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Abstract Sensitivity analysis has become one of the standard tools in analysis of

models of intracellular processes. Various methods have been proposed, developed

for either local or global sensitivity of systems under investigation. In this work, we

propose a method that may be used to �nd potential molecular drug targets, taking

into account heterogeneity of population of cells with respect to their responses to

a particular drug agent.
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1. Sensitivity analysis of signaling pathways models

The terms signaling pathways or regulatory pathways relate to the cascade
of intracellular processes, initiated by an external event (e.g., a ligand binding
to its speci�c receptor on a cell surface), or by an internal event (e.g., DNA
damage). These processes involve creation or degradation of protein com-
plexes, activation of enzymes and usually lead to activation or repression of
transcription of genes speci�c for a given pathway. This results in production
of new proteins (or their disappearance, if the genes are repressed) which may
a�ect earlier stages of the cascade, thus creating positive or negative feedback
loops.

One of the standard approaches to identi�cation of processes and their
parameters, used e.g. in control theory and its applications, involves input-
output models, described by a general di�erential equation

F
(
y(n), y(n−1), . . . , y, u(m), u(m−1), . . . , u

)
= 0, (1)

where y and u denote system output and input, respectively, f (j) denotes the
j−th order derivative of f with respect to time. Such models would not be
useful for analysis of intracellular processes, however. Biochemical processes
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involved in the regulatory networks should be explicitly modelled to facili-
tate drawing biologically relevant conclusions. There are two main reasons
for such approach. First, to test hypotheses about unknown mechanisms reg-
ulating signaling pathways, the processes behind these mechanisms must be
directly described. Second, the regulatory mechanisms may vary from one
cell type to another (utilizing di�erent proteins or protein modi�cations or
even di�erent feedback loops). If one chose an input-output representation,
the model would have to be built from scratch for each cell type and it would
be extremely di�cult, if possible at all, to integrate knowledge gained in dif-
ferent experiments. Finally, what is most important from the perspective of
this paper, when the processes involved are modeled explicitly, the kinetic
parameters in the model have biological meaning. Then, if their position in
sensitivity ranking is high, the processes they are associated with may be
treated as potential targets for new drugs.

Two main categories of sensitivity analysis methods can be distinguished:
local and global. Local sensitivity analysis provides information on the e�ect
of a small deviation a single parameter from its nominal value on the system
output. Global sensitivities, in turn, describe how the system output changes
when multiple parameters change in a relatively wide range. Various methods
have been proposed for both local and global sensitivity analysis [3, 4, 7]. In
our earlier works we argued for a frequency domain based method [2] as the
one that takes into account intricacies involved in experimental techniques
used in molecular biology, that provide data on which the models are built
upon. In this paper, that approach is modi�ed, taking into account the ulti-
mate goal of the analysis, which is �nding potential drug targets.

Recently, a critique of one-at-a-time sensitivity methods, which are based
on changing a single model parameter, has been published [8]. However, in
pursuit of the goal mentioned above it is exactly that approach that should
be applied. We will focus on models, described by a nonlinear state equation

dX

dt
= F(X,u) (2)

where X = [(X1) (X2) . . . (Xn)]T is a state vector with (Xi) denoting
concentration of molecules of type i (in the case of a two-compartmental
model, molecules in nucleus and cytoplasm are separate species) and u is an
input variable. The brackets in notation (Xi) have been chosen to distinguish
state variables from types of molecules that are used in reaction equations
(see below). An important property of these systems is that for any time t all
variables must be nonnegative.

Let the solution of the model described above be given by X(pn, t), where
pn denotes the nominal parameter vector. Then, the general goal of sensitivity
analysis, with respect to the goal stated before, is to �nd elements in pn, whose
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change will a�ect the system responses to the control u.

2. A sample model of a regulatory network dynamics

As an example illustrating applicability of the method proposed in this
paper, a simple p53 regulatory system is used [1]. The reasons for that are
twofold. First, it is a relatively simple model, widely accepted in the literature.
Moreover, the results of sensitivity analysis can be related to existing research
on anticancer drugs targeting that system.

