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Figure S1: Diagram of proposed mathematical model reflecting the biological wiring of a bacterial
cell. The model includes the C reporter (Y) and constitutive reporter (H). Intrinsic noise in the protein
production rates, metabolism and the growth rate is modeled as independent Ornstein-Uhlenbeck noise
sources. An additional shared noise source (here called Ng) acts on both m¢c and my. Ny represents
noise in the sensory mechanism (for example fluctuations of the CRP-concentration). The transfer from
Metabolism (M) to protein production is the sum of general transfer (Tas,) and regulatory transfer (Tr),
which only acts on the C-sector and its reporter, Y.

1 Mathematical analysis of the noise model

Note on notation: Where the main text talks about the C-sector reporter (CRPr) and the
not-CRP-regulated constitutive reporter (nCRPr), this document uses the notation ‘Y’ for the
C-sector reporter and ‘H’ for the constitutive reporter.

1.1 Model definition and parameter interpretation

Similar to Kiviet et al. [I] a linear noise propagation model can be constructed using the diagram
of Fig. The model captures the interplay between the production rate () of certain proteins,
the concentrations (¢) of these proteins, metabolism (M) and the growth rate ().

We model the total C-sector in a coarse-grained manner as a single protein, C, whose fluc-
tuations directly influence (the rate of) metabolism. Additionally, we model the two fluorescent
reporters, for ease of notation here called Y and H, that are not metabolically active and hence
do not control metabolism.



We assume that the variables fluctuate around a particular average state {1q, My, 7, q?o}; the
model describes the dynamics of small, relative deviations of each variable from its respective
average, %{EI) = m (Below, the explicit time dependence will often be omitted.) These
deviations, referred to as “noise”, propagate through the system according to the arrows in
Fig. For example, fluctuations in the production rate ¢ affect ¢, whose fluctuations affect
M. Via M the noise then further transfers to the production rates and to the growth rate. Noise
in the growth rate in turn affects the dilution of all proteins (dashed line). The logarithmic
gains/transfer coefficients Tap describe the strength of noise propagation from A to B.

The role of metabolism is crucial in our model because many noise routes pass through
metabolism, but also because the cAMP-CRP regulatory network reacts to metabolic fluctua-
tions. The interpretation of M is therefore not straightforward. M could be interpret as the rate
of metabolism. However, we assume that with a higher rate of metabolism, the concentrations of
certain internal metabolites (in particular keto-acids such as OAA) also increase. The metabolite
OAA is known to inhibit the production of cAMP in wild type cells [2] (see Fig. 1A of the main
text), therewith triggering the cAMP-CRP regulatory feedback when M increases (represented
by the regulatory parameter Tg in the model, Fig. . Although we model metabolism with
a single variable M, it thus represents both the rate of metabolism and the saturation level of
metabolic precursors such as OAA.

Certain variables are directly influenced by phenomenological, independent colored noise
sources, notated as N;: Ornstein—Uhlenbeck Noise sources that each have a specific timescale.
These noise sources offer a way to model the combined effect of many stochastic processes that
together influence the dynamics of certain variables. For example, N,, summarizes the stochastic
component of processes that intrinsically influence the production rate of the Y reporter, such as
transcription and translation. Ny, the noise source acting on metabolism, is primarily the result
of fluctuations in the concentration of individual protein species that are part of the C-sector. The
fluctuations of all these proteins together are expected to cause the metabolic flux to fluctuate,
even if the total size of the C-sector is roughly constant. Fluctuations in the concentrations
of individual proteins are diluted via cytoplasm growth, so that the Nj; noise source has a
timescale close to 1g. N, has a similar interpretation. The noise source Ny equally affects the
production of the C-sector and the C-sector reporter Y. Therewith, the noise source Ny is mainly
interpreted as fluctuations in the production of CRP-regulated proteins caused by fluctuations
in the concentration of CRP itself. Even when the cAMP concentration is experimentally kept
fixed in the mutant strain, fluctuations in the CRP concentration are expected to influence
the cAMP-CRP concentration and therewith the production rate of both the C-sector and its
reporter Y.



