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Cell division curtails helper phenotype plasticity
and expedites helper T-cell differentiation

Henk Jan van den Ham1,2 and Rob J de Boer1

Following activation by antigen, helper T cells differentiate into one of many effector phenotypes. Formulating mechanistic

mathematical models combining regulatory networks at the transcriptional, translational and epigenetic level, we study how

individual helper T cells may adopt their different phenotypes. For each cytokine phenotype, for example, T helper type 1 (Th1)

and type 2 (Th2) cells, we find that the intracellular molecular network allows a cell to adopt one of the three states, which we

interpret as naive, active and memory states. Cell division markedly speeds up the differentiation into a particular memory state

because of DNA demythelation. In a memory state, cells readily resume production of the same cytokine they produced before.

Using stochastic models we show that helper T-cell plasticity (that is, the ability to switch phenotype) is low during clonal

expansion. Although most memory cells rapidly secrete the original cytokine upon restimulation, some adopt another phenotype

and produce different cytokines, allowing for considerable diversity in the phenotypes that are adopted during a memory

response. In summary, we show that helper T-cell division expedites cell differentiation by increasing DNA demethylation. We

also show that plasticity is low during the clonal expansion phase, but that helper T cells may adopt alternative phenotypes

during a memory response.
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For more than a century, biologists have studied the mechanisms that
enable cells to encode genetic information, and how this information
is passed on to the cell’s progeny.1 Besides the genetic DNA code of a
cell that is replicated faithfully upon every cell division and therefore
virtually identical in every cell within an individual,2 additional
‘epigenetic’ information fixes differential cell development by
prompting daughter cells to express a similar set of genes as their
mother cell.3 This facilitates and thus preserves the differentiation
process that the mother cell and its ancestors have undergone as part
of cellular diversification within an organism.

A variety of biological systems have now been studied using high-
throughput technologies, which provide data that allow a better
understanding of information processing within a cell.4–7 The
availability of quantitative data and the apparent complexity of
cellular regulatory networks have led to a data-driven mathematical
modelling approach that is usually referred to as computational or
systems biology. Mathematical models have revealed nonlinearity in
genetic networks that allow cells to switch between states. Examples
are the Lac operon8 and cells of the haematopoietic lineage.9–12

Recently, epigenetic regulation mediated by histone modification
has been studied using similar mathematical models.13–15 At the
molecular level these mathematical models describe quite different
genetic and epigenetic systems. Mathematically they share important
features, such as the presence of alternative phenotypes resulting from

the nonlinearities implied by cooperative self-activation (that is,
nonlinear positive feedback, see Box 1).

Helper T-cell differentiation is a paradigm system for studying
transcriptional, translational and epigenetic regulation during devel-
opment. Helper T lymphocytes can adopt various phenotypes such as
T helper type 1 (Th1), type 2 (Th2), type 17 (Th17) and regulatory
(Treg) cells.16 Each of these functional phenotypes corresponds to the
expression of a characteristic combination of cytokines, which can be
used as a readout of cellular differentiation. Following activation by
antigen, helper T cells go through a phase of clonal expansion before
carrying out their effector functions. The progeny of a helper T cell is
thought to retain the phenotype of the parent by transcriptional and
epigenetic mechanisms enforcing differential gene expression patterns,
thus allowing for cloud amplification of any particular helper T-cell
phenotype. Gene expression is regulated by so-called master
regulators, which are self-activating transcription factors that are
both necessary and sufficient for the induction of a particular
phenotype.17–19 A range of chromatin modifications, such as
histone modification by methylation or acelylation, and DNA
modification by CpG methylation, allow helper T-cell phenotypes
to become heritable by epigenetic imprinting, and thus foster the
formation of cells resembling their original phenotype.20 Cytokine
loci, which tend to be repressed in naive T cells, are derepressed when
the T cell adopts a particular phenotype.21 Cytokine expression seems
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to depend on the number of divisions cells have completed following
antigenic activation, suggesting that cell division has a role in ensuing
epigenetic changes required for derepression.22,23

Here, we extend an established model for master transcription
factors with epigenetic processes to investigate the differentiation,
memory formation and plasticity of helper T cells. Helper T-cell
differentiation has been studied extensively using mathematical
models,9,10,24–31 but to the best of our knowledge, this is the first
attempt to combine genetic and epigenetic levels of regulation in
mechanistic models for cellular differentiation. Using analytical and
numerical approaches, we show that cell division during clonal
expansion markedly increases the speed of differentiation into
functional helper T cells. Finally, we show that helper T-cell
plasticity is relatively large during the induction of a secondary
(that is, memory) response, but not during the primary or secondary
clonal expansion phase.

RESULTS

The model
We formulate a mathematical model inspired by the known
regulatory network of the master transcription factor genes Tbet
and GATA3, with their downstream cytokine genes IFNg and

IL4.17,18,21,32,33 Other helper T-cell phenotypes are regulated in
similar ways, such as the Treg phenotype and its master
transcription factor FOXP319 and the cytokine TGFb, or the Th17
phenotype governed by RORgt and IL17,34,35 but as of yet little is
known about their epigenetic regulatory mechanisms.

