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SUMMARY
By impairing histone demethylation and locking cells into a reprogramming-prone state, oncometabolites can partially mimic the pro-

cess of induced pluripotent stem cell generation. Using a systems biology approach, combining mathematical modeling, computation,

and proof-of-concept studies with live cells, we found that an oncometabolite-driven pathological version of nuclear reprogramming

increases the speed and efficiency of dedifferentiating committed epithelial cells into stem-like states with only a minimal core of

stemness transcription factors. Our biomathematical model, which introduces nucleosome modification and epigenetic regulation

of cell differentiation genes to account for the direct effects of oncometabolites on nuclear reprogramming, demonstrates that onco-

metabolites markedly lower the ‘‘energy barriers’’ separating non-stem and stem cell attractors, diminishes the average time of nuclear

reprogramming, and increases the size of the basin of attraction of the macrostate occupied by stem cells. These findings establish the

concept of oncometabolic nuclear reprogramming of stemness as a bona fide metabolo-epigenetic mechanism for generation of cancer

stem-like cells.
INTRODUCTION

The correct functioning of the epigenome ensures fidelity

in the establishment of gene-expression programs that

are compatible with specific cell identities. The need

for tightly controlled epigenetic landscapes is of critical

importance for stem cells, which are able to both

self-renew and generate differentiated progeny (Barrero

et al., 2010; Chen and Dent, 2014; Papp and Plath,

2013; Spivakov and Fisher, 2007). The inability to stabi-

lize stem cell states and functions by maintaining epige-

nome integrity, a process in which DNA methylation

plays a major role, can trigger pathological self-renewal

processes that ultimately lead to cancer (Ohnishi et al.,

2014; Suva et al., 2013; Tung and Knoepfler, 2015). Inter-

estingly, remodeling of DNA methylation is a cancer-

initiating event manifesting in the presence of particular

types of cancer-driving metabolites, termed oncometabo-

lites, and in the nuclear reprogramming process of tran-

scription factor-generated induced pluripotent stem cell

(iPSC) derivation.
Stem
The shared mechanism by which abnormal accumula-

tion of the oncometabolites 2-hydroxyglutarate (2HG),

succinate, and fumarate causes potential transformation

to malignancy is the ability to promote DNA hypermethy-

lation through suppression of histone demethylation,

which, in turn, results in the repression of genes involved

in the epigenetic rewiring of lineage-specific differentiation

and in the promotion of stem cell-like transcriptional sig-

natures (Chowdhury et al., 2011; Killian et al., 2013;

Letouzé et al., 2013; Lu et al., 2012; Terunuma et al.,

2014; Saha et al., 2014; Xiao et al., 2012; Xu et al., 2011;

Yang et al., 2013). The transient expression of stemness-

associated transcription factors, i.e., OCT4, SOX2, KLF4,

and c-MYC, in vivo generates tumors consisting of undiffer-

entiated dysplastic cells exhibiting global changes in DNA

methylation (Ohnishi et al., 2014), suggesting that the

epigenetic regulatory machinery associated with iPSC deri-

vationmight initiate cancer development in amanner that

does not require mutational changes in the genomic

sequence (Ben-David and Benvenisty, 2011; Ohnishi

et al., 2014; Knoepfler, 2009; Tung and Knoepfler, 2015).
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Figure 1. Computation Simulation of
Oncometabolic Nuclear Reprogramming
Phenomena
(A–C) A stochastic model of oncometabolic
nuclear reprogramming. (A) Top: Schematic
representation of the minimal gene regula-
tory network considered in our stochastic
model, consisting of a coupled pluripo-
tency module (self-activation of Oct4 and
Sox2) and a differentiation module (mutual
antagonism between LSGs). Arrows denote
activation and blunt-ended lines denote
inhibitory interactions. Bottom: Schematic
representation of the competitive binding
model for activation/repression in the min-
imal gene regulatory network. (B) A reali-
zation path in which our stochastic model
was run under baseline conditions (baseline
HDM activity and lack of induction of
stemness-related transcription factors, i.e.,
hi-values as per values given in Table S7
[Supplemental Appendix E] and r1 = r2 = 0).
Since the system is symmetric with respect
to LSG1 and LSG2, a state where O = 0, S = 0,
and L2 = 0, whereas L1 > 0, is also an
absorbing state. (C) A realization path in
which our stochastic model was run under
induction of stemness-related transcription
factors (parameter values r1 = r2 = 1.85 3
107). At the onset of stemness factor in-
duction, i.e., we let r1 > 0 and r2 > 0, the
absorbing states observed in the simulations
shown in (B) are not absorbing any longer
and, therefore, there is a positive probabil-
ity for the system to go from the differen-
tiated cell state to the stem cell state. Left:
Normal-like metabolism, baseline HDM ac-
tivity; right: 2HG-induced reduction of HDM
activity by 5% with respect to the baseline
scenario.
(D–F) Epigenetic landscapes and re-
programming performance in response to
2HG. (D) 2HG-induced inhibition of HDM
activity affects the depth of the stem cell
attractors by lowering the barriers of the
epigenetic landscape. Figures show the joint
probability of the random variables O + S
(stemness factors) and L1 + L2 (LSGs) for
different values of the relative oncometa-
bolic-induced reduction of HDM activity
with respect to the baseline scenario. To
obtain the epigenetic landscapes for dif-
ferent degrees of 2HG-induced reduction of
HDM activity in shorter computational time,
we considered the following parameter
values: r1 = r2 = 5.55 3 10�7 and wo = ws =

0.2. We have also considered that the expression of the LSGs is induced at certain rates given by the following parameter values rL1 = rL2 =
2.783 10�7. The landscapes with 4%, 5%, and 6% reduced HDM activity correspond to h2 = 0.96, h2 = 0.95, and h2 = 0.94, respectively. The

(legend continued on next page)
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Because oncometabolites partially mimic the process

of iPSC generation, a metabolically driven pathological

version of nuclear reprogramming might represent an un-

derappreciated epigenetic mechanism of enrichment for

cellular states with increased tumor-initiating capacities

and aberrant self-renewal potential (Goding et al., 2014;

Menendez and Alarcón, 2014; Menendez et al., 2014b),

often termed cancer stem cells. However, although a role

for oncometabolite-driven changes in the epigenetic land-

scape is mechanistically attractive (Lu and Thompson,

2012; Yun et al., 2012; Johnson et al., 2015), the existence

of bona fide oncometabolic reprogramming of differenti-

ated cells into cancer stem-like states has never been

demonstrated. In an attempt to resolve this issue, we have

used a systems biology approach that combinedmathemat-

ical modeling, computation, and proof-of-concept experi-

mental validation of stochastic predictions in vitro.
RESULTS

We initially developed methods and procedures for the

mathematical modeling of oncometabolo-epigenetic regu-

latory networks involved in the acquisition of stemness

(see Supplemental Information). Our stochastic model

considers the interactions between aminimal core of stem-

ness-associated transcription factors (OCT4 and SOX2) and

two generic lineage-specific genes (LSG1 and LSG2) (Shu

et al., 2013) (Figure 1A). The basic effector mechanism of

the coupling between metabolism and the epi-transcrip-

tional reprogramming system relies on histone- and

nucleosome-modifying enzymes (Dodd et al., 2007). In

particular, we considered a metabolo-epigenetic link in

which the oncometabolite 2HG drastically inhibits the

activity of DNA histone demethylases (HDMs), thus re-

stricting the methylation plasticity that is required for the

transition between stem cells and differentiated cells (Lu

and Thompson, 2012; Lu et al., 2012).

The first consistency check we performed was that the

‘‘normal metabolism’’ scenario, defined as baseline HDM
remaining parameter values are given in Table S7 (Supplemental Ap
kinetic efficiency of the reprogramming process. The panel shows statis
density, P(TE), as a function of the 2HG-induced reduction of HDM
distribution of TE, P(TE) is approximately exponential. The lower p
programming time, illustrating that the reprogramming rate increases
activity reductions of 0%, 2.5%, 5%, and 7.5% correspond to h2 = 1.00
inhibition of HDM activity affects the size of the basin of attraction
semiclassical QSSA approximation (see Equations 29–32 and 40–44 in
inhibition (h2 = 1.00, red line), and for the case with a 2HG-induced 5
scenario converges to the differentiated cell state (red line), whereas
Parameter values r1 = r2 = 1.853 107, cE1 = cE2 = 2, Co = CS = C1 = C2
Table S7 (Supplemental Appendix E).

Stem
activity and lack of induction of stemness transcription fac-

tors, should lead to cell differentiation. Figure 1B shows

that, after an initial transient regime, the system settles

down to a steady state whereby the protein levels of

OCT4, SOX2, and LSG1 decay to zero, whereas LSG2 pro-

tein climbs to its stationary positive value. In the absence

of induction, this cellular state is an absorbing state, i.e.,

once reached by the system it is not possible to exit. Fig-

ure 1C (left panel) shows a particular sample path where

reprogramming of stemness is accomplished by merely

adding OCT4 and SOX2 to the baseline scenario. Impor-

tantly, under baseline conditions both LSG1 and LSG2 are

predominantly acetylated and, therefore, their promoters

remain accessible to transcription factors, with short-lived

journeys into the methylated state (Supplemental Appen-

dix D). Despite the fact that during episodes of transient

methylation the expression levels of the LSGs become

downregulated, this does not necessarily lead to reprog-

ramming since the stochastic dynamics of the gene regula-

tory network has to pass through an unstable saddle

point (Supplemental Appendix E). Therefore, several epi-

sodes of transientmethylation should occur before a period

of transient methylation of sufficient duration allows the

gene-regulation system to successfully pass through the

bottleneck.

We then introduced the ability of 2HG to reduce HDM

activity. Figure 1C (right panel) shows a realization of

the stochastic model whereby reprogramming is achieved

with a 5% reduction of HDM activity with respect to the

baseline scenario (Figure 1C, left panel). Oncometabolic

reduction of HDM activity increases the characteristic

duration of the transient episodes of methylation (Supple-

mental Appendix D) which, in turn, increases the likeli-

hood of one such period of sufficient duration for the

gene regulatory system to overcome the bottleneck. In

this scenario, the system must transit from the differenti-

ated state to the stem cell state. Figure 1D illustrates how

the relative height of the peak corresponding to the stem

cell state increases in relation to the peak corresponding

to the differentiated cell state, thus implying that the
pendix E). (E) 2HG-induced inhibition of HDM activity affects the
tics of the average reprogramming time, TE, as well as its probability
activity. The top panels illustrate that the predicted probability
anel shows the average and SD (error bars) of the predicted re-
exponentially with the 2HG-induced reduction of HDM activity. HDM
, h2 = 0.975, h2 = 0.95, and h2 = 0.925, respectively. (F) 2HG-induced
of the induced stem cell state. The graphic shows a solution of the
Supplemental Information) for the baseline scenario with no HDM
% reduction in HDM activity (h2 = 0.95, blue line). The uninhibited
the inhibited scenario converges to the stem cell state (blue line).
= 1, and wo = ws = 0.2. The remaining parameter values are given in
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epigenetic barriers are significantly lowered in response to

2HG-induced reduction of HDM activity. There is a ‘‘third

peak’’ that arises from the fact that, while attempting re-

programming, the gene regulatory system spends a long

time in the vicinity of the saddle point, trying to overcome

the bottleneck. The height of this third peak appears to

be rather insensitive to the 2HG-regulated activity of

HDM, as it depends on the kinetic parameters of the gene

regulatory system alone. Figure 1E shows the immediate

and significant consequences for the kinetic efficiency

of nuclear reprogramming; specifically, the reduction in

average reprogramming time varies exponentially with

the 2HG-induced reduction of HDM activity. Therefore,

even modest 2HG-driven reductions of HDM activity are

predicted to drive a considerable increase in the reprogram-

ming efficiency.

We finally interrogated our stochastic model to examine

whether the basins of attractions of each of these cell states,

i.e., the set of developmental states which are attracted to

each of them, are also altered in response to 2HG-induced

reduction of HDM activity. We carried out a semiclassical

quasi-steady-state approximation (QSSA) (Supplemental

Appendix B) to analyze the existence of initial conditions

that, in the absence of HDM inhibition, converge to a

differentiated cell state and, upon inhibition, converge to

the stem cell state. We found that such initial conditions

exist, i.e., a portion of the basin of attraction of the differ-

entiated cell state is transferred to the stem cell state

uponHDM inhibition. Figure 1F illustrates how oncometa-

bolic-induced repression of HDM activity actually enlarges

the basin of attraction of the stem cell state.

Nishi et al. (2014a, 2014b) have developed a method of

inducing cancer stem-like cells (CSCs) through the reprog-

ramming and partial differentiation of the immortalized

but otherwise normal MCF10A human mammary epithe-

lial cell line. To experimentally test our computational

model of oncometabolic nuclear reprogramming, we simi-

larly employed theMCF10A cell line and an isogenic deriv-

ative endogenously heterozygous for the R132H mutation

of isocitrate dehydrogenase 1 (IDH1) gene, generating

2HG (Grassian et al., 2012). Quantification of intracellular

2HG showed that the levels of the oncometabolite were

more than 30-fold higher in cell lysates from the knockin

MCF10A IDH1R132H/WT cells, confirming neomorphic

IDH1R132H enzymatic activity (Figure 2A). To corroborate

that the sole accumulation of 2HG in an otherwise isogenic

background was sufficient to significantly impair histone

demethylation, we examined the pattern of histone lysine

methylation in IDH1R132H/WT knockin and parental cells.

Western blot analysis showed that the global levels of

H3K4me3, H3K9me3, and H3K27me3 were increased in

2HG-overproducing MCF10A knockin cells compared

with IDH1WT/WT parental cells (Figure 2A). These results
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were consistent with 2HG-induced broad inhibition of his-

tone demethylation, showing agreement with previous

models overexpressing IDH mutants (Duncan et al., 2012;

Lu et al., 2012). We then employed a commercially avail-

able ELISA-based global DNA methylation able to indi-

rectly provide a global measurement of 5-methtylcytosine

(5-mC) levels in genomic DNA obtained from IDH1WT/WT

and IDH1R132H/WT knockin cells. Measurement of 5-mC

levels of long interspersed nucleotide element 1 (LINE-1)

confirmed that LINE-1 methylation significantly increased

in 2HG-overproducing IDH1R132H/WT cells when compared

with IDH1WT/WT parental cells. Remarkably, a 2-day treat-

ment with the selective R132H-IDH1 inhibitor AGI-5198,

which fully suppressed 2HG to background levels (Fig-

ure 2A), partially reverted LINE-1 hypermethylation in

IDH1R132H/WT cells.

Because it could be argued that 2HG-induced chromatin

reorganizationmight promote the pluripotency-associated

genes transition from an inactive to an active stage, we

assessed whether the overproduction of 2HG promoted

the expression of pluripotency regulators in normal breast

epithelial cells. Flow cytometry analyses confirmed that the

baseline expression of the core transcription factors OCT4

and SOX2 remained essentially unaltered in IDH1R132H/WT

knockin cells comparedwith parental IDH1WT/WTcells (Fig-

ure 2B). A preliminary evaluation of the top ten most sig-

nificant Gene Ontology (GO) ‘‘molecular function’’ and

‘‘biological process’’ term annotations overrepresented in

the 290 differentially hypermethylated CpG sites that

were identified in IDH1R132H/WT knockin cells (Figure 2C)

strongly suggested that 2HG had a significant impact on

the transcriptional repression of differentiation programs.

