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Cellular stochasticity is thought to be an important, and sometimes integral, part of cellular phe-
nomena. The λ lysis-lysogeny establishment has been reported to utilize intrinsic cellular stochas-
ticity in its decision making process. Recently, however, there have been challenges to this view,
for example by experiments pointing out cell-to-cell variations in the host population can lead to
deterministic heterogeneity in the lysis-lysogeny decision [3]. In this paper I show that the data in
the St-Pierre study is consistent with a stochastic model of the gene regulatory network (GRN) of
λ.

INTRODUCTION

The lysis-lysogeny decision circuit of the λ phage is
an important model of how a genetic regulatory network
(GRN) can function as a bistable switch. λ is a temperate
phage whose life cycle shows two distinct outcomes: upon
first infection of a bacterium, it can decide to kill the host
by initiating virion production (lysis) or stay dormant by
integrating its genome with that of the host (lysogeny)
[1]. Early experimental studies show that there is large
heterogeneity in the fate of clonal E. coli populations
infected with λ phage; some cells will go into lysogeny,
some will lyse, despite the fact that the host population
is genetically identical [1]. A seminal work by Arkin et
al. [2] posits that the inherent stochasticity due to small
protein copy number involved in the circuit is respon-
sible for the observed heterogeneity. However, this has
been recently challenged by single-cell studies that show
how cell-to-cell variation can deterministically affect the
fate decision [3]. In particular, St-Pierre and Endy show
that heterogeneity of host volume have large, determin-
istic roles in biasing the switch. In particular, 60% of
cells whose immediate cell-volume after infection is small
(0.8× 10−15L) enter lysogeny, compared to 20% for cells
with large volume (1.3× 10−15L) [3].

These studies pose some important questions about
the role of stochasticity, and the somewhat subtle differ-
ence between inherent randomness . In order to examine
the St-Pierre report further, in this work I will identify
and model one particular volume-sensitive component of
the λ GRN, and assess whether host volume can be in-
terpreted as having a biasing effect upon an ultimately
probabilistic decision system. First I will review the ex-
isting literature on the network topology of the λ GRN,
with emphasis on the early-infection lysis-lysogeny de-
cision circuit, pointing out two ways of interpreting the
St-Pierre et al. data. I will introduce and motivate the
use of the chemical master equation (CME) as a frame-
work for modeling the λ circuit and examine the effect of
volume on the model.

BACKGROUND: GENETIC REGULATORY
NETWORK OF THE λ SWITCH

The linearized λ genome is shown in figure 2. Cro
and n are the first genes expressed right after infection,
from the PR and PL promoters, respectively. The Cro
protein dimerizes and then binds to the operators OR1−
3, which control the expression state of PR (encoding
cro and distal genes) and PRM , encoding cI. Similarly,
the protein CI, once expressed, controls the transcription
state of PL, encoding cro [4].

FIG. 1: Transcriptional control of cI and cro genes by
their respective protein products. Cro2 occupies OR3

first, making the PRM promoter inaccessible; CI2 occupies
OR1 first, making the PL promotor inaccessible. Figure from
[5]

There are three specific sites comprising OR. The affin-
ity of the Cro dimer for them are as follows: OR3 >
OR2 > OR1; it is reverse for CI: OR1 ≥ OR2 > OR3.
When OR1 is occupied, transcription of the cro gene
stops; similarly, if OR3 is occupied, transcription of cI
is stopped. This genetic architecture can be seen as a
“toggle switch”, a term commonly used in synthetic bi-
ology to refer to two gene that repress each other [6].