Our model describes a cytokine gene with its epigenetic modifica-
tions and the corresponding master transcription factor gene. To
derive a mechanistic model, we use ordinary differential equations
describing the scheme in Figure 1a (for details see Supplementary
Material). The scheme, and hence the corresponding mathematical
model, incorporates the two major components of the helper T-cell
regulatory network: the cytokine gene and its master transcription
factor gene. Depending on its methylation status, the cytokine gene is
transcribed into mRNA and translated into protein. The master
transcription factor promotes cytokine expression depending on the
number of transcription factor molecules bound to the cytokine gene
promoter, and on the methylation status of the cytokine gene. The
master transcription factors have been shown to be self-activating,

Box 1 Positive feedback creates attractors

An attractor is a stable state (or regime) that a dynamical system tends to

approach, and which is thereby able to resist small perturbations. Systems can

switch state if they have multiple attractors, and this has been described for

many different systems. Many areas of research make use of the concept of

switching between alternative attractors, e.g. in ecology,68 developmental

biology,69 gene regulation studies on the Lac operon,8 systems biology,70

epigenetic regulation13 and haematology.10–12 All models used in these fields

share the key feature of cooperative (i.e., nonlinear) positive feedback that

fosters the formation of multiple attractors. Irrespective of their mechanistic

underpinning, the mathematical backbone of the models resembles:

dx

dt
¼ Eþ r

xn

1þ xn
� x

where x is the (scaled) concentration of the molecule; r is the molecule

production rate dependent on x; E is a small production rate independent of x; n

is the degree of cooperativity (see also Scheffer et al.68). When n41, the

production rate of x increases sigmoidally with the concentration of x, i.e., there

exists some nonlinear positive feedback of x on its own production. This allows

for two stable states: low x and high x (Panel a, filled circles) that are separated

by a watershed or separatrix (Panel a, dotted line). The system tends to

approach one of these stable states or attractors (Panel a, arrows). When there

are multiple variables regulated by this type of cooperative positive feedback,

they all have a similar type of high and low states, with separatrices demarking

their basins of attraction (Panel b). To allow systems to adopt a single

phenotype, cross-inhibition between the variables is incorporated into the

models to prevent simultaneous high expression of both variables (Panel c).
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b
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c

Figure 1 Schematic representations of the master regulator model. (a) The

full model incorporates a master transcription factor (F), a cytokine gene (C)

and epigenetic modification (CpG methylation) of the cytokine gene (M).

The master transcription factor gene is activated by cytokine (PFE) or auto-

activation (PFF), leading to transcription of DNA into RNA (FR) and

translation into protein monomers (F) and dimers (FD). The master

transcription factor acts on a cytokine gene by binding to its prompter (PCF).

The master transcription factor can also change the epigenetic state of the

cytokine gene from repressed (methylated M) to derepressed by binding to

(nonmethylated) CpG islets (MF) and preventing methylation of the DNA.
Transcription of the cytokine gene leads to expression of cytokine RNA (CR)

and translation to protein (C), which can activate the master regulator. (b)

Schematic representation of the simplified master regulator (F) model

incorporating CpG methylation (M) of cytokine gene (C). The dashed line

indicates autocrine feedback by cytokine production. (c) Schematic

representation of the simplified two-dimensional master regulator including

methylation cross-regulation. The dashed lines indicate autocrine feedback

by cytokine production.
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that is, to have positive feedback on their own expression.36,37

Additionally, experiments have shown that master transcription
factors form homodimers facilitating cooperative binding to
DNA.38,39 The formation of heterodimeric complexes leads to cross-
inhibition between master transcription factors.40–42 When these
biochemical properties are modelled mathematically, the resulting
model includes high and low stable expression states9,10 (see Box 1).

The type of epigenetic modification that we model is CpG
methylation, as this is one of the principle mechanisms of heritable
epigenetic modification.32 DNA methylation after cell division in
mammals is primarily mediated by DNA methyltransferases
(DNMTs) that remethylate the new hemimethylated DNA strand.
Upon cell division, DNMT1 preferentially associates with the new
strand to methylate it. Consequently, we model gene methylation as a
self-promoting and cooperative process, which can also lead to two
alternative stable states: nonmethylated or highly methylated (Box 1).
Recent findings show that DNA demethylation in mammals may be
mediated by DNA editing and repair machinery components such as
the AID/APOBEC family and base pair excision repair glycosylases
after Tet-mediated hydroxylation of methylated cytosines.43,44 In
the context of cytokine regulation, the details of active DNA
demethylation have not been fully elucidated. Therefore, we only
account for slow linear degradation of CpG methylation in our
models. Transcription factors can help to alter the epigenetic state of
cytokine genes by binding to DNA and preventing remethylation (that
is, passive demethylation).21,45,46 We model this by allowing
transcription factors to occupy nonmethylated CpG islets on the
cytokine gene, thereby preventing methylation (for instance, through
preventing DNMTs from binding to DNA), and promoting a shift to
a nonmethylated state. In summary, our model describes a master
transcription factor that promotes its own expression, upregulates
cytokine expression and inhibits methylation of the cytokine locus.
Cytokine gene methylation also promotes itself and thereby inhibits
cytokine production. The cytokine upregulates the expression of the
master transcription factor (Figure 1b and Box 2).

