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Abstract

Two-component systems are signalling pathways found in prokaryotes such as Mycobacterium
tuberculosis, the causative agent of the infectious disease Tuberculosis. Experimental data has shown
that bacteria vary the relative concentrations of the two components, an adaptive response to cellular
need for a more active or more damped reply to stimuli. In this work, I explore the advantages of this
tuning using several techniques commonly used in systems biology. Results point to different response
strengths when each component has a higher relative concentration than the other.
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1. Introduction
Signalling pathways are of paramount importance
for all living beings. They allow cells to understand
the physical conditions of their environment and
react appropriately to them [1]. One particular bi-
ological implementation of signalling pathways is
the Two-component signalling transduction system
(TCSS) [2]. This type of systems is more commonly,
but not exclusively, found in prokaryotes [2], among
which is the intracellular pathogen Mycobacterium
tuberculosis (Mtb) [3], the main causative agent of
Tuberculosis in humans. The study of the pathways
present in this bacterium species can lead to the
development of new drugs targeted at them, that
would act via cellular communication inhibition, cel-
lular growth limitation or even by triggering cellular
suicide [2] [4].

As the name suggests, TCSSs possess two com-
ponents: the Sensor Kinase (SK) and the Response
Regulator (RR). In some configurations, a third el-
ement may be present but such configurations are
nevertheless researched as part of TCSS studies [2].
The system functions by detecting some sort of input
at the SK, which phosphorylates and then passes
a phosphate group to the RR. The RR then elicits
a response at the end of the cascade, such as the
triggering of protein production.

Since protein expression carries a fitness cost, cells
adapt their cellular structures according to each sit-
uation. This adaptation is usually done through
control of gene expression [5]. The proper function-
ing of mechanisms such as TCSSs are dependent on
proper signalling and regulatory schemes to produce

appropriate amounts of proteins under particular
environmental conditions, in order to find the fine
balance point between fitness costs and benefits [5].
Indeed, experimental data for Mtb [6] [7] [8] [9]
[10] suggests that there is a dynamic adjustment
of TCSS-protein concentration levels in response
to different situations, such as re-aeration following
dormancy.

Figure 1: Simultaneous and Inverse Regulation

This regulation can be roughly described as simul-
taneous, when the proteins are both up- or down-
regulated, or inverse, when one is up-regulated and
the other is down-regulated. The hypothesis put
forward in this work is that this is the manifesta-
tion of the cells’ ability to auto-tune their signalling
pathways into configurations that better reply to
external conditions, be it by eliciting a strong, weak
or even no response. This work attempts to eluci-
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date the biological function of these different tunings
and try to understand what advantages the cell has
in having a higher concentration of one protein in
detriment of the other.

This will be done by applying engineering and
mathematical techniques, formalisms and frame-
works to these biological systems [1], a growing
scientific field known as Systems Biology. When
applying these frameworks to biological systems,
one must nevertheless consider the limits of creating
a mathematical model. A model is, in its broad-
est sense, an abstract representation of a physical
reality, but still merely a representation. It is typi-
cally a simplified view of the actual physical system
and is also usually not unique, i.e., the same phys-
ical reality may be described by different models,
each highlighting some characteristic the researcher
wishes to emphasize [1].

2. Tuberculosis

The motivation for this work comes in the context
of the current research effort that aims to eradi-
cate or lessen the effects of Mycobacterium tuber-
culosis and the disease caused by it. Tuberculosis
is a widespread and often fatal infectious disease
caused primarily by M. tuberculosis but also by re-
lated species of Mycobacterium. This pathogen acts
intracellularly and is estimated to currently infect
one-third of the global human population, yielding
about 2.3 billion infected individuals. Per year, it
is estimated to infect 50 million new individuals,
resulting in 9 million active Tuberculosis cases and
2 million deaths [3]. Over 95% of cases occur in
developing countries [11], but the epidemic has been
increasing among the developed nations as well, par-
ticularly due to co-infection with HIV and drug
resistance increase.

