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Abstract

Molecular switches are fundamental building
blocks in many biophysical processes. These
switches arise from dissimilar molecular inter-
actions, affected by intrinsic and extrinsic noise,
but exhibit a common ON-OFF behavior that suf-
fices for signal transduction, amplification, and
relay. Such repertoires of different mechanisms
pose a fundamental question: which mechanisms
in a noisy environment confer ultrasensitivity as a
switch while also ensuring robust decoding of the
concentration threshold required for information
interpretation? In this paper, we design molecular
switches based on molecular-exchange mecha-
nisms (MEM) and dimeric ligand formation, com-
prising reversible interactions, and compare them
stochastically with other switch-forming mech-
anisms. Our results reveal that the MEM and
Dimer mechanisms exhibit improved robustness
of the threshold against noise and appear less un-
certain if assessed information-theoretically. This
superiority is reflected in their switch-like behav-
ior, making them less prone to flipping states in
noisy environments. Extending beyond single-
switch comparisons, we also explore alternative
switch cascades and assess their performance
against noise. Alongside this, the continuing ex-
pansion of this work is transformed to a Physics-
Informed Neural Network (PINN) form that can
predict switching behavior for variation in input
signal. More importantly, the PINN-switch can
ensure that any agentic-Al driven design adheres
to the biological and physical constraints indis-
pensable in a molecular switch. Insights from this
study may be helpful in drug design and synthetic
circuits aimed at therapeutics and other aqueous
applications.
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1. Introduction

Molecular switches are indispensable in biological func-
tions (Simons et al., 2005; Furriols & Bray, 2001; Fishel,
1998) that require cell-cell communication, information
transmission, and cells’ responses to intrinsic and extrinsic
changes. For instance, ligand-receptor interaction activates
downstream phosphorylation (Furriols & Bray, 2001; Weiss
& Attisano, 2013; Umulis et al., 2009), which subsequently
contributes to the cascades of switches in transcriptional
and post-transcriptional events. In gene regulation, switches
turn on and off transcription and translation processes based
on a threshold of a transcription factor, with subsequent
regulation by other factors, including microRNA (Zhang
et al., 2013). Evidence suggests that aberrant functioning
of molecular switches is responsible for diseases and can
affect essential processes, including bistability, oscillations
and roles in circadian clocks (Del Olmo et al., 2024).

Molecular switches are also crucial in drug design and smart
therapeutics. A specific example is the BCR-tyrosine ki-
nase switch in chronic myeloid leukemia, where correcting
the underlying switch mechanism can reduce disease sever-
ity (Deininger et al., 2000). A good switch is ultrasensitive
to small changes in concentration or stimuli (Ferrell & Ha,
2014). However, low-concentration interactions are subject
to intrinsic noise (Raser & O’shea, 2005; Plesa et al., 2018;
Blake et al., 2003) that a molecular mechanism must mit-
igate—a counterintuitive problem for the good molecular
switch, which remains elusive and is of primary interest in
this study. Besides, switch-forming interactions at differ-
ent layers of cascades differ considerably (Ghusinga et al.,
2021), suggesting a probable evolutionary role for context-
specific switch preferences and their in vivo functional re-
quirements.

Among alternative switching mechanisms, such as cova-
lent modification through phosphorylation (Goldbeter &
Koshland Jr, 1981; Dasgupta et al., 2014), is prevalent in
controlling diverse biological functions. Molecular titra-
tion—in the activation of transcription upon binding of a
transcription factor (Brewster et al., 2014) and the subse-
quent activation of post-transcriptional regulation of messen-
ger RNA (mRNA) through microRNA (miRNA) (Mukherji
etal., 2011)—is a standard switch that turns gene expression
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on and off. Titration mechanism (Buchler & Louis, 2008)
is also common in synthetic switch design, as used in the
case of hinge protein design (Praetorius et al., 2023), which,
in the absence or presence of a ligand, switches between
alternative conformations. These mechanisms also have
limitations in explaining switch-like behavior in other con-
texts or in satisfying specific performance objectives. For
instance, Michaelis—Menten kinetics may be insufficient
when substrate binding to the enzyme itself governs the
kinetics of subsequent substrate recruitment (Owen et al.,
2023). In addition, the assumption of irreversibility in the
Michaelis—Menten model is unrealistic, as it fails to account
for the physiological relevance of reversible reactions in bi-
ological functions (Ortega et al., 2002). The reversibility of
reaction is not the only issue; another caveat is the noise aris-
ing from intrinsic and extrinsic factors (Thattai & Van Oude-
naarden, 2001; Plesa et al., 2018; Bialek & Setayeshgar,
2005). Noise may unexpectedly turn a molecular switch
on or off, rendering it ineffective and erroneous (Hu et al.,
2011). Specifically, synthetic circuits used in therapeutics
must demonstrate precision in their stipulated tasks. In gene
regulatory networks, signaling pathways, and neural activ-
ity, noise is detrimental but can also facilitate coordinated
gene expression or support evolutionary transitions (Eldar
& Elowitz, 2010). Many signaling regulators mitigate noise
via feedback or additional interactions, but these circuits
have limits on their ability to reduce noise (Lestas et al.,
2010). Therefore, reversible molecular interactions that re-
duce noise while exhibiting robust, reproducible thresholds
and switch-like behavior are of significant interest.

