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Theoretical study of the impact 
of adaptation on cell‑fate 
heterogeneity and fractional killing
Julien Hurbain1,2, Darka Labavić1,2, Quentin Thommen1 & Benjamin Pfeuty1*

Fractional killing illustrates the cell propensity to display a heterogeneous fate response over a 
wide range of stimuli. The interplay between the nonlinear and stochastic dynamics of biochemical 
networks plays a fundamental role in shaping this probabilistic response and in reconciling 
requirements for heterogeneity and controllability of cell‑fate decisions. The stress‑induced fate 
choice between life and death depends on an early adaptation response which may contribute to 
fractional killing by amplifying small differences between cells. To test this hypothesis, we consider 
a stochastic modeling framework suited for comprehensive sensitivity analysis of dose response 
curve through the computation of a fractionality index. Combining bifurcation analysis and Langevin 
simulation, we show that adaptation dynamics enhances noise‑induced cell‑fate heterogeneity by 
shifting from a saddle‑node to a saddle‑collision transition scenario. The generality of this result is 
further assessed by a computational analysis of a detailed regulatory network model of apoptosis 
initiation and by a theoretical analysis of stochastic bifurcation mechanisms. Overall, the present 
study identifies a cooperative interplay between stochastic, adaptation and decision intracellular 
processes that could promote cell‑fate heterogeneity in many contexts.

In many adaptation and developmental contexts, isogenic cells make stochastic fate decisions to generate diver-
sified cell types and  subpopulations1. Cell-fate heterogeneity is indeed a key feature of microbial adaptation to 
adverse  environments2, of the development and homeostasis of tissues and  organs3 or of tumor resistance to drug 
 therapy4. The differential fate outcome of isogenic cells exposed to the same environmental stimuli involves the 
interplay of stochastic and deterministic  mechanisms5–7, where regulatory mechanisms can determine both the 
statistics and dynamics of stochastic events and the effect of those stochastic events on molecular trajectories 
dictating cell fate choices. Several experimental studies have shown that cell-fate decisions are often preceded 
by a highly fluctuating intracellular dynamics. Pulsatile or oscillatory activities have been observed in signaling 
pathways operating during the stochastic choice of various differentiation or proliferation  fates8–13. The profile 
characteristics of those dynamic signaling activities have been proposed to either direct decision outcomes or 
promote cell-fate  heterogeneity14,15. Transient dynamics occurring at epigenetics, transcriptome-wide or multi-
cellular  levels16–18 have also been proposed to regulate cell-fate heterogeneity and plasticity. All these examples 
support a key role of transient dynamics in orchestrating fate decisions from diverse signaling and stochastic cues.

An attractive case study is the stochastic fate decision between life and death, commonly termed fractional 
killing, for which the systematic measure of probabilistic dose-response curves coupled with single-cell analysis 
of stochastic and dynamical signatures are  possible19. On this issue, several modelling studies have been devoted 
to identify which sources of fluctuations and which parts of the apoptotic network could contribute the most to 
the variability of decision time and  outcomes20–23, while the impact of the transient dynamics has been seldomly 
 addressed24. Yet, singe-cell analysis of the temporal trajectories of caspase 8 activity in response to TRAIL has 
revealed a signature of adaptation dynamics whose transient kinetics determines whether a cell survives or 
 dies25. Caspase 8 is likely to be part of negative feedback regulation involving for instance the formation of 
inactive heterodimers of procaspase-826. The importance of transient dynamics of apoptotic inducers has been 
also emphasized in the case of cisplatin drug  exposure24,27. The proposed mechanism involves a competition 
between positive and negative regulation of caspase 8-dependent apoptosis, thereby defining an incoherent 
feedforward loop. More generally, environmental stressors are prone to upregulate both pro-survival and pro-
death  pathways28–31 through negative feedback or incoherent feedforward loop motifs which ultimately lead 
to a dynamical adaptation  response32–34. These stochastic and deterministic features associated with fractional 
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killing raise the more general question of the role of adaptation dynamics in shaping the timing and probabilities 
of stochastic fate decisions.

Diverse modelling approaches have proved useful to study stochastic switching in regulatory networks, 
ranging from the discrete chemical master equations and stochastic simulation algorithms to the continuous 
Fokker-Planck and Langevin equations. Those diverse tools and their refinements have been broadly used to 
study the interplay between noise properties and network topologies in shaping the steady-state bimodal dis-
tribution and transition rates associated with two phenotypic  states35–39. In the present study, we use the joint 
framework of chemical Langevin  equations40 and bifurcation theory to address the interplay of stochasticity, 
transient adaptation and bistable switching. The deterministic and stochastic analysis of a simple model combin-
ing adaptation and bistability deciphers how the adaptation overshoot dynamics modulate, concomitantly, the 
nonlinear decision-making properties and the probabilistic fate-response properties. The biological relevance 
of this behavior is assessed by simulating a more detailed model of programmed death pathways. Finally, the 
generality of the proposed noise-amplification mechanism is addressed within the theoretical framework of 
stochastic nonlinear dynamics.

Results
Stochastic modeling framework for probabilistic fate decisions. Fractional killing can be defined 
as the population-level property by which isogenic cells exposed to increasing doses of death-inducing stim-
uli will tend to display a fraction of surviving cells and dying cells, although with increasing probability of 
death. This stochastic decision process can be studied in a general theoretical framework that applies to cases 
of fate decisions other than survival and death. Probabilistic cell-fate response commonly involves the interplay 
between intracellular mechanisms of fate decision and intracellular sources of cell-to-cell variability. Without 
loss of generality, a possible framework to study such probabilistic fate response to a step stimulus consists in 
a Langevin differential equation description of the stochastic dynamics of a biochemical reaction network (see 
Table 1 for notations): 
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Table 1.  List of mathematical symbols and notations.

Symbol Description Equations/Figures

xli , �xl Concentration of biochemical species i of cell l Eq. (1)

kli , �kl Biochemical network parameter i of cell l Eq. (1)

aj , νji Rate and stoichiometries of the biochemical reaction j Eq. (1)

ξ lj Langevin noise associated to reaction j in cell l Eq. (1)

σ Standard deviation of random variable Eq. (1)

sl Stimulus (e.g., stress) level of cell l Eq. (1)

ssn Stimulus level associated with saddle-node bifurcation Fig. 2

P(�x, t) Time-dependent probability distribution function in state space Eq. (2)

PD/Death Decision (e.g., death) probability Eq. (2)

s50 Stimulus level inducing 50% of fate probability Eq. (3)

t∗ Measurement time for PD Eq. (2)

η Fractionality index Eq. (3)

x1,2,3 Adaptive (e.g., damage/repair) and fate-decision (e.g., death) species Eq. (4)

β , τ Adaptation strength and timescale Eq. (4)

�xst1,2/sn/sad Stable/saddle-node/saddle fixed point associated with bistability Figs. 2, 3 and 4

W s/u(�x) Stable/unstable manifold of the fixed point �x Eqs. (2) and (9)

sc Critical stimulus level without noise sc = s50(σ = 0) Fig. 2

�xc(t, sc) Critical trajectory Fig. 2 and Eqs. (7–8)

�y(t) , yN Small deviations of �x(t) from �xc(t) Fig. 5 and Eqs. (7–9)

�(t, t′) Principal fundamental matrix Eq. (7)

U(x),�, rK Effective potential, barrier height and Kramers rate Fig. 5 and Eq. (10)
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 where H(t) and δ(t) are respectively the Heaviside and the Dirac delta functions. In this model, the cell-to-cell 
variability of stimulus-induced response trajectories �xl can originate either from noisy biochemical reactions 
involving stochastic processes ξ lj (t) or from heterogeneities in stimulus exposure/sensitivity sl or network param-
eters �kl from cell to cell. Although limited or inaccurate to describe some stochastic behaviors of biochemical 
 networks41, chemical Langevin equation approach is nevertheless convenient to study asymptotic cases of small 
noise, large size or separated timescales and, thus, to relate with noise-free dynamical  properties42.