Infection by M. tuberculosis can result in contain-
ment as latent infection, eradication by the host’s
immune system or, in less than 10% of cases, in
active disease [11]. Each individual case develops un-
predictably, but the risk of active disease is severely
increased in cases where the immune system is com-
promised, such as by co-infection with the Human
Immunodeficiency Virus (HIV). Alcoholism, malnu-
trition or genetic constitution of host and pathogen
can also play decisive roles [3].

HIV alone triggers 2.6 million new infections per
year, with 1.8 million deaths linked to Acquired
Immunodeficiency Syndrome (AIDS) [12]. Countries
in Asia and Africa, who suffer from the highest rates
of Tb and HIV infection, are also unsurprisingly
the ones strained the hardest by the Tb-HIV co-
infection problem [13]. 14 million individuals are
estimated to be dually infected and Tb accounts for
about 26% of AIDS-related deaths [14], being the
largest worldwide cause of death after the setting of

AIDS [13]. This synergistic co-infection effect lies
in the profound impact both have on the immune
system, creating an environment from which both
infections benefit [13]. For example, one of HIV’s
main targets are the CD4+T cells, which play a part
in granuloma organization [13]. If HIV begins to
infect immunitary cells present in granuloma, that
may lead to its dissolution - and hence the onset of
active Tb.

M. tuberculosis infects professional phagocytes
and is able to persist in the human host for decades
within granulomatous lesions, even when exposed
to stresses such as nutrient scarcity, hypoxia, reac-
tive oxygen and nitrogen, pH alteration and mem-
brane stress. Two techniques used to adapt to these
stresses are the thickness of its cell wall, which allows
it to survive intracellularly, and its ability to become
dormant, ie, enter a non-replicating, low-metabolic
state that increases phenotypic drug resistance [3].
As an additionally measure for stress adaptation, M.
tuberculosis encodes approximately 190 regulatory
proteins, of which 11 are genetically linked TCSSs,
five are orphaned Rs and two are orphaned SKs.

The disease is airborne when a patient with active
Tuberculosis sneezes, coughs or spits respiratory flu-
ids. The infectious dose of tuberculosis is very small,
with as few as 10 bacteria being sufficient to cause
an infection [15]. A typical infection begins when
mycobacteria reach the pulmonary alveoli and lungs
are typically the primary site of infection. Here,
macrophages identify the bacterium and attempt to
eliminate it by phagocytosis. In this process, the
bacteria is put inside a phagolysosome where the
macrophage attempts to kill the bacteria with re-
active oxygen and acids. However, mycobacteria’s
capsule protects it from these abrasive substances
and the cell proceeds its life-cycle unaffected and
eventually killing the host macrophage [16]. This
triggers a desperate immune system tactic, whereby
immune system cells aggregate around the infected
cells to form granulomas. A granumola is the fus-
ing together of all these immune system cells into
a giant multi-nucleated cell, preventing dissemina-
tion of mycobacteria. If successful, the disease goes
into a latent state [16]. Granulomas are able to
contain active tuberculosis for a long time, but any
event leading to granuloma disruption can trigger
the onset of active Tb.

Treatment of Tuberculosis is possible, requiring
the administration of several drugs over a period
of 6 months or longer. Incomplete treatment often
results in the emergence of genetic mutations that
develop bacterial drug resistance. These mutants
represent the largest new threat in the control of
the disease [3].

Research of M. tuberculosis inside the macrophage,
where it would be of more interest, is difficult and
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cannot be done quantitatively: the bacteria and the
host cell are inevitably shred together in measure-
ment attempts. Instead, researchers recreate the
intense and different stresses mycobacteria are sub-
jected to in vitro. Examples of these stresses are pH
variation [8] or oxygen limitation [6].

3. Biochemistry of Two-component Signal
Transduction Systems

Since adaptation to environmental stimuli is me-
diated through transcriptional regulators, Two-
component signal transduction systems of Mycobac-
terium tuberculosis are of special relevance in its
study. Two-component regulatory systems are en-
coded in the organism’s DNA, typically in such a
way as for the same operon to include both the His-
tidine Sensor kinase and the respective Response
Regulator genes. Thus co-expression is favoured
and cross-talk between non-cognate sensors can be
minimized. Nevertheless, some genomes code for
orphan components, where either the SK or the RR
are not accompanied by their counterpart. This can
raise questions about the identity of the partner of
each orphan SK and RR and even if some of these
components have partners at all [17].

