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A Supplementary Notes

1 Measurements of fluctuations and switching in chemosensory arrays
using FRET

1.1 Two-state fluctuations in chemosensory arrays with ligand stimuli.

The in vivo signaling activity of chemosensory arrays is determined by the combined effects
of sensory inputs to chemoreceptors and adaptation feedback via reversible covalent modifica-
tions (methylation/demethylation) of specific chemoreceptor residues. Two aspects are crucial
for chemotactic signal processing: the amplitude of the array response, which is enhanced by
cooperative protein-protein interactions within the array (48), and the response timescale, which
must match that of downstream adaptation and behavior responses to effectively bias the bacte-
rial random walk (64, 65).

The motile behavior of the individual E. coli cell is known to be highly variable over time
(38, 76, 77), and numerous studies have implicated a role for the adaptation enzymes CheR
and CheB in generating this variability through stochasticity in their enzymatic activity (38,
75,79, 80). Recent single-cell FRET measurements confirmed strong temporal fluctuations of
intracellular signaling activity (34, 35), but surprisingly, the largest temporal fluctuations were
found in cells deleted for both CheR and CheB and expressing only a single chemoreceptor
species (out of five in wildtype E. coli). Strikingly, in one of these studies (34) we discovered a
small number of cells that demonstrated switch-like fluctuations, with the total kinase activity
of the cell alternating between fully active and inactive states while the input ligand stimulus
was held constant. Two-level switching in whole-cell kinase activity is surprising because it
implies synchronous switching of very large molecular populations — E. coli chemoreceptors
and their associated kinases are expressed at a level of ~ 103 — 10* copies per cell (103). Yet
within that study, a deeper analysis of those unusual fluctuations and their possible mechanistic
origins were precluded by the small sample size of two-level switching cells.

A possible explanation for these giant fluctuations is that they represent intrinsic fluctua-
tions amplified by strong cooperativity within one large chemosensory array. However, it is
also possible that other factors, such as spurious fluctuations in the applied ligand signal, are
driving synchronous switching of a larger number of otherwise independent signaling arrays.
This motivated our experiments to measure two-state fluctuations in the absence of any chemo-
effectors.

1.2 Changing activity bias by genetic modification

To observe fluctuations in the absence of adaptation enzymes and chemoeffectors, we used
a strategy of using chemoreceptor mutants that change the activity bias. The activity of the
chemoreceptors in bacteria is determined by fast ligand binding and slow changes in the ac-
tivity bias level through modifications of the chemoreceptors by a pair of adaptation enzymes
(102). Upon attractant binding, the activity decreases, but activity-dependent modification of
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the chemoreceptors provides effective negative feedback that restores the activity to its pres-
timulus level. This way, the wildtype chemosensory array faithfully returns to a steady-state
activity bias of, on average, 0.3, but with variation between cells presumably due to expres-
sion level variation of the adaptation enzymes (34). In the absence of the adaptation enzymes,
both chemoreceptors Tar and Tsr when natively expressed, have an activity bias close to 1 (28).
Switching between the active and inactive array state is only observed if the activity bias has in-
termediate values and maximizes at 0.5. In our previous study on fluctuations in chemosensory
activity (34), we used small amounts of chemoattractant to bring the activity bias to interme-
diate values to observe switching behavior. Here, we wanted to observe fluctuations in the
absence of chemoeffectors and adaptation enzymes and therefore change the activity bias in a
ligand-independent way.

The adaptation enzymes (CheR and CheB in E. coli) change the energy bias of the chemore-
ceptors by sequentially methylating and demethylating four conserved glutamate residues on
chemoreceptor Tar and five in Tsr (39, 48, 109), where CheR-mediated methylation increases
the activity bias and CheB-mediated demethylation decreases it. Previous studies identified ge-
netic modifications of those sites that mimic methylation, and can modify the chemoreceptor
activity bias without changing other chemoreceptor properties such as signal amplification. For
both chemoreceptors the effect of methylation can be mimicked by exchanging a glutamate (E)
for glutamine (Q). The fully unmethylated state (EEEE(E)) has an activity bias close to 0. For
Tar, its QEEE modification state has an intermediate activity bias and shows fluctuations in the
absence of chemoeffectors (35), and is used throughout this work.

We pursued mutations in Tsr that would generate an intermediate activity bias. The 1214K
mutation in the control cable region of Tsr was a promising candidate (40). In population-
averaged FRET experiments, it showed an intermediate activity bias and similar dose-response
curve parameters to L-serine as Tar [QEEE] to MeAsp. Therefore, we investigated the behav-
ior of cells expressing only Tsr-1214K with single-cell FRET and observed similar switching
behavior as in the case of Tar [QEEE].

In Tsr, the QEEEE modification state has a bias close to 1 (109), precluding it from be-
ing used for spontaneous switching (Fig. S2). We also examined additional receptor variants
and found that Tsr [EEEEE] exhibits an intermediate activity bias and spontaneous switching
at room temperature (22 C) (Fig. S2). Taken together, our observations indicate that switch-
ing behavior is not specific to the 1214K mutation, but rather arises when the activity bias of
a chemosensory array with near-critical cooperativity is close to the transition point between
active and inactive array states

1.3 Additional control experiments and analysis to exclude external ligand fluctuations

We performed additional control experiments to exclude the influence of external noise sources.
First, we ruled out that switching fluctuations are driven by ligands secreted by the cells them-
selves by tests on single-residue replacement mutants of the ligand binding pocket (residue
69) of both Tar [QEEE] and Tsr-I214K known to abolish ligand binding in both receptor



types (110, 111). Cells expressing these mutated receptors showed no response to their cog-
nate ligands, as expected, but still exhibited switching behavior (Extended Data Figure 3a,b).
Switching fluctuations were unimpeded by exogenous addition of pyruvate, a key metabolic
intermediate that lies close to the entry point of carbon metabolism under our experimental
conditions (with lactic acid as the sole carbon source), and recently shown to exhibit large tem-
poral fluctuations in E. coli under some conditions (/08) (Extended Data Figure 3c). Switching
was also not correlated between cells (Extended Data Figure 3d), indicating that fluctuations
in secreted metabolites are not the cause of chemosensory array switching. Finally, cells ex-
pressing Tsr-F396Y, a single-residue replacement mutant defective in response cooperativity,
demonstrated no switching behavior (Extended Data Figure 4), indicating that the switching
phenotype is linked to cooperativity within the array. Taken together, these observations suggest
that two-state switching reflects a generic property of chemosensory arrays that is not specific to
a single chemoreceptor species, and that it arises not from extrinsic fluctuations of ligand inputs
or secreted metabolites, but rather from intrinsic fluctuations that drive cooperative switching
of thousands of molecules within a single large chemosensory array.

2 Finite-size scaling effect in Ising lattices
2.1 The Ising model in the thermodynamic limit can not explain spontaneous switching

The two-dimensional Ising model (172, 113) is known to demonstrate a second-order phase
transition as a function of the ratio J/kpT where J is the coupling energy, 7 is the temperature,
and kp is Boltzmann’s constant. Increasing .J across a critical value J* at fixed I’ (or equiv-
alently, decreasing 7" below a critical value 7™ at fixed .J) leads to an abrupt ordering of the
lattice for J above (or 1" below) this critical point, with the lattice becoming polarized with all
spins in either the up or down states. For a two-dimensional lattice in the thermodynamic limit
(where the lattice size L. — 00), an exact solution of the model was obtained by Onsager (/14),
giving the precise critical value J*/kpT = In(1 + 1/(2))/2 = 0.440686 . .. (and equivalently
kgT*/J = 2.26918...). Near this critical point, various thermodynamic observables (such
as the correlation length ¢ and the correlation time 7.) are known to diverge as power laws
characterized by critical exponents as a function of the “reduced temperature”,

e=|T-T°/T" =|J" = J[/J, (S1)

which provides a dimensionless measure of the distance from the critical point (/15). For ex-
ample, the critical exponent v (= 1 for 2-D lattices) defines how the correlation length diverges,
& ~ €77, and another exponent z (= 2.2 for 2-D lattices (60)) in turn defines the scaling of the
correlation time 7. ~ £* = €%, as the critical point is approached (¢ — 0). The divergence of
the correlation time at the critical point implies that above J* (or equivalently below 7™), the
system becomes frozen in one of the two polarized states. Thus, the Ising model in the thermo-
dynamic limit is unable to explain the switching fluctutions we have observed in chemoreceptor
arrays.