Intracellular accumulation of the oncometabolite 2HG

due to the heterozygous expression of the IDH1R132H allele

is therefore sufficient to notably alter global histone lysine

methylation without varying the baseline expression of

the most critical reprogramming factors (i.e., OCT4 and

SOX2) but altering expression of differentiation genes,

thus providing an idoneous experimental model to vali-

date the stochastic predictions of our biomathematical

model in vitro.

MCF10A IDH1R132H/WT and MCF10A IDH1WT/WT cells

were then transduced with OCT4 and SOX2 (hereafter

called OS) to examine whether endogenously produced

2HG could substitute for combinations of stemness factors

(i.e., KLF4 and c-MYC) to reprogram MCF10A mammary

cells into iPS-like (iPSL-10A) cells. At day 15 after infection,

MCF10A IDH1R132H/WT cells growing on feeder layers

showed a >10-fold increase in reprogramming efficiency

relative to MCF10A IDH1WT/WT cells, as assessed by count-

ing the number of alkaline phosphatase (AP)-positive (AP+)

colonies (Figure 3A). We found that the colonies identified

by the highly AP+ criterion were also positive for strong
rs



Figure 2. Effects of 2HG on Histone De-
methylation, Activation of Pluripotency
Genes, and Genome-wide DNA Methyl-
ation
(A) Top: Base-peak chromatograms of ex-
tracts from IDH1WT/WT cells (black line),
IDH1R132H/WT cells (red line), and
IDH1R132H/WT cells treated with 40 mmol/l
AGI-5198 for 2 days (blue line). A combined
mass spectrum of the region where 2HG was
eluted (m/z 349.1317) is shown in the inset
(two technical replicates per n; n = 3 bio-
logical replicates). Bottom: 2HG promotes
broad inhibition of histone demethylation
and LINE-1 global methylation. Left panel,
western blots for total H3K4me3, H3K9me3,
and H3K27me3 histone modifications
in parental IDH1WT/WT and IDH1R132H/WT

knockin cells. Also shown are total H3
controls (two technical replicates per n;
n = 2 biological replicates). Middle and
right panels, % of 5-mC relative to either
detectable CpG residues or total cytosine
content in IDH1WT/WT and IDH1R132H/WT

cells, the latter being cultured in the
absence or presence of 40 mmol/l AGI-5198
for 2 days. The data are presented as the
mean ± SD (error bars); three technical
replicates per n; n = 2 biological replicates.
(B and C) 2HG impairs differentiation but
does not elevate the baseline expression of
core pluripotency factors. (B) Flow cy-
tometry analysis of OCT4/SOX2 expression
in IDH1WT/WT and IDH1R132H/WT knockin
cells. Representative dot plots showing the
distribution of IDH1WT/WT and IDH1R132H/WT

cells along the signal obtained with the isotype-specific control antibodies or with the OCT3,4 and SOX2 direct conjugated antibodies (two
technical replicates per n; n = 2 biological replicates). (C) Ten top-ranked GO molecular functions and biological processes associated with
hypermethylated genes in IDH1R132H/WT cells (accession number GEO: GSE76263). x axis, negative logarithm (-lg) of the p value; y axis,
GO category.
endogenous expression of NANOG (data not shown),

which was considered a characteristic of bona fide iPSL-

10A cells.

For live-cell imaging, we established a 96-well plate-based

screening assay to assess expression of the pluripotency-

associated surface marker TRA-1-60, a more reliable and

specific marker for predicting successful reprogramming

and iPS cell derivation than other markers including AP

(Mali et al., 2010), during reprogramming. Cell clusters

were scored as null, weak, or strong depending on the

expression of TRA-1-60. Cell clusters positive for TRA-1-

60 were detected in MCF10A IDH1R132H/WT cells 2–3 days

earlier relative to MCF10A IDH1WT/WT cells (Figure 3A).

When the standard reprogramming protocol was followed

with four reprogramming factors, OCT4, SOX2, KLF4, and
Stem
c-MYC (hereafter OSKM), a significantly greater number of

AP+ colonies (�300) were observed in OSKM-transduced

IDH1R132H/WT cells compared with IDH1WT/WT parental

cells (�140) at day 13. TRA-1-60+ clusters were also

detected at an earlier stage in OSKM-transduced MCF10A

IDH1R132H/WT cells than in MCF10A IDH1WT/WT control

cells (Figure 3A).

Because the stimulatory effect of 2HG on the nuclear re-

programming efficiency was more striking in the absence

of KLF4 and c-MYC transgenes (>10-fold with OS) than in

their presence (2-fold with OSKM), we preliminarily

explored the time frame during which 2HG might exert

its positive reprogramming effects. Exogenous supplemen-

tation of IDH1WT/WT parental cells with 1 mmol/l D-2HG

octylester, a concentration of a cell membrane-permeable
Cell Reports j Vol. 6 j 273–283 j March 8, 2016 j ª2016 The Authors 277



Figure 3. Effects of 2HG on the Nuclear Reprogramming of Breast Epithelial Cells into CSC-like States
(A) Left panels: Kinetics of reprogramming in the absence or presence of 2HG. MCF10 IDH1WT/WT control cells and 2HG-overproducing
MCF10A IDH1R132H/WT isogenic derivatives were reprogrammed by the retroviral delivery of OS (top) or OSKM (bottom) transcription factors.
Alternatively, octyl-2HG, a cell-permeable esterified form of 2HG, was added at a final concentration of 1 mmol/l to the culture medium
immediately after transduction of IDH1WT/WT parental cells with OS and OSKM, and was maintained for 4 days. The total number of highly
AP+ colonies for each condition was counted at different days until day 15 after transduction under feeder conditions. The data are
presented as the mean ± SD (error bars); n = 3 biological replicates. Representative microphotographs of AP+ colonies are also shown (scale
bar, 5 mm). Middle panels: The reprogramming efficiencies of various conditions were compared with that obtained without octyl-2HG
treatment in IDH1WT/WT parental cells, and are presented as relative fold changes (mean [columns] ± SD [error bars]). Insets show
microscopy images of the representative cell morphology of IDH1WT/WT, IDH1R132H/WT, and IDH1WT/WT cells growing in the presence of octyl-
2HG (scale bar, 10 mm). Right panels: Temporal activation of stemness during reprogramming was analyzed by live-cell staining with an
antibody against TRA-1-60 (n = 3 biological replicates).
(B) Western blots for total H3K4me3, H3K9me3, and H3K27me3 histone modifications in parental IDH1WT/WT and IDH1R132H/WT knockin
cells at day 6 post-OS or post-OSKM transduction. Also shown are total H3 controls (two technical replicates per n; n = 2 biological
replicates). Right panels: Flow cytometry analysis of OCT4/SOX2 expression in CSC-like derivatives obtained from partial differentiation of
reprogrammed IDH1WT/WT and IDH1R132H/WT knockin cells. Representative dot plots showing the distribution of IDH1WT/WT and IDH1R132H/WT

cells along the signal obtained with the isotype-specific control antibodies or with the OCT3,4 and SOX2 direct conjugated antibodies (two
technical replicates per n; n = 2 biological replicates).
form of 2HG that has previously been shown to mimic

2HG levels in tumors with aberrant 2HG accumulation

by promoting a >100-fold increased intracellular concen-

tration of 2HG (Lu et al., 2012; Xu et al., 2011; Terunuma

et al., 2014), beginning soon after OS and OSKM transduc-
278 Stem Cell Reports j Vol. 6 j 273–283 j March 8, 2016 j ª2016 The Autho
tion, for 4 days, resulted in a significantly increased num-

ber of reprogrammed colonies (Figure 3A). The fact that

an early short-term supplementation with exogenous

octyl-2HG, which caused prominent epithelial-to-mesen-

chymal (EMT)-like changes in cell fate (Figure 3A), was
rs



sufficient to promote a pro-reprogramming effect similar to

that of continued endogenous exposure in 2HG-overpro-

ducing EMT-like MCF10A IDH1R132H/WT cells (Grassian

et al., 2012), was consistent with the notion that 2HG

might contribute to the time-sensitive activation of a

mesenchymal stage required during the initiation period

of successful reprogramming (Liu et al., 2013; O’Malley

et al., 2013).

Furthermore, increased numbers of AP+ colonies and

TRA-1-60+ clusters were detected within a shorter period

of time in octyl-2HG-treated IDH1WT/WT parental cells (Fig-

ure 3A). Interestingly, when monitoring the effect of 2HG

on the appearance of tightly packed colonies morphologi-

cally resembling human embryonic stem cells (hESCs),

2HG was found to increase the ratio of AP+ iPSL-10A col-

onies to total hESC-like colonies, i.e., the 2HG-driven in-

crease in the number of AP+ iPSL-10A colonies was not

accompanied by changes in the total colony number,

thus implying that 2HG enhances the destination of re-

programmed cells to the stem cell fate (data not shown).

To confirm that the pre-existing status of histonemodifica-

tions might differentially regulate the global chromatin

environment controlling reprogramming toward a plurip-

otent state, we reexamined the global histonemodification

variation that occurred in early stages of reprogramming

(i.e., 6 days after OS and OSKM transduction) before

genuine AP+ iPS-like patches become apparent in the cul-

tures (Figure 3B). Interestingly, H3K9 methylation, which

has been defined as the primary epigenetic determinant

for the intermediate pre-iPS state as its removal leads to

fully reprogrammed iPS cells (Chen et al., 2013), was

notably suppressed by early OS induction in 2HG-overpro-

ducing IDH1R132H/WT cells but not in 2HG-negative

IDH1WT/WT cells. Moreover, a reduction of H3K27me3

and H3K4me3, a phenomenon that has been associated

with the acquisition of a transient open/primed chromatin

state during the early transcriptional events of nuclear re-

programming (Hussein et al., 2014), was apparently

observed upon early OS induction in 2HG-overproducing

IDH1R132H/WT cells but not in 2HG-negative IDH1WT/WT

cells. Thus, whereas the baseline levels of functionally

opposing histone methylation marks were increased in

2HG-overproducing IDH1R132H/WT cells, consistent with a

broad inhibition of histone demethylation, 2HG-induced

histone modifications provided a collaborative rewiring

of the chromatin organization that respondedmore rapidly

and efficiently to the core stemness factors (OS) at the start

of reprogramming.

Because the process of dedifferentiation through the

addition of Yamanaka factors is extremely inefficient, the

actual contribution of de novo generated ‘‘CSC states’’ via

oncometabolic reprogramming to cancer evolution might

be a matter of conjecture. To evaluate such a situation, we
Stem
first confirmed that, upon the introduction of defined re-

programming factors and subsequent partial differentia-

tion, proliferating CSC-like cells stably overexpressing

OCT4 and SOX2 with tumor-initiating capacity (Nishi

et al., 2014b) likewise arise from non-CSC, OCT4/SOX2-

negative MCF10A IDH1R132H/WT cells (Figure 3B). We then

designed amathematical model to investigate the expected

dynamics of tumor progressionwhen the presence of onco-

metabolic signals can favor differentiated cells to revert to a

multipotent CSC-like state. When a native, ‘‘resident’’ pop-

ulation sustained by normal stem cells competes with

‘‘invader’’ clones of CSC-like cells generated de novo as

the result of nuclear reprogramming, our mathematical

model predicts that the chances of prolonged survival in-

crease exponentially with the size of the reprogrammed

clones (Supplemental Appendix F). By solely affecting

epigenetic events involving histonemethylation, oncome-

tabolites such as 2HG can functionally replace stemness

transcription factors (e.g., KLF4 and c-MYC) and accelerate

the dedifferentiation rates to efficiently drive the de novo

generation of reprogrammed CSC-like states, thus confirm-

ing that the possibility that metabolically driven nuclear

reprogramming-like phenomena contribute to cancer initi-

ation, and that progression cannot be neglected in terms of

cancer prognosis and therapeutic planning (Brooks et al.,

2015; Leder et al., 2010; Martin-Castillo et al., 2015; Me-

nendez et al., 2014a).

The experimental approach using no-2HG versus 2HG-

overproducing cellular models in an identical non-trans-

formed genomic background, functionally confirms the

predictions of our stochastic model, demonstrating that

an oncometabolite markedly lowers the ‘‘energy barriers’’

separating non-stem and stem cell attractors, diminishes

the average time of reprogramming, and increases the

size of the basin of attraction of the macrostate occupied

by stem cells (Figure 4). For 2HG to improve nuclear reprog-

ramming performance, it is sufficient to be present only

during the first few days of reprogramming, when it ap-

pears to exert partial functional redundancy with other

reprogramming factors that ensure the supply of chro-

matin-modifying enzymes with metabolic intermediates

for the epigenetic activation of stemness-related gene net-

works (Goding et al., 2014; Gut and Verdin, 2013; Menen-

dez and Alarcón, 2014).
DISCUSSION

One of the most challenging issues in the field of cancer

research is understanding how cellular metabolism influ-

ences chromatin structure and the epigenome to drive

tumor formation (Johnson et al., 2015; Menendez and

Alarcón, 2014; Lu and Thompson, 2012; Yun et al.,
Cell Reports j Vol. 6 j 273–283 j March 8, 2016 j ª2016 The Authors 279



Figure 4. Oncometabolite-Driven Nuclear
Reprogramming of Cancer Stemness: A
Framework Proposal
HDMs, such as Jumonji histone demethy-
lases (JHDM) and ten-eleven translocation
(TET) family members, remove repressive
histone methylation marks and activate the
expression of differentiation-related genes
by protecting promoters from aberrant DNA
methylation. Oncometabolites such as 2HG
inhibit the epigenetic ‘‘editors’’ HDMs and
TETs, which leads to histone modifications
(e.g., increased H3K9me3, H3K27me3, and
H3K4me3) and DNA hypermethylation. On-
cometabolites reprogram chromatin state
to promote the downregulation of genes
involved in differentiation as well as bias in
developmental gene-expression patterns.
This metabolo-epigenetic modification of
inactive/poised states of lineage-specific
genes is sufficient to significantly alter the
efficiency and speed of nuclear reprogram-
ming by lowering the ‘‘reprogramming bar-
riers’’ of the epigenetic landscape and
increasing the size of the stem cell state
basin of attraction, which results in the ac-
celeration (i.e., higher efficiency and faster
kinetics) of the nuclear reprogramming

process. Oncometabolites such as 2HG permissively alleviate the unfavorable developmental process of ‘‘jumping’’ from differentiated cell
states to CSC-like attractors while concomitantly stabilizing the ground-state self-maintaining character of CSC states. This conceptual
figure represents cells stabilized in an initial non-CSC attractor and how nuclear reprogramming can make cells exceed the ‘‘reprogramming
barrier,’’ represented as a wall of interlocking bricks, harder or easier in the absence or presence of the oncometabolite 2HG, respectively,
and fall down in a final CSC attractor. The cellular reprogramming process is represented as a dashed line from the initial to the final
cellular state.
2012). To date, however, there have been no attempts to

delineate predictive mathematical platforms that opera-

tively integrate the required contribution of certainmetab-

olites for the extensive remodeling of the epigenetic

landscape that drives nuclear reprogramming (Morris

et al., 2014). From a mathematical standpoint, here we

introduce nucleosome modification and epigenetic regu-

lation of lineage-specific genes as an essential element of

stochastic modeling that successfully integrate the recog-

nized ability of oncometabolites to competitively inhibit

epigenetic regulation of cell differentiation with the pro-

cess whereby the stemness regulatory circuitry is estab-

lished during nuclear reprogramming (Ben-David et al.,

2013; Shu et al., 2013). By combining mathematical

modeling and computation simulation with wet-lab

in vitro experiments in an isogenic model, we demon-

strate the existence of bona fide oncometabolic nuclear

reprogramming phenomena able to efficiently generate

CSC-like states (Figure 4). Our model provides a stochastic

tool as well as a conceptual framework that should be

extremely useful in helping to understand and investigate
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the underexplored link between cellular metabolism and

cancer-driving alterations in the epigenome. Beyond the

numerous ‘‘common’’ metabolites that are used as sub-

strates and cofactors for reactions that coordinate epige-

netic status (Locasale, 2013; Johnson et al., 2015; Yun

et al., 2012), a recent systems approach predicted more

than 40 compounds and substructures of potential ‘‘onco-

metabolites’’ that could result from the loss-of-function

and gain-of-function mutations of metabolic enzymes

(Nam et al., 2014). In this context, our model can be a

starting point for future studies on the processes by which

cellular metabolism influences chromatin structure and

epi-transcriptional circuits to causally drive stemness in

cancer tissues.
EXPERIMENTAL PROCEDURES

Stochastic Model
A detailed mathematical formulation of the stochastic model of

oncometabolic nuclear reprogramming can be found in the Sup-

plemental Information.
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Reagents
The octyl ester derivative of [2R]-2-hydroxyglutaric acid was pur-

chased from US Biologicals Life Sciences (cat. #01386; Deltaclon).