Figure 2: Prototypical TCSS composed by a single
SK and a single RR. A signal triggers phosphoryla-
tion of an SK, which transfers its phosphate to an
RR. Adapted from [4]

Histidine Kinases are used as sensors to moni-
tor external stimuli and transmit this information
through the cell. SKs possess a diverse sensing do-
main and the kinases’ activity is modulated by the
input signals it receives in its sensing domain [2].
Unlike in other systems where a protein kinase can
activate multiple targets, in Two-component systems
the phosphoryl group is transferred stoichiometri-
cally to the Response Regulator protein’s regulatory
domain. Many SKs also possess a phosphatase ac-
tivity, which permits the dephosphorylation of their
cognates [2]. Nonetheless, Response Regulators can

also autodephosphorylate [2]. Control through two-
component systems is achieved through the regu-
lation of the phosphorylation reactions of the RR
by the upstream SK. Response Regulators, at the
end of the pathway, effect the necessary reaction
response [2].

The suitability of TCSSs for drug targeting comes
from the fact that many virulence factors are con-
trolled by them and TCSSs also control many life
supporting signalling [2]. Further, its absence in
mammals makes it a particularly well-suited target
for antimicrobial research [2].

4. Mathematical tools for the study of sig-
nalling pathways

Most of the ideas, techniques and frameworks ap-
plied to the study of signalling originate from the re-
lated study of metabolic reactions. In the metabolic
case, enzymes convert metabolites into different
metabolites. In signalling, only smaller groups are
passed on, with these modifying the enzymes them-
selves. Considering this, Mass-action law kinetics is
more appropriately used in the study of signalling,
whereas Michaelis-Menten kinetics is more applica-
ble in metabolic reactions.

4.1. The Competitive Inhibition factor
It would be interesting to consider a competitive
interaction between proteins for the DNA binding
spots that elicit response. In this way, the phospho-
rylated RR would not unopposedly bind to DNA, but
rather compete for binding spots with the unphos-
phorylated RR. Considering the Michaelis-Menten
competitive interaction [1], I posit that

1

1 + I
kI

(1)

is the Competitive Factor. Applying this to the
original rate equation provided by the mass-action
law and considering R to be the inhibitor of the
activator Rp, we obtain

r = kiRp
1

1 + R
kI

. (2)

4.2. Metabolic Control Analysis
Metabolic Control Analysis (MCA) is a mathemat-
ical framework [18] [19] [20] originally created to
describe metabolic pathways, from which it grew to
applications in signalling and genetic pathways. This
takes advantage of stoichiometric networks allowing
for the description of relationships between compo-
nent and systemic sensitivities. As an example, it
is possible to determine the effects of an enzyme
concentration increase on the steady-state value of
some related metabolite using an MCA analysis [21].

Although signal transduction is not equivalent to
metabolism, it is possible, with some precaution,
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to use the mathematical formalism already devel-
oped for metabolic systems on signalling systems
[1]. Metabolic Control Analysis (MCA) was, not
surprisingly, built to serve a purpose in the study
of metabolic systems, but with some foresight and
precaution it should also be applicable to signalling
systems.

The effects of a perturbation in a reaction will
depend on the local properties of such reaction and
on the way this reaction is embedded in the global
network [1] [21]. A perturbation ∆x on y(x) can be
expressed in the form

cyx =
x∆y

y∆x
. (3)

In practice, ∆x and ∆y can be identified as per-
cent changes. In the limit case of ∆x → 0, we
obtain

cyx =
x∂y

y∂x
=
∂ ln y

∂ lnx
(4)

Where the third part is called the scaled form and
allows an adimensional study of the problem.