On top of the CI-Cro system (some times referred
to as the λ switch), there are phage genes that inter-
act with various host signals to influence the outcome of
the switch. These genes include cII, cIII, and n [7]. N
is expressed from the PL promoter, and can antitermi-
nate (prevent the dissociation of the RNA Polymerase-
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FIG. 2: Early and delayed-early genes involved in the lysis-lysogeny decision circuit of λ. Transcriptional reading
frames are indicated by black arrows. The reading frames elongated by the antitermination factor N is indicated by blue arrows.
Red arrows indicate activation (arrowhead) or repression (blunt head) of the respective genes.

mRNA complex from DNA) its own promoter’s tran-
scription frame PL and that of Cro’s promoter’s tran-
scription frame PR. CII is responsible for initializing
the transcription of cI by binding to PRE as a tetramer
citeOppenheim:2005bi. In the absence of CI molecules,
such as the case for early infection stages, the PRM pro-
moter is not transcribed [2]. Transcription of cI from
PRE kickstarts the production of CI [2]. CI in turn binds
to both PL and PR prevents the transcription of cro, n,
cII, as well as the distal lytic genes; thereby establish-
ing lysogeny indefinitely. (The induction of cells out of
lysogeny is a related but tangential problem not explored
in this paper.) The in vivo half-life of CII is relatively
short (≤ 2 min) because it is actively degraded by a host-
encoded protease FtsZ [8]. CIII is an oligomeric protein
that extends the half-life of CII by competitively inhibit-
ing its proteolysis [9].

Establishing lysis versus lysogeny

The establishment of lysis is the default genetic pro-
gram, unless interrupted by the accumulation of enough
CI molecules such that the expression of the lytic genes
becomes repressed [10]. Work by Artin et al. argued that
the apparent inhomogeneity in infection outcome stems
from the stochastic activation of the transcription of CI
by CII during infection, early enough that CI levels can
stabilize itself through self-regulation [2]; because of this
observation, Arkin et alhave made the argument that this
particular cellular decision is intrinsically stochastic.

St-Pierre’s study, however,points out that cell fate het-
erogeneity can also arise from extrinsic noise, that is,
physical differences among cells. In other words, we do
not know whether what we observe as “stochastic” (in-
trinsic noise) is the result of a collection of hidden vari-
ables (extrinsic noise) []. Although not studied in the

experiment, St-Pierre et al. give possible sources of this
apparent dependence on volume. Because the tempo-
ral program of the GRN is not symmetric (in the sense
that Cro is made first, and the delayed production of
CI has to catch up during the decision process), CII be-
comes important in that the faster it is able to activate
PRM , the more likely the lysogenic program will be fol-
lowed. In order for this to happen, CII needs to form
a tetramer first. Dimerization reactions are sensitive to
volume changes since their rate of reaction depends on
the concentration of monomers; since CII must dimerize
twice to form a tetramer, it seems likely that the volume-
dependent oligomerization of CII will strongly affect the
decision of the circuit. The second possible explanation
is that host cell volume can be a proxy variable for other
differences among the cells, such as cell state or cell age.
It is known that the expression levels of N is strongly
dependent on host RNAse III, and the expression lev-
els of both proteins rises and falls with the host growth
rate [? ]. Similarly, the in vivo stability of CII depends
on the activity of FtsZ, a membrane-bound protease that
accumulates during cell division in E. coli. The increased
proteolysis of CII due to higher FtsZ levels in ready-to-
divide cells could explain the higher lysis rate. The latter
hypothesis, that the volume-decision relationship arises
mostly because of the cell state of the host, is more read-
ily testable through experiment, and will not be exam-
ined explicitly in this model. However, if the former is
true, then there is inherent volume-dependence on the
native components of the λ GRN, and this can be mod-
eled directly.

A second observation of note is that St-Pierre et al. did
not see a critical volume at which the cell fate became
entirely deterministic. This observation suggests a parsi-
monious integration of the two views: that deterministic
differences among cells “biases the dice” to one side or
the other [11]. One way of testing this hypothesis is to
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recreate and update the Arkin model and explicitly find
its behavior as a function of volume. From there, one can
examine how robust the volume-to-decision relationship
is with respect to network parameters and topologies.