To address the aforestated limitations, we design molec-
ular switches based on mechanisms observed in dimeric
ligand formation (Little & Mullins, 2009; Karim et al.,
2021; Shimmi et al., 2005) and the exchange between a
receptor (R) and an exchanger (E) via a tripartite complex
(ligand:R:E), which is common in many signaling path-
ways (Umulis et al., 2009; Balemans & Van Hul, 2002). In
silico interrogation, using both stochastic and deterministic
approaches, reveals the proposed switches’ ability to trade
off between the ultrasensitivity of switch-like responses
and noise mitigation for robust threshold formation. These
traits make the dimeric and MEM mechanisms potential
alternatives for synthetic switch design. Beyond this, we
also design switch cascades comprising layers that follow
distinct mechanisms from titration, covalent modification,
MEM, or a dimeric switch architecture. Specifically, it
searches for potential reasons for the evolutionary choices
that underlie the control of many biological functions via
order-specific switch cascades.

While these models, starting from a simple molecular switch
to cellular systems that capture the multiscale response have
significantly strengthened our understanding of cells and
their functions and interactions, they fall short in terms of

predictive power and analysis speed. For instance, compu-
tational models that combine agent-based, stochastic, and
deterministic approaches, though can capture intricate de-
tails of the orchestration happening at different scales, often
suffer from the curse of dimensionality, high nonlinearity,
and more importantly, lack predictive power necessary for
quick hypothesis testing. Specifically, in-silico interroga-
tion, defined as virtual experiments, screens an enormous
hypothesis space comprising order-of-magnitude variations
in one or more perturbagens(Miladinovic et al., 2025). Neu-
ral networks can step in and provide predictability, genera-
tive power, and queryable models—the trio that orchestrates
new experimental designs at an incredibly faster pace. In
line with this, the PINN-switch we design here, when inter-
faced with agentic Al, ensures that machine learning models
obey physical and biological constraints and laws imbued
in synthetic circuit design.

2. Models and Methods

All the deterministic simulations conducted here use Or-
dinary Differential Equation (ODE) models based on
mass-action kinetics. The stochastic analysis uses Gille-
spie’s Stochastic Simulation Algorithm (SSA) (Gillespie,
1976) for approximation of the continuous-time Markov
chain (Van Kampen, 1992), as implemented in Stochkit (Li
et al., 2008) package available in GillesPy2 (Matthew et al.,
2023). The PINN implementation is done using the Deep-
XDE backend (Lu et al., 2021). We provide a concise rep-
resentation of the derivation of the switch formulation, and
a detailed description of the underlying ODEs and other
derivation steps is available in detail in Appendix A.1 and
A3.

2.1. Proposed Molecular Switches

Among the four mechanisms introduced following extracel-
lular and intracellular interactions in a signaling pathway,
the titration and covalent modification cycle switches are
well-studied. We derive the necessary condition and expres-
sion for switch formation using both the dimer and MEM
mechanisms. The details are summarized below (see Ap-
pendix A.1 for details).

2.1.1. MEM SWITCH
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Figure 1. a) Molecular circuitry in signaling pathway: Dimeric ligands produced from monomers are sensed by extracellular receptors.
Activated receptors, regulated by extracellular factors, trigger downstream phosphorylation following covalent modifications. A tran-
scription factor, once bound to the promoter region, initiates transcription, exhibiting switch-like behavior. In the post-transcriptional
phase, miRNAs regulate mRNA translation, exhibiting a switch-like response. b) Mechanisms sandwiched to form switch cascades. c¢)
Molecular interactions of cascades S,z and Sz3. d) Soft to sharp switch that transforms from soft to hard nonlinearity in switching region.

Using mass-action kinetics, the obtained ODEs of MEM formulates as
were solved for steady state to devise the switch forming
equation as follows

([Y] = [XD + V(Y] = [XD? + 16 -y - [XY]?