The MCA approach consists on working these
coefficients to obtain certain information, a particu-
lar one being the concentration control coefficients.
Consider now a stable steady-state with steady-state
concentration S = S(P ). Any change νk → νk+∆νk
will drive the system towards a new steady state
with S → S + ∆S [1] [21]. The control coefficient

Cj
k =

νk∂Si

Si∂νk
. (5)

Measures the impact that the control reaction νk has
on the steady-state concentration Si, quantifying
the effect that varying one reaction rate will have
on the steady-state concentration of all substances.

4.3. Signal Quantification analysis
Although mathematical modelling of signal trans-
duction is still in its infancy, it is already of great
use in the development of our understanding of reg-
ulatory principles. A particular approach described
in an article by Heinrich [22] is signal quantification
analysis. The basic idea is to analyse the signal
as if it were a normal distribution. This is done
by defining three quantities, the signalling time τi,
signal duration ϑ, and the amplitude of the signal
Si.

The signalling time τi gives us the time the signal
requires to propagate to its destination.

τi =
Ti
Ii

: Ii =

∫ ∞

0

Xi(t)dt, Ti =

∫ ∞

0

tXi(t)dt. (6)

As can be quickly grasped, Ti

Ii
is an average, anal-

ogous to the mean value of a statistic distribution.

Figure 3: Geometric representation of τ , ϑ, and S.
Extracted from [22]

Ii can also be used to characterize signal output, as
it is the total amount of active kinase i generated
during signalling period (Figure 3) [22].

The average time during which kinase i remains
active is given by the signal duration ϑ

ϑ =

√
Qi

Ii
− τ2

i : Qi =

∫ ∞

0

t2Xi(t)dt, (7)

Which gives a measure of how extended the signal
response is around the mean time. This is similar
to the standard deviation (Figure 3) [22].

The amplitude of the signal Si is given by the av-
erage concentration of the activated kinase i (Figure
3)

Si =
Ii

2ϑi
(8)

Geometrically, this represents the height of a rectan-
gle with length 2ϑ and area equal to the area under
the curve of Xi(t).

Some conclusions of Heinrich’s work [22] were that
while longer pathways should increase signalling acti-
vation time and duration, they also permit amplifica-
tion to be distributed over more steps, which means
faster individual phosphatase reactions can reach
the same signal output. This means that as the
number of steps in the cascade increases, so does the
signal velocity, while the signal duration decreases
[22]. For short pathways, such as two-component
systems, signal amplification is achieved with slow
signal propagation and high signal duration. So
the potential benefits of having few components is
somehow offset by the lack of amplification of the
signal and heightened signal duration in time.

Using signal quantification entails certain difficul-
ties that must be carefully considered. If a signal is
not well-bounded, ie, does not approach zero towards
its limits, then the computation of the signalling ac-
tivation time, duration time and amplification will
produce erroneous results.
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5. An in silico Two-component Signalling
System

Figure 4: TCSS model. Absent from the figure are
the decay reactions. All substances undergo Ai → ∅

The base model used in this work (Figure 4) pos-
sesses two proteins (S, R), the two phosphorylated
versions of them (Sp, Rp) and two protein-producing
RNA substitutes (mR, mS). These substances in-
teract through 12 reactions that correspond to the
structures:

• The central phosphate transfer system where S
is activated and passes a phosphate to R.
• Basal production (rbasS , rbasR), which is

achieved through a zeroth-order reaction pro-
ducing mR and mS and allows the system to
be non-null at rest state.
• Autoactivation (r3, r4), where phosphorylated

response regulators trigger the production of
regulators and sensors.
• Autodephosphorylation applied to active pro-

teins (rdpSp, rdpRp). Phosphatase action by S
on Rp (rdpSRp) was initially considered, but
eventually abandoned in favour of a simpler
system based on autodephosphorylation alone.
• Degradation rates for all substances.

The simple and generic TCSSs used as the base
for this model had no structures that elicited a
negative feedback response. Hence, the signal is not
turned off automatically and the input signal must
be manually removed. The model, when considered
in its complete form, exhibits positive feedback due
to the production of new mR and mS following
activation of Rp.