AGI-5198, a highly potent and selective inhibitor of IDH1

R132H/R132C mutants, was purchased from Selleck Chemicals

(cat. #S7185).

Cell Lines
MCF10A cells with heterozygous knockin of IDH1 dominant-nega-

tive (R132H) point mutation and MCF10A isogenic parental cells

were obtained from Horizon Discovery (cat. #HD 101-013 and

#HD PAR-058, respectively). IDH1 mutational status was verified

by sequencing (Grassian et al., 2012).

Reprogramming of Human Breast Epithelial Cells and

Cell Infection
MCF10A IDH1R132H/WT and MCF10A IDH1WT/WT cells were trans-

duced with retroviral vectors encoding nuclear reprogramming

factors as previously described (Nishi et al., 2014a, 2014b) (Fig-

ure S1). The pMX vectors containing human cDNA for OCT4,

SOX2, KLF4, and c-MYC were obtained from Addgene (http://

www.addgene.org).

Alkaline Phosphatase Staining
AP staining was performed using the Leukocyte Alkaline Phospha-

tase kit (cat. #86-R; Sigma-Aldrich) according to themanufacturer’s

protocol in OS- and OSKM-transduced cells reseeded onto mouse

embryo fibroblast feeder layers.

Live Staining by the TRA-1-60 Antibody
Amouse anti-human StainAlive TRA-1-60 antibody (DyLight 488;

cat. #09-0068) was employed according to the manufacturer’s pro-

tocol to identify and track the appearance of iPS-like colonies in

OS- and OSKM-transduced cells reseeded onto Matrigel-coated

96-well plates.

Histone Extraction and Western Analysis
Histones were acid-extracted following a modified version of

the original protocol published by Sarg et al. (2002). For western

blot analyses of H3K4me3, H3K9me3, H3K27me3, and total

H3, 12 mg of the histone lysates were electrophoresed on 17%

SDS-PAGE gel, transferred to a 0.45-mm polyvinylidene fluoride

membrane, and incubated with antibodies against histone

H3 (Abcam; cat. #ab1791), H3K4me3 (Abcam; cat. #ab8580),

H3K9me3 (Millipore; cat. #CS200604), and H3K27me3 (Upstate-

Millipore; cat. #07-449, lot #DAM1421462), followed by horse-

radish peroxidase-conjugated secondary and chemiluminescence

detection.

Targeted Metabolomics
Quantitative measurements of 2HG were performed by employ-

ing a method based on gas chromatography coupled to a

quadrupole time-of-flight mass spectrometer and an electron

impact interface (GC-EI-QTOF-MS). A detailed description of

this procedure is given in Cuyàs et al. (2015) and Riera-Borrull

et al. (2016).
Stem
Global DNA Methylation
DNA was extracted and purified with a DNeasy Blood & Tissue kit

(Qiagen; cat. #69504 or #69506) according to the manufacturer’s

instructions. Global DNA methylation levels were determined

using the Global DNA Methylation LINE-1 kit (Active Motif;

cat. #55017) according to the manufacturer’s instructions.

Genome-wide DNA Methylation: DNA Methylation

Microarrays and Data Analysis
Microarray-based DNAmethylation profiling was performed using

Illumina Infinium HumanMethylation450 BeadChip Array (Bibi-

kova et al., 2011). Methylation levels (beta values) were obtained

using Illumina’s GenomeStudio Software. The beta value repre-

sents a quantitative measure of the DNA methylation level of spe-

cific CpG sites and ranges from 0 (completely unmethylated) to 1

(completely methylated). Before analyzing the methylation data

(accession number GEO: GSE76263), we excluded possible sources

of technical biases that could alter the results. We excluded probes

with a detection p value of R0.01 and removed the probes con-

taining a SNP at the CpG interrogation site. Because there were

only two samples in the experimental design, we used stringent

statistical criteria to define differential methylated probes. Thus,

we defined a probe to be hypermethylated or hypomethylated if

the differences between beta values was larger than 0.5. The

HOMER (Hypergeometric Optimization of Motif EnRichment)

suite of tools (http://homer.salk.edu/homer/) was used to deter-

mine the enrichment of individual ontology terms and create

GO maps in the groups of differentially methylated genes.

Multivariate Permeabilized Cell Flow Cytometry
OCT3,4 and SOX2 protein levels were analyzed by intracellular

staining using the Fix & Perm Cell Permeabilization kit (Invitro-

gen, cat. #GAS004), and flow cytometry using the anti-hOct4-PE

(Becton Dickinson, cat. #560186) and anti-hSox2-AF488 (BD,

cat. #561593) primary antibodies. Corresponding isotype anti-

bodies MsIgG1 PE (BD, cat. #556650) and MsIgG1 AF488 (BD,

cat. #551954) were used as controls. Plots show the fluorescence

intensity distribution and percentages of cells above or below the

thresholds determined by the stainingwith the isotype antibodies.
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Cuyàs, E., Fernández-Arroyo, S., Corominas-Faja, B., Rodrı́guez-

Gallego, E., Bosch-Barrera, J., Martin-Castillo, B., De Llorens, R., Jo-

ven, J., andMenendez, J.A. (2015). Oncometabolic mutation IDH1

R132H confers a metformin-hypersensitive phenotype. Oncotar-

get 6, 12279–12296.
282 Stem Cell Reports j Vol. 6 j 273–283 j March 8, 2016 j ª2016 The Autho
Dodd, I.B., Micheelsen, M.A., Sneppen, K., and Thon, G. (2007).

Theoretical analysis of epigenetic cell memory by nucleosome

modification. Cell 129, 813–822.

Duncan, C.G., Barwick, B.G., Jin, G., Rago, C., Kapoor-Vazirani, P.,

Powell, D.R., Chi, J.T., Bigner, D.D., Vertino, P.M., and Yan, H.

(2012). A heterozygous IDH1R132H/WT mutation induces

genome-wide alterations in DNA methylation. Genome Res. 22,

2339–2355.

Goding, C.R., Pei, D., and Lu, X. (2014). Cancer: pathological nu-

clear reprogramming? Nat. Rev. Cancer 14, 568–573.

Grassian, A.R., Lin, F., Barrett, R., Liu, Y., Jiang, W., Korpal, M., Ast-

ley, H., Gitterman, D., Henley, T., Howes, R., et al. (2012). Isocitrate

dehydrogenase (IDH) mutations promote a reversible ZEB1/

microRNA (miR)-200-dependent epithelial-mesenchymal transi-

tion (EMT). J. Biol. Chem. 287, 42180–42194.

Gut, P., and Verdin, E. (2013). The nexus of chromatin regulation

and intermediary metabolism. Nature 502, 489–498.

Hussein, S.M., Puri, M.C., Tonge, P.D., Benevento, M., Corso, A.J.,

Clancy, J.L., Mosbergen, R., Li, M., Lee, D.S., Cloonan, N., et al.

(2014). Genome-wide characterization of the routes to pluripo-

tency. Nature 516, 198–206.

Johnson, C., Warmoes, M.O., Shen, X., and Locasale, J.W. (2015).

Epigenetics and cancer metabolism. Cancer Lett. 256, 309–314.

Killian, J.K., Kim, S.Y., Miettinen, M., Smith, C., Merino, M., Tso-

kos, M., Quezado, M., Smith, W.I., Jr., Jahromi, M.S., Xekouki, P.,

et al. (2013). Succinate dehydrogenase mutation underlies global

epigenomic divergence in gastrointestinal stromal tumor. Cancer

Discov. 3, 648–657.

Knoepfler, P.S. (2009). Deconstructing stem cell tumorigenicity: a

roadmap to safe regenerative medicine. Stem Cells 27, 1050–1056.

Leder, K., Holland, E.C., andMichor, F. (2010). The therapeutic im-

plications of plasticity of the cancer stem cell phenotype. PLoSOne

5, e14366.
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Supplemental data 
 

Model formulation 

Our model is based on a minimal gene regulatory network, which enables us to study the 
oncometabolic nuclear reprogramming of differentiated cells into pluripotent stem cells. This 
network considers the interactions between a minimal core of stemness-associated 
transcription factors (OCT4 and SOX2) and two generic lineage-specific genes, referred to as 
LSG1 and LSG2. The model schematically represented in Fig. 1A (top panel) is similar to a 
number of previous approaches (Cinquin and Demongeot, 2005; Cinquin and Page, 2007; 
MacArthur and Lemischka, 2013; MacArthur et al., 2008; Shu et al., 2013), particularly the 
one considered by Shu et al. (2013), which involves a coupled pluripotency module (i.e., self-
activation of OCT4 and SOX2) and a differentiation module (i.e., mutual antagonism between 
the LSGs). However, the model presented here originally introduces the epigenetic regulation 
of the LSGs, which is the essential element that enables us to account for the regulatory 
effects of certain metabolic features (i.e., oncometabolites) in the nuclear reprogramming 
process.  
 
Our stochastic model of oncometabolic nuclear reprogramming is formulated in terms of a 
continuous-time Markov process governed by the corresponding master equation [1], which 
determines the temporal evolution of the probability density function P(X,t) for the random 
variable X(t).  
 

( ) ( ) ( ) ( ) ( )( )∑ −−−
∂

∂ R

=i
iiii tX,PXWt,rXPrXW=

t
tX,P

1

	
  	
  	
  	
  [1] 

 
X is a random vector whose components correspond to the number of cell states present in our 
system at time t. X(t) is therefore the state vector of the network whose components are the 
number of each element involved in the dynamics of the nuclear reprogramming gene 
network (i.e., the number of molecules of each transcription factor, the number of available 
binding sites left in the promoter of each gene, and the number of binding sites bound to each 
of three transcription factor dimers: OCT4-SOX2, LSG1-LSG1, and LSG2-LSG2). R is the 
number of reactions or events that the system can undergo, also referred to as channels. 
( )XWi  is the transition rate corresponding to channel i  (i.e., the probability that the event 

associated with the channel i occurs in the time interval (t,t+Δt) is Wi(X(t))Δt for Δt à 0), and 

ir  is the change in the state vector X when channel i fires up. In mathematical terms, the 
probability that X(t+Δt) = X(t) + ri conditioned to the system to be in state X(t) at time t is 
given by P(X(t+Δt) = X(t) + ri⏐X(t)) = Wi(X(t)Δt.  
 
In other words, the quantities ( )XWi  and ir are, respectively, the transition rates and the state 
vector change associated with the occurrence of the elementary reaction i . For each gene in 
the reprogramming network, our stochastic model considers the following set of elementary 
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reactions: (i) reversible binding of transcription factor dimers to free binding sites in the 
promoter region, (ii) uninduced protein synthesis, (iii) protein degradation. For the stemness-
related transcription factors specifically, we consider a fourth elementary process, namely 
induced protein synthesis, whereby OCT4 and SOX2 proteins are synthesised independently 
of the binding of the OCT4-SOX2 heterodimer to their promoters. A detailed description and 
model of the different processes involved in our stochastic model of oncometabolic nuclear 
reprogramming follows. 
 
1.  Model of the gene regulatory network 
 
Models of gene regulatory networks controlling cell differentiation have generally been 
studied in terms of mean-field (i.e., deterministic) high-dimensional switches, particularly in 
the context of competitive heterodimerisation networks (Cinquin and Demongeot, 2005; 
Cinquin and Page, 2007). Instead, our stochastic model of oncometabolic nuclear 
reprogramming is based on premises regarding transcription factor binding to gene promoters 
that have been proposed by the MacArthur’s group (MacArthur and Lemischka, 2013; 
MacArthur et al., 2008).  

 
As mentioned above, our stochastic model considers the pluripotency genes OCT4 and SOX2 
and two lineage-specific genes (LSGs). The stemness-associated transcription factors OCT4 
and SOX2 upregulate each other and downregulate the expression of the LSGs. The OCT4 
and SOX2 protein products form a dimer that binds to the gene promoters of the network; 
when the OCT4-SOX2 dimer binds to the promoters of OCT4 and SOX2, the OCT4-SOX2 
dimer upregulates the expression of OCT4 and SOX2. If, by contrast, the OCT4-SOX2 dimer 
binds to the promoters of LSGs, the OCT4-SOX2 dimer downregulates the expression of 
LSGs. Our model also considers the induction of the expression of OCT4 and SOX2 
independently of the binding of OCT4-SOX2 dimers to their promoter regions, which makes 
it possible to model the original Yamanaka mechanism (Takahashi and Yamanaka, 2006; 
Takahashi et al., 2007), where reprogramming is achieved by transfection with retroviruses 
encoding the RNA of OCT4 and SOX2.  
 
The stoichiometric equations for the processes involved in the regulation of the OCT4 
promoter region are as follows: 
 

• Reversible binding of dimers to free binding sites in the promoter region of OCT4: 
	
  

SOO,O BS+O+F −↔ 	
  

11−↔ O,11O BL+L+F 	
  

22−↔ O,22O BL+L+F 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [2] 
 

• Uninduced protein synthesis of OCT4: 
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OB SOO, →− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [3] 
 

• Degradation of the OCT4 protein: 
	
  

∅→O 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
  	
  	
  	
  [4] 
 

• Induced synthesis of the OCT4 protein: 
 

O→∅ 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [5] 
 
Similarly, the stoichiometric equations for the processes involved in the regulation of the 
SOX2 promoter region are as follows: 
 

• Reversible binding of dimers to free binding sites in the promoter region of SOX2: 
	
  

SOS,S BS+O+F −↔ 	
  

11−↔ S,11S BL+L+F 	
  

22−↔ S,22S BL+L+F 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [6] 
 

• Uninduced protein synthesis of SOX2: 
 

SB SOS, →− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [7] 
 

•  Degradation of the SOX2 protein: 
	
  

∅→S 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [8] 
 

• Induced synthesis of the SOX2 protein: 
 
S→∅ 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [9] 

 
Each of the LSGs self-upregulate and downregulate the expression of the other LSGs as well 
as of the stemness transcription factors OCT4 and SOX2. The protein products of the LSGs 
form homodimers (LSG1-LSG1 and LSG2-LSG2) and heterodimers (LSG1-LSG2) that bind 
to the gene promoters; when the LSG homodimers binds the corresponding promoter, it self-
upregulates the expression of the corresponding LSG. If the LSG homodimer binds to the 
promoter of the other LSG, the LSG homodimer downregulates the expression of the other 
LSG. The LSG heterodimer always represses the expression of the corresponding LSG, 
regardless of which promoter it binds to. All the possible LSG dimers repress the expression 
of the stemness factors. The stoichiometric equations corresponding to the dynamics of the 
LSGs are as follows: 
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• Reversible binding of dimers to free binding sites in the promoter regions of LSGs: 

	
  
SOi,i BS+O+F −↔ 	
  

11−↔ i,11i BL+L+F 	
  

22−↔ i,22i BL+L+F 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [10] 
	
  

• Synthesis of LSG proteins: 

	
  

iSOi, LB →− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [11] 

 

• Degradation of LSG proteins 

 

∅→iL 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [12]	
  
 
where i = 1, 2.  
 