2.2 Finite-size Ising models exhibit two-state switching near criticality

By contrast to the behavior in the thermodynamic limit discussed above, in Ising lattices of finite
size, the correlation length £ can not grow beyond the lattice size L, and the scaling of various
observables near criticality becomes a function of the system size L, a phenomenon known
as finite-size scaling (57, 116). For example, the singularity in the correlation time scaling
Te ~ &7 = eV at the critical point (¢ = 0) is lost due to the cutoff of ¢ at L and instead becomes
T. ~ L?. Thus, fluctuations in near-critical 2-D Ising lattices of finite size demonstrate all-or-
none switching between polarized states (intuitively, because £ ~ L) that become increasingly
slow as the lattice size grows (intuitively, because 7. ~ L*) — an example of the phenomenon
of “critical slowing down” observed across a broad range of dynamical systems near criticality.
The excellent agreement between the temporal statistics of our experimental data with those of
simulated Ising lattices (Fig. 2) suggested that both Tar and Tsr chemoreceptor arrays are well
described as finite-size Ising systems close to criticality.

To quantitatively estimate the degree to which chemosensory arrays are close to criticality,
we applied finite-size scaling to further analyze our experimental and simulated temporal statis-
tics, as described below. The basic idea is to use the observed degree of near-critical slowing
to estimate the distance to criticality, and (with appropriate calibrations) also obtain an estimate
for the fundamental conformational timescale 1/wy of allosteric units.

2.3 Scaling of the critical coupling energy

An important result of finite-size scaling theory is that the position of the critical point (i.e.
the value of J*, or equivalently, 7™) itself becomes a function of the system size L (116).
As noted above, the well-known Onsager exact solution for the infinite two-dimensional Ising
lattice (114) gives the critical coupling energy J*(oo) explicity (in units of kgT) as

J*(00) = %m (1 + \/E) ~ 0.44. (S2)

For finite lattices there is no exact analytical solution, but both analytical (6/) and numerical
(62) approaches to finite-size scaling theory have established the dependence of the critical
coupling energy J* (or equivalently the critical temperature 7) on the system size L. The
dependence J*(L) of the critical coupling energy on system size is well approximated as (61,
62),

J*(o0)
J(L) =~ ———— S3
where c is constant whose value and sign depend on the boundary conditions. For periodic
boundary conditions, ¢ is negative (¢, ;.. = —0.36) and hence J*(L) approaches J*(co) from

below as L — oo. By contrast, c is positive for free boundary conditions (cf4.. = +1.25) and
in this case J*(L) approaches J*(co) from above as L — oo. Given that chemoreceptor arrays
cover only a finite area of the plasma membrane, they have open ends. In our simulations,



therefore, only free boundary conditions are considered, meaning that J*(L) > J*(oo) for all
values of L.

2.4 Scaling of the residence and transition times

As noted above, for coupling energies close to the critical energy (J ~ J*), the spatial correla-
tion length of activity states approaches the lattice size L, leading to polarized all-or-none fluctu-
ations. Thus, within this regime, the activity time series is well approximated as a random tele-
graph process (/17), and hence the residence timescale At (i.e. time between switching events)
is expected to be proportional to the correlation time 7. (because 7, = ({Atyp) -+ (Atdown) ) "
for a random telegraph process). Numerical studies have found that a good approximation
for the scaling of 7. in finite lattices in the near-critical region, 7. ~ L*exp [coel], with
e = |(JZ — J)/J| and the “dynamical critical exponent” z = 2.2 + 0.1 (59, 60). We con-
firmed that the residence times extracted from our simulations at various combinations of € and
L were well-fit by a scaling of the same form,

At = ¢, L* exp [coeL] (S4)

with z = 2.2 (Extended Data Figure 7a), and these fits yielded for the remaining scaling con-
stants cg = 1.6 = 0.5and ¢; = 1.4 £ 0.5.

For the transition time 7 (the duration of the activity transient upon switching), that we
define as the simple average of t(7_) and (7,), we found that our data were well-described
(Extended Data Figure 7b) by a power-law,

r=cL° (S5)

with ¢, = 1 and b = 1.725.

2.5 Scaling analysis of the experimental data

While the finite-size scaling relations obtained above provide an excellent approximation to
the simulated data, they can not be directly applied to the experimentally observed timescales
because the simulations yield timescales in units of the fundamental flipping timescale 1/wy,
which remains unknown for the chemosensory array. That is, Atg, and 7y, from simulations
are related to Aty and 7, from experiments as, respectively, i.e.,

Atsim = AtexpWOa and Tsim = TexpWo- (86)

We therefore identify as a key experimental observable the dimensionless timescale ratio » =
At /7, which removes the dependence on the unknown constant wy. Using Eqs. S4 and S5, we
obtain for this ratio,

. At . Ct

T Cr

r LY exp (coel). (S7)



This scaling provides a one-to-one relationship between r and the product €L, as evidenced by
the collapse of simulated data at various combinations of € and L onto a single curve (Fig. 3a
Inset). However, because the size L is not precisely known for the chemoreceptor array, we can
not uniquely determine e.

We therefore chose to assess the distance from criticality by comparing iso-lines J*°(L) in
the J-L plane, corresponding to parameter combinations that yield the same ratio r = At/7,
against the curve for J*(L) given by the finite-size scaling of the critical coupling energy
(Eq. S3). To obtain an expression for the iso-lines J*°(L), we first solved Eq. S7 for ¢ to
obtain the reduced temperature along the isoline of constant 7 as a function of L,

_log[r/cr] + (b—z)log L
N C()L

where we have defined cg = ¢;/c,. Plugging in the definition of the reduced temperature
J*(00) — Ji*°| / Ji and solving, we obtain,

(L)

r

; (58)

is0 —
€. =

J*(o0)  JH(0)
L—éso  1—cso(L)/L’
where in the last step we have defined ¢*°(L) = (log [r/cg] + (b — 2)log L) /co.

The isolines Ji*°(L) from simulations (solid lines in Fig. 3b) were fit well by Eq. S9 (dashed
curves in Fig. 3b), for experimentally determined 7-values corresponding to both Tar (71,,=9.1)
and Tsr (rr,=12), with each fit parameter (Table S16) constrained to within one standard de-
viation of their scaling values estimated numerically (Extended Data Figure 7). Comparing
Eq. S9 with Eq. S3, and noting that ¢*°(L) depends only weakly on L over the range of interest
(10 < L < 30), clarifies why the isolines J*°(L) have nearly the same shape as J*(L) (gold
curve in Fig. 3b). As a result, the ratio J*°(L)/J*(L) remains nearly constant as a function of
L for each value of r (Fig. 3b Inset), allowing us to quantify the proximity to criticality despite
uncertainty in the exact value of L.

Finally, we note that given the observed asymmetry in the transition times 7 for upward
and downward transitions ((7,) # (7_); Fig. 2h), there remains some ambiguity in the value
of 7 to be used in the ratio = At/7. In lieu of a strong motivation to favor either, we have
opted to impose symmetry by taking the average ((7,) + (7_))/2, as noted in the Main Text.
Choosing instead (7. ), (7_), or any value in between would for Tar lead to values in the range
77 < roe < 11 and for Tsr, 10.7 < rpg S 14, Yet as can be gleaned from the logarithmic
dependence of ci:"(L) on r in Eq. S9, modifications to 71, and 1 in that range would have
only slight effects, with J*° remaining confined to within a few percent of J*(L).