Naive, active and memory states in the helper T-cell regulatory
network
Cooperative systems with positive feedback loops can have multiple
attractors (Box 1). In our model describing a single pair of a master
transcription factor and its cytokine (Box 2 and Supplementary
Material), there are three alternative attractors that an activated
T-helper cell can approach (Figure 2a). Each of these states is a
different combination of the master transcription expression level and
the methylation status of the cytokine gene. The state of low
transcription factor expression and high methylation corresponds to
the state of a naive T-cell, and we call it the naive state. High
transcription factor expression and low methylation is a state in which
cytokine is produced and we name it the active state. Finally, the state

Box 2 One-dimensional model equations

All steps described in Figure 1a were modelled explicitly. By quasi steady-state

assumptions (Supplementary Material), we derived at a simplified version of the

model describing the core interactions of master transcription factor (F),

methylation (M) and cytokine (C) interactions in three differential equations:

dF

dt
¼ rcr l

dr

oaF2 þ gC

1þoaF2 þ gC

� �
� df F;

dM

dt
¼ Eþ rmð1�MÞ 1

1þmaF2

� �
M2 � dmM;

dC

dt
¼ crcrl

dr

1

1þ sM

� �
kaF2

1þ kaF2

� �
� dcC;

where rc, rl and rm are rates of transcription, translation and methylation; a is the

relative affinity of master regulator homodimers, i.e., the dimerization constant;

o, m and k are the master transcription factor relative affinity constants for the

promoter, nonmethylated CpG islets and the cytokine promoter, respectively; E

represents a small amount of methylation-independent remethylation; g is the

cytokine stimulation of the master transcription factor gene. c is a scaling factor

used to control the cytokine transcription rate relative to transcription factor

transcription rate.
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Figure 2 Analysis of the stable and non-steady states in the model. Using a quasi-steady-state approximation for cytokine (dC/ dt ¼0) in Box 2 (for details

see Supplementary Material), we show the nullclines for the master transcription factor and methylation equation (grey and heavy black lines, respectively).

The nullclines form the border lines of the regions where master transcription factor (F) and methylation increase or decrease (see the arrows). When two

nullclines intersect, both the transcription factor and methylation remain constant, which means that the whole system is in a steady state. Filled squares

represent stable steady states or attractors, and the open squares represent non-stable steady states. The model parameters are set to represent (a) an

activated cell or (b) a quiescent cell.
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of low methylation and low transcription factor expression resembles
a quiescent cell that is poised to produce cytokine, which we designate
as the ‘memory’ state. Cells can go from the naive state to the active
state upon activation by exogenous cytokines and T-cell receptor
stimulation. The active state disappears when the activation signal is
removed (Figure 2b), after which cells approach the memory state.

Cell division shortens the time to cytokine expression
A hallmark of helper T-cell activation is clonal expansion, whereby a
cell goes through a series of cell divisions creating a clone of cells. The
process of cell division typically halves the number of molecules
within the cell. We implemented cell division in our model by
dividing all molecules over two daughter cells, and subsequently
considering one of these cells. On the basis of published division
times estimated from in vitro T-cell cultures, a reasonable time to first
division is about 70 h, whereas the time to complete subsequent
divisions is about 10 h.23,27 In our model, cell division reduces the
time to cytokine expression by several days (Figure 3). This is due to
DNA demethylation during cell division: DNA replication generates
more nonmethylated DNA, which dilutes the amount of methylated
DNA. In slowly dividing quiescent cells (that is, inactivated cells
undergoing homeostatic proliferation), this new nonmethylated CpG
would be methylated in a matter of hours, recreating the stable naive
state of the parent cell. In active cells, master transcription factor
molecules have fast dynamics, they prevent DNA remethylation by
binding to CpG islets, and may block CpG methylation on the newly
synthesized DNA strands. As a consequence, the number of methy-
lated CpG islets per cell effectively halves during division, which leads
to much faster cytokine production than in the absence of cell
division (Figure 3a vs b).

The memory response is characterized by a fast resumption of
cytokine production
One of the major characteristics of the adaptive immune response is
immune memory. This is partly reflected by a faster and larger
response due to an increase in cell numbers (that is, quantitative
memory), and partly by remembering the phenotype of the response
that was induced previously to a particular antigen (that is, qualitative
memory). Helper T cells that have been activated previously, and have
typically experienced a period of quiescence, are able to respond
rapidly with a similar panel of cytokines as expressed during the
primary response, exhibiting both quantitative and qualitative
memory.47 In our model, qualitative memory comes about by
demethylating cytokine genes through transcription factor binding
and cell division. During the quiescent period, transcription factor
expression is reduced to low levels, but the cytokine locus remains in
a demethylated memory state.