The p53 protein is one of the most important molecules, determining the
cell fate in terms of cell proliferation and di�erentiation. It is well known that
p53 triggers cell cycle arrest and apoptotic pathways in response to moderate
and, respectively, strong stress signals [10]. Therefore, a search for a potential
drug target might be based on the primary goal of inducing p53 production
in cells, ultimately leading to their death.

Though p53 is involved in multiple signaling pathways and regulatory net-
works, the simplest regulatory module that controls its level in a cell involves
Mdm2 protein, that binds to p53 and targets it for degradation. Its model
has been presented in [1] and is shown in Fig. 1.

Figure 1: The simplest p53-Mdm2 regulatory module.

The dynamics of p53/mdm2 regulatory module under consideration is
described by the following equations [1]:

d(p53)

dt
= ms1u(t)− kd1 · (p53) · (Mdm2nuc)

2, (3)

d(Mdm2cyt)

dt
= n ·

(
s2 +

s3 · (p53)3

s34 + (p53)3

)
− k1 · k2 ·

MdM2cyt
k2 + (p53)

, (4)

d(Mdm2nuc)

dt
=
k1 · k2 · (Mdm2cyt)

k2 + (p53)
− kd2 · (Mdm2nuc), (5)

where the variables (p53), (Mdm2cyt), (Mdm2nuc) denote concentrations of
total p53 protein, cytoplasmic Mdm2 and nuclear Mdm2, respectively. The
parameters m and n are the numbers of p53 and Mdm2 gene copies, respec-
tively, s1, s2, s3 and s4 are the production rates per gene copy, kd1 and kd2
are p53 and Mdm2 degradation rates and k1, k2 are Mdm2-mediated nuclear
import rates. The control u(t), introduced explicitly in this paper (it does
not appear in the original model, which was simply activated from zero ini-
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tial conditions) represents activation of the system. The system structure is
illustrated in Fig. 1.

3. The method for �nding potential drug targets. The approach to
analyze models of signaling pathways aimed at �nding potential drug target
should take into account that experimental results do not provide measure-
ments expressed in terms of absolute concentrations, providing relative mea-
surements instead. It cannot be based on making the model dimensionless,
as the meaning of the parameters is changed in such procedure. However,
reliable conclusions can be reached with analysis in the frequency domain [2].
Therefore, in the proposed method, frequency spectra of system responses to
a given stimuli are investigated, according to the following algorithm (the ad-
ditional letter n in the subscripts below is used to indicate that the nominal
parameter values are used in calculations):

1. Run the simulation for nominal parameter values pn, obtainingXn(pn, t).

2. Calculate Discrete Fourier Transform (DFT) Fin(ω,pn) of xin(pn, t),
where xin is the trajectory of the i−th state variable, chosen as the
system output, obtained for nominal parameter values.

3. For each parameter pj , generate a large set of its random values from
a uniform distribution on [0, α · pjn], where 0 < α < 1 is an arbitrarily
chosen parameter, representing minimum attenuation level of the pro-
cess, associated with the j−th parameter, that can be achieved with a
targeted drug.

4. For each generated parameter value pj :

• run a simulation with remaining parameters at their nominal val-
ues, obtaining xi(pj , t),

• calculate the di�erence between the nominal response and the new
response, de�ned as:

∆xi(pj , t) = xin(pn, t)− xi(pj , t), (6)

• calculate Discrete Fourier Transform ∆Fi(ω, pj) of ∆xi(pj , t) for
frequencies ωk = k/T (k = 0, 1, . . . , 2M), M = log2N − 1, where
T is the �nal time of simulation, and N is the number of discrete
time points in the simulation,

• calculate the index of deviation of the frequency response [5]:

J =

∑2m

k=0 |∆Fi(ωk, pj)|∑2m

k=0 |Fin(ωk,pn)|
(7)



J. �mieja, M. Kardy«ska, M. Pudlo 201

5. Calculate the mean µ and variance σ2 of the index J for each parameter
and use it to determine its Fano factor, subsequently used in parameter
ranking:

A =
σ2(J)

µ(J)
. (8)

Sampling from a uniform distribution in the algorithm shown above al-
lows to take into account heterogeneity of cells population, in which each cell
response may be a�ected by the drug to a di�erent degree. With no exper-
imental data on individual cells available, the uniform distribution seems to
be a reasonable choice. If such data existed, the distribution should be chosen
appropriately, so that simulation results would re�ect them.