The use of a system-level model was chosen to trans-
late molecular volume dependence (e.g. protein-protein
or protein-DNA interactions) to the overall GRN deci-
sion, since how the components interact temporally is
not readily apparent from examining individual pieces
of the network. The choice of a stochastic model is
motivated by the hypothesis of “biased dice.” The use
of deterministic ordinary differential equations to model
chemical/genetic networks assumes that the variation in
molecular species number is smooth enough to be well-
approximated by continuous functions, but more impor-
tantly that outcomes of the network is deterministic. The
first assumption is not the appropriate the regime of in-
terest in the λ lysis-lysogeny establishment system, where
the molecular species are present on the order of tens of
molecules [10]. The second assumption would preclude
the hypothesis. These two facts motivate the use of a
probabilistic description of the system.

CHEMICAL MASTER EQUATION

Given a set of n coupled chemical reactions involving k
species,{x1, x2, . . . , xk}, we can define a matrix of transi-
tion probabilities µij from the ith species to the jth based
on mesoscopic kinetic reaction rates (probabilities for one
reaction to occur in a unit of time):

xi −→µij xj

We increment species i whenever a reaction occurs that
creates another molecule of it, and decrement i whenever
a reaction occurs that consumes a molecule of i; therefore
the states of the system is tracked by the current number
of each species. The process is assumed to be Markovian.
The time-evolution of the system is described by the mas-
ter equation:

dPi
dt

=
∑
j 6=i

(µjiPj − µijPi).

To solve this complete probabilistic description of the
system analytically is intractable, but there exist Monte
Carlo techniques that can exactly simulate the stochas-
tic behavior of the model. The Gillespie algorithm is one
such technique, where each simulation can be thought
of as a random walk through the dynamical system de-
scribed by the chemical reaction equations; ensembles of
trajectories can be used to reconstruct the probabilities
described by a system of coupled differential equations:

The Gillespie algorithm [12]

The assumptions of the Gillespie algorithm are listed:
1) within the vessel the reaction is well-mixed and there
is negligible spatial dependence. 2) Reactions arise from
collisions, and trimolecular and higher order collisions are
highly unlikely, as such they must arise from successive
steps of bimolecular collisions. 3) The transition prob-
abilities in a reaction, e.g. P + P −→ P2 is given by a
mesoscopic rate constant (related to the macroscopic rate
constant used in ODEs by kmacro = kmeso × NA × V ,
NA Avagadro’s constant, V volume) multiplied num-
ber of ways in which the reaction could happen (given
the current number of molecules of that species present).
For the above dimerization reaction, the probability is:

µ2P→P 2 = k·P (P−1)
NA·V .

Given a current state of the system at time t, the al-
gorithm randomly selects a next time step, and a reac-
tion out of the n possible reactions to progress. The
probability that reaction i will happen in the interval
[t+ T, t+ T + dT ] is given by the product of no reaction
occurring between [t, t+T ], P0(t, T ), and the probability
of the i-th reaction happening dT time. For brevity, the
reaction i has reactants enumerated aj . Then the prob-
ability of that reaction is given by αi = ki

∏
j aj . Then

the probability of any reaction occuring is β =
∑
i αi.

Therefore,

P0(t, T + dT ) =P0(t, T )(1− βdT )

P0(t, T ) = exp−βT

Then the expression for the probability of the i-th re-
action happening in the interval [t+ T, t+ T + dT ] is:

Pi(t, T )dT =P0(t, T )Pi(t, T, dT )

=αi exp(−βT )dT

Then the algorithm generates two random numbers
r1 r2. One is used to find the next random time T =
1
β log( 1

r1
). The other one is used to select for the next re-

action, by finding αi such that
∑i−1
j αj ≤ βr2 ≤

∑i
j αj .

In brief:

1. Initialize with initial species numbers.

2. Generate random numbers to determine the next
time-step in the reaction, and which reaction will
occur

3. Make the time increment and update the species
count for those involved in the reaction selected in
step 2. Update the rates.

4. Repeat step 2 until the specified simulation end
time is passed.
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THE MODEL: STOCHASTIC SIMULATIONS

The following assumptions and simplifications were
made for the purpose of this study:

1. Some parts of the circuit were not modeled. For
example,

2. Cellular growth is ignored. This is not a realistic
assumption (the host cell will have divided by the
end of 35 minutes), but as this would complicate
the Gillespie formulation a lot, for the sake of the
current treatment this effect is not considered.