Based on the considerations above, we arrive at the following set of equations:
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The last three equations are liberalizations of the time derivative of the protein concentrations

(¢i = m; — A¢;), see also [1]. The dynamics of each noise source Ny is given by its stochastic
differential equation,

ANy = —BNydt + 6, dW,, (9)

where B, is the noise source’s timescale, 8, its amplitude, and W(¢) a Wiener Process.

1.2 Metabolic timescale, solution in Fourier space

The system of equations above can be solved in Fourier space. For each variable A(7) we
denote the Fourier Transform of §A(t) as A(w). Next, we introduce a metabolic rate Ag, that
scales with the mean growth rate. This rate is related to the time it takes before the protein
concentration equilibrates with its protein production rate (note that producing proteins takes
time, such that a higher production rate now, only results in a higher concentration some time
later). During exponential growth, proteins are generally produced at a (mean) rate propor-
tional to Ay, such that production and dilution are balanced. In effect, fluctuations in protein
concentrations generally decay on a timescale of 1g. However, in the case of C-sector proteins,
synthesized proteins directly influence the rate of metabolism (if Tcpr # 0), and (depending on
the parameters Tg, Tapr» and Tiry) metabolism in turn influences the production rate and protein
concentration. This changes the timescale of C-sector fluctuations from 1/1y to 1/Ag, where Ag
is defined as: Ag = /10(1 - TCMTMC)> with Tayye i=Tr + T — Tiaa-

Using this notation, we solve the linear system on the previous page in Fourier Space and
arrive at:

i—g =Ny+TyaNy + ,I;ﬁ (TemTma) [Nnc +Ng+TycNy — Na],

Sbc p!

% = 55 | Nre + Ns +Tuc Ny — Nﬁ], (10)
% = Nnc +NS + (TR + TMn)NM + /l;lﬁTCM(TR +TM7,) [Nnc +NS + TMCNM - N,l .
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Sny  _ Nﬂy + Ng + (Tg +TM7r)NM + /l;ﬁTCM (TR + TM;r) [Nﬂc +Ng+TpycNy — N,l].
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(12)

1.3 Calculated variances and cross-covariances
1.3.1 Calculation of cross-covariance

The solution in Fourier Space (Egs. - can be used to calculate variances and cross-
covariances of the variables. Using the convolution theorem, cross-covariance of variables A and
B, with time-averages Ag and By, can be calculated as:
At=1) B“@)

1
X =—F ' |—
(am () =57 Ao By

(13)

where 7 1(.) denotes the Inverse Fourier Transform (* here denotes complex conjugation). In the

product 2—:)3% we can safely ignore terms of Nl-N;f when i # j, for they will not contribute to the
cross-correlation due to independence of the noise sources. Consequently, the expansion of the
product is always linear in the absolute values of the noise sources |N;|?. This feature is important,
because it assures that the cross-covariance can be written as y(a,5)(7) = %T‘l (i fi(w)IN:?),
where f;(w) are complex functions to be determined and the summation runs over all noise
sources. Because the Inverse Fourier Transform is a linear operator, we only need to calculate
the Inverse Fourier Transform of each term, f;(w)|N;|?, separately. The Inverse Fourier Transform
of each term is given in section|1.3.4

1.3.2 Analytical expressions for the coefficients of variation
From the above equations - one can also derive the coefficient of variation of all variables.
Concretely, the coefficient of variation of variable A is related to its auto-covariance at zero delay:

7]% = O’i/Ag ZX(A,A)(O). (14)

For example, the coefficients of variation for ¢¢ and A can be calculated using the Inverse
Fourier transform as follows:

o [66c bc _ :
2 — 1 _ 1 0 2 2 2 2 2
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2 g1 NP+ T2 [Nyl + 220 e (TaraTarc Nl = N 16
M= Frmoy | INAI7 + Ty M|+m emTra (TraTuc|Nml|? = INaI?) (16)
E
+ (TemTma)’ . (17)