To investigate the memory for the production of a particular
cytokine, we needed a model where cells can adopt more than one
phenotype and extended our model to include multiple pairs of a
transcription factor and its cytokine gene (see Supplementary
Material). Within each pair, the transcription factor and correspond-
ing cytokine are regulated as above. Between the pairs we included
cross-inhibition through the formation of heterodimeric complexes of
transcription factors, and by epigenetic modification of the cytokine
loci (Figure 1c). Master transcription factors bind to CpG islets within
their own cytokine locus, and to those of other cytokines.21,32 By
inducing a permissive epigenetic state in their own cytokine locus,
and by promoting CpG islet methylation of opposing cytokine loci,
master transcription factors can strongly skew cytokine expression.

To investigate the role of stochasticity in helper T-cell differentia-
tion, we perform stochastic simulations of our model using the
conventional Gillespie algorithm,48–50 while keeping the same
parameter values as in the deterministic simulations. To incorporate
cell division in the stochastic model, we divide all molecules over the
daughter cells using the binomial distribution (that is, every molecule
has a 50% chance to end up in each of the daughter cells). Times
between cell divisions were chosen from a normal distribution for
both the time to initial division (mean: 70 h, s.d.: 7 h) and the time to
subsequent divisions (mean: 10 h, s.d.: 0.5 h).27,51 Although individual
stochastic simulations were diverse, the average behaviour of the
stochastic model was similar to that of the deterministic model (as
was to be expected).

In a model that incorporates two alternative phenotypes, a naive
cell that is appropriately skewed to express a particular cytokine needs
approximately 4 days to develop into an effector cell that expresses
high levels of cytokine (Figure 4 top panel). In contrast, during a
memory response, cytokine production can be resumed almost
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Figure 3 The effect of cell division on cytokine production. The panels

depict a deterministic simulation (a) with or (b) without cell division.
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and blue). The dotted line indicates the timepoint at which the number of

cytokine proteins molecules increases above 105 per cell.
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instantaneously upon reactivation, because the cytokine locus is
already demethylated (Figure 4 top panel). The other cytokine locus
remains repressed throughout the primary and memory response.
Both in the deterministic and stochastic simulations (Figure 4, lower
three panels), the cell recalls what cytokine was expressed previously,
and expresses these much faster upon reactivation than during the
primary response (this is true for a wide range of parameter values).
In conclusion, our model provides a mechanistic explanation for the
observation that naive cells take several days to express the appro-
priate cytokine, whereas memory cells resume cytokine production
immediately upon reactivation. This would account for a qualitative
immune memory, possibly encoded in a small population of memory
cells,52 but also for qualitative memory by fast production of
cytokines.

Limited helper T-cell plasticity after 1–2 cell divisions
Helper T cells are able to adopt multiple phenotypes, for example,
Th1, Th2, Th17 and Treg.16,53 While this list continues to expand, for
instance with the Th9 and Th22 phenotypes,54,55 several studies are
questioning the idiosyncrasy of phenotypes. For example, there have
been suggestions that Th17 cells are related to Th1 cells,56 and that
Th9 cells are a subset of Th2 cells.57 Additionally, the ability of these
newly discovered helper T cells to retain their phenotype and
corresponding cytokine profile are intensely debated.58,59

To investigate helper T-cell plasticity in primary responses, we used
our stochastic model to assess the extent to which T cells can be re-
skewed to adopt an alternative phenotype. In our in silico experi-
ments, activated T cells tend to retain the phenotype that they
adopted earlier in the response (Figure 5). We performed 100
simulations of naive T-cell activation whereby the cytokine environ-
ment was switched from pro-Th2 to pro-Th1 when the cells are (on
average) halfway between the first and second division. Our modelling
results show that naive helper T cells hardly ever adopt another
phenotype, even when a cell is artificially placed into an environment
that strongly skews for the opposite phenotype. This suggests that
helper T cells tend to be non-plastic once the clonal expansion phase
has been reached.

Substantial helper T-cell plasticity upon induction of a memory
response
To investigate helper T-cell plasticity in memory responses, we
simulated T-cell reactivation in the memory phase. Cells were
reactivated in a non-skewing environment, that is, an environment
that contains equal amounts of two opposing cytokines. In the
deterministic model, the cell subsequently expresses the same cytokine
that was expressed during the primary response. The stochastic model
indicates that although cells have a high probability to adopt their
previous phenotype, a considerable fraction (here 8%) of cells adopts
the alternative phenotype (Figure 6). Compared with stochastic
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(see Supplementary Material).
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simulation of a naive T-cell activation, where the same non-skewing
environment would yield a 50:50 division over either phenotype, the
memory results show that cells have a clear preference for their
original phenotype, but occasionally adopt the opposing phenotype.
This plasticity implies that of the cells which are reactivated in an
environment that promotes the alternative phenotype, a larger
fraction of cells is expected to adopt the alternative phenotype.
Summarizing, our modelling results suggests that methylation allows
for a long-term helper phenotype memory that remains relatively
plastic during the induction of the memory response.