For the deterministic part of the equation, the fate-decision behavior (e.g., death) can be minimally imple-
mented in the nonlinear dynamics of the biochemical network by the presence of a saddle-node bifurcation 
mechanism at a critical stimulus level ssn through which the (survival) steady state �xst1 is destabilized toward the 
other (death) steady state �xst2 , generally in an irreversible manner. Accordingly, near-identical cells exposed to 
the same stimulus may display divergent trajectories toward survival or death (Fig. 1a). The population dynamics 
of noisy or heterogeneous cells described by Eq. (1) can be statistically represented by a probability distribution 
P(�x, t) , which typically follows a Fokker-Planck equation. Stimulus-induced fate decision relates with the estab-
lishment of a bimodal distribution such that one can define the decision probability PD (Fig. 1b):

where t∗ is the typical measurement time and W s(�xst) is the fate attractor basin. It is to emphasize that we consider 
the typical case of an irreversible fate decision associated with a low or null probability to revert from the state 
�xst2 to �xst1 , which is typically the case for death, proliferation or terminal differentiation fate outcomes. From the 
dose-response curve PD(s) , one can define a fractionality index (Fig. 1c) which quantifies the derivative of this 
curve around the 50% fate probability ( PD(s50) = 0.5):

Based on this simple sensitivity measure of the stochastic fate response, systematic analysis of how η varies with 
noise strength σ and network parameters �k should provide key insights into the interplay of stochastic and non-
linear properties of networks in shaping probabilistic features of fate response.

Adaptation dynamics enforces a saddle‑collision mechanism for decision making. To evaluate 
the impact of adaptation dynamics on the probabilistic properties of stochastic fate decisions, the biochemical 
reaction model used in Eq. (1) must implement adaptation and switching behaviors. For the ease of mathemati-
cal and graphical analysis, we consider a low-dimensional biochemical reaction  network43, whose interactions 
between three coarse-grained variables implement a basic setting of a negative feedback-driven adaptation and 
a positive feedback-driven decision switch (Fig. 2a,b). Starting from a set of biochemical reactions associated 
with this architecture, a suitable factorization and normalization procedure (see "Methods" section) allows one 
to derive the following set of differential equation, 
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′)� = σ 2 δ(t − t ′)δj,j′δl,l′ .
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∫
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(4a)τ1
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= 1− k1 + k1 s(t)− x2 x1 ,

(4b)τ
dx2

dt
= 1− β + βx1 − x2 ,

Figure 1.  Dynamical and probabilistic schemes of cell-fate decisions. (a) State-space trajectories diverging 
toward distinct cellular phenotypic states. (b) Establishment of a bimodal probability density function. (c) Fate 
probability curves whose slope is quantified by a fractionality index ( η).
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 The reaction rates ai of the corresponding Langevin equations are detailed in "Methods" section. Most parameter 
values are fixed within a range consistent with some biological assumptions. First, self-activation parameters 
k3 = 1 and k4 = 0.2 implement a positive feedback that is strong enough to produce an irreversible transition 
to death fate. Second, the parameters k1 = 0.9 and τ1 = 0.1 < 1 < τ implement a significant and fast stimulus-
induced response of x1 , which gives rise to a marked overshoot dynamics through negative feedback with x2 . 
Third, the synthesis rate parameters 1− β , 1− k1 and k2 = 0.056 satisfy the normalization condition that saddle-
node bifurcation occurs for x1 = x2 = s = 1 whatever the values of the other model parameters ( ki , β , τ).

(4c)
dx3

dt
= k2 x1 + k3

x23
k4 + x23

− x3 .

Figure 2.  Adaptation alters the nonlinear mechanism of decision making. (a) Coarse grained model combining 
a negative feedback loop (NFL) between x1 and x2 species and self-activation positive feedback loop (PFL) of 
x3 species. (b) Typical adaptation and switching dynamics in response to a stimulus step. Color code relates 
to that of panel (a) and model parameters are β = 1 and τ = 10 . (c) Effect of adaptation parameters β and τ 
on the linear response regime (upper panel) and the overshoot profile of the adaptation response of x1(t) (left 
and right bottom panel). (d) Plot of ssn − sc as a function of β and τ where two distinct transition regimes 
( sc = ssn and sc < ssn ) are separated by the white boundary. (e) Single-cell trajectories plotted in the {x1, x3} 
space for increasing level of stimulus s (blue for s < sc and green for s > sc ): Upper panel (red square: β = 1 and 
τ = 10 ) shows a saddle collision for s = sc and bottom panel (grey circle: β = 0.3 ; τ = 3 ) shows a saddle-node 
bifurcation. Black full and gray dashed lines represent the steady state branches �xst1(s) and �xsad(s).
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In this way, the parameters β ( ∈ [0 : 1] ) and τ can be systematically varied to modulate the overshoot char-
acteristics of adaptation with limited impact on steady-state properties. Indeed, the steady state of x1 depends 
on the stimulus according to:

which satisfies x1(s = 1) = 1 for any β and k1 values. Furthermore, stability analysis of this steady state establishes 
the following criteria for the existence of an overdamped overshoot response to the step stimulus s = 1:

Accordingly, the adaptation parameters β ∈ [0 : 1] and τ > 1 control the amplitude and timescale of the over-
shoot response without changing the steady-state value for s = 1 (Fig. 2c). More details regarding the relation 
between the negative-feedback parameters and the adaptation behavior can be found in a previous modeling 
 study43.

Before considering a source of variability, we first need to investigate the main effect of transient adaptation 
dynamics on the fate decision properties. In this case, probabilistic response and fractional killing do not occur, 
and the system response to a step stimulus is essentially determined by a threshold sc : a stress amplitude s greater 
(resp. lower) than sc leads to a fate decision toward death (resp., survival). For an adiabatically-slow increase of 
the stimulus, the system follows the steady-state branch �xst1(s) of low x3 values before escaping from it for s > ssn 
through a saddle-node bifurcation. This is not necessarily the case for a step increase of the stimulus, for which 
transition to death can occur for a stimulus level s < ssn so that ssn − sc > 0 . The plot of ssn − sc as function 
of adaptation parameters in Fig. 2d shows that sc = ssn for weak enough or fast enough adaptation, while sc is 
below ssn for large enough values of both β and τ . These two qualitative regimes manifest, in fact, the existence of 
distinct instability mechanisms (Fig. 2e). For low values of β or τ and thus a small or no overshoot, the threshold 
property s = sc = ssn relates with a dynamical trajectory that is destabilized in the vicinity of a saddle-node 
instability (lower panel of Fig. 2e). In this scenario, x3 species trigger the fate decision depending on the steady-
state value of the adaptive species x1 , which carries out the role of a bifurcation parameter. In sharp contrast, for 
high enough value of both β and τ and thus for a significant overshoot response of x1 , the threshold property 
s = sc < ssn relates with a dynamical trajectory that collides with a saddle instability (upper panel of Fig. 2e).