[xx] = -
—b + +/b? + 4a[R
[NR] = ; [Rror] where a, b are 5
a
kon " H
a=——-:,
A(g + &) 2.2. Stochastic Simulation
NRE NER
b= ! +1+ Kon [E] | kon“A[N] ,and To study how particles evolve in a spatially homogeneous
(¢+8) A Al +¢) chemical system, we apply Gillespie’s Stochastic Simula-
A=KNRE+ kSR + 6 (2)  tion Algorithm (SSA) to each of the four switch models
and assess their fluctuations. The SSA describes the time-
For the detailed derivation on how the Eq. 2 arises and the evolution of N chemical species, S = {S1,Ss, ..., S}, inter-
exact replaceable for ¢ and &, see appendix A.1.1. acting over M different unidirectional chemical reactions,
R ={Ry,Ry,...,Ry}, by approximating the Chemical Mas-
2.1.2. DIMER SWITCH ter Equation (CME) in Eq. 6.
dP(nt) <«
k_y k_ s
1LX +X = XX, 2X +Y = XY, — =2 le@-vi0P(-v,0) - a;(n.0P(n1)]
ki ko j=1
ks (6)
3Y+Y =YY [Xror] = [X] + 2[XX] + XY, . .
ks The number of molecules of each species S; is a set of
[Yror] = [Y] +2[YY] + XY (3) random variables X = {X;,X,,...,Xy}. For example, at

any time, ¢, the number of molecules of S; is Xj.

From steady state analysis, and subsequent simplifications, ~ In Eq. 6, a;(n, t) is the propensity function and v; is the stoi-

we obtain the following quadratic form chiometric vector. The CME determines the probability that
the species Sy, . .., Sy will have certain values X, ..., Xy at

b+ \/(bz +4-a-2y[XY]?) any given time. So, X;(¢) describes the temporal evolution

XX = 2a “ of the species S; over time. The Markovian (memoryless)

property of the SSA ensures that at any point in time, the
where a = 2 and b = [Yror] — [Xtor] — [Y] + [X]. For  prediction of the system’s next state depends only on the
a case Yror = Xror, the threshold concentration of [XX] current number of molecules present (Van Kampen, 1992).
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Figure 2. a) Mean ultrasensitivity for each model averaged over 5 different switch sharpness. b) Spontaneous flip of switch state due to
fluctuations. c) Slope of the line that linearly fits entropy change in the switching region for soft to sharp switches. Here, MEM and Dimer
switch maintain steady slope. d) Entropy change in the switching region and the line fit for the different switches.

2.3. Threshold Assessment: Robustness and Fidelity
Analysis

We tune the error definition between exact and approximate
distributions, as used in (Rijal & Mehta, 2025), to assess
the fidelity of the dynamics of stochastic trajectories. For
the pdfs P; and Q1 of signaling molecule S at time t and
t + At, respectively, the ratio between Jensen-Shannon diver-
gence JSD (P;||Q;+a:) and entropy H(Q;+a;) captures the
uncertainty evolution in time. Precisely, the ratio quantifies
whether uncertainty grows or shrinks within a At interval,
and the formulation goes as follows:

ISD(P1Qr+e) = 5Dkt (PIIR) + > Dks (QIIR),
P+0Q

2
H(P) = ) p(x)log

xeX

where R =

1
p(x)
A(i)
Dxr(A||B) = ) A(i)log —
ki(Al|B) Z (i) log 35
We evaluated the fluctuation of the steady-state threshold af-
ter allowing the dynamics to evolve for long time and used:
1) Coefficient of variations, measured as the ratio between
standard deviation o of species S and its mean g, ii) devia-
tion width (At) distribution that captures a molecular mech-
anism’s tendency to commit smaller At and avoid larger At
in the presence of noise. Here, t;, evaluated every second, is
a flag thatis 1 if S deviates beyond us + fus, and 0 otherwise.
A deviation width of At = 5s needs t; = 1,Vi = {1,2,3,4,5}.

,and

(N

2.4. Ultrasensitivity and Dynamic Range of Switch

In a molecular switch, ultrasensitivity (U) captures the frac-
tional change in the output (Y) induced by a fractional
change in the input (X). The formulation goes as follows

o (AY/Y) _dInX
Ulswiteh) = lim "O%7%) = diny

The response is ultrasensitive if |U(switch)| > 1, and re-
mains linear for |U(switch)| = 1. Here, ultrasensitivity

®)

analysis consider the steady-state data of the species of in-
terest. For the switch cascade comparison, we calculate the
slope AY/AX and the analysis on switching region evaluate
ratio Stimulus, g/Stimulus, o, where @ = 0.1 and § = 0.9
denote the fractional occupancy Y*/Yr at the output of a
switch cascade (see Fig. 1b).