3. Similar to the Arkin model, I assume that if at the
end of 40 minutes, the level of Cro2 out numbers
that of CI2, that cell will likely enter lysis. If not,
that cell will enter lysogeny. This is because the
presence of Cro2 indicates that the transcription
of the later lysis genes has been going on – later
genes, especially Q, will initiate virion production
and shut down both Cro and CI production [10].

4. The assumptions of the Gillespie algorithm out-
lined above hold. In brief, they are that reactions
are necessarily uni-or bimolecular, and well mixed.

5. The average protein per transcript was assumed to
be 20 for PR and PL [13]. Transcriptional bursting
is not explicitly modeled, and maybe incorporated
in the average protein per transcript number.

Table I shows the chemical equations. Transcription
and translation are not explicitly modeled, and stead are
gathered into a single pseudo-first-order protein synthe-
sis process. In order to reduce the number of species in
simulation and somewhat unrealistically, not all possible
33 binding states of the OR operons were considered sep-
arately, as in the equilibrium model of Shea and Ackers
[14]. Instead they were considered in a step-wise manner,
where the transcription factors bind the operators in or-
der of decreasing affinity. This will affect the robustness
and stability of the switch, in the sense that not all levels
of cooperative behavior is modeled.

The kinetic parameters used in the model are listed in
Table II, and were determined from literature where pos-
sible. Some unknown values were estimated from similar,
known processes (e.g. dissociation rates), and some were
treated as free parameters and their effect on the model
will be discussed below (table III).

TABLE I: Reactions in the model. The molecular kinetic constants
are given in Table II.

Reaction Notes
CI synthesis, degradation, and dimerization
1 PRE −CII4 → c ·CI + PRE −CII4 Synthesis of CI from CII4-activated PRM promoter. The

transcription and translation molecules (e.g. RNAP, Ribo-
some) have been suppressed in this model and protein syn-
thesis is modeled as a pseudo-first order reaction with binary
dependence on the availability relevant DNA-sites. c is a free
parameter.

2 OR2− CI2 → d · CI +OR2− CI2 Synthesis from PRM , which is activated by OR2−CI2. c is the
average number of proteins made per transcript, thought to be
from 1-5 and is 3 in this model [13]

3 CI → ∅
4 CI + CI → CI2
5 CI2 → CI + CI
CI binding to OR1-OR3
6 CI2 +OR1→ OR1 + CI2 CI binding to OR1.
7 CI2 +OR2→ OR2 + CI2 CI2 binding to OR2. For the purpose of this model, CI2 and

Cro2 will explicitly bind OR operators in sequential order as
dictated by their individual binding affinities. That is, CI will
bind OR1 first, and only then will another CI2 bind the CI2 −
OR1 operator, etc.

8 CI2 +OR3→ OR3− CI2
9 OR1− CI2 → OR1 + CI2 CI2 dissociating from OR1
10 OR2− CI2 → OR3 + CI2
11 OR3− CI2 → OR3 + CI2
CII synthesis, degradation, dimerization, and tetramerization
12 NUTR −N → b ·CII +NUTR −N CII synthesis from antiterminated PR transcript. b is the num-

ber of proteins made per transcript, estimated to be 20 in this
model [13]

13 CII → ∅
14 CII + CII → CII2

Continued on next page
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TABLE I – continued from previous page
Reaction Notes

15 CII2 → CII + CII
16 CII2 + CII2 → CII4
17 CII4 → CII2 + CII2
CII4 binding to PRE

18 CII4 + PRE → PRE − CII4 PRE − CII4 is treated as a transcriptionally active species.
19 PRE − CII4 → PRE + CII4
Cro synthesis, degradation, and dimerization
20 OR1→ b · Cro+OR1 Cro synthesis from PR. Free OR1 is standing in for PR