A _ 240
Ag—iw ~ /l%+w2
Transforms we use a set of identities that can be found later in this document (Section [I.3.4]
Egs. |2 . Here we present the results (using the notation ,BX = Bx +4;, with j € {0, E}):

(Here we have used the identity /l o T .) To calculate these (Inverse) Fourier
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1.3.3 Analytical expressions for the cross-covariances

The cross-covariances (Eq. [13]) are best expressed in terms of the functions Ax, Bx,Sx, and D} Lk]

(where x indicates the noise source, j € {0, E} and k € {1,2,3}). The definition of these functions

and some intuitive explanation for D,leJ is given in SI, sections and Here, we however
already use the relation Ay (f) + Ax(—t) = 2’}1—’35)(([)).

+TymcTmaAp (t) — Aa(1). (21)

Yoo () = TenTann [snc (1) + Sy (1) + T2 oS3 (1) + Sa(0)

Xae)(t) = Ty Traa(TR + Tar ) | S (8) + S5 (t) + TagoSaa (1) + Sa(t) | + (Tr + T ) TraaBaa (2)

Anc (_t) + AS(_I)

—Tem (TR +Tyx)AN(2). (22)

+TcmTma

24
+ TETCMTMATMC(TR +Tp)Sm(2)
0



X(oy.0) (1) = TiacTia Ay, (1) — AS(1)

+TcmTma [DEI] (1) + T;%,ICDJ[‘}I] (1) + D,[II] )| +TemTmc TMcTM/lDI[VQI] (1) - D,[f] (1)

+ T2, TvcTma [Dl?c] (1) + D (1) + T2, .0 (1) + DV (r)} . (23)
21g
Xy, ) (t) = Tpga (TR + Ty ) Bpg (1) + /l_TCMTMCTM/l(TR +Trx)Sm(t)
0

+ TCM
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+ TéM(TR+TM”)TM/1[S,rC(I)+SS(I)+T1%/ICSM(I)+S,1(I)}. (24)

Xon.) = T = T ) TaaaAS, (1) = AS(0) + TemTma [(TMn - TM/I)TMCD/[\/I[] (1) + D,[ll] (f)]

+Tem(Tyr —Tma)

TMCTM/IDI[\?I](I) - D,[f] (f)]

+ T80 (Trae = Tna ) Thaa

D)+ D (1) + 12D (1) + DV (z)] . (25)
2p

X(xw, ) = T aTmaBu (1) + XTMH(TMCTCMTM/I)SM(I) —TemTmnAa(-1)

Sne(t) + Ss(t) + TayeSm (1) + S,

+ T2, TvxThra : (26)

The variances and cross-covariances presented here can be further studied and checked with
the Mathematica notebook/supplementary file ‘VarianceChecker.nb’ (Mathematica 13), which is
available online: https://github.com/Jintram/DynamicalRegulationBacterial Cells.

1.3.4 Functional forms of the building blocks

In the above equations, Ai,Bx,Sx and D)[Ck] (j € {0,E} and k € {1,2,3}) are functional forms
that describe the shape of the contribution of a noise source Ny to the cross-covariance. This
contribution depends on the noise source, but also on the route via which noise is transferred
through the system (Fig. . These functions therefore depend on 6, and B, the amplitude and
timescale of N, (for clarity of reading we have omitted all the x-subscripts below). Additionally,
the functions depend on the specific route via which is transferred through the system (Figs.
and. The functional forms are found by complex integration using Cauchy’s Residue Theorem


https://github.com/Jintram/DynamicalRegulationBacterialCells

and are given by:
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In section [2.5 we will further discuss the interpretation of the these functions.