2.5. PINN Implementation

A Physics-Informed Neural Network (PINN) obeys the laws
of physics when solving a set of partial differential equa-
tions, supported by the initial and boundary conditions, by
incorporating the physical laws directly into the loss func-
tions (Raissi, 2018; Raissi et al., 2019; Cuomo et al., 2022).
While the PINN has gained popularity in solving both for-
ward and inverse problems, their utility in predicting bio-
physical switching behavior remains limited (Ji et al., 2021;
Ahmadi Daryakenari et al., 2024a). In contrast, a reliable,
robust PINN implementation of synthetic biological circuits
has the potential to support further experimental design
and computationally efficient exploration of large kinetic
spaces (Liu et al., 2025). For instance, PINN implementa-
tion of Turing Patterns can be used to extract parameters,
that are otherwise difficult to track, for various patterns (Kho
et al., 2022). Thus, the neural network approach can pro-
vide viable predictions for a large array of problems and
free up the computational cost of having to look exhaus-
tively through large parameter spaces (Ahmadi Daryakenari
et al., 2024b; Zhai et al., 2023). As such, we design a PINN
aimed at predicting the switching behavior arising out of a
Chemical Reaction Network (CRN) of a Dimer switch (see
Section 2.1.2). Specifically, the PINN model is trained for
the Dimer ODEs with conservation conditions imposed on
the monomer species Xtor and Yror, as shown in Eq. 3. An-
other factor of key interest when designing a neural network
is the search for an optimal architecture (Cai et al., 2018).
Methods may constitute the automated search for number of
layers, hyperparameters such as the learning rate or number
of units of fully-connected layers (Elsken et al., 2019). A
small scale search for an optimal network architecture in
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Figure 3. a) Mean-subtracted dynamic fluctuation over 2000 trajectories. d) For target threshold 25, 100 molecules, the CV of 5 hours
of steady state data. b) Probability distribution of deviation (At) over 200 hours of steady state data, where At captures continuing
deviation from the target threshold (mean). d) Applying DFT on the steady state signaling obtained using kinetics of the most probable
CV calculated in Fig. 3b. e) Shannon entropy calculated over 2000 trajectories of first 5 minutes and last 5 minutes (inset). f) Fidelity
assessment through JSD/Shannon entropy, anchored at ¢ using dynamic data from 2000 trajectories between t and ¢ + At.

Table 1. Comparison of training time and GPU memory usage
between time-marching models and single PINN model evolved
over one minute. For the time-marching model, we show the
aggregated time of all individual models.

Model Time/hours Memory/MiB
One-Minute Model 1.11 14378
Time-Marching 6.66 86208

modeling the PINN is shown in the schematic in Fig. 4a.
We screen through layer sizes of 3, 4, 5, 6 and 0.6, 0.8 and 1
million training points.

We take 1 million training points selected through Deep-
XDE’s default pseudo-random sampling. As the training
points are sampled once before training starts, training sam-
ples larger than this are memory-intensive. The model pre-
dicts species concentrations with respect to two input di-
mensions: the time domain and the initial amount of the
conserved species Xtor added to the system, i.e., the input
signal to the switch. A 10 minute PINN-predicted trajectory
and the ODE solution of species [XX] are shown in Fig. 4d.

Switch design requires the underlying CRN to equilibrate,
which often becomes computationally intensive due to slow
kinetics. In PINNs, simulations spanning over large time do-

mains lead to error accumulation and inaccurate predictions,
and remains a pertinent issue (Chen et al., 2024). Solutions
such as time-marching (Wight & Zhao, 2020) propose di-
viding the temporal domain into smaller sub-domains but
require training the PINN separately over each sub-unit.
However, as the prediction of a preceding model is used
as the initial condition to the next during training, errors
in predictions can still accumulate over time. We run a
small-scale experiment between time-marching models and
a single PINN to assess the cost incurred. The single PINN
model simply predicts the trajectory of the species in a time
domain of 1 minute. Alternatively, in time-marching the
one minute interval is divided into segments of 10 seconds,
and a single time-marching model M; predicts the dynamics
within that segment. The output of model M;_; becomes
intial condition to model M;. The additional costs incurred
are summarized in Table 1.

We use a tanh activation function and Adam optimizer, and
take a time-domain of 10 minutes, observed from MAT-
LAB’s odel5s solver to be sufficient for the Dimer reaction
network’s specific kinetics to reach steady-state to compute
our switch. Through a network architecture search as shown
in Fig. 4, we select optimal layer sizes and number of train-
ing points. To investigate the effect of increasing layer size
and training points on the predictions, we calculate the L,
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Error following Eq. 9:

L, Error =

&)

where X; and X] are the true output level from odel5s and
predicted output level from PINN for each input signal,
respectively.

3. Results

3.1. Mechanisms that confer robust threshold

In an initial assessment of dynamically evolving fluctua-
tions (Fig. 3a), the dimer and MEM mechanisms restrict
fluctuations more effectively, as evidenced by subtracting
the mean across 2000 trajectories to isolate mean fluctu-
ations at each time point. Subsequently, across an ample
parameter space (Appendix A.2), we calculated the coef-
ficient of variation (CV) from 5 hrs of steady-state data.
We found that the dimer and MEM mechanisms maintain
a narrow CV range across target molecular counts (25 and
100 molecules), as in Fig. 3b. This suggests MEM’s pro-
nounced noise-mitigating ability and better reproducibility
at the target threshold. Stochastic fluctuations drive the sig-
naling level away from the mean p, leading to diminished
control of robustness. Precisely, for reliable functioning of
biological processes (Wright & Mansour, 2003), threshold

mechanisms that activate downstream processes must main-
tain mean signaling p within an acceptable range (p + 0.1p).
Failure leads to errors or process malfunctions (Mariani
et al., 2008; Zinkle & Mohammadi, 2018), necessitating the
deviation from threshold in a noisy environment to be under
exquisite control.