The details of how we model the dynamics produced by these stoichiometric reactions and, 
more importantly, how the models for gene and epigenetic regulation are coupled follow. 
 

1.1. Activation and downregulation of transcription: Competitive inhibition. Here, we 
provide details of how we model the stoichiometric processes [2], [6] and [10]. Regulation of 
transcription is achieved using a model where the transcription factors of each gene in the 
minimal regulatory network compete for the binding sites in their promoter regions (Fig. 1A, 
bottom panel). Upon dimerisation, the protein products of the stemness-related transcription 
factors OCT4 and SOX2 and of each LSG bind to the promoter region of the different genes in 
the network. Dimers of OCT4-SOX2 proteins that bind to the promoter regions of OCT4 and 
SOX2 upregulate their transcription, whereas dimers made out of combinations of LSGs 
repress the transcription of OCT4 and SOX2. Similarly, LSG homodimers (LSG1-LSG1 and 
LSG2-LSG2) bound to the promoters of the corresponding LSGs promote their self-
expression. By contrast, binding of any other dimer represses the expression of LSGs.  
 
To model the processes of binding and unbinding, we used the standard law of mass action 
kinetics (Gillespie, 1976). We made two simplifying assumptions, which we argue should 
have solely minor quantitative effects without altering the qualitative properties of the system. 
First, we did not explicitly consider the transcription factor dimerisation process. Instead, we 
assumed that the whole process of dimerisation and dimer binding to the corresponding 
promoter region can be subsumed under ternary reactions. Thus, under the usual fast kinetics 
assumption for the formation of the dimer, when the dimer and its components are assumed to 
be in equilibrium (MacArthur et al., 2008), this approximation should have only minor 
effects. Second, we did not consider the formation of LSG1-LSG2 heterodimers. The 
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resulting transition rates are given in Tables S1, S2 and S3 for the promoter regions of OCT4, 
SOX2 and the LSGs, respectively.  
 
Table S1 

Transition rate ∆O  ∆ S  ∆ OF  ∆ SOO,B −  ∆ 11−O,B  ∆ 22−O,B  Description 

OOSFk=W 1111  -1 -1 -1 +1 0 0 O-S binding 

SOO,Bk=W −1212  +1 +1 +1 -1 0 0 O-S unbinding 

Transition rate ∆ 1L  ∆ 2L  ∆ OF  ∆ SOO,B −  ∆ 11−O,B  ∆ 22−O,B   

( ) OFLLk=W 1111313 −  -2 0 -1 0 +1 0 L1 dimer binding 

111414 −O,Bk=W  +2 0 +1 0 -1 0 L1 dimer unbinding 

( ) OFLLk=W 1221515 −  0 -2 -1 0 0 +1 L2 dimer binding 

221616 −O,Bk=W  0 +2 +1 0 0 -1 L2 dimer unbinding 

 
Transition rates corresponding to the stochastic model of competitive transcription 
factor binding to the promoter region of Oct4 (Equation [2]). O, S, L1 and L2 refer to the 
numbers of OCT4, SOX2, LSG1 and LSG2 proteins. SOO,B − , 11−O,B and 22−O,B are the 
numbers of sites in the promoter region of OCT4 bound to OCT4-SOX2 dimers, LSG1 dimers 
and LSG2 dimers, respectively. OF is the number of free (i.e., unbound) sites in the OCT4 
promoter. ∆O , ∆ S , ∆ 1L , ∆ 2L , ∆ OF , ∆ SOO,B − , ∆ 11−O,B  and ∆ 22−O,B are the components of 
the state change vector corresponding to each channel. The remaining components of the state 
change vector have not been explicitly stated in this table, as they do not affect these reactions 
and are identically zero.  
 
Table S2 

Transition rate ∆O  ∆ S  ∆ SF  ∆ SOS,B −  ∆ 11−S,B  ∆ 22−S,B  Description 

SOSFk=W 1717  -1 -1 -1 +1 0 0 O-S Binding 

SOS,Bk=W −1818  +1 +1 +1 -1 0 0 O-S Unbinding 

Transition rate ∆ 1L  ∆ 2L  ∆ SF  ∆ SOS,B −  ∆ 11−S,B  ∆ 22−S,B   

( ) SFLLk=W 1111919 −  -2 0 -1 0 +1 0 L1 dimer binding 

112020 −S,Bk=W  +2 0 +1 0 -1 0 L1 dimer unbinding 

( ) SFLLk=W 1222121 −  0 -2 -1 0 0 +1 L2 dimer binding 

222222 −S,Bk=W  0 +2 +1 0 0 -1 L2 dimer unbinding 

 

Transition rates corresponding to the stochastic model of competitive transcription 
factor binding to the promoter region of Oct4 (Equation [6]). O, S, L1 and L2 refer to the 
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numbers of OCT4, SOX2, LSG1 and LSG2 proteins. SOS,B − , 11−S,B and 22−S,B are the numbers 
of sites in the promoter region of SOX2 bound to OCT4-SOX2 dimers, LSG1 dimers and 
LSG2 dimers, respectively. SF is the number of free (i.e., unbound) sites in the OCT4 
promoter. ∆O , ∆ S , ∆ 1L , ∆ 2L , ∆ OF , ∆ SOS,B − , ∆ 11−S,B  and ∆ 22−S,B are the components of the 
state change vector corresponding to each channel. The remaining components of the state 
change vector have not been explicitly stated in this table, as they do not affect these reactions 
and are identically zero.  
 
Table S3 
 

Transition rate ∆O  ∆ S  ∆ iF  ∆ SOi,B −  ∆ 11−i,B  ∆ 22−i,B  Description 

( ) ( ) ii+i+ OSFk=W 16231623 −−  -1 -1 -1 +1 0 0 O-S binding 

( ) ( ) SOi,i+i+ Bk=W −−− 16241624  +1 +1 +1 -1 0 0 O-S unbinding 

Transition rate ∆ 1L  ∆ 2L  ∆ iF  ∆ SOi,B −  ∆ 11−i,B  ∆ 22−i,B   

( ) ( ) ( ) ii+i+ FLLk=W 11116251625 −−−  -2 0 -1 0 +1 0 L1 dimer binding 

( ) ( ) 1116261626 −−− i,i+i+ Bk=W  +2 0 +1 0 -1 0 L1 dimer unbinding 

( ) ( ) ( ) ii+i+ FLLk=W 12216271627 −−−  0 -2 -1 0 0 +1 L2 dimer binding 

( ) ( ) 2216281628 −−− i,i+i+ Bk=W  0 +2 +1 0 0 -1 L2 dimer unbinding 

 

Transition rates corresponding to the stochastic model of competitive transcription 
factor binding to the promoter region of the LSGs (Equation [10]). O, S, L1 and L2 refer to 
the numbers of OCT4, SOX2, LSG1 and LSG2 proteins. SOi,B − , 11−i,B and 22−i,B are the 
numbers of sites in the promoter region of the LSGs bound to OCT4-SOX2 dimers, LSG1 
dimers and LSG2 dimers, respectively. iF is the number of free (i.e., unbound) sites in the 
LSGs promoters. ∆O , ∆ S , ∆ 1L , ∆ 2L , ∆ iF , ∆ SOi,B − , ∆ 11−i,B  and ∆ 22−i,B are the components 
of the state change vector corresponding to each channel. The remaining components of the 
state change vector have not been explicitly stated in this table, as they do not affect these 
reactions and are identically zero. The index i  ( i = 1,2) spans the set of the different LSGs 
considered. 
 

The reactions [2], [6], and [10], whose transition rates are given in Tables S1, S2, and S3, 
respectively, are such that the total number of binding sites within the promoter region of each 
gene must be conserved, i.e., the following balance equations must be satisfied: 
 

O2O,21O,1SOO,O T=B+B+B+F −−− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
  [13] 

S2S,21S,1SOS,S T=B+B+B+F −−− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
  [14] 

( )11 AT=B+B+B+F 121,211,1SO1, −−− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
  [15] 
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( )22 AT=B+B+B+F 222,212,1SO2, −−− 	
  	
  	
  	
  	
  	
  	
   	
  [16] 

 

The above equations, particularly [15] and [16], are of crucial relevance for the formulation of 
our stochastic model, as they incorporate the coupling between genetic and epigenetic 
regulation. Specifically, we consider that the LSGs are under epigenetic regulation and that 
the number of binding sites within the promoter regions of LSGs that are accessible to 
transcription factors at every given time, T1 and T2, are determined by the acetylation status. 
As a first approximation, we consider the case where T1 = C1A1 and T2 = C2A2, where C1 and 
C2 are constant. By contrast, we consider the case where TO and TS are constant. The process 
of introducing the model for protein synthesis and degradation is described in section 1.2 (see 
below).  
 
1.2. Uninduced and induced protein synthesis and degradation. We proceed further by 
introducing the model for protein synthesis and degradation. We should first consider the 
stoichiometric processes described by equations [3], [4] and [5], which include protein 
synthesis and degradation of OCT4. The equation [3] describes the uninduced protein 
synthesis of OCT4. Because the transcription of OCT4 is upregulated by the binding of 
OCT4-SOX2 dimers to the free sites within the OCT4 promoter, we model the synthesis of 
the OCT4 protein by assuming that its probability rate is proportional to the number of OCT4-
SOX2-bound sites ( SOO,B − ). It is relevant to note that uninduced synthesis of OCT4 requires 

the presence of OCT4 protein, i.e., in the absence of OCT4 protein, SOO,B − = 0, and 
consequently, no synthesis of OCT4 occurs. By contrast, the induced synthesis of OCT4 
occurs at a constant rate, R1, independently of SOO,B − , which means that there is a positive 
probability of induced synthesis of OCT4 at all times. These two processes give rise to a 
global rate of OCT4 synthesis given by W1 = k1BO,O – S + R1 (see Table S4). The degradation 
process is modelled by the standard first-order decay kinetics (as shown in the W2-entry of 
Table S4). The principles for SOX2 synthesis and degradation are exactly the same as for 
OCT4. The dynamics of LSG synthesis and degradation are also determined by the same 
kinetics, except that we do not consider induced synthesis for the LSGs.   
	
  
Table S4 

Transition rate ∆O  ∆ S  ∆ 1L  ∆ 2L  Description 

111 R+Bk=W SOO, −  +1 0 0 0 Oct4 synthesis 

Ok=W 22  -1 0 0 0 Oct4 degradation 

133 R+Bk=W SOS, −  0 +1 0 0 Sox2 synthesis 

Sk=W 44  0 -1 0 0 Sox2 degradation 

11,155 −Bk=W  0 0 +1 0 LSG1 synthesis 

166 Lk=W  0 0 -1 0 LSG1 degradation 
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22,277 −Bk=W  0 0 0 +1 LSG2 synthesis 

288 Lk=W  0 0 0 -1 LSG2 degradation 

Transition rates corresponding to the stochastic model of competitive transcription 
factor binding to the promoter region of the LSGs (Equation [10]). O, S, L1 and L2 refer to 
the numbers of OCT4, SOX2, LSG1 and LSG2 proteins. SOi,B − , 11−i,B and 22−i,B are the 
numbers of sites in the promoter region of the LSGs bound to OCT4-SOX2 dimers, LSG1 
dimers and LSG2 dimers, respectively. iF is the number of free (i.e., unbound) sites in the 

LSGs promoters. ∆O , ∆ S , ∆ 1L and ∆ 2L  are the components of the state change vector 
corresponding to each channel. The remaining components of the state change vector have not 
been explicitly stated in this table, as they do not affect these reactions and are identically 
zero.  
 
2. Epigenetic regulation of the lineage-specific genes (LSGs) 
 
Our stochastic model of oncometabolic nuclear reprogramming is a generalisation of the 
epigenetic model proposed by Dodd et al. (2007), which considers nucleosome modification 
as the basic mechanism for epigenetic cell memory. Nucleosomes are assumed to be in one of 
three states, namely methylated (M), unmodified (U) and acetylated (A), and the dynamics of 
the model is given in terms of the transition rates between the M, U, and A nucleosome states.  
 
As originally postulated by Dodd et al. (2007), our model considers direct transitions between 
M and A to be highly unlikely. Instead, our models assume that transitions occur in a linear 
sequence [17] in which M nucleosomes can only undergo loss of the corresponding methyl 
group to become U nucleosomes, which can then, through the intervention of the 
corresponding histone-modifying enzyme, acquire an acetyl group to become A nucleosomes, 
and vice versa. 

 

iii AUM ↔↔ 	
  	
  	
  	
  	
  	
  [17] 

The subindex i in [17] spans the set of LSGs considered (in the current model i = 1, 2).  
 
Nucleosome modifications are of two types, namely recruited and unrecruited. A recruited 
modification refers to a positive feedback mechanism where change in the modification status 
of the nucleosome is facilitated by the presence of other modified nucleosomes (i.e., by the 
presence of other methylated or acetylated nucleosomes). Mathematically, a recruited 
modification is expressed through a non-linear dependence on the number of M-nucleosomes 
and A-nucleosomes of the corresponding transition rates (see Table S5). An unrecruited 
modification refers to nucleosome modifications whose probability is independent of the 
modification status of the other nucleosomes. The corresponding transition rates are given in 
Table S5.  
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Table S5 

Transition rate ∆ iM  ∆ iU  ∆ iA  Description 

( ) ( ) iii+i+ AMhk=W 218351835 −−  -1 +1 0 Recruited nucleosome demethylation 

( ) ( ) iii+i+ UMhk=W 118361836 −−  +1 -1 0 Recruited nucleosome methylation 

( ) ( ) iii+i+ AMhk=W 418371837 −−  0 +1 -1 Recruited nucleosome deacetylation 

( ) ( ) iii+i+ UMhk=W 318381838 −−  0 -1 +1 Recruited nucleosome acetylation 

( ) ( ) ii+i+ Mk=W 18391839 −−  -1 +1 0 Unrecruited nucleosome demethylation 

( ) ( ) ii+i+ Uhk=W 118411841 −−  +1 -1 0 Unrecruited nucleosome methylation 

( ) ( ) ii+i+ Ak=W 18401840 −−  0 +1 -1 Unrecruited nucleosome deacetylation 

( ) ( ) ii+i+ Uhk=W 318421842 −−  0 -1 +1 Unrecruited nucleosome acetylation 

 
Transition rates corresponding to the stochastic model of epigenetic regulation. iM , iU  
and iA with i =1,2 are the number of methylated, unmodified, and acetylated nucleosomes 
corresponding to the LSG i . ∆ iM , ∆ iU  and ∆ iA are the components of the state change 
vector corresponding to each reaction channel. The remaining components of the state change 
vector have not been explicitly stated in this table, as they do not affect these reactions and are 
identically zero.  
 