DISCUSSION

Helper T-cell differentiation is an important step in determining the
type of immune response that is raised against any particular antigen.
Here, we investigate the differentiation and plasticity of cell
phenotype using mathematical models describing the transcriptional,

translational and epigenetic regulation of helper T lymphocytes.
Simple mechanistic interactions between a master transcription
factor and its corresponding cytokine lead to the formation of three
attractors that correspond to a naive, active, or memory
state of a helper T cell. In the active and memory state cells are
poised to produce a particular cytokine. Depending on its
developmental state, the cell can switch from one state to another,
thereby progressing through the different helper T-cell differentiation
steps.

The models that we use focus on the qualitative aspect of immune
memory (that is, responses of the correct phenotype), rather than on
the quantitative aspects (that is, earlier and bigger responses). We
show that cells preferentially express the cytokine they expressed
before, thereby reiterating their earlier response to the antigen.
However, the fact that qualitative memory allows for earlier cytokine
expression also contributes to quantitative memory. This result also
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explains the finding that even small memory T-cell clones are able to
raise a fast and strong response.

Intuitively, we can explain the main model results in the following
way. Initial polarization of the cell occurs through the exclusive
upregulation of a master transcription factor. By binding to demethy-
lated DNA and thereby preventing remethylation, the master tran-
scription factor slowly achieves full cytokine locus demethylation and
cytokine expression. Because methylation dynamics are slower than
those of the master transcription factor, it takes a considerable
amount of time for the entire locus to become demethylated. Cell
division creates new DNA and thereby replaces methylated with
demethylated DNA. Every cell division reduces the remaining methyl
groups by approximately one half, thereby ‘diluting’ the methylated
DNA and speeding up differentiation. In memory cells, the cytokine
locus is already demethylated or poised. As the locus is already
demethylated, expression of cytokine in our model at this stage is only
controlled by the master transcription factor. Although the feedback
of cytokine expression onto the master transcription factor expression
predisposes for maintaining the previously adopted phenotype (as is
the case in the deterministic model), stochastic molecular fluctuations
cause a number of cells to express the opposing master transcription
factor. These fluctuations only have a role in the early stages of helper
T-cell development when there are only a few TF molecules present.
In the presence of large numbers of TF molecules, these fluctuations

are no longer significant and the cell can no longer adopt the
alternative phenotype.

The results from the present modelling study concur with many
previous experimental findings. The model suggests, for instance, that
cell division has an important role in cellular development. Using
deterministic and stochastic models, we find that cell division
expedites cell differentiation by shortening the time to achieve
significant gene demethylation and cytokine expression in naive
helper T cells. This finding is strongly supported by earlier observa-
tions reporting a correlation between cell division and the production
of cytokines IL4 and IFNg,22,23,60,61 without requiring a ‘counting
mechanism’ in cells tracing the number of cell divisions they have
completed. Furthermore, the expression of cytokines Il17A, Il17F and
IL21, which are all related to the novel Th17 phenotype, is similarly
found to correlate with cell division.62 Our result underlines the fact
that although the mean number of divisions required for high
cytokine expression may be 3 or 4, the lowest number of divisions
required for cytokine expression could be lower, including no cell
division at all.22 Contrary to naive helper T cells, our model finds that
memory cells upregulate cytokine expression outright, without
requiring cell division, as has also been shown experimentally.63,64

One of the principle mechanisms that our model describes is de-
repression of cytokine loci through demethylation of CpG islets.
Although there is ample evidence that epigenetic modification of
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histones contributes to the epigenetic regulation of cytokine loci,6

we have chosen to describe only a single mechanism of epigenetic
regulation in our models for reasons of simplicity. The models that we
use are easily extendible to other types of epigenetic regulation, as
illustrated by earlier studies that have modelled epigenetic modification
of histones with similar mathematical formulations.13–15 Similarly, the
recently discovered demethylation mechanisms based on base pair
excision repair are not explicitely included in our model. However, we
do account for aspecific degradation of methylation that can be due to
DNA repair mechanisms. Our model is parameterized such that full
demethylation of cytokine loci is possible without cell division
(Figure 3), which de facto incorporates the effect of active demethyla-
tion. Several studies have studied active demethylation in helper T cells,
without knowledge of the specific pathways involved. These studies
concluded that although active demethylation does take place in helper
T cells, cell division still has a large impact on cytokine expression.63,65

We therefore think that adding extra demethylation mechanisms will
not change the qualitative behaviour of the model.