In summary, while varying β and τ leads to gradual changes of the amplitude and the timescale of the over-
shoot adaptation profile, we could identify a threshold boundary in the {β , τ } space which separates between a 
saddle-node and a saddle-collision instability scenario. In the saddle-collision scenario, the threshold value sc 
becomes very sensitive to the transient characteristics of the overshoot profile, which suggests that fate decision 
may also become more sensitive to the sources of cell-to-cell variability that impact transient dynamics.

Adaptation dynamics promotes heterogeneous cell‑fate decisions. Based on our comprehensive 
analysis of the deterministic decision dynamics in the coarse-grained model combining adaptation and bista-
bility, we aim to investigate how adaptation influences cell-fate heterogeneity in a population of noisy cells. We 
therefore apply the general stochastic modeling framework to this biochemical network model (see "Methods" 
section) and perform a systematic analysis of the probabilistic properties in the {β , τ } parameter space and for 
several noise sources and levels (Fig. 3).

To begin with, we consider the case of cell-to-cell variability arising from molecular noise solely ( sl = s 
and �kl = �k ) and focus on the two archetypical parameter sets depicted in Fig. 2 that are associated with weak/
fast adaptation ( β = 0.3 and τ = 3 ) and strong/slow adaptation ( β = 1 and τ = 10 ), respectively. Simulation 
of Langevin equations for 2000 trials shows that, for the same level of noise, strong/slow adaptation leads to 
probabilistic response associated with a much larger stimulus range and a much smaller derivative at P = 0.5 
(Fig. 3a). These differences are quantified by the fractionality index η that is about four-fold larger for strong 
adaptation ( η ≈ 0.05 ) as compared to weak adaptation ( η ≈ 0.012 ). To illustrate how adaptation may amplify 
noise to generate more heterogeneous fate response, we plot the noisy single-cell trajectories in the two scenarios 
associated with the noise level and the same relative change of stimulus level. When adaptation is strong and 
slow enough, noisy trajectories remain within some neighborhood of the noise-free trajectory until diverging 
from it toward different fates when approaching the saddle fixed point, with a slight change of respective fate 
probability when the stimulus increases (Fig. 3b). This is in sharp contrast with the case of weak (or no) adapta-
tion for which noisy trajectories reach first the neighborhood of a stable fixed point, before eventually escaping 
over the saddle fixed point toward the other fate when the stimulus slightly increases (Fig. 3c). The qualitative 
difference between these two stochastic decision scenario is confirmed by the distinct scaling laws η ∝ σ b , where 
b = 1 for strong/slow adaptation and b ≈ 1.2 for weak/fast adaptation (Fig. 3d). This body of evidences strongly 
suggest that adaptation dynamics promotes cell-fate heterogeneity, mostly by changing the underlying nonlinear 
mechanism of decision-making. This is confirmed by the plot η = f (β , τ) (Fig. 3e), which unambiguously shows 
a qualitative increase of fractionality index η specifically in the parameter domain where the saddle-collision 
scenario occurs (above the white boundary).

Besides molecular noise, other sources of cell-to-cell variability have been tested, such as stimulus exposure 
or sensitivity sl (Fig. 3f) or initial conditions �xl(t0) (Fig. 3g). Again, a qualitative increase of η is observed in the 
parameter region associated with a saddle-collision scenario (above the white boundary), though the extent of 
such increase is much more important for the case of variable initial conditions. This is because variability of 
initial conditions impacts only transient dynamics, not steady state, while variability of sl impacts steady-state 

(5)x1(s) =
β − 1+

√

(1− β)2 + 4(1− k1 + k1s) β

2β
,

(6)τ/τ1 > (1+ 2β)+
√
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properties. Adaptation dynamics can promote cell-fate heterogeneity in a qualitative manner, but to varying 
extent depending on the source of variability and the time profile of the overshoot.

Adaptation dynamics contributes to fractional killing in an apoptosis model. The nonlinear 
nature of the adaptation-related amplification of noise effect suggests that this mechanism could be effective 
regardless the complexity of the network model. In other words, we expect to observe a similar noise amplifi-
cation behavior in more detailed regulatory network model of stress-induced death fate decision as far as the 
adaptation dynamics leads to a collision to a saddle instability in the state-space of any dimensions. To check 
this conjecture, we need to replace the effective one-dimensional model of fate decision by a more realistic 
high-dimensional model of death fate decision. Fractional killing is commonly observed following many types 
of stress or death ligands, which may trigger death through different  pathways44,45 depending on the involved 
multi-protein signaling complexes, transcriptional factors and other signaling and metabolic cues (left of 
Fig. 4a). Among these many possibilities, we consider the canonical case where the stress signal and damage 
species mainly impact the intrinsic mitochondrial pathway of apoptosis through the control of the Bh3 member 
of Bcl-2  family46. An alternative possibility could have been to consider the case of TRAIL-induced apoptosis 
involving caspase 8-dependent activation of both extrinsic and mitochondrial  pathways20.

The choice of Bh3-dependent mitochondrial apoptosis is motivated by a previous biochemical model of 
apoptosis  initiation24, which exhibited several interesting features for our study. First, the model focuses on the 

Figure 3.  The critical impact of adaptation on cell-fate heterogeneity. Fate decision probability is studied in 
presence of molecular noise level (a–e) or other sources of cell-cell variability (f–g). (a) Fate probability curves 
as function of relative stimulus for the cases of strong/slow adaptation (red squares) and weak/fast adaptation 
(gray circles). (b–c) Sample of noisy single-cell trajectories associated with a ±2% change of stimulus level 
around s = s50 (dashed line of panel a), which are plotted in the {x1, x3} state space where steady-state branches 
�x(s) are also represented. (d) Fractionality index η as function of noise with their asymptotic scaling exponents. 
(e) Fractionality index η as a function of adaptation parameters τ and β for molecular noise level σ = 0.01 . 
White line delimits the parameter domains of saddle-collision and saddle-node transition scenario (redrawn 
from Fig. 2c). Red squares ( β = 1 and τ = 10 ) and grey circles ( β = 0.3 and τ = 3 ) correspond to the two 
archetypical parameter sets associated to each scenario, which are compared in panels a–d. (f–g) Fractionality 
index η as function of β and τ for two sources of cell-cell variability: (f) a uniform distribution of stimulus 
exposure sl with �δslδsl′ � = 0.01δl,l′ ; (g) a uniform distribution of initial conditions �xst1(s = 0)+ �δx with 
�δxliδx

l′

j � = 0.1δi,jδl,l′.
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initial stage of intrinsic mitochondrial apoptosis, providing a simple picture of the decision-making process by 
leaving aside the further stages of effector caspase activation and related apoptosis events as well as the complex 
crosstalk with other programmed death pathways. Second, the topology and parameters of the model are deter-
mined in close relation with biological hypothesis and experimental data in a context of chemical stress response. 
Last, the topological and dynamical properties of the model are featured with a single positive feedback and a 
bistable behavior which are fully consistent with the minimal set of ingredients that is needed to implement our 
adaptation-dependent noise-amplification mechanism. In particular, prior knowledge about the bifurcation 
properties is very helpful to compare sc and ssn thresholds and make the connection between the low-dimensional 
and high-dimensional models.