accessibility.
21 Cro→ ∅
22 Cro+ Cro→ Cro2
23 Cro2 → Cro+ Cro
Cro binding to OR3 - OR1
24 Cro2 +OR3→ OR3− Cro2 See reactions 6-8.
25 Cro2 +OR2→ OR2− Cro2
26 Cro2 +OR1→ OR1− Cro2
27 OR3− Cro2 → OR3 + Cro2
28 OR2− Cro2 → OR2 + Cro2
29 OR1− Cro2 → OR2 + Cro2
N synthesis and degradation
30 OL → OL +N N synthesis from promoter PL. Free OL is standing in for PL

accessibility.
31 N → ∅
N antiterminating PR

32 N +NUTR → NUTR −N The molecular details of NUT/RNAP/Nus-factors binding has
been abstracted away to N binding to the NUTR site and form-
ing an antitermination complex.

33 NUTR −N → NUTR +N
CI2 and Cro2 regulation of PL via OL

34 CI2 +OL → OL − CI2
34 Cro2 +OL → OL − Cro2
35 OL − CI2 → CI2 +OL

35 OL − Cro2 → Cro2 +OL

TABLE II: Transition parameters used in the model, correspond-
ing to reactions listed in Table I. The factor C(V ) = 1

NA∗V converts
between macroscopic kinetic constants to mesoscopic ones in second-
order reactions, where NA is Avagadro’s number and V the cell volume.
Species names represtend their numbers. Free parameters are shown in
bold.

Reaction Transition probability Source data
1 CI synthesis from PRE 0.02× PRM − CII4 Weitz et al. [15]
2 CI synthesis from PRM 0.027×OR2− CI2
3 CI degredation 0.007× CI Weitz et al., Aurell et al. [13]
4 CI dimerization 5× 106C × (CI − 1)CI Weitz et al. [15]
5 CI2 dissociation 0.5× CI2 Arkin et al. [2]
6 CI2 binding OR1 3.9× 106C × CI2 ×OR1 Shea and Ackers et al. [14]
7 CI2 binding OR2 7.5× 106 × CI2 ×OR2 (Cooperative value used.)
8 CI2 binding OR3 2.8× 105 × cI2 ×OR3
9 OR1− CI2 dissociation .02×OR1− CI2 Approximated from Nelson et aland typical values

given in Ghim et al. and Bundschuh et al. [16]
10 OR2− CI2 dissociation .02×OR2− CI2
11 OR3− CI2 dissociation .02×OR3− CI2
12 CII synthesis from antiterminated

PR

0.013×NUTR −N Weitz et al. [15]

13 CII degredation 0.0025×CII Estimated from Arkin et al. [2]
14 CII dimerization 1× 104C× (CII− 1)CII Estimated from the monomer-dimer-tetramer equilib-

rium constants measured by Ho et al. [8]
Continued on next page
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TABLE II – continued from previous page
Reaction Transition probability Notes and Source data

15 CII2 dissociation 0.5× CII2 Selected to match dissociation rate of CI and Cro, and
typical values given in Ghim et al.

16 CII2 dimerization 1× 1010C × (CII2 − 1)CII2 Estimated from Ho et al. [8]
17 CII4 dissociation 0.5× CII4
18 CII4 binding PRE 8× 105 × CII4 × PRE Shih et al.
19 PRE − CII4 dissociation .02× PRE − CII4 Selected to match CI/Cro dissociation rates.
20 Cro synthesis from free OR1 0.013×OR1 Shea et al. [14] Free OR1 stands in for PR.
21 Cro degredation 0.00078× Cro Weitz et al. [15]
22 Cro dimerization 5× 107C × (Cro− 1)Cro Weitz et al. [15]
23 Cro2 dissociation 0.5× Cro2 Arkin et al. [2]
24 Cro2 binding OR3 5.8× 106C × Cro2 ×OR3 Shea and Ackers et al. [14]
26 Cro2 binding OR2 5× 105C × Cro2 ×OR2
28 Cro2 binding OR1 5× 105C × Cro2 ×OR1
25 OR3− Cro2 dissociation 0.02×OR3− Cro2 Kim et al. [17]
27 OR2− Cro2 dissociation 0.02×OR2− Cro2
29 OR1− Cro2 dissociation 0.02×OR1− Cro2
30 N synthesis from free OL .013×OL Weitz [15] et al. (approximate)
31 N degredation 0.0023×N Arkin et al.
32 N antiterminates NUTR 1× 108C ×N ×NUTR Das et al. [18]. Rate also depends on availability of