Our results show that plasticity of helper T cells is dependent on
their differentiation state. We find that cells, that are activated for the
first time and that have undergone 1–2 cell divisions, are hardly able
to switch phenotype. Our model concurs with earlier findings that
helper T-cell plasticity decreases as the time since activation
increases.63 Contrary to cells in the clonal expansion phase, we
predict that a memory response is relatively plastic during its
induction phase; this new prediction requires experimental
verification. By intuition only, one might expect cells to be more
plastic during the clonal expansion phase than during a memory
response, because the cytokine loci have already been polarized during
the induction of a memory response. The modelling suggests that
the absolute number of master transcription factor protein molecules
has an important role during helper T-cell polarization. The more
transcription factor molecules are present, the more resistant the cell
is to molecular fluctuations that lead to adaptation of an alternative
phenotype.29 The quantitative interplay between transcription,
translation and epigenetics that determines the outcome of helper
T-cell skewing is intuitively hard to understand.

One important aspect of differentiation that we have not yet taken
into account is the influence of differentiating cells on each other in
their local environment. Memory cells that switch to an opposing
phenotype take several days to achieve high-level expression of the
opposing cytokine. This means that neighbouring memory cells that
are developing the ‘correct’ response are several days ahead. If there is
communication between the cells, one would expect the other cells in
the local neighbourhood to adopt the correct phenotype, that is, this
would be a majority voting mechanism. Such local spatial effects
would strongly enhance the robustness of immune system decision-
making.

METHODS
Phase plane analysis of the mathematical model was performed using GRIND

(great integrator differential equations).66 Stochastic simulations were run

using custom-written C code that implements the Gillespie algorithm.

Deterministic simulations and data visualization were done in R, an

environment for statistical computing.67 Parameter settings are shown in

Supplementary Table 2. For a detailed description of the models see

Supplementary Material.
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Model of epigenetics

We extend previous work by adding epigenetic modifications into an existing framework of a

master regulator model1,2. In the extended model, we describe the regulatory network of a

master regulator gene, a cytokine gene that is controlled by the master transcription factor,

and the CpG methylation state of the cytokine gene, all within a single cell. The master

regulator gene is a transcription factor determining the outcome of helper T cell phenotype

differentiation. The DNA at the cytokine locus can become methylated, and its methylation

status determines the rate of transcription of the cytokine gene, and hence the actual cytokine

expression by the cell.

Cytokine production C

Cytokine production depends on how actively the cytokine gene is transcribed. Dimers of

the transcription factor FD can associate with unbound cytokine promoter binding sites

(1 − PCF ) to form a complex PCF . The promoter complex PCF recruits polymerases and

thereby induces transcription of the gene to produce cytokine mRNA CR. However, if a

gene is highly methylated (M), the transcription rate is decreased to very low levels (using a

conventional Hill function). The rate of transcription of the demethylated state is determined

by the promoter complex only. Cytokine mRNA CR is subsequently translated into cytokine

protein C (for parameters please see Table 2):

dPCF
dt

= k(1− PCF )FD − vPCF (1)

dCR
dt

= c rc

(
1

1 + sM

)
PCF − drCR (2)

dC

dt
= rlCR − dcC (3)

2



Cytokine methylation M

The cytokine gene is silenced by methylation of CpG islets. Non-methylated CpG islets at

the cytokine locus (1−MF −M) can be either methylated (M), or be bound by transcrip-

tion factor dimers FD to form a complex MF that can no longer be methylated (Figure 1a).

DNA methylation has been shown to be mediated my DNMTs, such as DNMT1, which is

preferentially targeted to hemimethylated strands upon DNA replication3,4. We therefore

model methylation as self-promoting and cooperative, i.e., hemi-methylated DNA recruit

methyl-transferases to nearby non-methylated islets in a non-linear fashion. There are two

methylation stable states: non-methylated and highly methylated. For reasons of simplifica-

tion, all methylation islets are considered to be identical, i.e., they all have the same rates of

methylation, and the same effect on cytokine gene transcription (for parameters please see

Table 2):

dM

dt
= ε+ rm(1−MF −M)M2 − dmM (4)

dMF

dt
= l(1−MF −M)FD − qMF (5)

The master regulator gene F

The transcription factor gene is a master regulator that is modelled as in our earlier publi-

cation on this topic1. In brief, the free promoter binding sites of the master transcription

factor gene (1−PFF −PFE) can be bound by transcription factor dimers FD to form complex

PFF , and by external activators such as signalling in response to stimulation with cytokine

C to form complexes PFE. Transcription factor mRNA FR is produced by gene transcription

induced by these two promoter complexes. The transcription factor protein monomers F are

produced by translation of TF mRNA FR, and can dimerise into TF dimers FD. The dimers

reversibly bind to the transcription factor gene promoter, the cytokine gene promoter, or to

3



empty CpG islets (for parameters please see Table 2):

dPFF
dt

= u(1− PFF − PFE)FD − wPFF (6)

dPFE
dt

= y(1− PFF − PFE)C − zPFE (7)

dFR
dt

= rc(PFF + PFE)− drFR (8)

dF

dt
= rlFR − dfF − 2aF 2 + 2hFD (9)

dFD
dt

= aF 2 − hFD−dfFD (10)

