind-
ing site on the enzyme (EIA 
 E 
 EIB), corresponding mathematically to

a rescaling of the Michaelis-Menten parameter KE 7→ KE

(
1 +

∑
I∈IS,E

[I]
KI

)
.

We do not model phosphatase specificity; in particular, dephosphorylation is as-
sumed to occur at a rate V0[S∗]/([S∗] +K0), depending on a Michaelis-Menten
parameter K0 and taking a maximal value V0. Combining these assumptions
produces a kinetic model for phosphorylation of substrate S, given by

fGS
(XS ,θS) = − V0[S∗]

[S∗] +K0
+
∑
E∈ES

VE [E][S]

[S] +KE

(
1 +

∑
I∈IS,E

[I]
KI

) (2)

where state vector XS collects together concentrations of the product (S∗),
kinases (E) and inhibitors (I), parameter vector θS contains the maximum rates
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(V ) and Michaelis-Menten constants (K), and the (local) graph GS specifies
the sets ES and IS,E . Substrate concentrations [S] are implicitly conditioned
upon throughout, we do not model transcriptional dynamics here. To simplify
notation we suppress the subscript S below and use X to refer to the complete
and reduced state vector interchangeably, depending on context; similarly for θ.
The complete dynamical system fG is given by taking, for each species S ∈ V,
a model of the form Eqn. (2). In this way we are effectively able to automate
the generation of biochemical hypotheses.

1.3 Statistical formulation

Data D comprises observations Yi(tj), Y
∗
i (tj) proportional to the concentrations

of unphosphorylated and phosphorylated forms respectively of species i at dis-
crete times tj , 0 ≤ j ≤ n. In all examples, data are preprocessed using a
three point moving average, then normalized to ensure unit mean expression of
each protein. Observables are related to dynamics via an Euler approximation
Zi(tj) = (Yi(tj)− Yi(tj−1))/(tj − tj−1), itself normalized to have unit standard
deviation. Below we describe inference regarding the local reaction graph GS

for a single species S; iterating over S ∈ V permits inference concerning the
complete reaction graph G. The kinetic model fG (Eqn. (2)) is formulated as a
statistical model by constructing a design matrix D(K) containing (unknown)
Michaelis-Menten parameters K,

D =

[
− Y ∗S
Y ∗S +K0

, . . . ,
Y ∗EYS

YS +KE

(
1 +

∑
I∈IS,E

Y ∗
I

KI

) , . . .
︸ ︷︷ ︸

E∈ES

]
, (3)

and then interpreting Eqn. (2) as

Z = D(K)V + ε, ε ∼ N (0, σ2I) (4)

where Z = [ZS(t1), . . . , ZS(tn)]T , N denotes a Normal distribution, σ is a noise
parameter, I the identity matrix and as above V the vector of maximum rates.

1.4 Bayesian inference

In the Bayesian setting prior distributions are needed to complete the model
specification. We employ a truncated Normal prior p(K|GS) = NT (K; 1, νI)
for Michaelis-Menten parameters where 1 = (1, . . . , 1) and variance hyperpa-
rameter ν = 1/2. Truncation ensures positivity of parameters; additional in-
formation on truncated Normals is provided in the Appendix. We use a Jef-
freys prior p(σ|GS) ∝ 1/σ over the noise parameter and a truncated g-prior
p(V |K, σ,GS) = NT (V ; 1, nσ2(D′D)−1) for maximum rates V [40]. This for-
mulation is partially conjugate, with the conditional density p(V , σ|K, GS ,D)
given in closed form as

p(V , σ|K, GS ,D) = NT (V ;µ,Σ)IG(σ; a, b), (5)
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where µ = 1/(n+ 1) +n/(n+ 1)× (D′D)−1D′Z, Σ = σ2n/(n+ 1)× (D′D)−1,
a = (n − 1)/2, b = (1/2)(1′D′D1/n + Z ′Z − n/(n + 1) × Z ′D(D′D)−1D′Z)
and IG(•; a, b) is an inverse gamma density with shape and scale parameters
a, b respectively. In all experiments we used a non-informative network prior
p(G) (see Appendix); informative network priors are also available [23].