Te(L) =

(59)

2.6 Scaling of the fundamental frequency w

As noted above, the timescales determined from the simulations are dimensionless quantities
(Atgm and 7,) expressed in units of the fundamental flipping timescale 1/w, of individual
lattice units (through Eq. 7 introduced in Methods). Thus, Aty is related to experimentally



observed timescale Aty as Atgm = Atepwp. Given the finite-size scaling relations obtained
above, one could therefore estimate wy as a function of L by comparing the timescales extracted
from experiments and numerical simulations. To obtain such a scaling relation for wy, we use
the fact that along the isolines Ji*°(L), the ratio 7 = At/7 remains constant, so At scales in
the same way as 7. Plugging in the expression for the reduced temperature €° along the isoline
(Eq. S8) into the residence time scaling (Eq. S4) yields for the simulated residence time,

Atgm = ¢ L7 exp [log (r¢, /ci) + (b — 2)log L] = re, LY, (S10)

which indeed scales as the transition time (~ L’). From this we obtain the scaling relation for
wp as a function of the lattice size L and experimental residence timescale Ateyy:

b

L
W = Atsim/AteXp = TCTF. (Sl 1)
exp

with the r corresponding to the experimentally obtained values of Tar and Tsr.

2.7 Field dependence of two-state switching in finite lattices

While we have shown that temporal statistics compatible with the experimentally observed
two-state switching behavior can be generated by a near-critical Ising model with J close to
J*, proximity to the Ising critical point depends also on the biasing field /, which must vanish
(H — 0) at the critical point. It is therefore of interest to ask what ranges of H are compatible
with two-state switching. Switching fluctuations are large collective excitations involving nearly
all N = L? lattice units, and due to the fluctuation-dissipation relation (/178),

(0?) — (0)? = kpTx/L? (S12)

where x = 0|(0)|/0H is the field-dependent susceptibility, their likelihood can be assessed by
the field-dependence of the activity bias (a) = ((o) + 1)/2 of Ising lattices. Intuitively, switch-
ing is most likely where the activity variance (a?) — (a)? (= ((¢?) — (0)?)/4) is greatest, which
through Eqn. S12 is also where the susceptibility x (and equivalently the absolute logarithmic
activity derivative |0log(a)/0H|) is largest.

A biasing field H (in units of kg7T") modifies the flipping rate of a single spin w(o; — —o;)
by a multiplicative factor exp(Ho;/2) (Eqn. 7). Thus, a positive field (H > 0) pushes the bias
towards the limiting value (o) — —1 (equivalently (a) — 0), but there will always be a finite
amplitude of fluctuations such that (o) > —1 (equivalently (a) > 0).

For strong fields (H > J), fluctuations in activity will be dominated by single spin flips,
and hence the activity bias will approach that expected for an arbitrary spin o; in the lattice,

0= (i)~ (o) 1




where the averages are taken over all spins {o;} and A = 7 (0;) — 7 (—0;) is the change
in the Hamiltonian (Eqn. 5) upon flipping o;. Given that the A7 ~ H for strong fields, the
activity bias reduces to
(6) % g for H > (S14)

which decays with derivative 0log (a) /OH = x/2(a) ~ —1 characteristic of this single spin-
flip dominated regime.

In the limit of weak coupling (J — 0), Eqn. S14 becomes an exact identity valid for all
values of H, and the derivative dlog (a) /JOH — —1/2as H — 0.

Conversely, in the limit of strong coupling (J — o0), the system approaches the MWC
limit (49, 119, 120), for which the activity bias becomes instead

B 1
14 eNH

(a) (S15)
with N = L? is the system size, and valid at all finite values of H. The corresponding deriva-
tives Olog (a) JOH =~ —N for strong fields (e > 1) and 0 log (a) /OH — —N/2 for weak
fields (H — 0), respectively.

Near criticality where J ~ J*, and 0 < H/J < 1 the activity bias in the thermodynamic

limit (L. — oo) is known to scale as a power law (1217),
1
(a) = 5 (1= H'/?) (S16)

with 0 = 15 for two-dimensional lattices, which gives a steep field dependence 0 log (a) /OH ~
—6~ H (/571 that diverges as H — 0.

In finite-size Ising lattices, this singularity is rounded to give a finite size-dependent maximal
steepness at [/ = 0 that scales as a power law in L,

|0log (a) JOH |p=o = |01og (a) /OH |max = Xmax ~ L* (S17)

with an exponent z in the range 1.75 < x < 2.0 depending on J/J* (118). Thus, the steepness
at zero field grows as ~ L* with system size, and the range A H of the field exhibiting this steep
dependence narrows as ~ L7,

Despite the steep dependence at small |H| (< AH), it has been shown that in finite Ising
lattices (with periodic boundary conditions) near criticality this steepness decays sharply as [
increases beyond AH. As a result, the response curve of (a) vs H develops a substantial tail
that contrasts starkly to that in the strongly coupled MWC limit (46). Our simulations (on finite
lattices with free boundary conditions, L = 20, J = 0.475kgT ~ J*(L), Extended Data Figure
5¢) also show a similar trend: a steep dependence of (a) on H for H < 0.03 that then deviates
strongly to develop a substantial tail before crossing over eventually to the expected scaling for
the single-spin dominated regime 0log (a) /OH — —1 at H ~ 0.3 (Extended Data Figure 5c,
Inset). Thus, there exists a substantial range in H beyond the steep region AH (~ 0.03 for
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L = 20 and J ~ J*(L)) exhibiting collective excitations. While we expect switching to be
most prominently observed within the steep region |H| < AH, they can also occur within this
intermediate regime (0.03 < H < 0.3) of mildly attenuated collective excitations, albeit with
reduced frequency.

Nevertheless, taking as a conservative estimate the width A H of the steep region as the range
of switching behavior for the L = 20 lattice, an exponent of x = 2 for the finite-size scaling
of the switching range, i.e. AH ~ L~2, our estimated size range L = 17-30 for chemosensory
arrays our experiments (see Main Text) implies that the biasing field is no greater than |H| <
AH = 0.01-0.04kpT in cells demonstrating two-state switching. Combined with the fact that
two-state switching requires a value of J near its critical value (J ~ J* ~ 0.44kgT), this
suggests that the strength of any biasing field in these cells is at most 3-10% of the coupling
energy.

Note that for E. coli chemoreptor arrays the activity bias in the absence of ligand is known
to depend on temperature (95), and in our experiments we have deliberately set the temperature
T’ to a value that gives the largest fraction of two-state switcher cells (see Methods and Supple-
mentary Figure 1). Thus, the population-average value .y of the biasing field H is set through
this procedure to be very close to zero. We also observed (Fig. 1¢ and Main Text) that approxi-
mately two thirds of cells with a single large cluster demonstrated two-state switching, whereas
most of the remaining third or so showed no switching. If we interpret the non-switcher cells
as having an effective biasing field outside of the two-state switching regime discussed above
(i.e. |H| > AH) and further assume for simplicity a normal distribution N(uz,oc%) of H
across the population, the above considerations suggest an average py ~ 0 and standard devi-
ation oy ~ 0.01-0.04kpT (given that for a normal distribution approximately two thirds of the
population lies within pyg + op).

3 Array size estimation and calibration of the fundamental frequency w,

Although our FRET measurements do not provide a direct estimate of [, we can motivate
approximate upper and lower bounds based on structural and biochemical findings in the lit-
erature. Cryo-EM studies have revealed the detailed ultrastructure of bacterial chemosen-
sory arrays (32, 33, 122), revealing an extended regular arrangement (Extended Data Figure
8) of ‘core units’, the smallest complex of array components that has shown kinase activity in
vitro (123) and in vivo (124), consisting of one CheA kinase dimer, two CheW scaffolding pro-
tein monomers and two trimers of chemoreceptor dimers. Expression data under defined growth
conditions (/03) suggest an approximate number of 1000 core units per cell, close in number to
a lattice of size L x L =30x30, which we take as an approximate upper bound. However, it is
also possible that the fundamental unit of cooperativity is an even larger complex than the core
units. For example, taking instead the repeating unit cell of the array structure’s p6 symmetry
group (Fig. 4) as the allosteric unit leads to ~ 300 repeating units per cell, or approximately
L x L =17x17, which we take as an approximate lower bound.