−u(1− PFF − PFE)FD + wPFF

−l(1−MF −M)FD + qMF

−k(1− PCF )FD + vPCF

Simplified 1D model

To analyse the attractors of the model using phase plane analysis, we would like to have a

simplified version of the model with comparable properties. One can make a quasi-steady

state assumption to reduce the number of variables, as before1, to reduce the number of

equations. In steady state, between 20 and 30 FD molecules are bound to CpG or promoters,

out of an approximate 400-500 FD molecules in the whole model; we therefore expect the

kinetic and quantitative properties of the simplified model to be slightly different, but that the

attractors remain unchanged. We set dPFF

dt
= dPFE

dt
= dFR

dt
= dFD

dt
= dMF

dt
= dPCF

dt
= dCR

dt
= 0

and substitute their solutions into the remaining equations dF
dt

, dM
dt

and dC
dt

. To solve dFD

dt
, one

can make use of the fact that the second, third and fourth line of equation 10 are the reverse

of equations 6-7, which have just been set to 0. By adding these equations to equation 10,

and by taking protein dimer degradation to be much smaller that monomer degradation

(h << df ), we obtain:

4



dFD
dt

= aF 2 − hFD (11)

which can be solved easily. By substituting the solutions obtained in equations dF
dt

, dM
dt

and

dC
dt

, we obtain a three variable model that describes master transcription factor expression

and cytokine methylation and expression:

dF

dt
=

rcrl
dr

(
ωαF 2 + γC

1 + ωαF 2 + γC

)
− dfF (12)

dM

dt
= ε+ rm(1−M)

(
1

1 + µαF 2

)
M2

−dmM (13)

dC

dt
=

c rcrl
dr

(
1

1 + sM

)(
καF 2

1 + καF 2

)
−dcC (14)

where transcription factor dimerisation α = a
h
, transcription factor self activation ω = u

w
,

transcription factor affinity for cytokine promoter κ = k
v
, transcription factor affinity for CpG

motifs µ = l
q
, and cytokine feedback on transcription factor γ = y

z
. This simplified model

describes each of the key components of the model by one equation, i.e., transcription factor

concentration, cytokine locus methylation, and cytokine expression. In order to be able to

perform a 2D phase plane analysis, we make an additional quasi-steady state assumption for

C, obtaining:

C =
c rcrl
drdc

(
1

1 + sM

)(
καF 2

1 + καF 2

)
(15)
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2D: Epigenetic cross-regulation

Among helper T cells, more than one phenotype exists, and therefore we would like to include

a second transcription factor-cytokine pair into the model. The entire model is therefore

duplicated by adding a subscript i to all parameters and variables, and is extended to include

hetero-dimer formation of transcription factors, and cross-regulation of CpG methylation.

We consider competing master regulators that can bind and promote CpG methylation of

opposing cytokine genes, thereby inhibiting their expression. The competition between rival

phenotypes therefore happens on two levels: at the level of transcription factors, and at the

level of CpG methylation (Figure 1c).

Transcription factor Fi hetero-dimerisation

Equation 9 is extended with a −bFiFj term for describing complex formation between tran-

scription factors:

dFi
dt

= rlFRi − dfFi − 2aiF
2
i + 2hiFDi − bFiFj (16)

A competing master regulator Fj can bind the ‘opposing’ CpG islet to form a complex

MiF j (for j 6= i), and then allow methylation to take place at the same rate as for empty

CpG sites:

dMiF j

dt
= lij

(
1−Mi −

n∑
j

MiF j

)
FDj

−qijMiF j (17)

dMi

dt
= ε+ rm(1−Mi −MiF i)M

2
i

−dmMi (18)
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Simplified multi-dimensional model

As before, we formulated a simplified version of the model by quasi-steady state assumptions.

Setting
dMiFj

dt
= 0 and substituting, we obtain

MiF j =

(
1−Mi −

n∑
j

MiF j

)
lij
qij
FDj (19)

The sum of master regulators bound to the CpG of a particular cytokine gene therefore

obeys:

n∑
j

MiF j =

(
1−Mi −

n∑
j

MiF j

)
n∑
j

lij
qij
FDj (20)

from which one can solve

n∑
j

MiF j =
(1−Mi)

∑n
j
lij
qij
FDj

1 +
∑n

j
lij
qij
FDj

(21)

Obtaining a single equation for methylation can be achieved by substituting this expres-

sion into dMi

dt
and rearranging:

dMi

dt
= ε+ rm(1−Mi)

(
1 +

∑n
j 6=i

lij
qij
FDj

1 +
∑n

j
lij
qij
FDj

)
M2

i − dmMi (22)