To better study this system, a variation was cre-
ated on the transcription reactions r3 and r4 (blue
dashed lines), resulting in models I and III. Ac-
cording to the mass-action law, and considering the
model as developed in Figure 4, we obtain the reac-
tions of Table 1, with model I having transcription

triggered by Rp through mass-action law. In model
III, the competitive inhibition factor is inserted into
the reaction and are now written r3 = k3Rp(t)

1

1+
R(t)
kI

and r4 = k4Rp(t)
1

1+
R(t)
kI

.

Ideally, parameters would be obtained from ex-
perimental data sources. Due to the difficulty of
measuring such properties in mycobacteria, this is
for the foreseeable future an impossibility. Therefore,
parameters were estimated through careful consider-
ations, such as protein vs RNA stability or active vs
basal transcription rates, and created through the
use of the FindInstance[] function of Mathematica
[23].

Reaction Rate equation Order
Main Cascade

S + inp→ Sp r1(t) = k1 inp S(t) 1
Sp+R↔ S +Rp r2(t) = k2R(t)Sp(t) 2

Transcription Activation

Rp→ mR+Rp r3(t) = k3Rp(t) 1
Rp→ mS +Rp r4(t) = k4Rp(t) 1

Translation

mR→ mR+R r5(t) = k5mR(t) 1
mS → mS + S r6(t) = k6mS(t) 1

Dephosphorylations

Sp→ S rdpSp(t) = k7Sp(t) 1
Rp→ R rdpRp(t) = k8Rp(t) 1

Basal Production

∅ → mR rbR(t) = kbasR 0
∅ → mS rbS(t) = kbasS 0

Substance Decay

mR→ ∅ rdmR = 10 kdcymR(t) 1
R→ ∅ rdR = kdcyR(t) 1
Rp→ ∅ rdRp = kdcyRp(t) 1
mS → ∅ rdmS = 10 kdcymS(t) 1
S → ∅ rdS = kdcyS(t) 1
Sp→ ∅ rdSp = kdcySp(t) 1

Table 1: Table of Reactions. Model I

Having obtained the parametrization, the dephos-
phorylation rates and the inhibition rate were then
slightly adjusted. The transcription rates were
also adapted to have the models I and III with
similar steady-state values. This resulted in the
parametrization of Table 2.

In order to be able to dynamically vary the basal
production rates and hence the initial substance
concentration, two additional parameters - senfac-
tor and regfactor - were added into the system’s
equations:

rbS(t) = kbasS senfactor (9)

rbR(t) = kbasR regfactor (10)
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Parameter Model Value

kbasR All 16
kbasS All 16
kdcy All 0.625
k1 All 68.196
k2 All 16

I 1/25
k3 & k4 II 0

III 10
k5&k6 All 1
k7 & k8 All 79.2
kI III 2

Table 2: List of Parameter values determined
through FindInstance[] and visual calibration.

In the scripts, each factor is varied on its own
with the other remaining constant. The variation
is done through two decades, from 0.1 to 10, with
logarithmic scales finding here an appropriate appli-
cation.

6. Results of Signal Quantification

Signal Quantification was applied to the Rp stage
of the pathway. This was chosen because it lies at
the end of the pre-transcriptional main cascade and
is a substance that is not sustained without input
activation, meaning it will tend to 0 after the signal
is turned off. In this way, it avoids the ill-bounded
signal problem.

Looking at the results obtained with model I (Fig-
ure 6), it is possible to observe that shifting the
initial concentration of sensor and regulator protein
results in differences in signal amplitude S, but not
so much in the signal duration ϑ and signal acti-
vation time τ , where the change is relatively small.
Considering this, it would seem that signal quantifi-
cation is not the best way to measure these models,
though it may hold more promise with different in-
put signals or kinetics. Henceforth, a new approach
was developed based on the analysis of steady-states.

7. Results of Steady-state Analysis

Considering that the measures of Signal Quantifica-
tion do not seem to be completely appropriate for
the case at hand, a new technique was explored by
measuring the steady-state concentrations of the sys-
tem at input value 1 (ON). Separately varying the
sen- and regfactor, while keeping the other constant
at 1, the steady-state values of Rp

Rtot
, Rp and mR

were obtained. Rp
Rtot

gives us the concentration of
Rp relative to the total amount of response protein,
Rp gives us the absolute concentration that actually
triggers transcription and mR measures the increase
in mR from input 0 to input 1, which in this case is
also a representative of cellular response to stimuli.