With these approximate limits, our scaling analysis yields a flipping timescale of individual
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allosteric units in the range 1/wy ~ 15-35 ms (Extended Data Figure 8). The importance of
protein structural dynamics for function is increasingly recognized (/25), but estimates of the
transition timescales are usually obtained via in vitro measurements (/26—128) or molecular
dynamics simulations (/29), and span an enormously wide range (from picoseconds to mil-
liseconds). Our in vivo estimate for the chemoreceptor array allosteric unit lies near the upper
extreme of that range, perhaps reflecting the large size of allosteric units (even the core unit, the
smaller of the two limits considered here, contains 16 protein monomers).

Interestingly, our finite-size scaling estimate of the fundamental allosteric transition timescale
wy (= 15-35 ms) is close to the timescale of CheA autophosphorylation (130), which operates
out of equilibrium by hydrolyzing ATP. It is therefore plausible that in chemosensory arrays,
the dynamics of allosteric cooperativity are driven by an underlying nonequilibrium process
involving CheA (Supplementary Note 6).

4 Combined effect of static and dynamic disorder on response times and
fluctuations near criticality

Ligand-response cooperativity of chemosensory arrays maps in the Ising model framework to
the susceptibility x to an applied external field (y = da/0H). Near criticality, y scales with
the correlation length & as x ~ £7/V, where ~ and v are critical exponents (y = 7/4and v = 1
for 2-D) whereas the correlation time 7. that defines the degree of critical slowing scales as
Te ~ &% (2 & 2.2 for 2-D) (60). Thus, 7. ~ x**/7 ~ x'%>, meaning that any changes to system
parameters that attenuate response cooperativity (i.e. leading to reduced ), can be expected
to mitigate critical slowing of both fluctutation and response (as reflected in 7.) more or less
proportionally.

Chemosensory arrays of wildtype cells are affected not only by the standard Ising model pa-
rameters (J, H, L), but also by two additional kinds of spatial disorder that contribute additional
variables relevant to near-critical dynamics:

e Static disorder due to mixing of different receptor species within the array. E. coli
possesses five chemoreceptor genes (far, tsr, tap, trg, aer), but they are not all expressed
in equal amounts. The two 'major’ chemoreceptors (tsr and tar) are expressed at much
higher levels compared to the other three ‘minor’ chemoreceptors (/02). Considering
that arrays form by stochastic self-assembly (36), in wildtype cells Tar and Tsr receptors
are expected to be randomly scattered across the array. And in such mixed arrays, it is
known that the cooperativity of ligand response is attenuated relative to arrays with only
one receptor type (48), suggesting that the coupling energy J likely takes different values
between nearest neighbors depending on whether the neighbouring sites are occupied by
the same species or not. Within the Ising model, this situation corresponds to the family
of random-bond Ising models (RBIM), familiar in spin glass physics, where the coupling
energy J becomes a random variable: J = (J)+ 4./, with (6.J) = 0 and (§J?) = o3. Itis
known that RBIMs can retain a ferromagnetic-paramagnetic transition for weak disorder,
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but even in this regime, the critical temperature 7™ decreases (or equivalently, critical
coupling energy J* increases) as the disorder o is increased (/31, 132). Thus, while the
presence of this static bond disorder can shift the distance from the critical point, it does
not eliminate near-critical behavior and consideration of this disorder-dependent distance
from criticality is crucial for understanding the behavior of wildtype cells with different
degrees of receptor mixing (and hence different disorder strengths o ;) at different stages
of growth (as shown by (68, 69) and exemplified in this study through experiments with
WT cells harvested at different stages of growth, OD=0.2 and OD=0.45).

e Dynamic disorder injected by the adaptation system into the array. In wildtype cells,
the adaptation system implements negative feedback by addition and removal of covalent
modifications (methyl groups) to maintain a stable average activity level. These enzy-
matic modification reactions occur stochastically at random sites, introducing another
kind of disorder in the array. Within the Ising model, this situation can be captured by
the family of random-field Ising models (RFIM), where the local biasing field, H; at each
site becomes a random variable: H, = (H,) 4+ 0H,, with (6H;) = 0 and (0H}) = o7,
In contrast to RBIMs, RFIMs do not exhibit a critical point in the thermodynamic limit
(i.e. the infinite-size limit), because the correlation length becomes limited to a disorder-
dependent lengthscale (known as the Imry-Ma length, Ly (/33). However in reality,
the system size is always finite, and if the array size L falls below the Imry-Ma length
(L < Lim), the system can still exhibit a transition between effectively ferromagnetic and
paramagnetic phases. Experimentally, even in arrays with only a single receptor species
(which we have shown to be near-critical without the adaptation system), it is known that
cooperativity of ligand response is attenuated in the presence of the adaptation system,
suggesting that the dynamic local field-disorder injected by the adaptation system is suf-
ficient to bring the Imry-Ma length below the array size (Lyy < L), thereby alleviating
deleterious critical slowing (Figs. 5 and 6 and Extended Data Figure 9).

These general insights regarding RBIMs and RFIMs provide a basis for interpreting our
measurements of steady-state fluctuations in wildtype cells (Extended Data Fig. 10e-h), which
demonstrated a striking difference in amplitude between physiological conditions with a low
degree of receptor mixing (and hence low o ;, when harvested at OD=0.2) and a high degree
of receptor mixing (and hence high o;, when harvested at OD=0.45). The fact that varying
the degree of bond disorder o ; leads to large differences in fluctuation amplitude suggests that
despite a finite level of both bond disorder (o; > 0) and field disorder (og, > 0), wildtype
chemosensory arrays remain within the near-critical regime. More specifically, the very large
amplitude of fluctuations spanning nearly the full range of activity 0 < a < 1 (Extended Data
Figure 10) adaptation-induced Imry-Ma lengthscale Ly, which limits fluctuation amplitudes
due adaptation-induced field disorder oy, , 1s evidently not far below the array size L so that
the correlation length ¢ of fluctuations can grow close to L when the bond disorder o ; due to
receptor mixing is sufficiently low.
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5 Physiological modulation of proximity to the critical point

A compelling open question is how E. coli chemoreceptor arrays achieve the observed near-
critical cooperativity, and if/how cells can physiologically tune proximity to the critical point.
The strength of conformational interactions in canonical allosteric oligomers such as hemoglobin
are usually assumed to be determined by their three-dimensional structure, which is in turn en-
coded by their amino acid sequence. On the one hand, it is possible that the nearest-neighbor
interaction strength .J is similarly “hard-coded” in bacterial chemosensory arrays at the level
of protein structures, which would imply tuning through natural selection over evolutionary
timescales. On the other hand, .J and/or L might be physiologically regulated.

We first discuss the role of chemoreceptor species mixing in tempering near-critical dynam-
ics (by adding disorder to the value of J across the lattice). We then discuss the possibility
that the average coupling strength (/) and/or the array size (L) might also be regulated. Fi-
nally, we discuss the functional consequence of near-critical singal fluctuations on exploration
performance of swimming E. coli cells.

5.1 Physiological modulation via chemoreceptor mixing

The receptor population within chemosensory arrays typically comprise multiple chemorecep-
tor species, allowing cells to integrate distinct signals, but at the cost of reduced cooperativ-
ity (48). The expressed chemoreceptor population of wildtype E. coli cells is known to vary
across growth phases of cultured cells, with Tsr dominating the population early on (at low
opitcal density, OD), and an increased Tar/Tsr ratio at later phases (at high OD) of batch-culture
growth (68, 69). This change in the expressed chemoreceptor population makes the chemosen-
sory response cooperativity dependent on the growth phase at which cells are harvested (34).
Therefore, harvesting cells at different ODs allows tests of wildtype array properties at different
degrees of chemoreceptor mixing.