1.5 Marginal likelihood

Partial conjugacy of the above formulation permits an efficient Metropolis-
within-Gibbs Markov chain Monte Carlo (MCMC) sampling scheme for the pa-
rameter posterior distribution p(θS |GS ,D). The conditional p(V , σ|K, GS ,D)
is given in closed form as in Eqn. 5 above, while a Metropolis-Hastings accep-
tance step allows sampling from the remaining conditional p(K|V , σ,GS ,D). To
estimate marginal likelihoods from the output of this Metropolis-within-Gibbs
sampler we employ a scheme due to [8], whereby the “basic marginal likelihood
identity”

p(D|GS) =
p(D|θS , GS)p(θS |GS)

p(θS |D, GS)
(6)

is evaluated at θ = θ∗S using a Monte Carlo estimate of the posterior ordinate
p(θ∗S |D, GS). The point θ∗S is usually taken to be the posterior mode, however
we found that in this application the posterior mean provided superior estimator
precision, since in practice the mode is difficult to obtain.

1.6 Intervention

Interventions play an important role in experiments aimed at uncovering causal
relationships between biological components. In such experiments, data are
obtained under treatments that externally influence network nodes. Inhibitors
of protein phosphorylation are now widely available; such inhibitors typically
bind to the kinase domain of their target, preventing enzymatic activity by the
target. We consider such inhibitors in biological experiments below. Within our
framework, these interventions are modeled in a natural way by setting to zero
terms in the design matrix D corresponding to the inhibited kinase E in the
treated samples. This removes the influence of E from the model. We discuss
causal interpretations in Discussion below.

1.7 Network inference

Evidence for influence (either kinase or kinase inhibiting activity) of protein i
on protein j is summarized by the posterior probability of a directed edge (i, j).
This is obtained by averaging over reaction graphs,

p((i, j) ∈ N |D) =

∑
G:(i,j)∈N(G) p(D|G)p(G)∑

G p(D|G)p(G)
. (7)
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Following work in structural inference for graphical models [11, 12] we bound
graph in-degree degree to render Eqn. (7) tractable. In particular, we bound
|ES | ≤ c1 and |IS,E | ≤ c2, with c1, c2 set to small values for computational
tractability. Alternatively MCMC could be employed over the space of reaction
graphs [14].

2 Results

Data were generated from a computational model of the MAPK signaling path-
way (Fig. 2(a)) due to [38], specified by a system of 25 ODEs of Michaelis-
Menten type (Eqn. (2)). This archetypal protein signaling system provides an
ideal test case, since the underlying network structure is known exactly and the
dynamical model used for simulation has been validated against experimental
data. Moreover the model permits in silico intervention mimicking the effect of
experimental inhibitors and agonists. In general, interventions may affect nodes
that are observed, or nodes that are not observed (but that may influence those
that are). Accordingly, we considered three distinct regimes: (i) no intervention,
only global stimulation (“Global”), (ii) intervention outside the observed nodes
(“Outset”) and (iii) intervention on the observed nodes (“Inset”). Specific sim-
ulation conditions for these regimes were: (i) EGF stimulation only; (ii) EGF
stimulation plus combinatorial PDE3 inhibition (cilostamide), EPAC activation
(EPAC agonist) and PKA activation (PKA agonist); (iii) EGF stimulation plus
direct inhibition (of kinase activity) of Ras, Rap1 and B-Raf in turn. For each
experimental condition, measurements were obtained at 15 evenly spaced time
points in the dynamic range following EGF stimulation. We generated trajec-
tories for active forms of Ras, and Rap1, and phosphorylated forms of Raf-1,
B-Raf, MEK and ERK.

We compared our approach to three established network inference methods:
(i) ARACNE, based on mutual information [20]; (ii) dynamic Bayesian networks
using Bayesian model averaging [16] (“DBN”); and (iii) a semiparametric ap-
proach using Gaussian processes [1] (“GP”). DBN and GP are based on linear
models. For NICK we took c1 = 2, c2 = 0. Parents were inferred for {Raf-1, B-
Raf, MEK and ERK} from the set {Ras, Rap1, Raf-1, B-Raf, MEK}, in each of
the three experiments, using each of the four methods. Disregarding self-edges
made a total of (24)4 = 16, 384 possible networks.