2 Analyzing the expressions for the cross-covariance func-
tions

The cross-covariance between two signals A and B contains temporal information about the
dynamical interplay of the two signals. For example, if noise first reaches signal A and only later
arrives at B, their cross-covariance peaks at a positive delay time. Generally, the complicated
expressions for the cross-covariance between A and B indeed consists of several terms that each
correspond to a different (biophysical) mechanism by which noise can propagate from some noise
source to A and B. Insight is gained by splitting the mathematical description of the cross-
covariance into different ‘modes’ that can each be interpreted as a different ways in which noise
can propagate through the cell. However, such a decomposition is not unique and hence subject
to convention. Therefore, we first discuss a decomposition from Kiviet et al. [I] using the ¢c-1
cross-covariance, Yg..a4 as an example. Next, we propose a new decomposition that is better
suited to the system investigated in this work.

2.1 The ¢¢-A cross-covariance: Old Decomposition

First, we split up the ¢¢-A cross-covariance (see Eq. in the same way as in Kiviet et al., using
three modes:

e Catabolism mode. This mode contains the contributions of all paths that transfer via
catabolism (i.e. from ¢¢ to M and from M to 1), where one route ends at the growth rate,
and the other at protein concentration:

TemTma (Sze +Ss + TyeSm + (=1)%S4) .

e Common mode. This mode originates from a phenomenological noise source that directly
influences both the growth rate and the production rates (which in turn influences the
concentrations):

TrcTmaApm.

e Dilution mode. This mode represents direct transfer from growth to protein concentra-
tion:
—A,.

2.2 The C-A cross-covariance: New decomposition

In the current work, we argue to define the modes slightly different. The major difference is
in the interpretation of the common mode, which is now not defined as contributions to the
cross-correlations originating from a particular noise source, but rather as all contributions that
are sensed commonly by all proteins in the cell. Specifically, noise in the production of particular
proteins can contribute to fluctuations of M, from where it transfers to all proteins commonly.
In other words, noise that originates in a particular part of the cell can propagate through the
cell and partly become common noise, transferring further to all proteins equally. Additionally
we introduce the regulation mode, which contains all contributions to the cross-correlations that
rely on the regulation and hence scale linearly with Tg.

To indicate paths through the cell along which noise transfers, and to therewith know via
which biophysical mechanism the noise transfers, we have added red parentheses to the expres-
sion of (4,2 These red parentheses divide the transfer parameters into groups of transfer
parameters that together describe a particular path through the cell (see also Figs. and .



From every noise source one can indeed follow two paths, one to each of the variables for which
the cross-correlation is calculated. (Here we used that the transfer parameter from growth to
protein concentrations is —1.) With these conventions, the decomposition of the cross-correlation
between ¢¢ and A becomes as follows:

® X(¢c. V)¢

1. Catabolism: (TcmTma) (Sze +Ss) -

2. Dilution: (-1) A,.

3. Common: (Tyrz) (Tara) Am+(=Tara) (Trma) Ap+(Trmc) (TvucTemTma) Su+(=1) (=TemTma) Sa.
4. Regulation: (TR) (TM/I) AM

® X(zc,d):

1. Catabolism: Tcpy Ty (A,,C (-t + AS(—I)) .
2. Dilution: 0.

3. Common:TM,rTM,lBM + TCMTMnTCMTM/l [(Snc + Ss + TI?/ICSM + (—1)2S,1]

+ Q%TMCTCMTMRTM/ISM —TcmTmrAL.

4. Regulation: TrRTypABy + TCMTRTCMTM/I [S,rc + SS + TI%/ICSM + S,1

+ 2%TMCTCMTRTMASM —TcmTRrA,.

The above equations for y(¢c,2) and x(x. .1 apply to both wild type E. coli cells and the
cAMP-fixed cyaA cpdA null mutant studied in the main text. This allows us to pinpoint the role
of regulation in shaping the cross-correlation. The parameter Tg that represents the cAMP-CRP
regulation feedback is expected to be negative in the wild type (Tg < 0 due to cAMP-CRP
regulation). In the cAMP-fixed strain however, the negative feedback is abolished and Tg = 0.
Such a parametric switch will qualitatively change the cross-correlations R(g. 1) and R(z. a)-
For example, a negative contribution with functional form of Aps (asymmetrically, left-skewed
function with timescale A) is effectively removed from R4 4)-

Note that Tg however not only influences the presence and absence of modes. Additionally,
Tr also influences the coefficients of variation (Egs. - , and amplitudes and timescales of
the other modes via Ag := Ag(1 = (TR + Tasx — Tmra)). Most modes are therefore expected to show
slight, quantitative differences between wild type and cAMP-fixed cells, but only the regulation
mode will show a strong qualitative difference: it is completely absent in cAMP-fixed cells.