We added an additional element to the model by Dodd et al. (2007). Nucleosome 
modifications are mediated by four types of enzymes, namely histone methyltransferases 
(HMT) and histone acetyl transferases (HAT), which mediate methylation and acetylation, 
and histone demethylases (HDM) and histone deacetylases (HDAC), which catalyse 
demethylation and deacetylation. The activities of HAT, HMT, HDM and HDAC are 
accounted for by the parameters h1, h3, h2 and h4, respectively (see Table S5). These enzymes 
play a pivotal role in our stochastic model of oncometabolic nuclear reprogramming, as their 
activity status is the coupling effector between a given metabolic feature (i.e., 
oncometabolites) and the regulatory differentiation/reprogramming system. In particular, we 
considered the metabolo-epigenetic connection originally proposed by Thompson’s group (Lu 
and Thompson, 2012; Lu et al., 2012). They were pioneers in showing that, whereas the wild-
type form of the IDH enzymes helps cell differentiation to proceed normally by providing 
HDMs with the corresponding cofactors, the activity of the mutant form of the IDH enzyme 
drastically hinders HDM activity. The wild-type IDH enzyme catalyses the interconversion of 
isocitrate and alpha-ketoglutarate (αKG) in cytosol or mitochondria, whereas the neomorphic 
activity of the mutant form of IDH produces the oncometabolite 2HG from αKG. As the 
differentiation process is regulated by αKG-dependent HDMs, such as JHDM, the 
oncometabolite 2HG effectively reduces HDM activity to lock IDH mutated-cells in a state 
poised for the acquisition of pluripotency.  
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We postulated that our stochastic model should be able to simulate how oncometabolite-
induced reduction of HDM, along with the activation of reprogramming stimuli (i.e., the 
stemness-related transcription factors OCT4 and SOX2), actually leads to a significant 
increase in the speed and efficiency of the nuclear reprogramming phenomenon. 
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Supplemental experimental procedures	
  
 
A. The stochastic model 
 
We employed two different techniques to analyse the diverse aspects of our stochastic model 
of oncometabolic nuclear reprogramming, namely, direct numerical simulation using 
Gillespie's stochastic simulation algorithm (SSA) (see section A. 1) and the semiclassical 
approximation (see section A. 2). Gillespie's SSA was utilised to study the kinetics of the 
reprogramming process, whereas the semiclassical approximation enabled us to explore issues 
such as the enlargement of the basin of attraction of the stemness state upon oncometabolic 
reduction of HDM activity.  
 
A. 1. Gillespie's stochastic simulation algorithm.	
  Gillespie's SSA is a numerical simulation 
technique that enables us to generate exact sample paths whose probability density is the 
solution of the master equation [1]. The SSA is a standard technique in the simulation of 
Markov stochastic processes, and therefore we will not provide a full description here. In 
short, the algorithm is based on a reformulation of the process described by the master 
equation, whereby its evolution is driven by the iteration of the following two steps: (i) 
generation of the exponentially distributed waiting time until the next event and (ii) random 
selection of the reaction channel to fire up once the waiting time has elapsed (Gillespie, 
1976). We used the SSA to produce the numerical results corresponding to the process 
determined by the reaction rates given in Tables S1, S2, S3 and S4, as shown in Figs. 1B-D, 
2A and S3. 
	
  
A. 2. Semiclassical approximation: optimal reprogramming paths. An alternative way to 
analyse the dynamics of continuous-time Markov processes	
  on a discrete space of states is to 
derive an equation for the generating function,	
   ( )t,p,pG n…1,  of the corresponding 

probabilistic density:	
  
	
  
( ) ( )t,x,,xPppp=t,p,pG n

nx
n

x

x

x
n …… ∑ 1

2
2

1
11, ! 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [18]	
  

 
where ( )t,x,,xP n…1 = P(X,t) is the solution of the master equation (1). ( )t,x,,xP n…1  satisfies 
a partial differential equation that can be derived from the master equation [1]. This partial 
differential equation (PDE) is the basic element of the so-called momentum representation of 
the master equation (1). The corresponding PDE can be solved explicitly only in a few simple 
cases. However, although closed analytical solutions are rarely available, the PDE for the 
generating function admits a Wentzel-Kramers-Brillouin (WKB) perturbative solution (Assaf 
et al., 2010; Dykman et al., 1995; Kubo et al., 1973). 
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The (linear) PDE that governs the evolution of the generating function, which is derived from 
the master equation (1) by multiplying both sides by nx

n
xx ppp !221

1 and summing over all the 

values of ( )nx,,xX …= 1 , can be written as follows:  
 

( ) ( )t,p,,pG,,,p,,pH=
t
G

nppn …∂…∂…
∂

∂
1111 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  [19]	
  

 
where the operator H  is determined by the reaction rates of the master equation [1]. 
Furthermore, the solution to this equation must satisfy the normalisation condition 
( ) 1,111 ==…= tp,,pG n for all t . This PDE can be solved analytically only in a few simple 

cases. However, although closed analytical solutions are rarely available, the PDE for the 
generating function admits a WKB perturbative solution (Assaf et al., 2010; Dykman et al., 
1995; Kubo et al., 1973).  
 
From the mathematical point of view, [19] is a Schrödinger-like equation, and, therefore, 
there is a plethora of methods at our disposal to analyse it. In particular, when the fluctuations 
are assumed to be small, it is common to resort to WKB perturbation expansion of the 
solution of [19]. This approach is based on the WKB-like Ansatz that

( ) ( )t,p,,e=t,p,,pG n1pS
n

…
…

−

1 . By substituting this Ansatz into [19], we obtain the 

following Hamilton-Jacobi equation for the action ( )t,p,,pS n…1 :	
  
	
  

⎟⎟
⎠

⎞
⎜⎜
⎝

⎛

∂

∂
…

∂

∂
…−

∂

∂

n
n p

S,,
p
S,p,,pH=

t
S

1
1 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  [20] 

 
Instead of directly seeking the explicit solution of [20], we exploit the Hamilton approach by 
using the Feynman path-integral representation, which yields a solution to [19] of the 
following type (Feynman and Hibbs, 1965; Dickman and Vidigal, 2003; Täuber et al., 2005): 
 

( ) ( ) ( ) ( )sDpsDqs,q,,q,p,,e=t,p,,pG
t

n1npS
n ∫

……
…

−

0

1
1 	
  	
  	
  	
  	
  	
  	
  	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  [21]	
  

 
with ( ) 11 nn q,,q,p,,pS …… given by:  
 

( ) ( ) ( ) ( ) ( )01
0 1

11 =t,p,,pS+sqsp+q,,q,p,,pH=t,p,,pS n

t

i

n

=i
in1nn …⎟

⎠

⎞
⎜
⎝

⎛
……−… ∫ ∑ ! 	
  	
  	
  [22]	
  

 
where the position operators in the momentum representation are defined as 1 i pq ∂≡ , with the 
commutation relation jiji qp , ],[ δ= . 
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The so-called semi-classical approximation consists of approximating the path integral in [21] 
by Sakurai (1994): 

( ) [ ]t,p,,pe=t,p,,pG n1OS
n

…
…

−

1 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
   	
   	
   	
   	
  	
  	
  	
  	
  [23] 
 
where ( )t,p,,pSo n…1  is the functional action calculated by integrating [22] over the solution 
of the corresponding Hamilton equations, i.e., the orbits that maximise the action  S : 
 

i

i

q
H=

dt
dp

∂

∂− 	
  	
  	
  	
  	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [24]	
  

i

i

p
H=

dt
dq

∂
∂ 	
  	
  	
  	
  	
  	
  	
  	
   	
   	
  	
   	
  	
  	
  [25] 

 
where ],[ ji pq  are the generalised coordinates corresponding to chemical species i = 1,….,n. 

These equations are formally solved with boundary conditions (0)   (0)   ii nq =  such that 

ppi   (t) = 	
  (Elgart and Kamenev, 2004).  
 
This approach has been recently applied to the analysis of complex protein-interaction 
systems involving separation of time scales. In particular, the semi-classical approximation 
has been used to formulate a stochastic version of the quasi-steady approximation (Alarcón, 
2014), a framework that we use to simplify the analysis of our system. 
 

A.2.1. Quasi-steady state approximation. The system of Hamilton equations [24] and [25] 
with Hamilton given by equations [A2] to [A9] is far too complex to analyse. To gain insight 
into the behaviour of the system, we simplify it by performing a quasi-steady state 
approximation (QSSA). This technique has been extensively used in biochemical modelling 
(Keener and Sneyd, 1998) and relies on the existence of different time scales whereby one can 
distinguish between slow and fast variables. Once one has sorted the system variables 
according to this criterion, one proceeds to make an adiabatic approximation where the fast 
variables are assumed to be in equilibrium with the slow ones. This procedure reduces the 
dimension of the system (i.e., number of variables) as well as the number of independent 
parameters to be determined.  
 
We have recently developed a stochastic QSSA for the semi-classical treatment of complex 
networks of protein/gene interactions based on the Briggs-Haldane analysis of the Michaelis-
Menten system for enzyme catalysis (Alarcón, 2014). According to this analysis, a systematic 
separation of the system variables into slow and fast can be achieved provided that the 
number of enzyme molecules is much smaller than the number of substrate molecules. To 
apply the method put forward in Alarcón (2014) to our current stochastic model, we make the 
following assumption regarding the characteristic scales for the different values of our 
stochastic formulation: we assume that the number of all the proteins in our model, i.e., O , S
, 1L and 2L  and their counterparts in the semi-classical approximation 531  , , qqq and 7q , have 
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the same characteristic scales, which we denote by 0y . Therefore, once transient regimens 
have been overcome, 
 

( ) 1,3,5,71
0

=i,O=
y
q=x i

i 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [26] 

We further assume that the quantities 2 and  , , T1TTT SO 	
  (see equations [13] to [16]) are all of 
the same order of magnitude and all have the same characteristic scale, OT .	
   OT is the natural 
scale for the variables corresponding to the free and bound binding sites in the gene promoter 
regions as well as for the epigenetic regulation variables ( i ,UiM and iA or the counterparts 

27) ...., 22, =  , iiq , i.e.,: 
 

( ) 1,3,5,71
0

≠i,O=
T
q=x i

i      [27] 

The separation of time scales necessary to apply the QSSA emerges if we assume the 

following:  

 

1 <<0T=ε 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [28] 

 
To proceed further, we consider the Hamilton equations [24] and [25] and re-scale the time 
variable, tyTk11

2
00=τ , and the Hamiltonian ( ) ( )xp,HyTk=qp,H 11k κ

2
00 , where ix are the re-

scaled variables defined in [26] and [27]. When re-scaling the Hamiltonian, the parameters ik
featured in [A4] and [A9] must also be re-scaled and are thus substituted by the corresponding 
parametersκ i given in Table S6. For simplicity, we split the re-scaled Hamiltonian into two 

contributions, ( ) ( ) ( )xp,H+xp,H=xp,H ERGRκ , which we analyse separately. 

( ) ( ) ( ) ( ) ( )xp,H+xp,Hxp,H+xp,H=xp,H
i

iPSPOPSDGR ∑  is the Hamiltonian associated with 

gene regulation, and ( ) ( )xp,H=xp,H
i

iEER ∑  is the Hamiltonian corresponding to the 

epigenetic regulation of the LSGs.  
 

Table S6 

 
Re-scaled parameter  

2
0011

1
1 yTk

R=ρ   

0011 yTk
k= i

iκ  If i=2,4,6,8 
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Re-scaled parameters that result upon re-scaling of the Hamiltonian (A2): 
( ) ( )xp,HyTk=qp,H 11k κ

2
00  

 
The QSSA for the gene regulation Hamiltonian, ( )xp,HGR , derived in detail in Appendix B, 
is given by the following system of ordinary differential equations: 
 

12
2
7

16

152
5

14

13
31

12

31

12

1

11
x

x+x+xx+

xxp+=
d
dx O

21
1 κ

κ
κ

κ
κ

κ

ϑ
κ
κ

ρ
τ

− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [29] 

34
2
7

22

212
5

20

19
31

18

17

31

18

17
3

1
x

x+x+xx+

xxp+=
d
dx S

41
3 κ

κ
κ

κ
κ

κ
κ

ϑ
κ
κ

κρ
τ

− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [30] 

( )
56

2
7

28

272
5

26

25
31

24

23

2
5241

26

25
5

1
x

x+x+xx+

xxp=
d
dx

6
5 κ

κ
κ

κ
κ

κ
κ

ϑ
κ
κ

κ
τ

− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [31] 

( )
78

2
7

32

312
5

34

33
31

30

29

2
7272

32

31
7

1
x

x+x+xx+

xxp=
d
dx

8
7 κ

κ
κ

κ
κ

κ
κ

κ
κ
κ

κ
τ

− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [32] 

 

for the re-scaled number of Oct4, Sox2, LSG1 and LSG2 proteins, respectively, where we 
have defined 020,10,0, / and / / / TT=TT=TT=TT= 21SSOO ϑϑϑϑ . It should be noted that 24x
and 27x are the re-scaled canonical coordinates corresponding to 1A and 2A , i.e., the 
acetylation levels of LSG1 and LSG2, respectively. The corresponding QSSA for the 
momenta yields the following results: 
 

11 =p=p=p=p 753 	
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  [35]	
  

11k
k= i

iκ  If i=13,15,17,19,21,23,25,27,29,31,33,35 

011

0

yk
Tk= i

iκ  If i=35+8(j-1),36+8(j-1),37+8(j-1),38+8(j-1), j=1,2 

011yk
k= i

iκ  If i=39+8(j-1),40+8(j-1),41+8(j-1),42+8(j-1), j=1,2 

2
011yk

k= i
iκ  otherwise 
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1181716 c=p=p=p=p6 	
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2212019 c=p=p=p=p8 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [37] 

where Oc ,	
   Sc ,	
   1c ,	
   2c are given in Appendix C, where we show that they are determined by 
the distribution of the number of binding sites in the promoter region of the respective genes 
in a population of cells. 
 
To close the QSSA system equations [29] to [32], it is necessary to determine the dynamic of 

24x and 27x , for which we turn now to the analysis of the epigenetic Hamiltonian, 

( ) ( ) ( )xp,Hxp,H=xp,H EEER 21
 +  (see Appendix A). A direct numerical solution of the 

corresponding Hamilton equations [24] and [25] shows that for 22x , 26x and 27x to remain 
positive, the corresponding momenta must satisfy the following: 
	
  

1E2423 c=const=p=p=p .22 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [38]	
  

2E2726 c=const=p=p=p .25 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [39]	
  

 
where the constants 

1E
c and 

2E
c are resolved in Appendix C, where we show that they are 

determined by the distribution of the number of modification sites in the nucleosomes of the 
respective genes in a population of cells. Considering this fact, we can write the 
corresponding evolution equations for 22x , 23x  and 24x and 25x , 26x and 27x : 
	
  

231232211223924221235 xh+xxch+xxxch=
d
dx

41E36E
22 κκκκ
τ

−− 	
  	
  	
  	
  	
  	
  	
  	
  	
  [40]	
  

2332324132440242212437 xh+xxch+xxxch=
d
dx

42E38E
24 κκκκ
τ

−−
	
  	
  	
  	
  	
  	
  	
  

[41]	
  

242223 1 xx=x −− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [42]	
  
 
and 
	
  

261272521254726252443 xh+xxch+xxxch=
d
dx

49E44E
25 κκκκ
τ

−− 	
  	
  	
  	
  	
  	
  	
  [43]	
  

263262723274827252445 xh+xxch+xxxch=
d
dx

50E46E
27 κκκκ
τ

−−
	
  	
  	
  	
  	
  	
  

[44]	
  

272526 1 xx=x −− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [45]	
  
 

respectively.  
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A. 3. Parameter values 

The last element that remains to be addressed regarding our model formulation concerns the 
values of the biophysical parameters (e.g., binding and unbinding rates, protein synthesis and 
degradation rates) that determine the behaviour of our system. To fix the value of the 
parameters in our model, we require the following three properties be satisfied: 
 

(1) The epigenetic regulation models, equations [40] and [41] and [43] to [45], should be 
in their bistable regimes, where two stable steady states corresponding to methylated 
and acetylated states exist. 
 