To assess ability to infer regulatory relationships, we first carried out a sim-
ulation free of measurement noise. Results are shown in Fig. 2(b); we find
that NICK is better able to recover key features of the data-generating graph
than the other approaches. Next, we added Gaussian noise of magnitude 0.1
onto log-concentrations, in line with the typical signal-to-noise ratio of current
protein array technologies [15]. To systematically assess estimation of network
structure we computed the area under the receiver operating characteristic curve
(AUR; this represents the probability that a randomly chosen edge in the data-
generating network, i.e. a true edge, is given a higher score than a randomly
chosen false edge; higher scores indicate better performance). Fig. 2(c) shows
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mean AURs for all four approaches, for the three intervention cases (“Global”,
“Outset” and “Inset”). Mean AUR scores for NICK are consistently high in all
simulation regimes, demonstrating robustness of the chemical kinetic approach.
Under “Inset” intervention NICK delivers superior performance.

3 Discussion

We introduced an approach by which to automatically integrate detailed mech-
anistic models into network inference. Empirical results demonstrated that
the approach is capable of recovering network structure from time-course data.
Whilst we restricted our investigation to protein signaling, the approach we
propose is general and can be readily applied to any setting where automatic
generation of kinetic equations is possible. In particular, extension to gene reg-
ulation is straightforward and indeed a Michaelis-Menten formulation could also
be used in that setting.

Network inference aims to estimate regulatory networks from biochemical
data. Edges in these networks have a causal interpretation in that interven-
tion on the parent is expected to influence the child; however, care is needed
in drawing causal conclusions. At present we can experimentally access only a
small fraction of relevant chemical species, therefore it is likely that many esti-
mated edges will not be causal, but rather confounded by unobserved variables.
Therefore, validation by interventional experiments is crucial to establish causal
relationships; the output of network inference should be regarded as suggestions
for specific interventional experiments. However, even influences validated by
intervention may be indirect, via unmeasured, intermediate species that do not
confound the causal effect; to establish physically direct regulation requires fur-
ther biochemical and structural work.

Causal inference in graphical models remains an ongoing area of statistical
research [10, 26]. The approach used here can be formulated as a graphical
model; our treatment of “Inset” interventions can be thought of as changing
the structure of the underlying graphical model, as in [26]. Our approach dif-
fers from linear models, including conventional continuous (static or dynamic)
Bayesian networks, since the underlying non-linear models are not structurally
symmetric; this may aid in causal inference. We note that we considered only
the case in which the target of inhibitors is known. For inhibitors whose targets
are unknown, the framework we propose could in principle be adapted to ask
whether any of the observed proteins are likely targets, complementing via a
non-linear model the work of [2].

There are two main statistical problems associated with Bayesian inference
for nonlinear dynamical systems: (i) inference of model parameters, and (ii)
computation of marginal likelihoods for model selection. The first problem has
been tackled from many directions, including Approximate Bayesian Compu-
tation [33], MCMC [37], and Particle Filtering [28]. The second problem is
a comparatively under-developed area of statistical research, with candidate
approaches evaluated in [6, 34]. In particular thermodynamic integration is
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recommended by [34, 38] for marginal likelihood estimation, however such tech-
niques remain computationally intensive. Alternatively, variational techniques
may used to facilitate Bayesian model selection over dynamical systems; this
approximate approach has recently been exploited by the neuroscience com-
munity [27]. Here, we employed a scheme based on MCMC output due to
[8], formulating a partially conjugate statistical model to permit an efficient
Metropolis-within-Gibbs sampling scheme.