Therefore, the structure of the detailed model merely consists on the coupling between our above adaptation 
model (Eq. 4a, b) and the published model of mitochondrial apoptosis  initiation24 (right of Fig. 4a). Specifically, 
the adaptive species x1 upregulates the synthesis of a pro-apoptotic BH3-only proteins (e.g., Bad, Bim, Bid), 
keeping in mind that intracellular stress-signaling pathways impacts the mitochondrial apoptosis pathway at 
various  places45,46. Regarding the published apoptosis initiation model, the postranslational interactions between 
the pro-apoptotic Bh3 and Bax proteins and the anti-apoptotic Bcl-2 proteins implement a positive feedback 
mechanism. Pro-apoptotic signals are prone to increase the level of free Bh3 proteins with respect to the level 
of Bh3 proteins bound to Bcl-2. Free Bh3 proteins directly interact with inactive cytosolic Bax proteins, thereby 
inducing conformational change that leads to their activation and mitochondrial translocation. In turn, the 
activated mitochondria-localized form of Bax can also bind to Bcl-2, resulting in the release of additional free 
Bh3 proteins from Bh3-Bcl complexes. For a critical synthesis rate of Bh3 proteins, this positive feedback loop 
produces a bistable switching behavior via a saddle-node bifurcation from low to high levels of free mitochon-
drial Bax ( Baxm)24. Then, high enough levels of Baxm would typically induce the release of cytochrome C and 
mitochondrial outer membrane permeabilization (MOMP) followed by the formation and activation of the 
apoptosome and the execution of apoptosis.

Figure 4.  Adaptation-dependent fractional killing in an apoptosis model. (a) Some mammalian cell-death 
pathways associated with fractional killing including the stress-induced mitochondrial pathway of apoptosis 
(left panel). The detailed model of this study couples the coarse-grained model of stress-induced adaptation 
module (Eqs. 4a, b) and a published model of the mitochondrial apoptosis initiation  module24 (right panel). 
(b) Death probability as function of the relative stimulus level s/s50 obtained through numerical simulation of 
Eq. (1) with σ = 0.002 , where η is about four-fold higher with adaptation ( β = 1 ) compared to without ( β = 0 ). 
(c–d) Temporal trajectories of x1 and Baxm in the presence or the absence of adaptation (c: β = 1 ; d: β = 0 ). 
Adaptation timescale is set to τ = 1.25hr to match with the timescale of the apoptotic switch (time unit is hour). 
Right panels show a 2D state-space projection of the high-dimensional dynamics with respect to the stable and 
saddle fixed points (brown and white circles) of the deterministic system.
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The stochastic dynamics of this regulatory network coupling an adaptation module and an apoptosis module 
is simulated using again the Langevin formalism of Eq. (1) (see "Methods" section) with fixed σ . Death initiation 
event is assumed to occur when Baxm reaches the neighborhood of the high-level steady-state branch. For large 
number of simulation trials, death probability can be measured as a function of the stress stimulus level, s, for 
distinct adaptation profiles, here with β = 0 or 1 (Fig. 4b). Simulation results reveal that the presence of adapta-
tion leads to a probabilistic response for a broader range of stimulus, which manifests itself by a lower value of 
the derivative of Pdeath with respect to s/s50 associated to a four-fold higher value of η . Such significant difference 
in noise-sensitivity η correlates to well distinct types of dynamical trajectories associated with survival-death fate 
decisions (Fig. 4c–d). For β = 1 , the overshoot response of x1 species leads to a transient increase of Baxm during 
which trajectories finally diverge from each other toward the survival or death attractor (Fig. 4c). This decision 
is made when approaching the unstable saddle equilibria along its stable manifold (right panel of Fig. 4c). For 
β = 0 , the level of Baxm reaches and fluctuates around a steady state of low values, before an eventual noise-
induced switch toward the death state by escaping over the saddle instability along its unstable manifold (Fig. 4d).

The results obtained with a detailed model of apoptosis are thus consistent with those obtained with the model 
Eq. (4) involving a minimal decision module (Fig. 4b similar to Figs. 3a and 4c–d similar to Fig. 3b–c). To obtain 
a similar behavior, it should be noted that (i) adaptation and decision timescales had to be adjusted to each other 
in the detailed model such that the decrease of x1 during the overshoot profile occurs before Baxm reaches its 
upper-branch steady state, and that (ii) the molecular noise impacts more the death species than the adaptive 
species (compare molecular noise of Baxm and x1 in Fig. 4c, d). A further step would thus be to check whether 
these two conditions are fullfiled in the detailed modeling of both the specific signaling pathways producing 
adaptation at the level of damage-repair  pathways47, stress-response  patwhays24 or death-ligand  pathways25,26, 
and of the specific death-regulatory pathways that are triggered by these diverse death-inducing stimuli. In these 
various cases, adaptation and fate decision processes are prone to be implemented by slightly different regulatory 
network topologies which may modulate the timescale and stochastic characteristics of the dynamical response 
and influence the extent of the adaptation-dependent fractional killing.

Theoretical description of stochastic decision properties. We have shown that the sensitivity of 
cell-fate decision to molecular noise depends on the state-space paths taken to reach a saddle instability, along, 
either, its stable manifold or its unstable manifold (Fig. 5a). In order to get further insights into the stochastic 
nonlinear dynamics involved in this process, we develop a perturbation approach in the limit of small noise and 
small stimulus changes for which specific scaling laws η = aσ b have been obtained (Fig. 3d). Scaling analysis 
near instabilities is a common approach to characterize qualitative dynamical behaviors as function of noise, 
timescales and bifurcation parameters (see  textbook42 or some case  study48,49).

In the case of a saddle-collision scenario, perturbed trajectories evolve in the neighborhood of the deter-
ministic trajectory �xc(t, sc) that connects the initial condition �xc(t = 0) = �xst1(s = 0) and the saddle fixed point 
�xc(t → ∞) = �xsad(sc) (Figs. 2d and 3d) and, thus, live on the stable manifold of this saddle W s(�xsad) that 
separates the different fate attractors. Along this singular deterministic trajectory, some local Lyapunov stability 
exponents (i.e., time-dependent eigenvalues of the Jacobian matrix J(�xc(t)) ) become positive such as to amplify 
transverse perturbations due to molecular noise or heterogeneous initial conditions. Mathematically speak-
ing, linearization of Eq. (1a) about �xc(t) defines a class of Langevin equations for the perturbed trajectories 
�y(t) = �x(t, sc + δs, σ)− �xc(t) whose solution can be decomposed as �y(t) = δs �yδs(t)+ σ �yσ (t) where

�(t, t′) is the principal fundamental matrix and �bδs/σ are the normalized stimuli and noise perturbation vectors 
given by: 

(7)�yδs/σ (t) =

∫ t

0
�(t, t′) �bδs/σ (t

′)dt′ .