Stochastic interrogation of steady-state data of the switch-
forming mechanisms reveals the superiority of the MEM
mechanism, as shown in Fig. 3c. Precisely, MEM restricts
prolonged deviations and shows a comparatively high prob-
ability for shorter deviations (Fig. 3c), with the covalent
mechanism performing equally well. Using Fourier analysis
for the kinetics that yield the most probable CV, as in Fig. 3b,
we assessed the frequency component of noise associated
with achieving target thresholds. As observed from the pro-
gression of the energy spectral density (ESD) in Fig. 3d,
the MEM and Covalent mechanisms intrinsically exhibit a
substantial high-frequency component while restricting the
prevalence of low-frequency noise. High-frequency noise
arising from a molecular mechanism, if cascaded down to a
relatively slow-timescale molecular process, averages out
fluctuations (Lauffenburger & Linderman, 1996; Karim
et al., 2012). Also, MEM mitigates uncertainty of trajec-
tories, as quantified by the lowest Shannon entropy shown
in Fig. 3e for every time point ¢;. Though MEM dynamics
were comparatively slower, the starting entropy immediately
after t = 0 in all other mechanisms surpasses that of MEM
and holds at steady state as well. Extending the uncertainty
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to fidelity, measured as JSD/H(P) given in Eq. 7, shows
that MEM attains lower error (i.e. higher fidelity) compared
to the rest.

3.2. Switch Performance : Information-theoretic
assessment

Maintaining a switch state unchanged in the presence of
stochastic fluctuations is crucial for the accurate functioning
of biological processes. For instance, an active switch may
be reset to an inactive state due to stochastic fluctuation, as
shown using a box plot in Fig. 2b. Synthetic circuits used in
drug design to control molecular switches must demonstrate
extreme precision to avoid unintended resets. We shed light
on molecular switches designed using MEM, Dimer, Cova-
lent modification, and titration, focusing on their switching
regions, from the sharpest to the softest responses (Fig. 2;
see figures in Appendix A.4). A mean ultrasensitivity, cal-
culated using Eq. 8 across five switch cases, shows that the
dimer is superior and performs equally well when compared
by slope, capturing the rate of change in the Shannon en-
tropy for all switches in the switching region. As observed
for the sharpest switch case, dimer, MEM, and Covalent
switches demonstrate a steady slope of the line fitted for
entropy progression, suggesting a maintenance of order in
contrast to that of titration (blue lines in Fig. 2b, c), exhibit-
ing a sharp increase in entropy in the switching region.

3.3. Robust and reliable switch cascade

Stochastic fluctuations can flip switch states spontaneously,
affecting downstream processes when switches are in a net-
work cascade. We design a set of hypothetical switch cas-
cades (S; j, as in Fig. 1b) to assess whether robust control
and greater reliability in a noisy environment require specific
cascade architectures. Comparing with an activation-type
switch cascade architecture in which receptor activation
turns on a downstream covalent-modification switch, we
show that the MEM mechanism, which turns on the switch,
confers greater sensitivity, control, and uncertainty reduc-
tion. Precisely, the cascade comprising MEM at its outer
layer achieves a sharper response (AY/AX = 1.38) than the
cascade Szp (AY/AX = 0.94) using covalent modification in
its outer layer. The Sy3 cascade exhibits a greater dynamic
range (107 fold) than S,, (81 fold), but is amenable to even
larger fold-increase through kinetic tuning via NRE forma-
tion (see Fig. 5a), inset), suggesting the possibility of greater
control yet with higher sensitivity.

For stochastic trajectories (50 runs) of the rising part of the
sigmoidal, the CV and Shannon entropy at each input point
suggest qualitative performance difference when the MEM
mechanism replaces (Sy3) the input layer in the switch cas-
cade Sy;, designed in (Ghusinga et al., 2021). MEM at the
initial layer introduces comparatively conservative fluctua-

tions (Fig. 5b), measured as the CV, capable of minimizing
unintended turn-on of the output layer. This may contribute
to reliable downstream information transduction, which is
necessary for signaling pathways and synthetic circuits. A
comparison of the rate of change of entropy in switching
region (SR) of S;; and Sy; reveal that MEM (S23) may help
mitigate sharp entropy changes (relates to disorder), quan-
tified in Fig. 5c by the slope of the line fits to the rate of
entropy change. Also, insertion of MEM in S,3 tends to re-
strict the maximum amplitude of the fluctuations of entropy
at the output switch, as depicted in Fig. 5d.