(2) A baseline scenario must exist where the acetylated states of both LSGs are the more 
stable ones, which, in turn, should give rise to cells that exist in a differentiated state. 

 
(3) The gene regulation model, equations [29] to [32], must be such that, in the baseline 

scenario, three stable steady-states exist: a pluripotent state, ∗
px , such that the 

stemness-related genes (OCT4 and SOX2) have positive levels of expression and the 
LSGs are not being expressed, and two differentiation states, ∗

1x and ∗
2x , where LSG1 

and LSG2, respectively, have positive levels of expression, whereas all the other genes 
have vanishing levels of expression.  

 
Our so-called baseline scenario is characterised by (i) normal levels of the oncometabolite 
2HG (i.e., normal activity of the histone de-methylating enzymes) and (ii) no induction of the 
stemness-related genes (i.e., ρ1 = ρ2 = 0 ). These requirements are not sufficient to uniquely 
determine the values of all the parameters in our model, but they help us establish the region 
of parameter values where our stochastic model makes biological sense.  
 

To further simplify the analysis and without loss of generality in our results, we assume the 
following: (i) all the dimer-promoter binding constants are the same; (ii) all the dimer-
promoter unbinding constants are the same; (iii) all the gene products are synthesised at the 
same time; and (iv) all the proteins are degraded at the same rate. We make a similar 
simplifying assumption regarding the epigenetic regulatory system, namely, that all the rates 
corresponding to recruited modification have the same value. Similarly, all the rates of 
unrecruited modification are assumed to have the same value. 
 

The conditions that the parameter values of our stochastic model must satisfy for the three 
properties listed above are derived in Appendix D and Appendix E. Parameter values 
satisfying such conditions and compatible with the baseline scenario are given in Table S7.  
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B. Experiments on living cells 

 
 
Figure S1. A timeline for the overall iPS cell derivation protocol employed in the proof-of-
concept validation experiments on living cells is outlined. 
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Supplemental appendices 
 
APPENDIX A. The Hamiltonian function 

As the master equation [1] is linear, we can arrange it by splitting its right-hand side operator 
as follows: 
 

( ) ( ) ( ) ( ) ( )tX,PXWt,rXPrXW=
t
tX,P

iii
=i

i −−−
∂

∂
∑
8

1

 

( ) ( ) ( ) ( )tX,PXWt,rXPrXW+ iii
=i

i −−−∑
16

11

 

( ) ( ) ( ) ( )tX,PXWt,rXPrXW+ iii
=i

i −−−∑
22

17

 

( ) ( ) ( ) ( )tX,PXWt,rXPrXW+ iii
=i

i −−−∑
28

23

 

( ) ( ) ( ) ( )tX,PXWt,rXPrXW+ iii
=i

i −−−∑
34

29

 

( ) ( ) ( ) ( )tX,PXWt,rXPrXW+ iii
=i

i −−−∑
42

35

 

( ) ( ) ( ) ( )tX,PXWt,rXPrXW+ iii
=i

i −−−∑
50

43

	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [A1] 

 

where the first summation corresponds to the processes described in Table S4, i.e., protein 
synthesis and degradation. The second to fifth summations correspond to the competitive 
binding to the gene promoters as given in Tables S1, S2 and S3. The last two summations in 
[A1] correspond to the dynamics of epigenetic regulation of each of the LSGs and are 
determined by the rates given in Table S5.  
 
To obtain the corresponding Hamiltonian, we begin by multiplying both sides of [A1] by 

2721 , ,... pp and sum over all the possible values of the state vector ) , , ... , ,( 22 ASOX U= . This 
procedure yields a partial differential equation for the probability generating function, 

), ,...( 2721 ppG , of the type of equation [19], where the time evolution of the generating 

function is driven by the operator ), ,... ,, ,...( 2712721 ppppG ∂∂ . The representation of this 

operator where ∂pi are represented by piiq ∂= yields the Hamiltonian corresponding to [A1]. 

Following the arrangement of [A1], the Hamiltonian ( )qp,Hκ , can be written as follows:  
 

( ) ( ) ( ) ( ) ( ) ( )xp,H+xp,H+xp,Hxp,H+xp,H=xp,H
iE

i
iPSPOPSD ∑κ 	
  	
  	
   	
  	
  	
  	
  	
  [A2] 
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where ( )qp,H
OP

,	
   ( )qp,H
SP

,	
   ( )qp,HPi ,	
   ( )qp,HSD  and ( )qp,H
iE

	
   are the Hamiltonians 

corresponding to the processes described in Tables S1, S2, S3, S4 and S5, respectively. These 
Hamiltonians can be easily computed from [A1] and are given by: 
 

 
 
 

( ) ( ) ( ) ( ) 7787865656 1111 qpk+qppk+qpk+qppk+ 8765 −−−− 	
  	
  	
  	
  [A3]	
  
 
where the pairs  ) , ( ii qp with i = 1, …, 8 are the generalised coordinates corresponding to O, 

SOO,B − , S, SOS,B − , 1L , 111 −,B , 2L  and 222 −,B , respectively,  
 

( ) ( )
( ) ( ) ( ) 111110

2
510

2
510

2
51122109

1091092

qpppk+qqpppk+qpppk

+qqpppk=qp,H

141312

11OP

−−−

−
 

( ) ( ) 121210
2
710

2
710

2
712 qpppk+qqpppk+ 1615 −− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [A4] 

 
where  ) , ( ii qp , i = 10, 11, 12 are the generalised coordinates corresponding to OF , 11−O,B  and 

22−O,B , respectively,  
 

( ) ( )
( ) ( ) ( ) 141413

2
513

2
513

2
51444109

1391394

qpppk+qqpppk+qpppk

+qqpppk=qp,H

201918

14SP

−−−

−
	
  

( ) ( ) 151510
2
713

2
713

2
715 qpppk+qqpppk+ 2221 −− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [A5]	
  

 

where  ) , ( ii qp , i = 13, 14, 15 are the generalised coordinates corresponding to SF , 11−S,B and 

22−S,B , respectively,  
	
  

( ) ( )
( ) ( ) ( ) 6613

2
516

2
516

2
561818169

169169181

qpppk+qqpppk+qpppk

+qqpppk=qp,H

262524

23P

−−−

−
	
  

( ) ( ) 171716
2
716

2
716

2
717 qpppk+qqpppk+ 2827 −− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [A6]	
  

	
  
	
  

( ) ( )
( ) ( ) ( ) 8819

2
719

2
719

2
782121199

199199212

qpppk+qqpppk+qpppk

+qqpppk=qp,H

323130

29P

−−−

−
	
  

( ) ( ) 202019
2
519

2
519

2
520 qpppk+qqpppk+ 3433 −− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [A7]	
  

	
  

( ) ( ) ( )
( ) ( ) ( ) ( ) 33343411

1212

1111
11

qpk+pR+qppk+qpk
+pR+qppk=qp,H

432

1SD

−−−−

−−
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where the pairs  )  , ( ii qp with i = 16, …, 21 are the generalised coordinates corresponding to 

1F , 221 −,B , SO,B −1 , 2F , 112 −,B and SO,B −2 respectively. Finally, the Hamiltonian functions 
corresponding to the epigenetic regulation of the LSGs (see Table S5) are given by: 
 

( ) ( )( ) ( )( )23123222213623222224222423522231
qhk+qqphkpp+qk+qqphkpp=qp,H 4139E −− 	
  

( )( )
( )( )2332422243382423

242422224372423

qhk+qqphkpp
+qk+qqphkpp+

42

40

−

−
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [A8]	
  

	
  
( ) ( )( ) ( )( )26126252513626252527252723525262

qhk+qqphkpp+qk+qqphkpp=qp,H 4139E −− 	
  

( )( ) ( )( )2632725273382627272725254372726 qhk+qqphkpp+qk+qqphkpp+ 4240 −− 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [A9]	
  
 
The pairs  )  , ( ii qp with i = 22, …, 27 appearing in [A8] and [A9] are the generalised 

coordinates corresponding to 1M , 1U , 1A , 2M , 2U and 2A , respectively. 
 
APPENDIX B. QSSA of the Hamilton equations for the gene regulation Hamiltonian  
 
We begin QSSA analysis by studying the gene regulation Hamiltonian, ( )xp,HGR . By 
introducing re-scaled variables and the re-scaled gene regulation Hamiltonian in [24] and 
[25], we obtain:  
	
  

i

GRi
i x

Hy=
dt
dps

∂

∂
− 0 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B1]	
  

i

GR
0

i
i p

Hy=
d
dxs
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∂

τ
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B2] 

	
  
where i = 1, …, 21 (i.e., all the variables except the ones characterising the epigenetic states 
of the LSGs) and  
 

is 	
  =	
   0y if	
   i = 1,3,5,7 ( 0T  otherwise),                  [B3] 
 
which separates the variables of our system into slow variables:  
 

i

GRi

x
H=

d
dp

∂

∂−

τ
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B4]	
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dx
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∂

τ
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B5]	
  

 
i = 1,3,5,7, and fast variables: 
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i

GRi

x
H=

d
dp

∂

∂−

τ
ε 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B6]	
  

i

GRi

p
H=

d
dx

∂

∂

τ
ε 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B7]	
  

	
  
otherwise. Finally, the QSSA system is given by: 
 
 

i

GRi

x
H=

d
dp

∂

∂−

τ
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B8]	
  

i

GRi

p
H=

d
dx

∂

∂

τ
	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B9]	
  

i

GR

x
H=
∂

∂−0 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B10]	
  

i

GR

p
H=
∂

∂0 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B11] 

 
for i ≠1,3,5,7 . 

 
In addition, we also have several constraints that help us solve the QSSA system [B8] and 
[B9]: 
 
(i) Our system is conservative, and therefore ( ))()( tx,tpHGR  must be constant along the 

solutions of [B8] and [B9], i.e., ( )   = )()( GRGR tx,tpH E . GRE 	
   is an arbitrary quantity, so for 

simplicity, we choose 0=GRE .	
  	
  
 
(ii) We also need to consider the constraints regarding the number of binding sites in each 
promoter region. In re-scaled variables, [13] to [16] read: 
	
  

O121110 =x+x+x+x ϑ2 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B12] 

S151413 =x+x+x+x ϑ4 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B13]	
  

16 ϑ=x+x+x+x 181716 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B14]	
  

28 ϑ=x+x+x+x 212019 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B15]	
  
 
where 020,10,0, / and / / / TT=TT=TT=TT= 21SSOO ϑϑϑϑ . It is easy to verify from [B10] and 

[B11] with i = 2,4,6,8 that for the conservation laws [B12] to [B15] to hold, 
17531 =p+p+p+p must be satisfied.  
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It is also easy to verify that [B8] to [B11] imply that 
( ) ( ) ( ) 0 = ),(

21
xp,Hxp,HxpH=xp,H PPSPOP

== . Therefore, under QSSA conditions, the gene 

regulation Hamiltonian reduces to: 
 

( ) ( ) ( )
( ) ( ) ( ) ( ) ( ) 333434111

212

11111
1

qpk+pR+qppk+qpk+p
R+qppk=qp,Hqp,H

432

1SDGR

−−−−−

−≈
	
  	
  	
  	
  	
  	
  [B16]	
  

	
   ( ) ( ) ( ) ( ) 7787865656 1111 qpk+qppk+qpk+qppk+ 8765 −−−− 	
  	
  	
  	
  	
  	
  	
  [B17]	
  
 
which implies that the condition  0=GRE is trivially satisfied when 17531 =p+p+p+p . 
Furthermore, [B11] for i = 2,11,12, read: 
 

( ) ( ) 01 10311121 =pppp+pp 12 −− κκ 	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [B18] 

( ) 010
2
51114 =ppp −κ 	
  	
   	
   	
   	
   	
   	
   	
   [B19] 

( ) 010
2
71216 =ppp −κ 	
  	
   	
   	
   	
   	
   	
   	
   [B20] 

 
which, because 17531 =p+p+p+p , reduces to Oc=p+p+p+p 1211102 where Oc is a 

constant to be determined later in our calculation. Similarly, the fact that 17531 =p+p+p+p  
implies that:  
	
  

S151413 c=p=p=p=p4 	
   	
   	
   	
   	
   	
   [B21]	
  

1181716 c=p=p=p=p6 	
   	
   	
   	
   	
   	
   [B22]	
  

2212019 c=p=p=p=p8 	
   	
   	
   	
   	
   	
   [B23] 
 
where Sc , 1c and 2c are constants to be determined later. 
 
To proceed further, consider [B8], which reduces to:  
 

1222 xxp+=
d
dx

11
1 κκρ
τ

− 	
  	
   	
   	
   	
   	
   	
   [B24]	
  

3444 xxp+=
d
dx

31
3 κκρ
τ

− 	
   	
   	
   	
   	
   	
   [B25]	
  

5666 xxp=
d
dx

5
5 κκ
τ

− 	
   	
   	
   	
   	
   	
   	
   [B26]	
  

7888 xxp=
d
dx

7
7 κκ
τ

− 	
   	
   	
   	
   	
   	
   	
   [B27]	
  

 
Let us focus on [B24], which determines the time evolution of 1x . Moreover, according to 
[B10] with i = 2,11,12, we have: 
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1031
12

2
1 xxx=x
κ

	
   	
   	
   	
   	
   [B28]	
  

10
2
5

14

13
11 xx=x

κ
κ 	
   	
   	
   	
   	
   [B29]	
  

10
2
7

16

15
12 xx=x

κ
κ 	
   	
   	
   	
   	
   [B30]	
  

 

[B12] and [B28] enable us to write 10x as a function of 7531  and  , , xxxx : 
	
  

2
7

16

15
31

14

13
31

12

10 11 x+xx+xx+
=x O

κ
κ

κ
κ

κ

ϑ
	
  

	
   	
   	
   	
   	
   [B31]	
  
 
which, in turn, enables us to express 2x as a function of	
   7531  and  , , xxxx : 
 

2
7

16

152
5

14

13
31

12

31

12
2 11

1

x+x+xx+

xx=x O

κ
κ

κ
κ

κ

ϑ
κ

	
  	
   	
   [B32] 

 
Finally, [B24] and [B32] lead to [29]. The derivation of equations [30] to [32] is completely 
analogous.  
 

APPENDIX C. Determination of the values and physical interpretation of 

8642  and ,, pppp  

 

This appendix is devoted to determining the values of the constants 8642  and ,, pppp , which 
we need to close the QSSA of our system given by equations [29] to [32]. The procedure to 
calculate the value of these quantities also enables us to describe a physical interpretation of 
their meaning. 
 