Figure 5.  From deterministic to stochastic properties of two distinct cell-fate decision scenarios. (a) 
Deterministic decision mechanims in the space of adaptation parameters. (b–c) Corresponding stochastic 
decision mechanisms. (d) Qualitative change of fractionality index.
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 To compute the fractionality index η , the key statement is that fate decisions (resp., probability) are determined by 
the deviation (resp., distribution) of trajectories onto the normal direction yN of the (N − 1)-dimensional stable 
manifold of the saddle. The mean and variance of the normal distribution P(yN , t) evolves in time until the deci-
sion time t∗ at which the distribution splits and many trajectories leave the neighborhood of �xc(t) (Fig. 5b). Rewrit-
ing Eq. (2) as PD =

∫

R+ P(yN , t
∗)dyN and decomposing dPDds = ( dPD

d�yN �
)(

d�yN �
ds ) = (2πσ 2�y2N ,σ �)

−1/2(�yN ,δs�) , we 
can derive the following expression for η:

This formula shows an asymptotic scaling law η ∝ σ (Figs. 3d and 5d) while the prefactor depends in a sophisti-
cated manner on the local stability properties (via � ) and sensitivity properties (via �b ) of the transient trajectory. 
A similar derivation in the 1D case has been previously performed to show that this scaling law also depends on 
the speed of the trajectory toward the saddle  instability48.

The sensitivity to noise is very different in the other scenario of noise-induced escape from a stable state ( �xst1 ) 
over a saddle barrier ( �xsad ), which is a very common behavior associated with the escape from  metastability49,50. 
For this decision-making regime, an effective potential U, a potential barrier �(s) = U(�xsad(s))− U(�xst1(s)) 
and a Kramers escape rate rK (s) ∝ exp (2�(s)/σ 2) can be usually defined, even for multi-dimensional systems 
and multiplicative  noise51 (Fig. 5c). Given a fate-decision probability PD(t) ≈ 1− exp (−rK t) , the fractionality 
index can be derived and approximated as :

For the one-dimensional model of bistability used in Eq. (4c), the particular scaling relation s50 ∂s� ∼ σ 0.8 (as 
the threshold s50 depends on σ ) leads to the scaling law η ∝ σ 1.2 obtained in Fig. 3d.

To conclude, these very distinct formulas for η highlight that the conversion of intracellular fluctuations into 
heterogeneous cellular fate response sharply differ depending on the transition scenario. The saddle-collision 
scenario is characterized with the amplification of small perturbations due to the local instability of trajectories 
when approaching the saddle state during the overshoot of decision variables (e.g., x3 or Baxm ). In contrast, the 
more common scenario of a noise-induced escape from a metastable state does not display this amplification 
mechanism, while the transition rate rK is very sensitive to stimulus level due to the exponential-like dependency 
on the saddle barrier height.

Discussion
The present modeling study deciphers the role of adaptation dynamics in promoting cell-fate heterogeneity 
associated for instance with the fractional killing behavior. A common property of adaptation is the transient 
overshoot of some cellular variables above its steady state value, which can be implemented by diverse circuit 
 topologies32 and which is subjected to tradeoffs associated with homeostatic or sensory  process33,34,52,53. In addi-
tion, we propose that this transient overshoot dynamics can also significantly impact fate-switching behaviors, 
so as to extend the stimulus range of fate heterogeneity and to allow for tunable fate probability. This adaptation-
dependent fate stochasticity relies on the manner how the overshoot of some intracellular species drive cell state 
in the neighborhoohd of a saddle instability, rather than a saddle-node instability, along a path where molecular 
noise are more prone to promote divergent decisions. This noise-amplification behavior illustrates how molecu-
lar noise and instability mechanisms can cooperate to shape cellular dynamics, like genetic  timers54, boundary 
 formation55 or versatile sensory  processing56.

The biological relevance of the proposed mechanism is most likely in a context of fractional killing for which 
the choice between life and death depends on adaptation processes. The timescales of those adaptation responses 
range from half an hour to few hours depending on stress type and regulatory  mechanisms47,57,58 which is of the 
range of magnitude of the initiator caspase rise time and death onset timing. Moreover, noise-induced fate het-
erogeneity is the most effective when fluctuating variables are those involved in the positive feedback that triggers 
death initiation. This requirement is consistent with modeling evidences that variability in diverse regulatory 
molecules can contribute in very different ways to variability in cell death  outcomes20 and that the main contri-
butions seem to occur in the initial decision commitement phase, whether it is at the level of the fluctuations of 
short-lived antiapoptotic  proteins22 or the stochastic assembly of DISC/RIPoptosome  platform23. The manner 
how cell fate is determined by the impact of these fluctuations at the level of concentration trajectories has been 
also  investigated24,25,27. In relation to these studies, our study presents a broad and comprehensive view of this 
cooperative process and, thus, provides strategies, by monitoring transient characteristics, to either increase or 
reduce fractional killing.

The profile characteristics of adaptation dynamics, such as the ratio between its maximal and steady-state val-
ues, are highly sensitive to the temporal profile of the stimulus. Ramp increase of a stimulus or a preconditioning 

(8a)bδs,i(t) =
∑

j

νji
∂aj

∂s
(�xc(t))

(8b)bσ ,i(t) =
∑

j

νji

√

aj(�xc(t))ξ̃j(t) .

(9)η =

√

π

2

√

�yN ,σ (t∗)2�

s50�yN ,δs(t∗)�
σ .

(10)η =

(

s50 ln 2

rK

drK

ds

)−1

≈
σ 2

(2 ln 2) s50 ∂s�
.
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stimuli are known to reduce the transient overshoot behavior. This feature has been exploited to test the role 
of adaptation in oxidative stress response of  yeast59, the osmotic stress response of  yeast60 or ethanol stress in 
 Bacillus61. In case of stress-induced fate response, monitoring the stress stimulus profile would therefore be 
expected to modulate not only threshold stimulus level ( s50 ), but also the degree of heterogeneity of the response 
( η ). This provides a practical mean to test the role of adaptation for cell-fate heterogeneity, and to design dose 
delivery protocols of treatment to cope with fractional killing of cancer cells or microbial organisms.

It is tempting to extrapolate the biological relevance of such adaptation-dependent mechanism beyond the 
scope of fractional killing and transient adaptation dynamics. The mechanism itself only requires a regulatory 
network featured with an upsteam overshoot response and a downstream switching response, which could be 
implemented by diverse network topologies and in diverse cell-fate contexts. For instance, overshoot dynamics 
can also occur in regulatory systems comprising incoherent feedforward  loops32, but also in excitable or pulsatile 
systems combining negative and positive feedback loops. For the latter case, numerous signaling pathways, such 
as P53, Erk or NF-κ B, display a versatile pulsatile dynamics, which has been proposed to expand signal-pro-
cessing capabilities and determine cell fate  accordingly14,15. In relation to our result, the transient and stochastic 
characteristics of these signaling dynamics may also suggest a role for promoting cell-fate heterogeneity. This 
is supported by some experimental evidences that have mapped the cell-cell variability of the pulsing dynam-
ics of  Erk10,11,  p5362,63, β-catenin13 and NF-κB12 with the heterogeneity of cell-fate outcomes. Data-driven and 
fine-grained modeling of specific dynamic signaling and fate-regulatory  pathways11,20,62,64 are definitively the 
step further to evaluate on a case-by-case basis to which extent transient adaptation or pulsing dynamics may 
contribute, fortuitously or functionally, to cell-fate heterogeneity.