3.4. PINN-based dimer switch

The PINN switch exhibits predictability of the output signal
strength for a variation at the input end. Analysis reveals
that as the number of hidden layers increase, the error be-
tween the predicted output and true output values generally
decreases (see Fig. 4b). Upon selecting a layer size of 6
subsequent exploration searches for the ideal number of
training points, optimizing time, memory usage and L; error.
For instance, increasing the number of training points leads
to improved accuracy (Fig. 4c).

With accurate ODE-based predictability of the dimer CRN
via the PINN-based implementation, we extend it and de-
sign a PINN dimer switch over the input range Xr,;. As
observed, the PINN-switch’s concentration predictions de-
viate in the switching region, specifically the *OFF’ region,
where the PINN’s predictions extend linearly downward into
physiologically unfeasible negative values (see Fig. 4e,f).
Precisely, PINN predictions violate the physical mass-action
properties of the CRN, which we absorb by enforcing a hard
threshold on the switching species’ concentration. We apply
two different approaches: i) Forceful zero-adjustment to neg-
ative values, and ii) Restricting PINN’s predictive domain
using a hard constraint through the ReL U function. Force-
fully converting negative values to 0 post-prediction leads
to a comparable switch formation in Fig. 4e,f (pale yellow
line). Alternatively, to address the negative concentration
issue, we add a hard constraint in the form of a ReLU func-
tion at the neural network’s output layer. The ReLU strictly
maps output values in the range [0, c0), mitigating negative
values for species concentration in the output (Fig. 4g).

4. Discussion

Ultrasensitivity and reliability in a noisy environment are
critical performance criteria for a molecular switch, with
noise playing a paradoxical role in context-specific ways (El-
dar & Elowitz, 2010). Spurred by this, we designed switches
based on MEM and dimer-formation mechanisms and com-
pared them with switches based on covalent modification
and titration mechanisms. Stochastic analysis reveals in-
teresting differences among the mechanisms, with MEM
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Figure 5. a) Switch-like role of from the switch cascades Sy, (blue) and Sz (black), along with the dynamic range (shadow width) and
sensitivity quantification (slope). Broken lines are the response to the stimulus, captured at the intermediate layers. b) Coeff. variation of
S22, S23. ¢-d) Rate of entropy change and its amplitude comparison of Szz, Szs.

Table 2. Quantitative ranking of switch performance metrics: the mechanisms demonstrate context-specificity, but the proposed MEM
and Dimer switches exhibit their strength— specifically, MEM as a mechanism for noise-resilience exhibits its potential. Here, 1 denotes
superior performance, while 0 is inferior. We convert the values to a scale of [0 1] using the formulation (X; —min(X))/(max(X)—min(X)),
where X is the vector of all values for a particular property for all switches. When lower values indicate better performance, we subtract
each value from 1 to treat 1 as the best and O as the worst. The final switch-performance score is the average of all values column-wise.

Here, H(P) is Shannon Entropy, and SR is switching region.

Property Covalent Titration MEM Dimer Rank 1 and Rank 2
Coeff. of Variation 0.365 0 0.312 1 Dimer and Covalent
Deviation Length 0.85 0.98 1 0 MEM and Titration
Frequency Analysis 1 0.5 1 0 MEM and Covalent
Entropy 0.431 0 0.333 1 Dimer and Covalent
JSD/H(P) 0.251 0 0.175 1 Dimer and Covalent
Switch behavior
Ultrasensitivity 0.591 0.769 0 1 Dimer and Titration
Slope of H(P) in SR 0.897 0 0.666 1 Dimer and Covalent
Average Score 0.6 0.3 0.5 0.7 Dimer and Covalent
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A. Appendix
A.1. Models, Reactions and Derivations

A.1.1. MEM CHEMICAL REACTION NETWORK

kNR kNE

rl: N + R==NR, 12 : N + E==NE,
R JNE
ki NER
r3: NR+ E==NRE, 4 : NE + R—=NRE,
k(I:InRE kol\LER

r5: NR,NE,NRE 2 0

[Rror] = [R] + [NR] + [NRE]

In the MEM reaction network, N is the signaling agent, R is the receptor and E is the exchanger molecule. The system of
mass-action based ODEs derived from the reaction network are as follows.

[NR] = kNR[N][R] + kNRE[NRE] — kNR[NR] — kNRE[NR][E] — §[NR]

[NE] = kNE[N][E] + KNER[NRE] — kNE[NE] - kNER[NE] [R] — S[NE]

[NRE] = kNRE[NR][E] + kNER — kNRE[NRE] — kKNER[NRE] — §[NRE]

For the switch derivation we start from the quasi-steady-state of [ NRE].