We measured the effect of receptor mixing on response timescales. Adaptation-deficient
cells with a wildtype complement of chemoreceptors harvested at OD=0.20 demonstrated sub-
stantial response delays (= 15 s) to sub-saturating stimuli (Fig. 5¢). By contrast, when cells of
the same genotype were harvested at OD=0.45, the response delay was reduced to ~ 2 s (Fig.
5d), that is, an order of magnitude increase in response speed relative to the pure Tsr arrays (Fig.
5a). The response to saturating stimuli in adaptation deficient cells was faster than the response
to subsaturating stimuli for each genotype (Fig. 5). Evidently, homogeneous arrays exhibit the
strongest response slowdown, but even when all chemoreceptor genes are present, the array’s
response can be very slow, depending on chemoreceptor ratios. without some mechanism to
mitigate this response slowdown, chemotactic performance would be severely impaired.

Our results reveal another mechanism that enables physiologically tuning of the distance to
criticality. By changing the degree of chemoreceptor mixing, cells can tune the degree of static
disorder (Supplementary Note 4). Consistent with this view, we found above that the degree
of critical slowing in adaptation-deficient cells is reduced at later stages of growth (OD=0.45)
when the degree of receptor mixing is high, compared to earlier stages of growth (OD=0.2)
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when receptor mixing is low (Fig. 5c). Moreover, the same adaptation-deficient cells at the
low receptor-mixing growth stage (OD=0.2) exhibited binary switching fluctuations whereas at
the high receptor-mixing growth stage (OD=0.45) they did not (Extended Data Figure 10c,d),
further supporting the idea that cells can physiologically modulate proximity to criticality. Mod-
ulation of near-critical dynamics was also observable in wildtype cells with an intact adaptation
system, where the amplitude of continuous-level signal fluctuations were substantially aug-
mented in cell populations with low degrees of receptor mixing (OD=0.2) compared to popula-
tions with high degrees of mixing (OD=0.45) (Extended Data Figure 10e-h), with the fraction
of cells with very high noise strength 7 = o,/a, reaching  ~ 0.88 at low mixing (OD=0.2)
compared to 1 ~ 0.7 at high mixing (OD=0.45). These fluctuation amplitudes exceed by ~ 3-
to 4-fold previous theoretical predictions of models that did not account for near-critical coop-
erativity of arrays (38, 39, 75, 79, 80).

5.2 Physiological modulation by array size or receptor interactions

Another possibility of physiological regulation of homogeneous arrays (one chemoreceptor
species) is by increasing the array size (L in the model) or by directly changing the receptor-
receptor coupling (J in the model). This could be mediated by the expression level of scaf-
folding protein CheW, which has recently been shown to affect both the array composition and
apparent response cooperativity at the population level (/134). Here we discuss the possibility
if such tuning can be inferred from the switching statistics in combination with the measured
chemoreceptor cluster size.

It has been shown that chemosensory array sizes vary strongly between cells (36, 37). Be-
cause CheZ is known to localize to the arrays (Fig. 1b), in our FRET experiments with reduced
FRET pair expression, the arrays are visible as fluorescence intensity peaks above the cyto-
plasmic CheZ-YFP background (clusters). We can integrate fluoresce intensity over the cluster
area to obain a ’cluster size’ measure that serves as a proxy for the true array size (Fig. S4a
and Methods). These experiments revealed that the average cluster size in cells exhibiting only
a single detectable cluster was smaller for cells exhibiting two-state switching than for cells
exhibiting no switching (one-state) (p = 0.004, two-sample KS test), consistent with the expec-
tation that switching events become increasingly rare with increasing array size L (at a given
J).

It is also possible to estimate the array size L using the temporal statistics we measured by
FRET and the Ising finite-size scaling theory. This can be done in two ways, depending on
different assumptions that can be made about ./ under cell-to-cell variations in L. One possi-
bility is that J remains constant under variations in L. If that is the case, L can be calculated
by plugging in the measured residence timescale (At) of each cell scaled by wy into Eqn. S11
and solving for L. Otherwise, .J varies together with L in such a way that the timescale ratio
(= 12 for Tsr) remains constant, in which case, a relationship between L and At can be found
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by solving Eq. (S11) to obtain,

L= (WON)W .
crr

In Fig. S4b, these two estimation methods (constant ./ and varying J) were used to convert
transform the (At)-distribution from FRET experiments into the distribution of array size. Pa-
rameters were the same as those used in Fig. 3 (and listed in Table S16) (z = 2.1, b = 1.75,
co = 1.18) and those obtained in in Sections 2.2.3 and 2.2.4 of the Supplementary Note 2
(c=1.25,¢; = 1.4, c. = 1). For wy, we chose a value in the center of the range given in Fig. 4
(1/wo = 21 ms). Data for the (At)-distribution were the same as those shown in Fig. 2d for
Tsr-1214K, restricted to the activity-bias range —0.25 < AG/kgT < 0.25.

Fig. S4b compares the distribution of cluster intensities for those cells exhibiting only one
cluster but showing two state switching, to the distribution of array size estimated from two-
state switching statistics. The shapes of the distributions for each finite-size scaling estimation
method (constant J and varying J) and from CheZ-YFP cluster intensity are indistinguishable
within experimental error (Fig. S4b).

5.3 Functional consequences of near-criticality on signal noise and exploration behavior

Numerous experimental and theoretical studies have established that swimming E. coli cells
can exploit such signal fluctuations to enhance the exploratory propensity of their run-and-
tumble motility by converting an otherwise Brownian-type random walk (with an exponential
distribution of run times 7,,, which occurs at low 7)) into a Lévy-type random walk (with a
power-law distribution of 7,,,, which occurs at high n) (38, 75-78).

Theoretically, the range of the power law in the distribution of run intervals 7, is pre-
dicted (75) to extend over a range R = 7igh /7IoW that scales with the signal noise strength
n as R ~ exp[gn|, where g is a gain coefficient of the flagellar motor response to the intra-
cellular signal, which is known to be very high (¢ ~ 10-20 (135, 136)). If we take n = 0.7
(which at g = 10 extends the power law range R over three orders of magnitude) as a nominal
threshold for Lévy-type exploratory behavior, our signal noise measurements across wildtype
cell populations (Extended Data Figure 10h) indicate that physiological modulation of near-
critical dynamics during growth allows for a substantial shift in the fraction of exploratory cells
(n > 0.7) within the population, with around half of cells exhibiting the exploratory high-noise
phenotype (P(n > 0.7) ~ 0.51) at early stages of growth (OD=0.2), compared to around a third
(P(n > 0.7) =~ 0.29) at later stages of growth (OD=0.45).

Thus, in addition to balancing the speed-amplitude tradeoff, near-critical cooperativity af-
fects environmental exploration of wildtype E. coli cells by augmenting steady-state signal noise
that promotes exploratory behavior. Furthermore, the fraction of cells exhibiting strong noise
to drive exploratory behavior is evidently modulated physiologically, by changing the degree
to which near-critical dynamics are tempered by static disorder due to receptor-species mixing
within chemosensory arrays.
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6 Robustness of criticality in non-equilibrium Ising models

While we have shown that nearly all features of switching temporal statistics can be explained
within the framework of the canonical equilibrium Ising model (Fig. 2), we have noted that the
single feature not captured by our equilibrium Ising modeling, namely asymmetry in the transi-
tion times for the up- and down-directions of activity switching (Fig. 2h), suggests a breaking
of time-reversal symmetry — a hallmark of nonequilibrum dynamics (54, 55). Interestingly,
our finite-size scaling estimate (Extended Data Figure 8) of the fundamental allosteric transition
timescale w; ' (= 15-35 ms) is close to the timescale of CheA autophosphorylation (130), which
operates out of equilibrium by hydrolyzing ATP. It is therefore plausible that in chemosensory
arrays, the dynamics of allosteric cooperativity are driven by an underlying nonequilibrium
process involving CheA. While exploration of such nonequilibrium effects not explicitly ac-
counted for in the present study represents an exciting direction for future work, we expect our
main finding that chemosensory arrays operate near criticality to remain a robust result. This is
because kinetic Ising models with spin-flip dynamics are known to retain the same near-critical
scalings as the equilibrium Ising model (i.e. they remain in the Ising universality class), even
when driven out of equilibrium (/37, 138). Indeed, recent theoretical studies (88—90) indicate
that the switching statistics observed in our experiments point to near-critical cooperativity also
when the Ising framework is generalized to include nonequilibrium effects
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Table S1: Strains used in this study. EDF: Extended Data Figure. MCP: all methyl-accepting
chemotaxis proteins. Genotype refers to changes compared to parent strain E. coli RP437.