Furthermore, we set dPFFi

dt
= dPFEi

dt
= dFRi

dt
= dFDi

dt
= dPCFi

dt
= dCRi

dt
= 0 and substitute
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these into dFi

dt
, dMi

dt
and dCi

dt
as in the 1D case, which yields a 3n-variable model:

dFi
dt

=
rcrl
dr

(
ωiαiF

2
i + fiCi

1 + ωiαiF 2
i + fiCi

)
−Fi

(
df +

n∑
j 6=i

bijFj

)
(23)

dMi

dt
= ε+ rm(1−Mi)

(
1 +

∑n
j 6=i µijαjF

2
j

1 +
∑n

j µijαjF
2
j

)
M2

i

−dmMi (24)

dCi
dt

=
c rcrl
dr

(
1

1 + siMiF i

)(
κiαiF

2
i

1 + κiαiF 2
i

)
−dcCi (25)

where transcription factor dimerisation αi = ai
hi

, transcription factor self activation ωi =

ui
wi

, transcription factor affinity for cytokine promoter κi = ki
vi

, and transcription factor affinity

for CpG motifs µij =
lij
qij

.

Gillespie implementation of two transcription factor - cytokine pairs

To implement the Gillespie algorithm, one has to explicitly define the events that occur in

the full model. The events for a single transcription factor-cytokine pair are given in Table 1.

We would like to take the effects of cell division into account when performing simu-

lations. Although lymphocyte division has been modelled in different ways, e.g., by using

the Smith-Martin model having an explicit fixed cell cycle time, and by using discrete event

simulations5–7, we are here interested in what happens to molecules within a cell rather than

the process of cell division itself. We therefore implement cell division by halving the number

of molecules per cell after a time period drawn from the normal distribution. When cell

division occurs, the replication machinery unwinds the DNA, and slides over both strands

to transcribe them. It therefore seems reasonable to assume that all transcription factor

dimers are dissociated from the DNA and returned to the transcription factor pool upon cell

8



Table 1: Stochastic Gillespie events in the one-dimensional model.

(PFF + PFE)
rc−→ FR

FR
rl−→ F

F
a−→ FD

FD
h−→ F

PF0 + FD
u−→ PFF

PFF
w−→ PF0

PF0 + C
y−→ PFE

PFE
z−→ PF0

M0 + FD
l−→ MF

MF
q−→ M0 + FD

M0 +M2 rm−→ M

PC0 + FD
k−→ PCF

1

1 + sM
+ PCF

rc−→ CR

CR
rl−→ C

FR
dr−→ ∅

F
df−→ ∅

FD
df−→ ∅

M
dm−→ ∅

∅ ε−→ M

CR
dr−→ ∅

C
dc−→ ∅

division. All intracellular molecules, as well as methylated CpG islets, are then divided over

the two daughter cells (Cytokine protein is not divided, because it is secreted in the local

environment). For deterministic simulations, all molecules are continuously and precisely

divided over the daughter cells (i.e., non-integer values are allowed). For stochastic Gillespie

simulation, the binomial distribution is used to divide molecules discretely over the daughter

cells. The time to first division takes 4500 time steps (≈ 70 hours), while subsequent cell

9



divisions take 600 time steps (≈ 10 hours6,8). We simulated division by drawing from a nor-

mal distribution (mean: 4500, sd: 400 time steps; mean: 600, sd: 30 time steps6,8). During

a Gillespie simulation, we follow a single daughter cell after each division.
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Parameter description value unit

rc active transcription rate 5 molec−1min−1

rl active translation rate 6 min−1

rc quiescent transcription rate 2.5 molec−1min−1

rl quiescent translation rate 3 min−1

rm CpG methylation rate 0.02 min−1

dc cytokine degradation rate 0.05 min−1

df TF degradation rate 0.1 (0.2) min−1

dm demethylation rate 0.0005 min−1

dr mRNA degradation rate 0.3 min−1

a TF homo-dimer association 1 (0.05) min−1

h TF homo-dimer dissociation 20 min−1

b TF heterodimer association 0.01 min−1

u F : PF0 affinity 0.04 min−1

w PFF dissociation 4 min−1

y C : PF0 affinity 0.0001 min−1

z PFE dissociation 4 min−1

k F : PC0 affinity 0.01 min−1

v PCF dissociation 10 min−1

lii F : M0 self-affinity 0.2 min−1

lij F : M0 cross-regulatory affinity 0.1 min−1

qij MCF dissociation 5 min−1

ε background CpG methylation 10−5 molec−1min−1

s fold reduction in rc at 100% CpG methylation 20
c scaling factor for cytokine transcription 300
PF0 number of PF promoter binding sites 6
PC0 number of PC promoter binding sites 6
MT number of CpG islets 20

Table 2: Parameter settings used in analysis and simulations. The parameters for the deter-
ministic and stochastic simulations are identical; parameter settings for the two-dimensional
system are symmetrical and identical to the one-dimensional model. Analysis of the one-
dimensional steady states and the two-dimensional C1/C2 plots employs the same parameter
settings, except for the parameters in brackets. Note that all of these parameters are re-
lated to the transcription factor, and is the result of the equation terms ignored during the
quasi-steady state approximation.
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