Using the fact that 0=GRE  and interpreting by parts, we can re-write the action functional S
[22] as follows:  

( ) ( ) ( )0 211,
0

21

1 0
0211, =,p,pS+ds

ds
dp

y
ssxy=,p,pS ii

=i
iGR ττ

τ

…⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
… ∑∫ 	
  	
  	
  	
  	
  	
  	
  	
  	
  [C1] 

 
where is is defined in [B3]. As the QSSA implies that constantpi  =  for all i , the QSSA 

approximation of [C1], ( )tp,SGRQ , reduces to: 
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( ) ( )021,1,21,1, =p,pS=p,pS GRQGRQ ττ ……                                          [C2] 

 
We further assume that the initial value of each of the state variables is an independent 

random variable, which implies that ( ) ( ),
21

1
21,1, ii

=i
GRQ pS=p,pS ∑… τ . As 1 7531 ==== pppp , 

the corresponding functions 0 7531 ==== SSSS . The resulting ( )τ,pSGRQ 	
  can therefore be 

written as:  
 

( ) ( ) ( ) ( ) ( )221121,21, cS+cS+cS+cS=p,pS LLSSOOGRQ τ… 	
                      [C3] 

 
where ( )OO cS 	
   is the negative of the logarithm of the generating function of the probability 
density of the total number of binding sites within the promoter of OCT4. 
( ) ( ) ( )2211

 and  , cScScS LLSS 	
   are the corresponding quantities for the total number of binding 

sites in the promoters of SOX2, LSG1 and LSG2, respectively. To obtain this result, we used 
[B21] and the well-known fact regarding the properties of the generating function of a random 
variable ( )pGN , which is the sum of n independent random variables given by:  

 

( ) ( )pG=pG
n

=i
iN ∏

1

	
  	
   	
   	
   	
   	
   	
   	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  [C4] 

 
where ( )pGi  is the generating function of the probability density of each independent random 
variable (Grimmett and Stirzaker, 1992).  
 
As [C3] implies that the total number of binding sites in each of the four promoters is an 
independent random variable, we can proceed to calculate, say, Oc by setting 1  21 === cccS , 
i.e., ( ) ( ) ( ) 0 = 111 2211

==== cS+cScS LLSS , which is equivalent to taking the marginal 

probability of the number of binding sites in the promoter of OCT4,  Ob . The calculation of 

the other three quantities,   and  , , 21 cccS , is completely analogous.  
 
As an immediate consequence of the definition of the probability generation function, one can 
use Cauchy’s formula to obtain the probability of the number of binding sites in the promoter 
of OCT4,  Ob , i.e., (2) 
 

( ) ( ) ( ) ( ) ( )
dp

p

pbp,e
πi

=dp+p

p,e
πi

=dp+p

p,G
πi

=,bP
OOS

Ob

OS

Ob

O
O ∫∫∫ ⎟⎟

⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛ −

⎟⎟
⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛

⎟
⎟

⎠

⎞

⎜
⎜

⎝

⎛ −− log

2
1

12
1

12
1 ττ

τ
τ    [C5] 
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Let us now define the function ( )pf through the relation ( ) ( ) ⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
p

E
b+psE=pE
O

O
OOOf log , 

where OE is the average of the total number of binding sites in the promoter of OCT4.  
 

( )
( )

dp
p

pfe
πi

=,bP
OE

O ∫ ⎟⎟
⎟

⎠

⎞

⎜⎜
⎜

⎝

⎛ −

2
1

τ 	
  	
   	
   	
   	
   	
   	
   [C6] 

If 1 >> OE , then we can apply the method of Laplace (or the method of the stationary phase) 
to approximately solve the integral (Ablowitz and Fokas, 2003; Murray, 1984). According to 
this method, if 1 >> OE , the only contribution to the integral corresponds to the value of 

Ocp  = for which ( )pf exhibits a maximum. The value of Oc is therefore found by maximising 

( )pf , i.e.: 

 

O

O

Oc=p

O
O E

b=
dp
dsc −⏐

⏐

⏐⏐
⏐

⏐ 	
   	
   	
   	
   	
   	
   	
   	
   [C7] 

 
Similarly, 
 

S

S

Sc=p

S
S E

b=
dp
dsc −⏐

⏐

⏐⏐
⏐

⏐ 	
   	
   	
   	
   	
   	
   	
   	
   [C8] 

1

1

1

1
1 E

b=
dp
dsc

c=p

−⏐
⏐

⏐⏐
⏐

⏐ 	
   	
   	
   	
   	
   	
   	
   	
   [C9] 

 

2

2

2

2
2 E

b=
dp
dsc

c=p

−⏐
⏐

⏐⏐
⏐

⏐ 	
   	
   	
   	
   	
   	
   	
   	
   [C10] 

 
If we consider that the number of binding sites in each of the four promoters is distributed 
according to a Poisson distribution, we have the following: 
 
( ) ( ) ( ) ( )11 −−−− p=ps,pE=pS OOO 	
  	
   	
   	
   	
   	
   [C11] 

 
( ) ( ) ( ) ( )11 −−−− p=ps,pE=pS SSS 	
   	
   	
   	
   	
   	
   [C12] 

 
( ) ( ) ( ) ( )11 111 −−−− p=ps,pE=pS 	
   	
   	
   	
   	
   	
   [C13] 

 
( ) ( ) ( ) ( )11 222 −−−− p=ps,pE=pS 	
   	
   	
   	
   	
   	
   [C14] 
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which, according to equations [C7] to [C10], yields 
2

2
2

1

1
1 E

b=c,
E
b=c,

E
b=c,

E
b=c

S

S
S

O

O
O .	
  

 
Physical interpretation. The derivation of the previous section implies that the values of 

	
  
21  and cc,c,c SO are determined by the probability distribution of binding sites in the promoter 

of the corresponding gene.  
 
The interpretation of this result is that these quantities are non-uniformly distributed over a 
population of cells. Thus, we look at a population of cells, the proportion of cells with a given 
number of binding sites in the promoter of, say, OCT4 is given by [C6]. In other words, each 
cell randomly picked from such population will have a different value of binding sites in the 
OCT4 promoter distributed according to [C6]. In the particular case that the number of 

binding sites is distributed according to a Poisson distribution, we find that, for example, Oc
depends on the ratio between the actual binding sites in a cell within the population,  Ob , and 
its average over the population, so that individual cells are characterised by a parameter that is 
determined by whether its number of binding sites in the OCT4 promoter is above, exactly 
equal to, or below average.  
 
Appendix C1. Determination of 

21
 and EE CC

  
To determine the values of the constants 

21
 and EE CC , we follow the same general procedure 

as in the previous case. In the main text, we have established that for 

2726  25242322  and  , and  and xxxxx,x to be positive, the corresponding momenta must satisfy:  
	
  

1242322 Ec=const.=p=p=p 	
   	
   	
   	
   	
   	
   [C15] 

2272625 Ec=const.=p=p=p 	
   	
   	
   	
   	
   	
   [C16] 

 
These equations have the consequence that  0 = ),( xpHE ERER =  (see equations [A6] and 

[A7]), which implies, in turn, that the corresponding action functional,   ),( tpSER , can be 
expressed as: 
	
  

( ) ( ) ( ) ( )00 2725,12422,1
0

27

22 0
02722, =,p,pS+=,p,pS+ds

d
dp

y
ssxy=,p,pS EE

ii

=i
iER ττ

τ
τ

τ

……⎟⎟
⎠

⎞
⎜⎜
⎝

⎛
… ∑∫ 	
  

	
  	
  	
  	
   	
   	
   	
   	
   	
   	
   	
   	
   	
   [C17]	
  
 
where is  is given by [B3]. Furthermore because all the momenta in [C17] are constant, the 

epigenetic regulation action, ( )τ,p,pSER 2722,… , reduces to:  

 
( ) ( ) ( )00 2725,22422,12722, =,p,pS+=,p,pS=,p,pS EEER τττ ……… 	
  	
   	
   [C18] 
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Following the same procedure as in the previous section, we finally obtain that 21  and EE CC are 
given by:  
 

1

1

1

1
1

E

E

Ec=p

E
E E

b
=

dp
ds

c
−

⏐
⏐

⏐⏐
⏐

⏐ 	
   	
   	
   	
   	
   	
   [C19] 

2

2

2

2
2

E

E

Ec=p

E
E E

b
=

dp
ds

c
−

⏐
⏐

⏐⏐
⏐

⏐ 	
   	
   	
   	
   	
   [C20] 

 
where ( ) )( = 

111
pspS EEE E is the negative of the logarithm of the generating function of the 

probability density function of the number of modification sites of the LSG1 gene 
(reciprocally, for LSG2). 
 
The physical interpretation is also analogous to the one in the previous section, namely, each 
cell randomly picked from a cell population will have a different number of modification sites 
in LSG1 and LSG2, distributed according to the corresponding probability distribution 
function.  
 
Again, if the number of modification sites in LSG1 and LSG2 is distributed according to a 

Poisson distribution, then 
1

1
1

E

E
E E

b
=c and 

2

2
2

E

E
E E

b
=c .	
  

	
  

APPENDIX D. Stability analysis of the epigenetic regulation model in the baseline 
scenario 
 
To simplify our analysis, and without loss of generality, we assume that 

138373635 d==== κκκκ 	
  and 242414039 d==== κκκκ 	
  Similarly, 146454443 d==== κκκκ

and 250494847 d==== κκκκ . The steady states of the system will be expressed as given by 

( )βαβα ,,=x −−∗ 1 , where βα  and are the steady-state values of 23x (normalised number of 

unmodified sites) and 24x (normalised number of acetylated sites), respectively, which must 
satisfy: 
 

( ) ( ) ( ) 0111 121112121 =hd+chd+dchd EE ααβααβββα −−−−−−−− 	
  	
   [D1] 

( ) 01 321312141 =hd+chd+dchd EE αβαβββα −−−− 	
  	
   	
   	
   [D2] 

 
The number of steady states is determined by the intersections between the null-clines: 
	
  

( ) ( ) ( ) 0111 121112121 =hd+chd+dchd EE ααβααβββα −−−−−−−− 	
  	
   [D3] 
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( )
( ) 324311

141 1
hd+h+hcd
d+chd

=
E

E

β

ββ
α β−

	
   	
   	
   	
   	
   	
   	
   [D4] 

 
The result is illustrated in Fig. S2, in which we show the null-clines for different values of the 
parameters 

111  = Ecdδ , with all other parameter values fixed. We can see that this parameter is 

a bifurcation control parameter, as modifying its value drives the system from bistability (Fig. 
S2 (a) and (b)) to monostability (Fig. S2 (c)) via a saddle-node bifurcation (Strogatz, 1994). 
In the bistable regime shown in Fig. S2 (a) and (b), the two stable states correspond to the 
two states of epigenetic regulation: methylated (high steady-state value of )( 2522 xx  and low 

stationary value of )( 2826 xx ) or acetylated (low steady-state value of )( 2522 xx  and high 

stationary value of )( 2826 xx ).  
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Figure S2. Plots showing the null-clines corresponding to the epigenetic regulation 
system (40) and (41) for different values of δ1 . Panel (a) corresponds to δ1 = 0.054, panel 
(b) to δ1  = 0.026, and panel (c) to δ1 = 0.0054. Other parameter values are taken from Table 
E1.  
 
Our baseline scenario also requires that, in the absence of OCT4 and SOX2 induction and 
2HG-induced reduction of HDM activity, our system must produce differentiated cells, which 
requires the epigenetic regulation model of both LSG1 and LSG2 to be acetylated so that 
transcription factors can access their promoters, whereupon differentiation ensues. This 
requirement is achieved by biasing (reducing) the activity parameter of the corresponding 
histone deacetylases. Fig. S3 shows a stochastic simulation for the joint probability density 
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for the number of methylated and acetylated sites of our stochastic epigenetic regulation 
model. Fig. S3 shows the corresponding result for the baseline scenario, which can be 
interpreted as implying that the time spent by the epigenetic regulatory system in the 
acetylated state is overwhelmingly longer than the time spent in the methylated state.	
  
 

 

 
Figure S3. Stochastic simulation results for the probability density of our stochastic 
model of epigenetic regulation. Panel (a) shows a baseline scenario that corresponds to the 
parameter values given in Table E1. Panels (b) and (c) show two cases of 2HG-induced 
reduction of HDM activity with respect to the baseline scenario (b: h2 = 0.975 and c: h2 = 
0.97).  
 
The parameters corresponding to our baseline scenario are chosen so that (i) the epigenetic 
regulation system [40]-[41] and [43]-[44], corresponding to LSG1 and LSG2, respectively, are 
in the bistable regime (see Fig. S2), and (ii) the acetylated state is the most stable of the two 
stable states (see Fig. S3). The parameter values compatible with these general properties are 
given in Table S7.  
 

APPENDIX E. Stability analysis of the gene regulatory model in the base-line scenario 
 
Considering the following simplifying assumptions: (i) all the dimer-promoter binding 
constants are the same, (ii) all the dimer-promoter unbinding constants are the same, (iii) all 
the gene products are synthesised at the same rate, and (iv) all the proteins are degraded at the 
same rate, the system of equations [29] to [32] can be re-written as follows:   
 

( ) 12
7

2
531

31
12

1

1
cx

x+x+xxa+
xxbp=

d
dx

−
τ

	
  	
   	
   	
   	
   	
   [E1] 

( ) 32
7

2
531

31
14

3

1
cx

x+x+xxa+
xxbp=

d
dx

−
τ

	
  	
   	
   	
   	
   	
   [E2] 

( ) 52
7

2
531

2
5

16
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In this appendix, we analyse the conditions for the existence and stability of three fixed points 
of the form: 
 

( )0,0,,=xp αα 	
   	
   	
   	
   	
   	
   	
   	
   	
   [E9] 

( )00,0,1 ,=x β 	
  	
   	
   	
   	
   	
   	
   	
   	
   	
   [E10] 

( )β0,0,0,2 =x 	
  	
   	
   	
   	
   	
   	
   	
   	
   	
   [E11] 
 
where the first, second, third, and fourth components correspond to the steady-state value of 
OCT4, SOX2, LSG1 and LSG2, respectively; px corresponds to the pluripotency steady state, 

and 1x and 2x correspond to each of the differentiated state states.  
 
We also examine the existence and stability of a fixed point given by:  
 

( )0,,,=xU βαα 	
   	
   	
   	
   	
   	
   	
   	
   	
   [E12] 
 
Existence and linear stability of px ,	
   1x and 2x . We begin our analysis by examining the 

properties of px . By using the steady-state version of equations [E1] to [E4] (i.e.,  01 =
d
dx
τ

), 

we have that, from [E1] and [E2], α  must satisfy: 
 

012
2 =c+bpca αα − 	
  	
   	
   	
   	
   	
   	
   	
   	
   [E13] 

014
2 =c+bpca αα − 	
  	
  	
   	
   	
   	
   	
   	
   	
   	
   [E14] 

 
which implies that 42 pp = ‡.  

‡ If 42 pp ≠ , we have a steady-state px = 0) , 0 , ,( 21 αα , which has the same properties as px  
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The equations [E3] and [E4] are trivially satisfied. If this restriction on 42  and pp is satisfied, 
then α is given by: 
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According to this equation, for α to be real, the following condition must be satisfied: 
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Provided that [16], the linear stability of px is determined by the sign of the eigenvalues of the 

corresponding Jacobian matrix, pJ , obtained by linearising the right hand side of equations 

[E1] to [E4] around px , which is given by: 
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where pA is a 2 x 2 matrix corresponding to the linearisation of equations [E1] and [E2]. 
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Given the block structure of pJ , its eigenvalues are the eigenvalues of each block, i.e.: 

 
c=== −321 λλλ 	
   	
   	
   	
   	
   	
   	
   	
   [E19]	
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p2b1α
1+aα 2( )

2 − c 	
   	
   	
   	
   	
   	
   	
   	
   [E20] 

 
As for px to be stable, all the eigenvalues of the Jacobian pJ must be negative, we have a 

second condition that the system must satisfy: 
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An analogous analysis regarding the conditions for the existence of 1x and 2x leads to the 
following conditions: 
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respectively. Similarly, for them to be stable, the following conditions must hold: 
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The less restrictive pair of existence-stability conditions gives the region of coexistence of the 
three states as stable steady states. Parameter values compatible with such situations are given 
in Table S7.  
 