KNRE[NR][E] + kNER[NE][R]]

[NRE] =0 = [NRE] = NRE ;[ NER ;5 (10)
off off
From the steady state [NE] = 0 we get:
[NE] = KNE[NT + ak)RE[NR] an
Y
where a and y are unitless parameters defined as
" k(l)\?fm ond . kg?fi + 6 — [R] (akDER — gNER
~ INRE , [ NER -
ko + ko +90 LE]
Simplifying further, we get the following expression:
[NE] = A[N] + u[NR] 12)
where A and p are unitless parameters defined as:
A=k ly and p=(akon )y

Plugging in Eq. 10 and 12 into [NR] = 0, we get the expression:

12
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KNR[R] + mAKNER [R]

NR] =
[NE] -
The units 7 and 9 are:
ka}sz S+ k(I,‘LRE [E] + kals - nyngR [R] - ﬂkﬁ,RE [E]
% = NRE L NER and 0= .
KNRE 4 (NER 4 5 [N]

Simplifying further,

kl\LR n/lkl\;ER

[NR] = 09 [R] + 90 [R] = [R](¢ + &) = [R] = [NR]/(¢ + &) (13)

Finally, substituting 13 into the conservation condition, we get the following expression for [NR],

-b+ \lbz + 4a[RTOT]

[NR] =

2a
where a, and b are as follows:
kon A
a=————
A(g+8)
1 kNRE[E KNERATN
b= o1+ Ko LE] kon Al ], A = kNRE + KNER 1 5
(¢+9) A A(g+8) ° ¢
A.1.2. TITRATION CHEMICAL REACTION NETWORK
kon ko
r]:@ir, R:m+r—c r3:c—ﬁ>m+r,
4 r 5 0 50 ¢ 5 0

[mror] = [m] + [c]

The species involved in the miRNA-mRNA CRN are m(miRNA), » (mRNA), and ¢ (mRNA-miRNA complex). The reactions
are represented as the following system of ODE:s.

[r] = B + kotlc] = kon[r][m] = ye[7]
[c] = kon[m][r] = kosr[c] = ye[c]

Solving for the steady state [r] = [¢] = 0, we get the following expressions for [c]:

_ B —yelr] _ kon[r] [mToT]
[c] = e and [c] = Ko + 7o + kanlr] (14)

Defining two new parameters, and equating the expressions in Eq. 14:

13
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[F2+[r](A+0—r)) —Arg =0 (15)

Finally, solving the quadratic equation in Eq. 15 we obtain the following expression for the Titration switch.

(ro—A—=0) +/(ro = A= 0)% + 4r,

[r] = 2
A.1.3. DIMER CHEMICAL REACTION NETWORK
k1 k_p k-3
rl : X + X = XX, n:X+Y = XY, nP:Y+Y=YY
k1 ky ks

[Xtor] = [X] + 2[XX] + XY
[Yror] = [Y] +2[YY] + XY

X, Y are monomers, XX, YY are homodimers, and XY is a heterodimer. The following ODEs represent the Dimer reaction
network.

[XX] = ki [X][X] = k-1 [XX]
[XY] = ke [X][Y] — k-2 [XY]
[YY] = ks [Y][Y] = k-5 [YY]

From the conservation conditions, we obtain the following expression.

2[XX] = [Xtor] — [Yror] — [X] + [Y] + 2[YY] (16)

At steady state, [XX] = [XY] = 0. Following this, we have the expressions for [X]? and [Y].

[X]? = kip[XX] (17)
[v] = ST (18)

Here, kip and k,p are the dissociation rate constants for for [XX], [XY].

We plug in Eq. 17 into the steady state [YY] = 0.

[YY] = k3a[Y]% (k3 = ks/k_3) (19)
[YY] = y[XY]?/[XX]% (y = k3a - K3 /kiD) (20)

Substituting the expression in Eq. 19 into Eq. 16, we get the quadratic expression as follows.

—b++/(b*+4-a-2y[XY]?)
2a

XX = 2n

14
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where a and b are:

a=2 b = [Yror] = [Xror] = [Y] + [X]

When Yror = Xtor, the threshold concentration of [XX] is as follows.

([Y] = [XD) + V(Y] = [XD? + 16 -y - [XY]?
4

[XX] =

A.1.4. COVALENT MODIFICATION CYCLE REACTION NETWORK

In the following reactions, E and F are enzymes, Sy is the unmodified substrate, S; is the modified substrate, ES and FS are
enzymatic intermediates.

k1 kz
rl :E+ Sy = ES 2:ES—E+ 5
k1
k,3 k4
3:F+S = FS r4:FS— F+S5,

k3

The mass-action based ODEs for the Covalent Modification cycle is shown.

[ES] = ki[So][E] = k_1[ES] — k2 [ES]
[FS] = ks[F1[S1] — k—3[FS] — k4[FS]
Sol = k_1[ES] + k4[FS] — k1 [E] [So]
[S1] = k2 [ES] + k_3[FS] — ks[F][S1]

A.1.5. SWITCH CASCADE MODELS

The ODEs for the S,, switch cascade are as follows.