2.3 Summary of the new decomposition for the reporters

2.3.1 x(¢v.d)

1
2

. Common: (T ~Ty)TmaAY+TemTrc (TMCTM/IDI[VQI] - DLQ])"‘TCM(TMH_TMA)TCMTMA DYy

DE)] + T[%dCD][\f’l] + D[g] + TMCTCM(TMn - TM,l)TM,lD][Vl[] + TC]\4TM/1D/11 .

. Regulation: TrTaaA,+TemTrTemTrma [DE’CJ+D§3J+T,%4CD}§J+D53J

(1]

. Catabolism: TepyTaraDy .

. Dilution: —Ag.

ic

(1]
1

+TMCTCMTRTM/ID1[\,11J .

10



2.3.2 x(ny,d)
1. Catabolism: TepTyaAs(—t).

2. Dilution: 0.

3. Common: TMﬂTM/lBM +TCMTM7rTCMTM/1 [Sﬂc + SS + TI?lCSM + S/l

+ 2%TMRTMCTCMTM/ISM —TcmTmrAL.

4. Regulation: TrTpABM + TCMTRTCMTM/I [Snc + SS + T/?/ICSM + S,l

+ 2%TRTMCTCMTM/1SM —TcemTrRA,.

2.3.3 x(¢u, )
1. Catabolism: 0.

2. Dilution: —Ag.

3. Common: (Ty z~Tya)TmaAY+TemTmc (TMCTM/ID1[\,21] - D,[lzl)"‘TCM(TMn_TM/I)TCMTM/l DR+
D 412 DV 4+ D 4 Ty Ten (Thr — T ) TvaDY, + TemTara DL

4. Regulation: 0.

2.3.4 x(ng,)
1. Catabolism: 0.

2. Dilution: 0.

3. Common: TM?rTM/lBM"'TCMTMﬂTCMTM/l SﬂC+SS+T]%/ICSM+S/l +2//11_§TM7FTMCTCMTM/1SM_
TemTmrAa

4. Regulation: 0.

2.4 Example: interpretation of the decomposition of the ¢y — A cross-
covariance

To clarify the interpretation of the expressions above, we now discuss the decomposition of the
Y-A cross-correlation function in detail.

1. Catabolism mode. This mode is a consequence of fluctuations in the expression level
of the catabolic sector (C-sector) that directly influence the rate of metabolism and the
growth rate. Even though the reporter Y is itself not metabolically active, it does share
a noise source (Ny) with the C-sector. As a result, the (cross-)correlation R4, 1) also
contains the catabolism mode, reflecting that ¢y correlates with ¢¢c (due to the shared
noise source Ny), and ¢¢c with A (due to the effect that fluctuations in ¢c have on the
growth rate).

TemTua DL

11



Note that indeed only the shared noise source N, transfers directly to growth from my,
instead of reverberating through metabolism (and thus becoming ‘common’ noise). The
function D' appears (instead of the function S as found in [I]) because noise transferring
from metabolism, via production to the reporters (Y or H) has a delay timescale of Ay,

whereas noise transferring to ¢¢ has timescale Ag.