free OR1, modeled as a binary state.
33 N −NUTR dissociation .02×N −NUTR Selected to match dissociation rates of CI/Cro.
34 CI2 binds OL 1× 107C × CI2 ×OL Arkin et al.
35 OL − CI2 dissociation .02×OL − CI2 Selected to match dissociation constants of CI/Cro

from OR.

TABLE III: Free parameters and their ranges examined in the
model.

Parameter name Notes

1 d Protein per transcript made from
PRE Range: 12, 20.

2 k13 CII degradation rate. Range:
0.0025, 0.005, 0.001

3 k14 Its value is adjusted to see effects
CII dimerization have on the net-
work. Range: 104, 1010M−1s−1.

RESULTS

The stochastic model as described in Tables I-II was
constructed, with the free parameters (table III) adjusted
to have roughly equal lysis-lysogeny ratio for a volume
of 1 × 10−15L, as reported by St-Pierre et al. [3]. In
particular, d was set to 12 and k13 to 0.0025, double the
unprotected lifetime of CII. The trajectories are shown in
figures. 3,4. For a typical lytic cell, CII is not expressed
early enough in high concentration so as to tetramer-
ize, and Cro has already been accumulating in the cell.
Therefore when CI does get produced, its levels are not
enough to shut down Cro production quickly. For a typ-
ical lysogenic cell, CII tetramer levels reach high levels
early on ( 500-1000 seconds) and CI gets produced before
Cro accumulation.

The simulation was run 90 times, under three different
volume settings: V = 1, 2, 0.5 × 10−15L. The decision
results are shown in table IV. Several free parameters

listed in table III were changed and the volume response
of the system re-exaimined. The effect of volume on cel-
lular decision is quite dramatic, shifting from almost all
lysogens in small cells to almost all lytic in large cells.
This effect of volume on decision is reproducible for some
different parameter settings, (2-3) of tabel IV, including
higher values of PRE “burstiness” d = 20 and lower CII
degradation rate k13 = 0.001s−1.

It is interesting to see whether this volume sensitivity
came from CII’s oligomerization state. If CII dimeriza-
tion kinetic rate were to be adjusted to 1010 (to compen-
sate, a 10-fold decrease is made in the synthesis rate of
CII), the volume-depenence becomes less stark, as shown
in table V. Another test of whether CII oligomerization
is an important volume-sensitive component is to elimi-
nate it altogether. A “mutant” model was designed with
no oligomeric CII species and direct binding of CII to
the promoter. No other parameter was changed, and the
association rate of CII to promoter was set to that of
wild-type CII4. As seen in the the volume-dependence
is no longer observed.

DISCUSSION

The behavior of the model suggests that CII is an in-
herently volume-sensitive component in the λ GRN. Be-
cause it needs to form higher-order oligomers in vivo,
the CII-mediated transcription of CI is more likely in a
smaller reaction vessel. This is quite exciting since the
oligomerization of CII was not present in the Arkin model
and could be the mechanism by which volume-sensitivity
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FIG. 3: Lytic cell trajectories of CI2, Cro2, CI/CI2/CII4,
and N levels across 40 minutes of simulation. The sharp dis-
continuities in protein levels are due to unphysical represen-
tation of multiple protein produced per transcript.

can be explained.

It is interesting to see what effects changes in the pa-
rameters have on the overall behavior of the model. In
terms of the actual fraction of lysis versus lysogeny de-
cision, the free parameters in table III tend to have ob-
servable effects on the ratio. If the burst size from PRE
is large, d = 20, Cro is unable to compete with the self-
activating autoregulation of CI, and the system tends to-
ward lysogeny. Similarly, the degradation rate of CII has
large effects on the overall decision by turning on PRE
early enough and frequently enough that CI dominates
the early genetic program. Of course these are to be in-

FIG. 4: Lysogenic cell trajectories of CI2, Cro2,
CI/CI2/CII4, and N levels across 40 minutes of simulation.

terpreted as per se an behavior of the current model, and
I do not claim that these reflect behaviors of the actual
phage. In terms of their volume-dependence, the model
displays a robust dependence on volume.