Since inference in our approach decomposes over proteins i and for a given
protein, over local models Gi, the computations are “näıvely” parallelizable.
In principle, this should in the future allow our procedure to be scaled up to
networks orders of magnitude larger than the systems considered here. Equally,
MCMC approaches that sample from the graph space could be used in this set-
ting [11, 14]. Nevertheless, the computational burden of our approach is higher
than for corresponding linear formulations. In contrast, linear (or discrete)
models are crude approximations to underlying dynamics, but using conjugate
Bayesian or penalized likelihood approaches permit network inference that scales
well to relatively high-dimensional systems. In this sense, the approach proposed
here and linear network inference methods are complementary.

Although we mainly focused on the problem of structural inference, our ap-
proach also yields estimates of kinetic parameters. Importantly, in contrast
to approaches that assume the reaction graph is known a priori, our approach
permits inference concerning kinetic parameters even when the graph itself is un-
known or uncertain, as is relevant in perturbed biological states such as cancers.
Moreover, the use of chemical kinetic models may enhance predictive ability. For
example the dynamic behavior of phosphoprotein concentrations obtained un-
der our methodology are, unlike existing linear approaches, physically plausible
(i.e. smooth, bounded and non-negative). It may therefore be possible to extend
the approach to quantitatively predict dynamic cellular response to an exter-
nal stimulus, such as a drug treatment, even when the underlying networks are
subject to uncertainty.
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5 Appendix

5.1 Truncated normal densities

We used truncated normal distributions as priors for kinetics parameters, as
described in Main Text. Here, we describe truncated normal distributions and
how we sampled from them.
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A random variable Y ∈ Rp has a truncated multivariate normal distribution
with mean µ and covariance Σ, denoted Y ∼ NT (µ,Σ), if Y has probability
density function

pY (y) ∝ exp

(
− (y − µ)T Σ−1(y − µ)

2

)
I(y ≥ 0). (8)

where I here is the indicator function, such that I(y ≥ 0) = 1 if y ≥ 0, otherwise
I(y ≥ 0) = 0. (The notation y ≥ 0 is taken to mean that yi ≥ 0 for all
i = 1, . . . , p.) The density pY is related to the standard normal probability
density φ via pY (y) = C−1φ(y)I(y ≥ 0), so evaluation of pY requires

C =

∫
y≥0

φ(y;µ,Σ)dy =

∫
z≤0

φ(z;−µ,Σ)dz := Φ(0;−µ,Σ), (9)

where Φ is the normal cumulative distribution function.
In general, sampling efficiently from truncated multivariate normal distribu-

tions is challenging. For example a rejection sampler based on an unconditioned
normal density becomes inefficient when the measure of the target density’s sup-
port is small. One approach is to construct a Gibbs sampler based on Eqn. 8
(see [29, 30]) but this is considerable effort for obtaining random samples for
our purposes. However if the target distribution is non-degenerate (i.e. Σ is
positive definite) then there exists a bijective mapping onto a product of stan-
dard truncated normal densities, which we exploit for sampling. Specifically, if
Y ∼ N(µ,Σ) then we can write Y = µ+AZ where Z ∼ N(0, I) where I is the
identity matrix and A arises from the Cholesky decomposition Σ = AAT . Posi-
tive definiteness ensures that the Cholesky decomposition exists and is unique.
Moreover A is invertible, being lower triangular with strictly positive diagonal
entries. Since Y ≥ 0 if and only if Z ≥ −A−1µ, we have the basis for efficient
sampling (Algorithm 1). In the case that the target distribution approximates a
point mass (this arises from conditioning on a rare event in the tails of a normal
distribution), the algorithm uses numerical regularization.

5.2 Network prior

In the Bayesian setting, we must specify a prior probability distribution over
reaction graphs G. Here, we used a non-informative network prior; uniform
over the number of kinases, and for a given kinase, uniform over the number of
kinase inhibitors:

p(G) =

p∏
i=1

(
p

|Ei|

)−1 ∏
E∈Ei

(
p

|Ii,E |

)−1
(10)
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mentary Materials. In model 1, activation of ERK
proceeds through Ras (16, 17), and the model in-
cludes the possibility that Ras activates both Raf-1
and B-Raf (18). In model 2, two branches of ERK
activation occur through Ras and Rap1 (8, 13).
Models 3 and 4 correspond to models 1 and 2,
but include EGFR desensitization, which may crit-
ically regulate ERK activity (19).