[X*] = ki [S1[X] = Kz [X"]
[Y*] = (ks + ks[X*])[Y] = ka[ Y]

The conservation conditions Xtor = X + X* and Yror = Y + Y™ are applied.

The ODEs for the S,3 switch cascade are as follows.

[R] = k_1[NR] + k_4[NRE] — k; [N][R] - ks[NE][R]
[NR] = ki[N][R] + k_3[NRE] — k_;[NR] - ks [NR] [E
[NE] = k;[N1[E] + k_s[NRE] — k_,[NE] — k4[NE][R]
[NRE] = ks[NRI[E] + ks[NE][R] — (k—3 + k_4) [NRE]

[Y] = k_g[Y] — (ke + ks[NR])[Y]
[Y*] = (ke + ks[NR][Y] — k_g[Y*]
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A.2. Kinetic Screen

We conducted an extensive parameter screen to search for the optimal kinetic set for each of the models. The exact parameter
space and corresponding models are as follows: Titration (144), Dimer (729), MEM (3600) and Covalent Modification
(729).

Algorithm 1 Kinetic Screen for Threshold Analysis

Require: parameter grid, ODE model, target concentration K, optimization function
Ensure: Species count S; > 0
for parameter set in grid do
optimized parameters <— fmincon(optimization function, parameter set, K)
Solve system of ODEs using K and optimized parameters
S «— {S,85...,5n} > Save the end point molecular count of each species
model « reaction_model(optimized parameters, S, parameter set) > Simulate stochastic model with species
initial count as steady state molecular count S
T « 5 hour trajectory from SSA

CV « or/pr > Calculate coefficient of variation
end for
Parameter Values Unit
Kon [0.01, 0.1, 1] nM™1s
Koft [0.01,0.1, 1] st
Yr [0.001,0.01,0.1,1] s7*
Ye [0.001,0.01,0.1,1] s7*

Table 3. Kinetics used in screen for Titration model. The production rate of mRNA, f, is searched for a target concentration.

Parameter Value Unit
kNR,ENE - [0.001, 0.01] AM-Ls-1
KR, KNE0.0001] -1

kﬁﬁﬁ, l(ifiFR [0.0001, 0.001,0.01, 0.1, 1,10]  nM~*s™!
KNREKNER - [0.0001, 0.001, 0.01, 0.1, 1] s
[0.0001] s7!

Table 4. Kinetics used in screen for MEM model.

Parameter  Value Unit

kl, kz, k3 [0.01, 0.1, 1] nM~1s71
ki, ko, ks [0.01,0.1,1] s7!

Table 5. Kinetics used in screen for Dimer model.

Parameter Value Unit

ki, k3 [0.01, 0.1, 1] nM~1s71
ki, ky, k3, ks [0.01,0.1, 1] st

Table 6. Kinetics used in screen for Covalent Modification model.
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A.3. Stochastic Simulation Methods

The Chemical Master Equation (CME) (Van Kampen, 1992) of the underlying continuous-time Markov chain of reaction

system comprises of N chemical species S = {Sy, Sa, ..., Sy} interacting in M R = {Ry, Ry, . . ., Ry} formulates as follows
dP(nt) &
—a - Z [aj(n - v;,t)P(n—v;,t) —aj(n,t)P(n, t)] (22)
7=

where a;(n, t) is the propensity function and v; is the stoichiometric vector. For a reaction network, the joint probability
density function (PDF) that maps the evolution of the number of species over time is as follows.

P(X1, Xs,...,XN;t) = probability that any S; will have X; molecules at time ¢ (23)

For each of our chemical reaction networks, we set up a stochastic model in the GillesPy2 (Matthew et al., 2023) module
with transformed rate constants for stochastic adaptation. To approximate the CME, we used the available Gillespie’s
SSA (Gillespie, 1976; 2007) to under Stochkit (Li et al., 2008) module of the GillesPy2.

A.3.1. UNIT CONVERSIONS

Order of Reaction Deterministic Rate Law  Stochastic Transformation
k
zeroth order: 0 — X kMs™! c =nakV
k
first order : X — - k[XMs™1 c=k
k
second order : X +Y — - k[X][Y]Ms™! c=k/(naV)

Table 7. Unit conversions used to convert deterministic reaction rate (k) to stochastic rate constant (c).

In Table 7, ny is Avogadro’s constant, 6.022 X 1023, and V is the volume. To convert concentration based values to molecular
units, we used a cylindrical cell volume of radius » = 0.5um and length [ = 2um. This gives us a scaling volume of

A
V==10""
2

In this volume 10nM concentration corresponds to 9.45(= 9) molecules.

A 4. Soft to Sharp Nonlinearity
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Figure 6. Probability measure of molecular count being equal to deterministic output in the switching region.
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Figure 7. Entropy of the output in the switching region.
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Figure 8. Coefficient of variation of the output in the switching region. Missing points correspond to zero mean.
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