Name Relevant genotype Plasmid I | Plasmid II Source Figures used
TSS58 AfliC ACheRBYZ pSJAB106 pZR1 (34) EDF10
TSS1845 FliC* ACheRBYZ pSJAB106 pBAD33 This Study FIGS5
TSS1846 FliC* ACheYZ pSJAB106 pBAD33 This Study | EDF9 and EDF10
TSS1964 | FliC* AMCP ACheRBYZ | pSJAB106 | receptor allele (34) rest of this study
(see Table S2)

Table S2: Plasmids used in this study. Amp: 100 pg/mL ampicillin; Cam: 34 pg/ml chloram-

phenicol.
Name Product Vector Induction Resistance | Source
pVS120 Tar [QEEE] pLC113 2.0 uM NaSal cam (48)
pSJAB191 Tar [QEEE]/R69H | pLC113 2.0 uM NaSal cam This study
pPA114 Tsr-WT pKG116 0.6 uM NaSal cam (67)
pPA114 1214K Tsr-1214K pKG116 0.6 uM NaSal cam (40)
pSJAB193 Tsr-1214K/R69E | pKG116 0.6 uM NaSal cam This study
pPA114 F396Y Tsr-F396Y pKG116 0.6 uM NaSal cam (139)
pPA114 QEEEE Tsr [QEEE(E)] pKGl116 0.6 uM NaSal cam (109)
pPA114 EEEEE Tsr [EEEE(E)] pKG116 0.6 uM NaSal cam (109)
pZR1 FliC* pKG116 3.0 uM NaSal cam (34)
pBAD33 empty vector pBAD33 - cam (140)
CheZ-5G-YFP 15/50/100 uM IPTG
pSIABI06 CheY-5G-mRFP1 PTre9%a (see metthods) amp (34)
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Table S3: Mean residence times and number of events extracted from cells expressing Tsr-

1214K.
Bias (Atyp) (8) +std | (Atgown) (8) | std | Nyp [Ndown
065<a<1 (11624327 |£101.8|38.6+0.79 |+26.2 |967 |1091
055<a<065|724+£231 | £61.2 |[48.0£1.20 | +32.6 | 703 | 733
045<a<055]604+1.84 | =509 [59.6+1.68 | =46.6 |766 | 767
035<a<045(56.7+236 | +£472 |80.7+3.48 | £68.2 | 398 | 384
0<a<035 [413+1.65 |+£279 |118.9 +6.56 |+ 104.8 | 285 | 255
0<a<l1 782+ 1.36 | +759 |57.0£0.95 | +53.9 [3119 | 3230

Table S4: Mean transition times and number of events extracted from cells expressing Tsr-

1214K.
Bias

(Tup) (5)

=+ std

<7_d0wn> (S)

+std | N

up

N down

0.65<a<l1

4.28 £0.10

+3.16

6.09 £0.12

+3.49

970

0.55 <a<0.65

431 £0.12

+3.21

6.07 £ 0.15

+ 3.57

660

572

045 <a<0.55

4.18 £0.12

+3.02

5.89 £ 0.14

+ 3.54

681

604

035 <a <045

4.36 £0.17

+3.16

6.18 £ 0.20

£ 3.60

362

320

0<a<0.35

4.49 £+ 0.20

+3.24

6.35 £0.22

£ 3.32

262

235

0<a<l

4.29 £ 0.06

+3.15

6.07 £ 0.07

+3.52

2935

2568

Table S5: Mean residence times and number of events extracted from cells expressing Tar

[QEEE].
Bias

(Atyp) (5)

=+ std

<Atdown > (S)

=+ std

Ny

N down

0.65<a<l1

79.4 £2.87

£ 70.6

28.2 £ 0.58

+ 14.8

607

647

0.55 <a<0.65

56.5 £2.15

+41.5

37.4 £1.22

£ 23.7

373

379

045 <a <055

447 £ 1.66

=+ 30.7

453 £ 1.68

+ 31.1

343

341

035 <a<045

39.0 £2.06

+29.6

58.0 £3.56

£ 50.1

207

198

0<a<035

32.0£1.33

+ 18.0

86.0 £ 5.94

+77.0

183

168

0<a<l

57.5 £3.03

+ 52.7

42.6 £ 1.95

+393

1713

1733

Table S6: Mean transition times and number of events extracted from cells expressing Tar

[QEEE].
Bias

(Tup) (5)

=+ std

<7—d0wn> (S)

+std | N

up

065<a<l1

470 £0.14

+3.22

5.73 £0.15

+ 3.33

556

0.55 <a<0.65

5.13 £0.18

+ 3.39

6.00 £ 0.21

+ 3.42

346

045 <a<0.55

4.71 £0.20

+ 3.50

6.39 £ 0.20

£ 3.18

301

035 <a <045

4.81 £0.27

+3.53

6.26 + 0.28

+3.35

176

0<a<035

4.56 £0.24

=+ 3.09

6.61 = 0.31

+ 3.49

171

0<a<l

4.79 £ 0.08

+3.34

6.06 £+ 0.09

+3.35

1550
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Table S7: Fit parameters of mean residence times per cell as a function of energy bias AG.

slope slope crossover point N
Y down Yup Tup = Tdown
Tar [QEEE] —0.44 0.45 470+ 1s 204
Tsr-1214K —0.39 0.45 655+ 1s 549

Table S8: Mean residence times and number of events extracted from numerical simulations
using a conformational spread model with a lattice size of 20 x 20 spins and coupling energy J
=0.475 kgT.

External Field | Bias (AtypXw) +std | (Atgownxw) | £std [Nyp [Ndown
H=-0.006 |a=0.79 4790 4 381.43 |£4110| 1250 + 76.81 | +=840 116 | 121
H=-0.002 |a~0.63 (2820 £ 172.44 |+ 2220 | 1680 £+ 95.29 |4 1240|166 | 168

H=0 o~ 0.51 (2190 + 128.34 |4 1600 |2130 + 149.60 (£ 1870|155 | 156
H=0.002 |o=0.44|1930 4+ 97.63 |+ 1280 {2440 + 155.67 |+=2040 {172 | 171
H=0.006 |o=0.23|1370+ 82.68 | £=920 |4480 4+ 359.98 |4+ 3890 [123 | 117

2185 £90.52 |4+ 1597 | 2132 £ 87.50 |4 1868 |732 | 733

Table S9: Mean transition times and number of events extracted from numerical simulations
using a conformational spread model with a lattice size of 20 x 20 spins and coupling energy J
=0.475 kgT.

External Field | Bias (TupXW) =+ std (T down XW) +std [Ny |Ndown
H=-0.006 |ao~0.79(179.76 £10.35 |+ 111.51 {169.54 £11.05 |+ 118.01 |116 | 114
H=-0.002 |aa~0.63|169.18 £8.83 |+ 113.11|166.95 £9.16 |+ 115.50 164 | 159

H=0 a=~0.51]166.57 £895 |+ 106.98 | 156.20 4=9.24 |+ 113.49 |143 | 151
H=0.002 |a~0.44]184.13 +£9.74 |+ 124.39| 15591 +£7.38 | £295.05 |163 | 166
H=0.006 |a~0.23]154.324+8.79 |£91.73 |159.81 +£10.54 |+ 113.00 (109 | 115

171.59 £8.79 |+ 111.49 (161.30 & 10.54 |£ 110.41 [695 | 705
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Table S10: Mean residence times and number of events extracted from numerical simulations
using a conformational spread model with a lattice size of 12 x 12 spins and coupling energy J

=0.5 kgT.