2. Dilution mode. This represents direct transfer from growth to protein concentration.
-AY.
3. Common mode.

(Tvx = Tu)TmaAYy + TemTuc (TMCTM/ID][\/QI] - DEQJ) +Tem (Trrx — Tua) TemTraa| D5

)+ DN + TareTem (Tvx = i) Ta DY) + TCMTM/ID/[ll]~

+DP 412 DB 4 Db

Common noise includes noise in the C-sector and its effect on the reporters after it reverber-

ated through the cell. Here, one can for example examine the term (=TcpTma) (—Tem (Tyir — Tara)) D/[l3],
where both the path that ends up in A, (-TcpTama), and the path that ends up in ¢y,

(=Tcpm (Tagx — Tpmpa)), cross ¢c, picking up a timescale of Ag, and after that one route

transfers to ¢y, picking up a timescale 1p. Another interesting example is the second term,

~Tcm (TM,,—TM/I)D/?]: this is growth noise that diluted ¢¢, which has affected metabolism,

but from there transfers equally to all other proteins (with coefficient Tas, — Tara). There-

fore, this term is also regarded as common noise.

4. Regulation

3]

TRTM/IA10\/1 +TemTrRTeMmTMma DLC + D£3J + Tl%/ICD][;] + D/[IBJ + TMcTCMTRTM,lDll]

M

In the decompositions the term Tys, — Tapra appears often. This represents the net transfer
from M to ¢ via m and from M to ¢ via A.

2.5 Noise routes, timescales and modes

We make a clear distinction between noise routes, i.e., possible paths through which noise can
transfer according to the diagram in Fig. and noise modes, which are a classification of noise
routes in terms of a biophysical noise propagation mechanism (such as dilution or regulatory
control). In that sense, a noise mode is a collection of noise routes that each have a similar
biological or biophysical interpretation.

The functional forms A;O’E),SX,BX and D,[(1’2’3] result from particular noise routes starting
at some noise source Ny. Here and in Fig. we give some more intuition on how particular
noise routes result in the functional forms D Xl], D,[CQ] and D)[C3]. First, D)[cl] reflects noise that
transfers once via ¢¢ and once directly to ¢y, obtaining timescales 1/1g and 1/, respectively.
An example would be noise source Ny which acts on 7wy and therewith directly to ¢y, but also
affects ¢¢, transferring to M and further to 4. As a result D)[Cl] is very similar to S [I], which
reflect noise routes for which both paths obtain a timescale 1/1g. Second, D,[(Q] represents a
noise source from which one noise route is instantaneous, but the other makes a “double” loop,
affecting first ¢ and picking up timescale 1/1g and then transferring to ¢y, picking up timescale
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Figure S2: Example analysis of two different noise routes from noise source Nps to ¢y and A (shown here
is a only part of model). Thick gray arrows indicate the direction of a noise route and gray arrows with
circles indicate the start of a route. (A) One path goes directly to ¢¢ and one path goes, via ¢ back
to M and then transfers to 1. Transfer coefficients can be split up to represent the paths to ¢ and to 4
separately as: (Tapse) (TmcTemTma). (B) Another example of a M-noise route: (TycTemTrmc) (Tara)-

1/20. An example would be noise source Ny which instantaneously affects A, but also transfers
to ¢c, back to M and then to ¢y. Third, D,[CB] appears when one route has timescale 1/1g and
the other route is “double”, picking up both 1/1g and 1/4y timescales. An example of this is
another route originating at the noise source Ny, where noise first transfers to ¢¢, propagates to
M, and from there to A, but also back to ¢y.

See Fig. for an example, where we compare two routes that originate at noise source
Ny in the second line of Eq. A route, mathematically displayed as a product of transfer
parameters, is a path through the cell via which noise transfers from the source, in this case
N, to the observables (for example ¢y and A, as in Fig. . One possible route consists of a
path directly from M, via mry, to ¢y (with transfer parameter (Ty¢)), and a path from M to ¢c,
back to M and onward to A (with transfer parameter (TpscTepTma), Fig. ) This route will
contribute a function Dz[vll]’ as one path picks up a timescale of 1/1g and one 1/1g

Another possible route consists of a path from M directly to A (transfer parameter (Tar,)),
and one route to ¢¢, back to M, and then to ¢y (with transfer parameters (TayycTepmTrmc)). This
route will yield a function D};J7 as one path is instantaneous (M to A) and one first picks up a
timescale of 1/1g and then one of 1/4y.