The choice of the range [0, αpjn] (0 < α < 1) for parameter sampling
results from the assumption that active drug components usually have in-
hibitory e�ects on molecular processes. For example, when binding to their
respective targets, they block the active site that becomes unavailable for
other molecules and thus makes the target unavailable for a given process. If
the drug action was to be stimulating, that range could be changed into, e.g.
[αpjn, βpjn], with β > α > 1.

4. Numerical results. As the p53 system may be activated by some
external event, in the short time horizon the control variable may be assumed
to be a step function u(t) = 1(t). As a result, in the numerical results shown
in this section, the system response to that particular input is considered.
However, the control function, as well as the initial conditions in the system
under investigation, may be chosen di�erently, to represent the actual system
state and mode of control.

Following the algorithm described in the preceding section, parameter
rankings were calculated for α = 0.1, α = 0.2 and α = 0.5 (Fig. 2). Parameters
n and m were not taken into account, as they are integers and following the
assumption that drugs cannot a�ect the numbers of gene copies in cells. In
all three cases, parameters k1 and k2 were indicated as those most a�ecting
the system dynamics. To verify that conclusion, system responses in the least
favorable case, in which the parameter value was reduced only to αk1n were
compared to those obtained for nominal parameters. When α = 0.1, the p53 is
signi�cantly increased (Fig. 3), which would lead to induction of apoptosis in
cells, thus achieving the desired goal. When α = 0.2, which represents weaker
cell response to the drug, the e�ect is smaller and lasts shorter (Fig. 4).

The parameter k1 corresponds to the kinetic ratio of p53-controlled Mdm2
nuclear import. This process may be blocked, if an active drug component
bound to Mdm2, inhibiting its binding to p53, which in the model is equivalent
to reducing k1 value. Actually, such drug Nutlin does exist [9] and much more
elaborate model of its action was investigated in, e.g., [6].
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(a) (b) (c)

Figure 2: Sensitivity rankings obtained for (a) α = 0.1, (b) α = 0.2, (c) α = 0.5.

Figure 3: System responses for nominal (dashed line) and reduced by α = 0.1 (con-
tinuous line) value of the parameter k1.

Figure 4: System responses for nominal (dashed line) and reduced by α = 0.2 (con-
tinuous line) value of the parameter k1.
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5. Summary. The method of sensitivity analysis of signaling pathways,
aimed at �nding potential drug targets, has been presented. It is based on
parameter rankings calculated for system responses to a given input func-
tion, analyzed in the frequency domain. Applicability of the method has been
illustrated with a simple example of p53 regulatory module, that hinted at
a particular process that should be targeted by a drug. Literature research
indicates that that process is targeted by one of the newly developed drugs.
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Analiza wra»liwo±ci ukierunkowana na poszukiwanie

molekularnych celów dla leków.

Jarosªaw �mieja, Maªgorzata Kardy«ska, Marta Pudlo

Streszczenie Analiza wra»liwo±ci staªa si¦ jednym ze standardowych narz¦dzi w

analizie modeli procesów wewn¡trzkomórkowych. Do tej pory zaproponowano ró»ne

metody, opracowane dla lokalnej lub globalnej wra»liwo±ci badanych systemów. W

niniejszej pracy proponujemy metod¦, która mo»e by¢ wykorzystana do znalezienia

potencjalnych molekularnych celów leków, bior¡c pod uwag¦ heterogeniczno±¢ po-

pulacji komórek w odniesieniu do ich odpowiedzi na konkretny lek.

Klasy�kacja tematyczna AMS (2010): 92C42; 92C37.

Sªowa kluczowe: analiza wra»liwo±ci, szlaki sygnaªowe, molekularne cele leków.
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