Model I, with active transcription (Figure 7), al-
ready shows the stark difference that varying Rp

Rtot
has on the overall development of the system. The
final elicited response, the increase in mR, is circa 10
times stronger at senfactor 10 than at regfactor 10.
The activated Rp value also differs from the senfac-
tor plot to the regfactor plot. In model III (Figure
8), although the absolute values are smaller due to
the different parametrizations, the effect of growing
regfactor is relatively starker and effectively cuts off
the response of the system. Growing senfactor has
the opposite effect and increases the response, noted
by mR and Rp of the system.

Consistently across the models, an increase in
sensor concentration leads to a heightened response,
whereas an increase in regulator concentration leads
to a decreased response. These results suggest that
a tuning of the response intensity can indeed be
accomplished by shifting the relative concentrations
of proteins.

8. Results of Metabolic Control Analysis

Metabolic Control Analysis was performed in scaled
form, and for commodity of data presentation the
absolute values were changed to relative intensity
colours.

From the concentration control coefficient of
model I (Figure 5), two main observations can be
extracted: the negative effect Rp to mR has on Sp
and the positive effect Rp to mS has on the whole
system. The negative effect can be justified by the
increase in flux of the second phosphorylation caused
by the increase in R, which in turns assures that
more Sp will be consumed. In the other case, Rp to
mS increases the amount of phosphate passed down
the chain and hence revitalizes the whole system.
A result of this is the increase in consumption of
R, which nevertheless remains positive but does not
suffer the same increase of other substances.

The competitive case (Figure 5), Rp to mR leads
to a depression in all concentrations except for R,
due to the competition of R for the binding spots
with Rp. This leads to the general depression of the
whole system. Additionally, just as with Model I,
it is visible that Rp to mS strongly supports the
development of the system. A similar interpretation
could be done for the translation reactions (mR to
R and mS to S ) and the basal production reactions
(basal to mS and basal to mR).

Hence, variations in reaction rates that lead to an
increase in S, lead to a generalized large increase in
concentrations of all substances but R. Conversely,
an increase in reaction rates producing R depresses
the system in general. This is better observed in
the competitive case (Figure 5), but already in the
uncompetitive model that increase leads to a strong
depression of Sp (Figure 5).
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9. Conclusions and Outlook

The results obtained, both through Metabolic Con-
trol Analysis and the other analyses carried out,
show that there is a clear difference between the ef-
fects of separately raising the concentration of each
protein. In a general way, increasing the sensor
kinase tilts the system towards stronger response,
while increasing the response regulator has the op-
posite dampening effect. This is especially true in
conditions of competition for DNA binding spots,
where a negative feedback ensues.

The study of the models through Signal Quantifi-
cation, although eventually abandoned in favour of
a more detailed analysis of the steady-states, was
useful in the initial studies of the system. Unfor-
tunately, the dynamics at hand and the relatively
static input did not allow for much information to
be extracted through this technique. Only the am-
plitude S presented meaningful variations between
the sen- and regfactor plots and in all three models.
Activation time τ and time duration ϑ variation’s
were simply too small to be seriously considered.
Signal Quantification nevertheless still holds some
promise for systems biology if other input signal
functions or kinetics are considered.

One characteristic of the Two-component systems
that was ignored for expediency was the fact that
sensor kinases are more or less static: their extra-
cytoplasmatic domain maintains them connected to
the membrane and not free-floating as would be nec-
essary for a correct application of mass-action law.
Considering the low level of detail of these simula-
tions, the use of mass-action law can be considered
adequate. However, if experimental data diverges
significantly from the results herein obtained, then
it would be advisable to reformulate the system with
kinetics other than mass-action law or even change
the whole approach and consider a stochastic or
agent-based model analysis.