External Field | Bias (AtypXw) +std | (Atgownxw) | £std | Nyp [Ndown
H=-0.02 |a=~0.852230496.18 |+ 2120|390 4+ 11.34 | £ 250 | 486 | 491
H=-0.006 |o=0.66|1040 £ 45.69 | +930 |520£21.05 | 430 |412 | 410

H=0 a=~053]800+31.53 | £650 | 700 £31.20 | =640 [ 419 | 420
H=0.006 |o=~0.40]|610+24.81 | £510 |920 4+ 38.20 | £ 780 |416 | 415
H=0.02 a=~022]520£27.07 | £640 [1810 £ 69.06 |+ 1610 | 551 | 546

904 £+ 27.60 |4 1318 1045 £ 22.34 |4+ 1067 2284 | 2282

Table S11: Mean transition times and number of events extracted from numerical simulations
using a conformational spread model with a lattice size of 12 x 12 spins and coupling energy J

=0.5 kgT.

External Field | Bias (TupXW) +std | (TgownXw) | £std | Ny [Naown
H=-0.02 |a=0.85(56.05%+ 1.89 |£+40.04 |57.59 + 1.97 |+ 41.06 | 450 | 434
H=-0.006 |a=~0.6658.07 4+ 1.94 |4+ 38.02 |60.16 +=2.11 |£=41.10| 385 | 380

H=0 a~0.53159.27 +£2.17 |+ 43.31 |54.42 + 1.87 |+ 37.14 | 398 | 394
H=0.006 |a~0.40|58.84 + 1.98 |4+ 38.48 |57.51 2.14 |=41.90| 378 | 382
H=0.02 a=~0.22160.04 +£1.99 |4+ 44.15|54.77 £ 1.60 |+ 36.41 | 492 | 516

58.46 = 0.89 |£41.03 |56.76 £ 0.86 |+ 39.43 |2103 |2106

Table S12: Fit parameters of exponential fits to residence times extracted from cells expressing

Tsr-1214K. Exponential fit of the form ae?*.

Bias Atyp Aldown
065<a<l |0 g B 00320
0.55 < a < 0.65 g:_%%ﬁé E - .%%228297
0.45 < o < 0.55 g :_%%22291 E _ .%%211365
0.35 < a < 0.45 ;‘:_%%3217% ;“ - .%,(())113292
0<a<0.35 g:%%ﬁ% g:(())(())(())?;
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Table S13: Fit parameters of exponential fits to residence times extracted from cells expressing

Tar [QEEE]. Exponential fit of the form ae®*.

Bias Aty Atdown
0.65<a<l1 ;‘:_%%1155% g ::.%,(())85%31
0.55 < a < 0.65 ;‘:_%%213919 g _ _%%ﬁ%
0.45 < o < 0.55 g:_%%é%a g .%.(())32117:«3
0.35 < @ < 045 g:_%%i%i E _ .%.(())21291
0<a<035 | § Ry 5o 00142
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Table S14: Fit parameters of exponential fits to residence times extracted from numerical sim-
ulations using a conformational spread model with a lattice size of 20 x 20 spins and coupling

energy of J] = 0.475 kgT. Exponential fit of the form ae”*.

Bias Atyp Algown
a=02280 | @=3.3210
H=-0006 | 5_ 62339 | 5=-1.5900
a=05589 | a=14930
H =-0.002 B =-0.4987 £ =-1.0050
o a=07966 | a=1.3090
= B=-0.6830 | 3=-0.9488
a=08822 | a=0.6276
H=0002 | 5_ 6558 | 3=-0.5173
a=10670 [ a=0.1771
H =0.006 8=-0.9160 £ =-0.0278

Table S15: Fit parameters of exponential fits to residence times extracted from numerical sim-
ulations using a conformational spread model with a lattice size of 12 x 12 spins and coupling
energy of J = 0.5 kzT. Exponential fit of the form ae”*.

Bias Aty Aldown
o =0.5876 o =3.3820
H=-002 | 5_ 05844 | 5=-3.4340
o = 1.4200 o =2.4260
H=-0006 | 5_ {5040 | 8=-23460
o a=2.1750 o =2.0490
= B=-1.6820 | B=-1.7660
«=3.3800 | a=1.0920
H=0006 | 5_ 53630 | 53=-1.0250
a=41970 | a=0.8545
H=002" 1 5_ 3070 | p=-08116
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Table S16: Parameters that describe the scaling of the timescale ratio with lattice size and
critical energy (Eq. S8). Each parameter is determined individually from the scaling behavior
of residence and transition times (Supplementary Figure 8). For the scaling relation of the phase
diagram (Fig. 3), the finite scaling relation was fitted to the iso lines corresponding to Tar, where
each fit parameter was allowed to vary according to the fit uncertainty of the individual fits.

Parameter From fitting (Fig. S8) Used in iso-line fit (Fig. 3) Literature
z 2.2 2.1 2.2 £ 0.1 (60)
b 1.725 £ 0.032 1.75
c1 0.294 4+ 0.366
Co = o 1.608 + 0.466 1.18
cp = e 1.4+0.5
Cr 1 (assumed, not fit)
Cr = c/cr 1.034 0.23 0.8
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Figure S1: Temperature dependence of switching dynamics (a) (Top) Temperature depen-
dence of the steady-state population-averaged FRET signal of cells expressing only Tar [QEEE].
Error bars indicate standard deviation of the steady-state population-averaged FRET signal. Er-
ror bars indicate (Bottom) Fraction of cells exhibiting switching of cells expressing only Tar
[QEEE]. The vertical black dashed line indicates the temperature chosen in all Tar [QEEE]
experiments in this manuscript (25°C). Switching was defined as the presence of strong, dis-
crete transitions rather than two-state fluctuations and was determined manually. Cell counts
for the six temperatures were: 142 (10°C), 126 (15°C), 89 (20°C), 140 (25°C), 54 (30°C), and
55 (35°C) (b) As in a, but for cells expressing only Tsr-1214K. The vertical line indicates the
temperature used in all Tsr-1214K experiments (18°C), except for cluster imaging (room tem-
perature). Cell counts were: 176 (10°C), 165 (15°C), 155 (20°C), 86 (25°C), 76 (30°C), and 22
(35°C). (c) Representative FRET timeseries of cells expressing Tsr-1214K at 25°C. The FRET
timeseries were normalized by the responses to 1 mM serine and 1 mM Leucine as saturating,
respectively, attractant and repellent stimuli. This experiment confirms that Tsr-1214K switches
at 25°C, the temperature used for experiments with cells expressing Tar[QEEE].
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Figure S2: Experiments with different Tsr modification states. (a) 3 representative FRET
timeseries (left) from an experiment with cells expressing Tsr [QEEEE], and the activity bias
distribution of all (N=66) cells from the same experiment (right). This experiment revealed no
switching dynamics and a activity bias close to 1. (b) 3 representative FRET timeseries (left)
from an experiment with cells expressing Tsr [EEEEE], and the activity bias distribution of all
(N=65) cells from the same experiment (right). This experiment revealed switching dynamics
and intermediate activity bias. Experiments were performed at room temperature (22°C).
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Figure S3: Activity baseline is equal to 1 for non-adapting cells expressing WT receptor
complement. (a,b) Normalised population FRET time series (bold) and standard deviation of
single-cell time series (gray area) for cells harvested at OD=0.20 (a, 40 cells) and OD=0.45 (b,
162 cells). FRET normalized between 0 and 1 using saturating attractant (10 mM L-serine) and
repellent (0.3 mM NiCl, and 1 mM Leucine) stimuli, demonstrates that the baseline activity of
the population and of individual cells (in the absence of any stimuli) is equal to 1. (c,d) Three
examples of raw normalised single-cell FRET time series (faded curve) are superimposed on a
low-pass filtered version of these curves using a 7 second time window, for cells harvested at
OD=0.20 (c) OD=0.45 (d). (e) Histograms of the steady-state activity level (in the absence of
any stimuli) for OD=0.20 (top) and OD=0.45 (bottom).

28



%108 «10

6 4
2 states — - === N from <At>, Jvary.
2 el P10 = =1 from <At>,J const.
5 1state = Al y A G .
2 <|»I 3 A= Nfrom Al
4 2 iy
£
N —
S w20 w2 %5 5
a3 celllongaxis | & 2 Q
2 1 0 100 200
1 <At> (s)

(=)

0 200 400 600 800 1000 1000 2000
i —]2
cluster size, Al (=l ma-(1)) cluster size, N (=L?)