By assessing the informativeness of measure-
ments of different species in the pathway, we
found that ERK activity provided the most in-
formative data with an eigenvalue of 0.2127,
which was 0.57 times greater than the next best
data set (MEK, with an eigenvalue of 0.1216)
(see Materials and Methods and Supplementary
Materials, section 1). Therefore, we measured
the kinetics of ERK activation in PC12 cells un-
der 11 distinct conditions and perturbations,
which represented a total of 168 experimental
measurements (Fig. 2B and Supplementary
Materials, section 2). Each time point and each
replicate is considered a separate measurement.
To perturb the pathway, we used drugs affecting
the activity of the cAMP signaling system, which
has multiple points of crosstalk with the EGF-
stimulated ERK activation pathway (Fig. 2A and
fig. S1). We targeted protein kinase activated by
cAMP (PKA) with the cAMP analog 6-Benz-
cAMP, EPAC with the cAMP analog 8pMeOPT-
2-O-cAMP, and phosphodiesterase 3 (PDE3)
with cilostamide, which we determined was the
most active PDE in PC12 cells (fig. S2D). We
simulated model dynamics using ordinary differ-
ential equations (ODEs; Supplementary Materials,
section 3) with the following simplifications: (i)
The manipulation of the abundance of cAMP by
different means is considered as perturbations
that are not part of the topology models. (ii) Ci-
lostamide was modeled as a direct “activator” of
both EPAC and PKA because it increases cAMP
by inhibiting PDE3 (20). (iii) The activation pro-
cesses from receptor to adaptors to effector proteins
were defined as EGFR→GRB2→SOS→Ras and
EGFR→CRK→C3G→Rap1 pathways (16).

To rank the four alternative hypotheses, we
computed the posterior probability of every mod-
el given the experimental data (Fig. 2, C and D;
and Supplementary Materials, section 4) to ob-
tain the Bayes factors. The resulting Bayes fac-
tors are the ratio of likelihoods that a given
model is consistent with observed experimental
data, and hence can be used for model ranking.
The Bayes factor is a summary of the evidence
provided by the data in favor of one scientific
hypothesis, represented by a mathematical mod-
el, in comparison to another. Posterior odds for
preferring one model to another can be obtained
by multiplying the Bayes factor by the prior
odds. Thus, we can base our ranking on probabil-
ity distributions, which give us exact information
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Fig. 2. BIBm evaluation of the EGF-
mediated ERK activation and crosstalk
with the cAMP signaling system. (A) Sche-
matic representation of the topology of the
four plausible pathway models (hypothe-
ses) and the cAMP-mediated input. Black
arrows represent stimulatory inputs and
dashed lines represent inhibitory inputs.
(B) Experimental ERK activation data ob-
served in response to perturbations of the
cAMP signaling system. (C) Prediction of
models matched to the experimental data.
The depicted graph demonstrates the pre-

dictions made with model 2, but all models were matched to the data similarly (see figs. S13 to S16).
(D) BIBm analysis based on these data selected the dual-path structure of model 2 as the signifi-
cantly most plausible one.
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Figure 2: Simulation study. (a) Model of the ERK signaling pathway due to
[38]. (b) Networks estimated from time course data, generated from model (a)
under inhibition of network nodes, without measurement noise. (c) Mean area
under the receiver operating characteristic curve (AUR) for each method, with
Gaussian measurement noise. See text for details. [Network inference methods:
(i) ARACNE, an information-theoretic approach, (ii) dynamic Bayesian net-
work (“DBN”), (iii) Gaussian process-based network inference (“GP”) and (iv)
Network inference using chemical kinetics (“NICK”); Simulation regimes: global
perturbation (“Global”), intervention on unobserved variables (“Outset”), inter-
vention on observed variables (“Inset”); Panel (a) reproduced with permission
from [38]; in Panel (b) edges annotated with weights indicating (100×) mutual
information for ARACNE and posterior probability for other methods, 6 highest
scoring edges shown in each case; in (c) mean AUR shown, errors bars indicate
SEM.]
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