Table S7 
	
  
Parameter Value Description References 
T0  60 Characteristic scale for number of binding sites [Dodd et al., 2007] 
y0  600 Characteristic scale for number of protein  
h1  1 Activity of histone methyl transferases  
h2  1 Activity of histone demethylases  
h3  1 Activity of histone acetyl transferases  
h4  0.9 Activity of histone deacetylases  
d1  0.027 Rate of recruited nucleosome modifications  
d2  0.003 Rate of unrecruited nucleosome modifications  
d3  0.425 See Appendix C  

c E1  
0.425 See Appendix C  

c E1  9 ·105 Re-scaled dimer-promoter affinity (See Appendix E)  

b1  5 Re-scaled rate of OCT4 and SOX2 protein production (See 
Appendix E) 
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b2  10 Re-scaled rate of LSG1 and LSG2 protein production (See 
Appendix E) 

 

c  1.1 · 10-6 Re-scaled rate of protein degradation (See Appendix E)  
cO  1 See Appendix C  
cS  1 See Appendix C  
c2  1 See Appendix C  
c2  1 See Appendix C  

Parameter values corresponding to the baseline scenario 
 
APPENDIX F. Competition and invasion for clones originated from CSCs de novo 
generated by nuclear reprogramming 

  
We have analysed a mathematical model of competition between two cell populations, i.e., a 
native, “resident” population sustained by normal stem cells (SCs) and an “invader” 
population of cancer stem cells (CSCs) de novo generated by oncometabolic nuclear 
reprogramming. We focused on the so-called neutral scenario. We assumed that 
reprogrammed CSCs display the same features as normal SCs, i.e., they possess the same self-
renewal and differentiation rates and, crucially, are under the same homeostatic controls than 
their healthy counterparts. By choosing this setting that corresponds to a base-line case of 
least favourable invasion, we are faced with a situation in which the CSCs are initially under 
zero-net growth conditions, i.e., identical to that of the native (healthy) cell population. This 
implies that the early evolution of the invader can be studied in terms of a simple diffusion 
equation, since its dynamic is essentially dictated by fluctuations due to smallness of the cell 
population.  
 
Introduction. We herein addressed how significant is the increase of reprogramming rate 
observed in our proof-of-concept studies with live cells in terms of cancer evolution. In our 
hands, the number of reprogrammed CSC-like colonies increased by >10 times in the 
presence of the oncometabolite 2HG. In this appendix we propose a simple mathematical 
model of cancer evolution in which we demonstrate that the probability of spontaneous 
clearance of an invader generated by a colony of de novo reprogrammed CSCs decreases 
exponentially with the size of the colony.  
 
Model formulation 
 
Model hypotheses 
 
Our modelling approach is based on a wealth of papers that have approached the problem of 
regulation of differentiation cascades (Marciniak-Czochra et al., 2009; Pepper et al., 2007; 
Rodriguez-Brenes et al., 2010; Sánchez-Taltavull and Alarcón, 2014). 
 
(i) We assume that a hierarchical differential cascade maintains each population: 
 

Resident: SC → TAC1 → TAC2 · · · → MC 
Invader: CSC → TAC1 → TAC2 · · · → MC 

 
SC: stem cell, CSC: cancer stem cell, TAC: transient amplifying cell, MC: mature (fully 
differentiated) cell.  
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We assume that the length of the differentiation cascade (i.e. the number of stages between 
SC or CSC and MC), L, is the same for both populations. SCs and CSCs are the only cell 
types with the ability for self-renewal whereas TACs are assumed to differentiate upon 
proliferation. 
 
(ii) Both populations are assumed to compete for a common pool of resources. As far as the 
model is concerned, this is implemented through a carrying capacity that limits the size of the 
total population (i.e., resident plus invader). 
 
(iii) We consider the most disfavourable situation from the point of view of the invader, i.e. 
we will assume a neutral scenario in which all the parameter values, e.g. birth rates, death 
rates, differentiation rates, etc. are set to be the same for both populations. We examine the 
ability for an invader to take over the resident population as a function of the number of CSCs 
(equivalently, of the rate of reprogramming of somatic MCs). 
 
(iv) Population dynamics (Pepper et al., 2007, Sánchez-Taltavull and Alarcón, 2014): 
 
 (a) SCs and CSCs undergo:  
 

- Asymmetric division at a rate:  
 

 
 

where M = Mr + Mi with Mr and Mi are the number of mature cells of the resident 
and invader, respectively. K is the carrying capacity and the probability of SC 
(CSC) symmetric division. Note that if M>>K (i.e. the mature population is much 
larger than the carrying capacity) the division rate tends to zero, whereas when 
M<<K the proliferation rate approaches its maximum value. 

 
- Symmetric self-renewal at a rate: 

 
 
 

where d0 is the probability of symmetric SC (CSC) differentiation. 
 

- Symmetric differentiation at a rate: 
 
 

 
- Apoptosis at a rate l0. We will assume that both SCs and CSCs undergo cell 
death at a very slow rate. 
 

(b) For simplicity and without loss of generality we assume that all TACs differentiate 
and die at the same rate, regardless of their position in the cascade: 
 
(c) Symmetric differentiation at a constant rate d1 
 
(d) Apoptosis at a rate λ1 
 
(e) Mature cells undergo death at a constant rate λ3 
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Table S8 

Transition rates associated to the stochastic dynamics of the competition between the resident 
and the invader hierarchical populations. Xr1 and Xi1 are the number of SC and CSCs, 
respectively, Xrj and Xij, j=2, . . . ,L−1, are the number of TACs of the resident and invader, 
respectively and XrL and XiL are the number of the mature cells in either population. The total 
mature population, M, is given by M=XrL+XiL. 
 
 
Stochastic dynamics 
 
The stochastic population dynamics of the system described in the above mentioned section is 
described in terms of the Master Equation [1] (Gardiner, 2009): 
 

( ) ( ) ( ) ( ) ( )( )∑ −−−
∂

∂ R

=i
iiii tX,PXWt,rXPrXW=

t
tX,P

1

	
  	
  	
  	
  [F1] 

 
The associated rates, Wi, and stoichiometric vectors, ri, are given in Table S8. X is the 2L-
dimensional state vector whose entries are the numbers of each cellular type in the population. 
 
Setup and initial conditions 
 
We consider a setup or initial condition in which the resident population is let to evolve until 
it reaches a steady state. This steady state is described (on average) by the mean-field limit of 
the stochastic dynamics, as shown below. Once the resident steady state has been reached, we 
evaluate the behaviour of the invader population as a function of the number of de novo 
generated CSCs.  
 
Model analysis 
 
We start by discussing the behaviour of mean-field limit, in particular regarding its steady 
states. We then proceed to study the diffusion limit of the Master Equation [1], which 
provides closed form solutions for the clearance probability of the invader. 
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Mean-field limit 
 
- Mean-field limit in the absence of invader. We start by the describing the mean-field limit 
(Gillespie, 1976) associated to the resident population in the absence of the invader. The 
Master Equation [F1] is then given by the following system of ordinary differential equations: 
 

 
where xri=Xri/K. Eqs. [F2] to [F5] have two steady states: the trivial equilibrium (xr1, xr2, . . . , 
xrj , . . . , xrL) = (0, 0, . . . , 0, . . . , 0) and the stable positive equilibrium given by: 
 
 
 
 
 
 
 
 
 
 
The positive equilibrium exists provided that: 
 
 
 
 
 
Eq. [F8] is obtained by imposing that the net growth rate of the SC population is equal to 
zero: 

 
 
 
 

- Mean-field limit in the presence of the invader. The presence of the invader substantially 
changes the structure of the steady states of the model. First, the mean-field equations for the 
whole system (resident plus invader) are: 
 

[F2] 

[F3] 

[F4] 

[F5] 

[F6] 

[F7] 

[F8] 
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where xrl= Xrl/K and xil=Xil/K. 
  
As in the previous case, Eqs. [F9] to [F16], have two steady states: the trivial equilibrium (xr1, 
xr2, . . . , xrj, . . . , xrL, xi1, xi2, . . . , xij, . . . , xiL) = (0, 0, . . . , 0, . . . , 0, 0, 0, . . . , 0, . . . , 0). The 
associated positive equilibrium is given by: 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
 
Note that in the presence of the invader, the system does not exhibit a unique positive 
equilibrium but rather a continuum of equilibria determined by Eq. [F21]. Eq. [F21] is a 
restatement of the requirement that the growth rate of the SCs and CSCs is equal to zero. The 
positive equilibria exist provided that: 
 
 
 

[F9] 

[F10] 

[F11] 

[F12] 

[F13] 

[F14] 

[F15] 

[F16] 

[F17] 

[F18] 

[F19] 

[F20] 

[F21] 
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Neutral dynamics: Fokker-Planck equation with demographical noise 
 
We now formulate a diffusion approximation of the stochastic process under the following 
conditions: Once the resident population has settled down onto its steady state, we introduce a 
number of de novo reprogrammed CSCs and study the behaviour of the invader population 
generated by the CSCs. The diffusion approximation allows us to find closed form analytical 
expressions for how the probability of clearance of the invader varies as the number of CSCs 
changes.  
 
Before proceeding with the formal derivation of the diffusion approximation, an important 
caveat, which greatly simplifies the analysis, is in order. The scenario we are contemplating, 
in which a number of CSCs appear in the system (in steady state) as a result of oncometabolic 
reprogramming of somatic mature cells, implies that both the SC (i.e. the native stem cells of 
the healthy, resident tissue) and the CSC populations are under conditions of zero net growth 
rate. Initially, XiL, the number of fully differentiated cells associated to the invader, is XiL=0 
and XiL is similar to N where N ≡ ΩK, which satisfies the equilibrium condition whereby the 
growth rate of the CSC population is zero, i.e., the dynamics of the CSC population is critical. 
Since this condition is initially fulfilled, the whole system continues to evolve under 
conditions so that Eqs. [17] to [21] are satisfied at any later time.  
 
Under these conditions, the dynamics of the CSC population is critical with an average total 
mature population given by Eq. [21]. Therefore, its dynamics is entirely dominated by 
fluctuations. Furthermore, if we assume that K is big enough so that XrL + XiL is similar to 
N(=cnt.), we can assume that the dynamics of the CSCs is decoupled and can be studied 
independently. 
 
Diffusion approximation: system size expansion. The systems size expansion is a well-
established technique, originally proposed by Kampen et al. (2008), to extract the mean- field 
limit, i.e., the deterministic behaviour associated to infinite systems where no fluctuations are 
present, and its first stochastic correction given by the Fokker-Planck equation for the 
Gaussian fluctuations around the mean-field behaviour (Gardiner, 2006; Kampen et al., 2008). 
This approximation has been widely used and successfully applied to many different types of 
problems. 
 
The original approach of Kampen et al. (2008) has been recently critiqued by Di Patti et al 
(2011), who noted that it breaks down for systems with absorbing states (e.g. extinctions) in 
the proximity of the absorbing state. They further propose a modification of the basic size 
expansion that exhibits improved accuracy for systems with absorbing states. The system size 
expansion is based on the following assumption regarding the stochastic process: 

 
 
 

where N is a measure of system size, X(t) is the mean-field limit, ξ(t) is a stochastic correction 
to the mean-field. In the original proposal by Kampen et al. (2008) α = 1/2, which implies that 
the size of the effects of noise relative to the size of the systematic (mean-field part) decreases 
as N−1/2 as system size grows. This Ansatz produces a consistent expansion which, at the 
lowest order, yields a linear-noise (i.e. independent of ξ(t)) Fokker-Planck equation (FPE) for 
the probability density function (PDF) of ξ. 
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Di Patti et al. (2011) have shown that, in the case in which the stochastic process has an 
absorbing state, the Van Kampen’s Ansatz is no longer consistent. On the contrary, for the 
system size expansion to be consistent they show that α = 0, i.e. the size of the effects of 
noise is independent of system size. In this case, the Fokker-Planck equation one obtains for 
the PDF of ξ(t) is no longer a linear-noise equation. On the contrary, one obtains an FPE with 
a particular type of non-linear (i.e. dependent on the random variable ξ(t)) noise which we 
refer to as demographic noise. We proceed now to formulate the associated FPE for our 
system. For the technical details regarding the expansion, we refer the reader to Di Patti et al. 
(2011). 
 
Assuming that XrL +XiL ≅ N , we can define a stochastic dynamics for the evolution of the 
number of CSCs defined by the transition rates: 
 
 
 
 
 
 
 
We further define T±(zi1) where zi1 = Xi1/N as: 
 

 
Finally, we expand the quantities T±(zi1) = T±(φ+Nα−1ξ) as a power series of y≡Nα−1ξ(t): 
 

 
With the above definitions, Di Patti et al. (2011) have shown that the Fokker-Planck equation 
for the PDF of ξ(t), P (ξ,t), is given by: 
 

 
In our case: 
 
 
 
 
see Eq. [F21], and 
 

 
 

 
and, therefore, Eq. [F24] reads: 
 

[F22] 

[F23] 

[F24] 
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where D≡e−Ωp0+λ0. Eq. [F25] is the diffusion approximation for the process of neutral 
dynamics of the CSC population. 
 
Survival probability of the CSC population: backward Kolmogorov equation. In order to 
study the survival probability of the CSC population, rather than directly using the FPE Eq. 
[F25], it is more convenient to use an equivalent description, the so-called Kolmogorov 
backward equation (KBE) (Demetrius et al., 2009; Gardiner, 2009). Mathematically speaking, 
the KBE is the adjoint equation of the FPE (also known as the Kolmogorov forward 
equation). The KBE associated to the Fokker-Planck equation Eq. [25] is given by (Demetrius 
et al., 2009 and Gardiner, 2009): 
 

 
with natural boundary conditions Ψ(q =0,t)=0 and Ψ(q = ∞,t)=1. The associated initial 
condition is Ψ(q,t=0)=1 for positive q. With these boundary conditions, the solution of the 
KBE can be interpreted as the probability of survival of a CSC population of initial size q at 
time t. The associated clearance probability at time t, PC(q, t), is therefore given by 
PC(q,t)=1−Ψ(q,t). 
 
It is possible to obtain a closed form, analytical solution for Eq. [F26] by considering its 
similarity structure (Ockendon et al., 2003). It is immediate to verify that, if Ψ(q, t) is a 
solution of Eq. [F26 ], so is Ψ(µq,µt) where µ is an arbitrary constant. Therefore, for any given 
value of t, we can set µ=t−1, so that Ψ(q,t)=F(q/t) for some function F to be determined from 
Eq. [F26]. By writing η=q/t, Eq. [F26] can be re-written as: 
 

 
with boundary conditions F(η=0)=0 and F(η = ∞)=1. The solution is therefore given by: 
 

 
where P1(t) is the probability of clearance of a single CSC at time t. The clearance probability 
is therefore given by PC(q,t)=(P1(t))q. This result implies that the probability of spontaneous 
clearance of a population generated by a colony of reprogrammed CSCs decreases 
exponentially as the size of the colony, q, increases. This implies that with a 10 to 20-fold 
increase in nuclear reprogramming frequency, the chances of clearance of the population 
generated by the oncometabolically de novo reprogrammed CSCs decreases by many orders 
of magnitude. 
 
In summary, we are able to find an analytical solution for spontaneous clearance probability 
of the CSC population as a function of the size of the de novo reprogrammed CSC pool, q, at 
time t, PC(q,t)=(P1(t))q, where P1(t)<1 is the probability of clearance at time t of a single 

[F25] 

[F26] 

[F27] 

[F28] 
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CSC. Therefore, from the point of view of cancer evolution, an apparently inefficient 10 to 
20-fold increase in the reprogramming frequency is highly significant in terms of the 
prolonged survival of the initial population generated by the de novo reprogrammed CSCs. 
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