3 Parameter reduction

In this section, we show that two parameters can be effectively scaled away from the system,
resulting in fewer parameters to be fitted. First of all, since cross-correlations are dimensionless
measures and the equations are linear, we can set one (non-zero) noise amplitude to 1. We pick
8, since this noise source has to be present to find any difference between the two reporters in
cAMP-fixed cells. Second, note that we do not measure M, so that the scale of M is arbitrary
and we can scale away Tcpy and consider fluctuations in §M /(Tcp My) with scaled noise source
Ny, = Ny /Tom.
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Now, to do the parameter reductions formally, we start with the original system (Eqgs. [118]):

% :N/1+TM,1%, (39)
%=NM+TCM%=TCM (%*‘%) (40)
ZT_; = Np, + Ny + (Tnin +TR)%, (41)
% = Ny + Ny + (Tatr +TR)%, (42)
ZT_,Z = Np, + TM”%. (43)

Deﬁning 6M = Tcélle/IIWW NM = NM/TCM, TM/I = TCMTM/L TMn = TCMTMﬂ and TR = TCMTR7 this
system can then be transformed to:

1 ) L
O = Ny + T (TCM(SM) = Ny + TaiaoM, (44)
0
s
M = Ny + 22€ (45)
C,0
5 ) A
€~ Ny, + Ny + (Tatr +Ti) (TCMéM) = No + Ny + (Taix + Tr)SM, (46)
Tto,C
on N . P
Y = Ny + Ny + (Tar + Tr) (TCMcSM) = Ny + Ny + (Tarr + Tr)6M, (47)
7T0,y
671'H ~ ~ ~
OTH Nt + Tai (TCM(SM) = Ny + TrindM. (48)
To,H

Next, we note that all (cross-co)variances are linear in #2; hence, if we scale all noise sources by
05, the resulting cross-correlations (cross-covariances divided by variances) do not change. How
the parameter reduction, and the scaling by 6,, affects the functional form of the cross-correlation
between signals A and B is shown below, where we split the cross-covariance and the variances
in contributions of each noise source. Let the entire contribution (written in hat-parameters) of
each noise source x to the cross-covariance between signals A and B be written as 62 f; (time
dependence is omitted for readability), and write #2ga ., and 62hp ., for the contribution of
noise source Ny to the variance of A and B respectively. Then:

2
(é—MM) For+ Ziznm 03 1

Ra.B)(7) = (49)

2 2
0 0
\/(TCM) Zam + Lizm 91-28A,i\/(—TC"iI) hyg g+ Zizm 07hp,;

2
(eyc/l\fs) Fir *+ fs + Zine.ma (6:/65)° fi

2 2
\/(%) 8an T 8As+ Zi;es,M(@i/@s)QgA,i\/(a%lc—/Mes) hg yi + hB,s + Xizs.m(0i/05)*hp i
(50)
2 \2 ~o
(On) fun + fs + Sivons 63
= : (51)
5 \? 52 5\ 42
\/(QM) 8anr t8As+ Dizs,m 0; gA,i\/(gM) hg yr+hes+ Xizsm 0B,
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Here, 0, = 0,/65, and Oy = GQ”C—/MGS. By considering only * - parameters, we effectively removed
two parameters from the model.

4 Data analysis

4.1 Calculating cross-correlations from data

Segmentation was done using the software Schnitzcells, developed by the Elowitz lab [3], with
custom scripts written by Daan Kiviet, Philippe Nghe and Noreen Walker [I], 4]. Tracking was
done in line with Kiviet et al [I]. Cell length is determined by fitting a 3rd (or, in some cases
5th) order polynomial through the cell area. Cross-covariance y and cross-correlation R between
two signals in discrete time is then defined as:

N-|7]-1
1 |

Xre(M =51 2, fmEm+). (52)
n=0

Sf.e(T)

V7.7 (008 (0)

Here, hats indicate mean-subtracted signals.