Figure S4: Comparison of cell-to-cell variability in measured cluster size and array size in-
ferred from switching statistics. (a) Distribution of chemosensory cluster size, determined by
CheZ-YFP fluorescence intensity, in 33 cells exhibiting a single Tsr-1214K cluster and demon-
strating two-state switching (“2-states”, solid yellow curve) and 55 cells exhibiting a single
Tsr-1214K cluster but demonstrating no switching (“1-state”, solid purple curve). Clusters were
rendered detectable by lowering FRET plasmid induction below that in our standard FRET
protocol to decrease cytoplasmic fluorescence and thereby allow visualization of CheZ-YFP
localization (Fig. 1c, Extended Data Figure 2). Consistent with expectations from the finite-
size Ising model (in which switching events become increasingly rare for larger array sizes L
at a given coupling energy .J), the average cluster size of cells exhibiting no switching (mean
+ s.e.m. = 388 4 23) is significantly larger than the average cluster size of cells exhibiting
two-state switching (mean =+ s.e.m. = 250 &+ 17). These two distributions are statistically sig-
nificantly distinct (two-sided Kolmogorov-Smirnov, p = 0.0041). Inset illustrates the method
used for determining the cluster size. Cluster size is defined as the difference Al between the
maximum CheZ-YFP intensity /., along the long axis of each cell of length \ and its average
intensity (1) (Methods). (b) Distribution of the array size inferred from cell-to-cell variation in
two-state switching temporal statistics, compared against the measured cluster-size distribution
of two-state switching cells of panel a (dashed yellow curve). Inferred array sizes were calcu-
lated in two ways (see Supplementary Note 5). First, by using the finite-size scaling relation
(Eqn. S3) to transform the distribution of the average two-state switching residence times (At)
per cell (inset), assuming .J co-varies with L such that the timescale ratio remains constant, as
in Fig. 3b (solid curve: mean =+ s.d. = 608 4= 251). Second, as in the first method but assuming
J remains constant at J = 0.426 kg7, close to J*(oc0). (dashed dark curve: mean + s.d. =
593 + 130). The inset shows the average two-state switching residence times (At) of 116 cells
expressing Tsr-I1214K and with a near-zero activity bias (corresponding to data points falling
within the range —0.25kgT < —AG < 0.25kgT in Fig. 2d, upper panel). To enable propor-
tional comparison, the cluster intensity is linearly scaled to match the average of the means of
the two distributions of N = L2. Shaded areas in all plots represent 97.5% confidence intervals
obtained through bootstrap resampling.
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Figure SS: Stability and robustness of switching statistics. (a) Dependence of extracted res-
idence times on threshold choice. Solid lines: single exponential fit to residence times for Tsr-
1214K for cells with a = 0.5. The selection parameter for two-state switching cells throughout
the paper is that more than 65% of the cell’s transitions exhibit activity level changes exceed-
ing 70% of the full-scale amplitude. Increasing both thresholds to 80% only has a marginal
effect on the fitted distribution (dashed lines). Increased thresholds yield the following average
residence times: Aty, = 62.40 & 3.73 s (mean £ s.e.m.) and Atgown = 63.26 £ 3.36 5. For
comparison, regular thresholds yield: At,, = 60.37 £ 1.84 s and Atgown = 59.61 £ 1.68 s. (b)
Dependence of extracted transition times on threshold choice. Increased thresholds yield the
following average transition times: 7, =4.10 & 0.12 s and 7 = 6.07 £ 0.15 s. For comparison,
regular thresholds yield: 7, =4.29 £ 0.06 s and 7 = 6.07 £ 0.07 s. Shaded areas and error bars
represent 95% confidence intervals obtained through bootstrap resampling. (¢) Mean upwards
(orange) and downwards (brown) transition times for switching events plotted as a function of
their incidence time, for cells expressing Tsr-I1214K. Shaded areas represent standard deviation.
Mean transition times are stable throughout the duration of each experiment. (d) Mean upwards
(turqoise) and downwards (purple) transition times for switching events plotted as a function of
their incidence time, for cells expressing Tar[QEEE]. Shaded areas represent standard deviation.
Mean transition times are stable throughout the duration of each experiment (e) Total number
of upwards (orange) and downwards (brown) switching events with respect to their incidence
time, for cells expressing Tsr-1214K. Shaded areas represent 95% confidence intervals obtained
through bootstrap resampling. The frequency of transitions is constant throughout the duration
of each experiment. (f) Total number of upwards (turquoise) and downwards (purple) switch-
ing events with respect to their incidence time, for cells expressing Tar[QEEE]. Shaded areas
represent 95% confidence intervals obtained through bootstrap resampling. The frequency of
transitions is constant throughout the duration of each experiment.
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Figure S6: Effect of experimental noise on extracting transition and residence times. (a)
Signal-to-noise ratio (SNR) for two-state switching cells calculated as the maximum FRET
response divided by the standard deviation of fluctuations in the FRET signal during attractant
response. (b) Mock-time series generated by sampling residence times from an exponential
distribution and assuming one transition time (top panel) with Gaussian white noise added to
simulate experimental noise (bottom panel). (c¢) Relative uncertainties for transition times 7
and residence times At, based on analyzing mock two state time series with added Gaussian

white noise. The simulated time series are based on the average transition and residence times
measured for Tsr-1214K.
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Figure S7: Apparent correlations among switching timescale parameters. (a) Correlations
between upwards and downwards transition times for cells expressing Tsr-1214K (red points).
Error margins in Pearson correlation coefficients are 95% confidence intervals obtained through
bootstrap resampling. (b) as in (a) but for cells expressing Tar [QEEE] (blue points). (¢) Cor-
relations between transition and and residence times for cells that have an intermediate activity
bias and express Tsr-1214K (red points). Error margins in Pearson correlation coefficients are
95% confidence intervals obtained through bootstrap resampling. Only small strength of asso-
ciation is observed between these switching parameters. (d) as in (c) but for cells expressing Tar
[QEEE] (blue points). (e) Measured transition time vs residence time for (Left) 108 cells ex-
pressing Tsr-1214K from FRET experiments, with activity 0.45 < (a) < 0.55, and (Right) for
300 simulated cells. For each simulated cell, residence times and transition times were drawn
respectively from an exponential and gamma distribution with parameters extracted from the ex-
periments (Fig. 2 and Extended Data Figure 6), where the sum of residence times was limited
to the experimental duration (1000 s). The variation in the simulation represents the sampling
error that is observed without variation in parameters between cells. (f) As in (e) but for cells
expressing Tar [QEEE].
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Figure S8: Convolution-based estimation of true variation in residence/transition time ra-
tio. (a) Measured transition time vs residence time for (Left) 108 cells expressing Tsr-1214K
from FRET experiments, with activity 0.45 < (a) < 0.55, and (Right) for 300 simulated cells.
For each simulated cell, residence times and transition times were drawn respectively from an
exponential and gamma distribution with parameters extracted from the experiments (Figs. 2
and Extended Data Figure 6), where the sum of residence times was limited to the experimental
duration (1000 s). The variation in the simulation represents the sampling error that is observed
without variation in parameters between cells. (b) As in (a) but for cells expressing Tar [QEEE].
(¢) The cumulative density function (cdf) for the distribution of transition/residence time ratio
per cell in experiments (solid red line) and in the simulated data (dashed line). The simulated
cdf (sampling noise) was convolved with a Gaussian pdf (cell—cell variation in ratio) with vari-
ance o2, representing true cell—cell variation in timescale ratio, and superimposed on the curve
(black line, 0 = 1.3.) (d) As in (c) but then for cells expressing Tar [QEEE] (¢ = 0.5). (e)
Mean squared error (mse) between the convolved cdf (resampling cdf * gaussian pdf) and the
experimental cdf, as a function of the standard deviation ¢. The value of o that minimizes the
mse represents the cell—cell variation in timescale ratio that best describes the experimentally
observed variation. (f) As in (e) but for cells expressing Tar [QEEE].
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