A significant obstacle in the development of this
project was the parametrization of the model. As
has been stated, there was no direct experimental
data to use and so the parameters eventually chosen
were based on sensible assumptions and created us-
ing computational tools. Although it is not proven
that this is a biologically correct parametrization, it
incorporates as much biological knowledge as was
available. The computational tools used were the
FindInstance[] function followed by manual tun-
ing, but a possible alternative would have been to
map a set of all the solutions that obeyed the desired
conditions and then build a script to run through
them and automatically select the most interesting
ones.

Despite all these difficulties, I nevertheless ob-
tained some results that point to a beneficial effect
to bacteria of shifting the concentrations of Response

Regulators and Sensor Kinases. Looking at the anal-
ysis by means of Signal Quantification and by means
of steady-state values, the hypothesis that there is
a benefit in changing the basal production rates is
evident. The Metabolic Control Analysis further
corroborated this idea. The control coefficient fig-
ures give us a look into how the system reacts to
increases in R and S, from which the same conclu-
sions of the analysis of steady states were reached.
An increase in S increases the system’s sensitivity
to input, while an increase in R decreases it.

Biologically, the effect that a higher sensor concen-
tration has on detecting external signals allows for a
stronger phosphorylation down the pathway, while
a stronger concentration of response regulator will
exhaust the amount of phosphorylated sensor from
which to activate itself. The remnant unphospho-
rylated response regulator then competes with the
phosphorylated one for binding spots, and there be-
ing more inactive than active protein will naturally
result in a dampening of response production. In
the case of a competitive system, the availability of
more unphosphorylated regulators further dampens
the system by further complicating the activation of
protein transcription. Hence, a system can be tuned
to be more responsive by shifting the sensor protein
relative concentration and to be less responsive by
shifting the regulator protein relative concentration.
When both are up-tuned in coordination, the result
is an amplification of the effective system reply. The
opposite tuning, leads the system to smaller replies
to input.

Returning to the initial experimental observations
and considering the results obtained, one can the-
orize that the cell will adapt simultaneously when
it needs a strong increase or decrease in response
from that system. However, an inverted adaptation
is faster and carries a significant benefit in resource
economy.

The results achieved in this work have pointed to
potential fitness advantages in controlling the rela-
tive concentrations of each component. It would be
of great interest to obtain experimental evidence that
delved into this particular aspect of Mycobacterium
tuberculosis’ physiology and confirmed or denied the
results here obtained. Hence, the prosecution of the
systems biology cycle could result in refinements or
overalls updates to the model here described. Indeed,
further developments of this project are umbilically
tied to experimental research. For instance, the
effect microRNA has on post-transcriptional and
pre-translational regulation is not yet fully under-
stood, and for them to be included in this type of
models will still require further experimental work.

The final objective is to understand and predict
the behaviours of the bacteria at a molecular level
and hopefully find good targets for drug treatment.
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The current work delved mainly in the general phys-
iology of Two-component systems, and while some
insights can indeed be extracted from this general
perspective it nevertheless appears to be that due to
the specificity of each system, the best way to find
interesting drug targets will probably be through
more specific study of each individual system.

The application of computational models to drug
discovery is going through its early stages, and drug
scan tools are still mainly filling a secondary role for
drug target selection. The cyclical nature of systems
biology however makes it a field with plenty of space
to grow: as biological insight grows, so can that in-
sight be integrated in theoretical and computational
models and present ever more accurate portraits of
physical, chemical and biological reality.
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Figure 5: Scaled concentration control coefficients. Reactions that increase the concentration of S (Rp to
mS, mS to S ) stimulate the whole system. In Model III (Competitive), the reactions that increase the
concentration of R (Rp to mR mR to R) depress the steady-state values of the whole system.

Figure 6: Signal Quantification for Model I. Activation time τ and time duration ϑ have small relative
variations, but amplitude S shows a very stark difference between regulating sen- and regfactor.
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Figure 7: Analysis of steady states of model I. Sen- and regfactor have differing impacts on the Rp
Rtot

relation, and hence on the final response strength.

Figure 8: Analysis of steady states of model III. With competitive inhibition, the variation of sen- and
regfactor produces stark contrasts in final response strength. Note the complete lack of response for high
values of regfactor.
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