Methods
Coarse‑grained model. The set of regulatory reactions depicted in Fig. 3a consists in the following basal/
regulated synthesis terms and basal/regulated degradation terms: 

 which can be translated into a system of differential equations using the law of mass action : 

 To obtain the set of Eq. (4), we perform a nondimenzionalization procedure to reduce the number of parameters 
and to define effective parameters that control separately different features of the dynamics such as response 
timescales, transient nonlinear response and steady states. Accordingly, we have introduced dimensionless time 
t̃ , concentration xi and stimulus s and defined rescaling variables ( Xi,0 , S0 ) and aggregate parameters ( τi , β and 
ki ), as the following: 

 These changes of variables and parameters simplify Eq. (12) into Eq. (4) where dimensionless time t̃ is noted t 
again for simplicity. The chemical Langevin equation associated to Eq. (4) is also characterised with a rescaled 
noise σ = (�d3X0)

−1/2 where � is the system size and Xi,0 ≡ X0 ∀i . Finally, reaction rates and stoichiometry 
matrices are given by:

where k1 = 0.9 , k2 = 0.056 , k3 = 1 , k4 = 0.2 , τ1 = 0.1 , while β and τ are varied.

Detailed model. Equations and parameters of the biochemical reaction model of apoptosis initiation have 
been taken  from24. From the original model, the equations for CIAP, p53 and Mdm2 have been removed and the 
equation for Bh3T has been changed to incorporate activation by x1 and to display a slower response:

(11a)b1
→ X1 ;

bS1S
→ X1 ;

b2
→ X2 ; X1

b12
→ X2 + X1 ; X1

b13
→ X3 + X1 ;

b33fh(X3,K3)
−−−−−−−→ X3

(11b)X1 + X2
d1
→ X2 ; X2

d2
→ ⊘ ; X3

d3
→ ⊘ ,

(12a)Ẋ1 = b1 + bS1S − d1X2X1 ,

(12b)Ẋ2 = b2 + b12X1 − d2R ,

(12c)Ẋ3 = b13X1 + b33
X2
3

K3 + X2
3

− d3X3 .

(13a)t̃ = t d3 ; xi = Xi/Xi,0 ; s = S/S0

(13b)X1,0 =
k2d3X3,0

b13
; X2,0 =

b12X1,0 + b2

d2
; X3,0 =

b33

d3
; S0 =

d1X1,0X2,0 − b1

bS1

(13c)τ =
d3

d2
; τ1 =

d3

d1X2,0
; k1 = 1−

b1

d1X1,0X2,0
; β =

b12X1,0

d2X2,0
; k3 =

K3

X2
3,0

.

(14)

�a =

[

1− k1

τ1
,
k1s

τ1
,
x1x2

τ1
,
1− β

τ
,
βx1

τ
,
x2

τ
, k2x1,

k3x
2
3

k4 + x23
, x3

]T

; ν =

[

1 1 − 1 0 0 0 0 0 0
0 0 0 1 1 − 1 0 0 0
0 0 0 0 0 0 1 1 − 1

]
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The corresponding Langevin equation (Eq. 1) considers the following state vectors, reaction rate vectors and 
stoichiometry matrix:

where ksBH3 = 0.025 , ks2 = 0.02 ks3 = kdBH3 = 0.25 , kaC8 = 0.03 , kiC8 = 0.1 , kf 1 = 1 , kf 2 = 300 , kb = 2 , 
kasXC = 9000 , kdsXC = 0.05 , kasHC = 1000 , kdsXC = 0.01 , [BaxT] = 1 and [BclT] = 0.85.

Numerical simulation and dynamical analysis. For both models, numerical integation of Langevin 
equations are performed with 4th-order Runge-Kutta method and probability distribution PD(s) are plotted 
with a statistics of 2000 trials with a measurement time of t∗ = 500 . η is computed by interpolating PD(s) and 
approximating ∂sPD(s50) ≈ 0.4

s70−s30
 where PD(sx) = x/100 . State-space trajectories are represented in some rel-

evant subspace of the state space where the steady states �xst/sad/sn satisfying f (�x) = 0 are represented by the con-
ventional filled/empty/half-empty circles. The steady-state branches �xst/sad(s) are also represented for the sake 
of comparison for different parameter values. The set of mathematical notations used are given in the Table 1.

Received: 29 April 2020; Accepted: 22 September 2020

References
 1. Johnston, R. J. Jr. & Desplan, C. Stochastic mechanisms of cell fate specification that yield random or robust outcomes. Annu. Rev. 

Cell Dev. Biol. 26, 689–719 (2010).
 2. Veening, J.-W., Smits, W. K. & Kuipers, O. P. Bistability, epigenetics, and bet-hedging in bacteria. Annu. Rev. Microbiol. 62, 193–210 

(2008).
 3. Simons, B. D. & Clevers, H. Strategies for homeostatic stem cell self-renewal in adult tissues. Cell 145, 851–862 (2011).
 4. Pisco, A. O. et al. Non-darwinian dynamics in therapy-induced cancer drug resistance. Nat. Commun. 4, 2467 (2013).
 5. Losick, R. & Desplan, C. Stochasticity and cell fate. Science 320, 65–68 (2008).
 6. Balázsi, G., van Oudenaarden, A. & Collins, J. J. Cellular decision making and biological noise: From microbes to mammals. Cell 

144, 910–925 (2011).
 7. Urban, E. A. & Johnston, R. J. Jr. Buffering and amplifying transcriptional noise during cell fate specification. Front. Genet. 9, 591 

(2018).
 8. Schultz, D. et al. Turning oscillations into opportunities: Lessons from a bacterial decision gate. Sci. Rep. 3, 1668 (2013).
 9. Imayoshi, I. et al. Oscillatory control of factors determining multipotency and fate in mouse neural progenitors. Science 342, 

1203–8. https ://doi.org/10.1126/scien ce.12423 66 (2013).
 10. Albeck, J. G., Mills, G. B. & Brugge, J. S. Frequency-modulated pulses of ERK activity transmit quantitative proliferation signals. 

Mol. Cell 49, 249–261 (2013).
 11. Ryu, H. et al. Frequency modulation of ERK activation dynamics rewires cell fate. Mol. Syst. Biol. 11, 838 (2015).
 12. Zhang, Q. et al. NF-κ B dynamics discriminate between TNF doses in single cells. Cell Syst. 5, 638–645 (2017).
 13. Kroll, J. R., Tsiaxiras, J. & van Zon, J. S. Variability in β-catenin pulse dynamics in a stochastic cell fate decision in C. elegans. Dev. 