There are also several aspects of the current model that
do not corroborate with experiment or previous compu-
tational models. First, the equilibrium number of CI2 in
a lysogenic cell is 160-180, which is too high compared
to the observed 70 molecules. This is likely due to the
unphysical treatment of OR by CI and Cro dimers, and
parameters not tuned correctly to produce the realistic
CI levels. Also, appparent that the repression of CI by
Cro is not high enough that the threshold value of CI
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TABLE IV: Volume biases the final decision in the λ GRN.

Parameters Volume (×10−15L) Lysogens Lysis

1. d = 12,k13 =
.0025s−1

0.5 92% 7%

1 42% 52%

2 2% 98%

2. d = 20,k13 =
.0025s−1. More
proteins per tran-
script

0.5 98% 2%

1 71% 29%

2 7% 93%

3. d = 20,k13 =
.01s−1. Higher
degradation of
CII.

.05 90% 10%

1 32% 61%

2 1% 99%

TABLE V: CII oligomer state affects the volume-dependence.

Parameters Volume (×10−15L) Lysogens Lysis

1. d = 20,k13 =
.0005s−1. Higher
dimerization
of CII. Lower
synthesis rate.

.05 93% 7%

1 80% 20%

2 76% 24%

2. d = 12,k13 =
.0025s−1. No
oligomerization of
CII. Lower syn-
thesis rate.

0.5 97% 3%

1 91% 9%

2 78% 12%

needed to completely overcome Cro is quite low. This
could be due to inappropriate kinetic parameters used in
the OR operator system.

CONCLUSION

Single-cell experiments point out some important re-
alities of biological systems. First, while it is tempting
to assume that the genetically identical individuals must
have the same physical and behavioral characteristics,
this is rarely the case, even for the case of a relatively
simple organism like E. coli. Second, the role of “noise”
has to be qualified– it is often very difficult to distinguish
between intrinsic stochasticity and extrinsic noise.

In the case of the λ decision system, the observed deter-
ministic role of host volume on cell fate is not incompat-
ible with an mechanistically stochastic model of how the

phage decision is obtained. In this preliminary model it
seems that volume plays an important role in the decision
of the circuit, mostly through driving the dimerization of
CII. However this can only be the case if there is a sig-
nificant buffering dimer state in the monomer-tetramer
transition. From the results of the model, there should
be two critical volumes at which the decision becomes de-
terministic; again, the value of the physiological volumes
is not answerable by this model.

FUTURE WORK

There is much to be done to complete the model. First,
the ensemble of trajectories need to be examined to see
the distribution of populations is necessarily bimodal.
The equilibrium states of the system also deserves atten-
tion. From there, a much more detailed treatment of the
kinetic parameters is necessary, to see if inconsistencies
with experiment could be identified and corrected for.
Second, missing components, such as CIII and other
cellular machinery need to be added to the GRN.
Explicit modeling of cellular transcription/translation
phenomena is important because mRNA levels affect the
noisiness of protein levels [19]. Also this will lead to a
more ready comparison with the behavior of the Arkin
model. More dramatic ranges of the kinetic parameters
need to be tested to see how robust the model is, and
how readily the volume-dependence is observed. Then,
a model which takes into account cell growth is needed,
since volume will have doubled by the 40 minute mark.
This should be relatively simple to do. Experimental
work that would supplement would be more observation
of phage infection fate for wider range of cell sizes; for
example, a septation-impaired strain of E. coli could
be used to obtain high interconnected cell volumes.
Better determination of the kinetic parameters of the
oligomerization state of in vivo CII is also necessary.

I would like to thank Bruce Tidor for his discussion
and advice, and Thomas Gurry for his implementation
of the Gillespie algorithm.
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