Biol. 461, 110–123 (2020).
 14. Levine, J. H., Lin, Y. & Elowitz, M. B. Functional roles of pulsing in genetic circuits. Science 342, 1193–1200 (2013).
 15. Isomura, A. & Kageyama, R. Ultradian oscillations and pulses: Coordinating cellular responses and cell fate decisions. Development 

141, 3627–3636 (2014).
 16. Pujadas, E. & Feinberg, A. P. Regulated noise in the epigenetic landscape of development and disease. Cell 148, 1123–1131 (2012).
 17. Antolović, V., Lenn, T., Miermont, A. & Chubb, J. R. Transition state dynamics during a stochastic fate choice. Development 146, 

https ://doi.org/10.1242/dev.17374 0 (2019).
 18. Pfeuty, B. & Kaneko, K. Requirements for efficient cell-type proportioning: Regulatory timescales, stochasticity and lateral inhibi-

tion. Phys. Biol. 13, 026007. https ://doi.org/10.1088/1478-3975/13/2/02600 7 (2016).
 19. Spencer, S. L., Gaudet, S., Albeck, J. G., Burke, J. M. & Sorger, P. K. Non-genetic origins of cell-to-cell variability in TRAIL-induced 

apoptosis. Nature 459, 428–432. https ://doi.org/10.1038/natur e0801 2 (2009).
 20. Gaudet, S., Spencer, S. L., Chen, W. W. & Sorger, P. K. Exploring the contextual sensitivity of factors that determine cell-to-cell 

variability in receptor-mediated apoptosis. PLoS Comput. Biol. 8, e1002482 (2012).
 21. Ooi, H. K. & Ma, L. Modeling heterogeneous responsiveness of intrinsic apoptosis pathway. BMC Syst. Biol. 7, 65 (2013).
 22. Bertaux, F., Stoma, S., Drasdo, D. & Batt, G. Modeling dynamics of cell-to-cell variability in TRAIL-induced apoptosis explains 

fractional killing and predicts reversible resistance. PLoS Comput. Biol. 10, e1003893 (2014).
 23. Matveeva, A. et al. Heterogeneous responses to low level death receptor activation are explained by random molecular assembly 

of the caspase-8 activation platform. PLoS Comput. Biol. 15, e1007374 (2019).

(15)
d[Bh3T]

dt
= ksBH3 + ks2 x1 + ks3[C8] − kdBH3[Bh3T]

(16)
�x = [x1, x2, [Bh3T], [C8], [BaxmT], [Baxm : Bcl], [Bh3 : Bcl])T ; �y = [[BaxT] − x5, x5 − x6, x3 − x7, [BclT] − x5 − x6]

T

(17a)a1,.,12 =

[

1− k1

τ1
,
k1s

τ1
,
x1x2

τ1
,
1− β

τ
,
β x1

τ
,
x2

τ
, ksBh3, ks2 x1, ks3 x4, kdBh3 x3, kaC8, kiC8 x4

]T

(17b)a13,.,20 =
[

kf 1 y1, kf 2 y3 y1, kb x5, kasXC y4 y2, kdsXC x6, kb x6, kasHC y4 y3, kdsHC x7
]T

(18)

ν =

















1 1 − 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 1 1 − 1 0 0 0 0 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 1 1 1 − 1 0 0 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 1 − 1 0 0 0 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 1 1 − 1 0 0 0 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 − 1 − 1 0 0
0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1 − 1

















https://doi.org/10.1126/science.1242366
https://doi.org/10.1242/dev.173740
https://doi.org/10.1088/1478-3975/13/2/026007
https://doi.org/10.1038/nature08012


12

Vol:.(1234567890)

Scientific Reports |        (2020) 10:17429  | https://doi.org/10.1038/s41598-020-74238-y

www.nature.com/scientificreports/

 24. Ballweg, R., Paek, A. L. & Zhang, T. A dynamical framework for complex fractional killing. Sci. Rep. 7, 8002. https ://doi.org/10.1038/
s4159 8-017-07422 -2 (2017).

 25. Roux, J. et al. Fractional killing arises from cell-to-cell variability in overcoming a caspase activity threshold. Mol. Syst. Biol. 11, 
803. https ://doi.org/10.15252 /msb.20145 584 (2015).

 26. Schleich, K. et al. Molecular architecture of the DED chains at the DISC: Regulation of procaspase-8 activation by short DED 
proteins c-FLIP and procaspase-8 prodomain. Cell Death Differ. 23, 681–694 (2016).

 27. Paek, A. L., Liu, J. C., Loewer, A., Forrester, W. C. & Lahav, G. Cell-to-cell variation in p53 dynamics leads to fractional killing. 
Cell 165, 631–642 (2016).

 28. Ak, P. & Levine, A. J. p53 and NF-κ B: different strategies for responding to stress lead to a functional antagonism. FASEB J. 24, 
3643–3652 (2010).

 29. Fulda, S., Gorman, A. M., Hori, O. & Samali, A. Cellular stress responses: cell survival and cell death. Int. J. Cell Biol. 2010, 214074 
(2010).

 30. Hotamisligil, G. S. & Davis, R. J. Cell signaling and stress responses. Cold Spring Harb. Perspect. Biol. 8, a006072 (2016).
 31. Buchbinder, J. H., Pischel, D., Sundmacher, K., Flassig, R. J. & Lavrik, I. N. Quantitative single cell analysis uncovers the life/death 

decision in cd95 network. PLoS Comput. Biol. 14, e1006368 (2018).
 32. Ma, W., Trusina, A., El-Samad, H., Lim, W. A. & Tang, C. Defining network topologies that can achieve biochemical adaptation. 

Cell 138, 760–773 (2009).
 33. Szekely, P., Sheftel, H., Mayo, A. & Alon, U. Evolutionary tradeoffs between economy and effectiveness in biological homeostasis 

systems. PLoS Comput. Biol. 9, e1003163. https ://doi.org/10.1371/journ al.pcbi.10031 63 (2013).
 34. Jia, C. & Qian, M. Nonequilibrium enhances adaptation efficiency of stochastic biochemical systems. PloS ONE 11, e0155838 

(2016).
 35. Tian, T. & Burrage, K. . Stochastic models for regulatory networks of the genetic toggle switch. Proc. Natl. Acad. Sci. USA 103, 

8372–8377 (2006).
 36. Shu, C.-C., Chatterjee, A., Dunny, G., Hu, W.-S. & Ramkrishna, D. Bistability versus bimodal distributions in gene regulatory 

processes from population balance. PLoS Comput. Biol. 7, e1002140 (2011).
 37. Thomas, P. ., Popović, N. & Grima, R. Phenotypic switching in gene regulatory networks. Proc. Natl. Acad. Sci. USA 111, 6994–6999 

(2014).
 38. Ge, H., Qian, H. & Xie, X. S. Stochastic phenotype transition of a single cell in an intermediate region of gene state switching. Phys. 

Rev. Lett. 114, 078101 (2015).
 39. Hortsch, S. K. & Kremling, A. Characterization of noise in multistable genetic circuits reveals ways to modulate heterogeneity. 

PLoS ONE 13, e0194779 (2018).
 40. Gillespie, D. T. The chemical langevin equation. J. Chem. Phys. 113, 297–306 (2000).
 41. Grima, R., Thomas, P. & Straube, A. V. How accurate are the nonlinear chemical Fokker–Planck and chemical langevin equations?. 

J. Chem. Phys. 135, 084103 (2011).
 42. Berglund, N. & Gentz, B. Noise-induced phenomena in slow-fast dynamical systems: A sample-paths approach (Springer, Berlin 

2006).
 43. Labavić, D., Ladjimi, M. T., Thommen, Q. & Pfeuty, B. Scaling laws of cell-fate responses to transient stress. J. Theoret. Biol. 478, 

14–25 (2019).
 44. Fuchs, Y. & Steller, H. Live to die another way: Modes of programmed cell death and the signals emanating from dying cells. Nat. 

Rev. Mol. Cell Biol. 16, 329–344 (2015).
 45. Green, D. R. & Llambi, F. Cell death signaling. Cold Spring Harb. Perspect. Biol. 7, a006080 (2015).
 46. Jeng, P. S., Inoue-Yamauchi, A., Hsieh, J. J. & Cheng, E. H. Bh3-dependent and independent activation of BAX and BAK in mito-

chondrial apoptosis. Curr. Opin. Physiol. 3, 71–81 (2018).
 47. Guilbert, M., Anquez, F., Pruvost, A., Thommen, Q. & Courtade, E. Protein level variability determines phenotypic heterogeneity 

in proteotoxic stress response. FEBS J., https ://doi.org/10.1111/febs.15297  (2020).
 48. Pfeuty, B. & Kaneko, K. Reliable binary cell-fate decisions based on oscillations. Phys. Rev. E 89, 022707. https ://doi.org/10.1103/

PhysR evE.89.02270 7 (2014).
 49. Herbert, C. & Bouchet, F. Predictability of escape for a stochastic saddle-node bifurcation: When rare events are typical. Phys. Rev. 

E 96, 030201 (2017).
 50. Hanggi, P. Escape from a metastable state. J. Stat. Phys. 42, 105–148 (1986).
 51. Rosas, A., Lindenberg, K. & Pinto, I. L. D. Kramers’ rate for systems with multiplicative noise. Phys. Rev. E 94, 012101 (2016).
 52. Lan, G., Sartori, P., Neumann, S., Sourjik, V. & Tu, Y. The energy-speed-accuracy trade-off in sensory adaptation. Nat. Phys. 8, 

422–428 (2012).
 53. Olsman, N. et al. Hard limits and performance tradeoffs in a class of antithetic integral feedback networks. Cell Syst. 9, 49–63 

(2019).
 54. Turcotte, M., Garcia-Ojalvo, J. . & Süel, G. . M. . A genetic timer through noise-induced stabilization of an unstable state. Proc. 

Natl. Acad. Sci. USA 105, 15732–15737 (2008).
 55. Perez-Carrasco, R., Guerrero, P., Briscoe, J. & Page, K. M. Intrinsic noise profoundly alters the dynamics and steady state of 

morphogen-controlled bistable genetic switches. PLoS Comput. Biol. 12, e1005154 (2016).
 56. Salvi, J. D., Maoiléidigh, D. Ó. & Hudspeth, A. Identification of bifurcations from observations of noisy biological oscillators. 

Biophys. J. 111, 798–812 (2016).
 57. Kuehne, A. et al. Acute activation of oxidative pentose phosphate pathway as first-line response to oxidative stress in human skin 

cells. Mol. Cell 59, 359–371. https ://doi.org/10.1016/J.MOLCE L.2015.06.017 (2015).
 58. Zhang, C.-S. et al. Fructose-1, 6-bisphosphate and aldolase mediate glucose sensing by AMPK. Nature 548, 112–116 (2017).
 59. Goulev, Y. et al. Nonlinear feedback drives homeostatic plasticity in H2O2 stress response. Elife 6, 1–33. https ://doi.org/10.7554/

eLife .23971  (2017).
 60. Mitchell, A., Wei, P. & Lim, W. A. Oscillatory stress stimulation uncovers an achilles’ heel of the yeast MAPK signaling network. 

Science 350, 1379–1383 (2015).
 61. Young, J. W., Locke, J. C. & Elowitz, M. B. Rate of environmental change determines stress response specificity. Proc. Natl. Acad. 

Sci. USA 110, 4140–4145 (2013).
 62. Moenke, G. et al. Excitability in the p53 network mediates robust signaling with tunable activation thresholds in single cells. Sci. 

Rep. 7, 46571 (2017).
 63. Yang, H. W., Chung, M., Kudo, T. & Meyer, T. Competing memories of mitogen and p53 signalling control cell-cycle entry. Nature 

549, 404–408 (2017).
 64. Pfeuty, B. A computational model for the coordination of neural progenitor self-renewal and differentiation through Hes1 dynam-

ics. Development 142, 477–485 (2015).

https://doi.org/10.1038/s41598-017-07422-2
https://doi.org/10.1038/s41598-017-07422-2
https://doi.org/10.15252/msb.20145584
https://doi.org/10.1371/journal.pcbi.1003163
https://doi.org/10.1111/febs.15297
https://doi.org/10.1103/PhysRevE.89.022707
https://doi.org/10.1103/PhysRevE.89.022707
https://doi.org/10.1016/J.MOLCEL.2015.06.017
https://doi.org/10.7554/eLife.23971
https://doi.org/10.7554/eLife.23971


13

Vol.:(0123456789)

Scientific Reports |        (2020) 10:17429  | https://doi.org/10.1038/s41598-020-74238-y

www.nature.com/scientificreports/

Acknowledgements
This work has been supported by the LABEX CEMPI (ANR-11-LABX-0007) and by the Ministry of Higher 
Education and Research, Hauts de France council and European Regional Development Fund (ERDF) through 
the Contrat de Projets Etat-Region (CPER Photonics for Society P4S).

Author contributions
B. P. and Q.T. conceived and conducted the research, J.H., D.L. and B.P. performed simulations and analyzed the 
model, B.P. wrote the main manuscript text. All authors reviewed the manuscript.

Competing interests 
The authors declare no competing interests.

Additional information
Correspondence and requests for materials should be addressed to B.P.

Reprints and permissions information is available at www.nature.com/reprints.

Publisher’s note Springer Nature remains neutral with regard to jurisdictional claims in published maps and 
institutional affiliations.

Open Access This article is licensed under a Creative Commons Attribution 4.0 International 
License, which permits use, sharing, adaptation, distribution and reproduction in any medium or 

format, as long as you give appropriate credit to the original author(s) and the source, provide a link to the 
Creative Commons licence, and indicate if changes were made. The images or other third party material in this 
article are included in the article’s Creative Commons licence, unless indicated otherwise in a credit line to the 
material. If material is not included in the article’s Creative Commons licence and your intended use is not 
permitted by statutory regulation or exceeds the permitted use, you will need to obtain permission directly from 
the copyright holder. To view a copy of this licence, visit http://creat iveco mmons .org/licen ses/by/4.0/.

© The Author(s) 2020

www.nature.com/reprints
http://creativecommons.org/licenses/by/4.0/

	Theoretical study of the impact of adaptation on cell-fate heterogeneity and fractional killing
	Results
	Stochastic modeling framework for probabilistic fate decisions. 
	Adaptation dynamics enforces a saddle-collision mechanism for decision making. 
	Adaptation dynamics promotes heterogeneous cell-fate decisions. 
	Adaptation dynamics contributes to fractional killing in an apoptosis model. 
	Theoretical description of stochastic decision properties. 

	Discussion
	Methods
	Coarse-grained model. 
	Detailed model. 
	Numerical simulation and dynamical analysis. 

	References
	Acknowledgements