Cells that are born earlier in the experiments appear in more lineages. When calculating
cross-correlations along lineages, we must thus be careful to not count such cells repeatedly.
Therefore, we introduce for each data point a weight, representing in how many branches the
point occurs. The resulting cross-correlation is a composite cross-correlation with contributions
of points from multiple branches i. Lastly, we also introduce time-average-subtracted variable,
since averages can change slightly during experiments. We therefore define a composite cross-
covariance and cross-correlation:

Rf’g(T) = (53)

Ni—|7|

1 1 N

St = ) Z]) Wii.e fi(1)8i(n+7), (54)
Sf,g(r)

Rpo(r) = ——LE 55

T8 S, (005, (0) (58)

fim) = fi(n) = (fidn (56)

Whni,t = l/Kn,i,T’ (57)

Wtotal,‘r = Z Whni, - (58)

Here, the summations run are over all branches i and time points n. Weights are indicated
with w, where K, ; + is the frequency with which a specific point pair fi(n)g:i(n + 1) was used.
Throughout the manuscript we refer to the composite cross-correlation R as the cross-correlation
R. The mean-subtracted signal f,-(n) is now recalculated in each branch, for each time point to
compensate for a changing overall average during the experiment.

4.2 Averaging multiple experiments and estimating error bars

To create Figs. 2 and 3 of the main text, the cross-correlations calculated per microcolony
were averaged. Here, we explain how we averaged the multiple (independent) experiments (each
microcolony being an experiment) and how we calculated error bars.
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We use a Mixed Model Estimate, assuming that each individual measurement y; ; from exper-
iment i is determined by the average of interest, u, plus two noise sources: within experimental
noise &;(i), and between-experiments noise &;:

Vij = H+&+E().

Here, &; is the noise that determines the off-set of the mean from experiment i, and &; (i) the noise
on individual measurement j in group i. We assume that E [&;] = E [f j] = 0. Furthermore, let
Var (¢;) = sl.27 the variance within experiment i (this variance might differ between experiments),
and Var (&;) = si, the variance between the means of each experiment. The within experiment
variance is estimated by dividing each microcolony into four lineages (from the moment there
were four cells in the microcolony, we followed each of their lineages separately) and calculating
and comparing statistics along each lineage. With these notions for &; and &;(i), we write n for
the number of experiments and n; = 4 for the number of subgroups within experiment i. Then:

E [yij] = u N
s Var(ZiZjﬂJffi’Lff(i)) 60
ar (E [yi]) = (Xini)?) "
1
- Ve Zni§i+Z;§j) (61)
1
_ (Z:l—nl)Q Z n?Var (&) + Znival" (fj)) %
S22 ng + X ns;
) 63
(Zini)® -

To estimate u, we again use knowledge of within-experiment variances to calculate a weight
factor for each microcolony: let y;(#) be the measured mean value of an observable in experiment
i at time ¢, with within-experiments error s;(#). Then we estimate u as:

X7 s 2 (0)yi(r) _ Ziwi@)yi(0)
s W@

J

(y() =

Here, w;(¢) = and W(z) = ;-‘21 w;(#). That is, more precise measurements (that is, those

1
s7 (1)
with smaller within-experiment error s;) obtain a higher weight.

4.3 Null-expectation for the cross-correlations

To confirm that the measured cross-correlations correspond to real, biological, signals inside
the cells, we performed a permutation analysis on the time-series data. We kept the temporal
information of the data, but randomized at each time point the growth rate and expression data
for all the cells in the colony. Any biological correlations between variables should therewith be
removed. Repeating this randomization 50 times, and each time re-calculating cross-correlations,
indeed gives a band of cross-correlations around zero, allowing us to infer what kind of signals
could still be explained purely by technical noise (See for example Fig. . Any part of the
originally measured cross-correlations that fall outside this band can then be concluded to stem
from a real biological signal.
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5 Fitting procedure
5.1 Parameter values for WT and cA MP-fized* cells

The full mathematical model, with the reduced number of parameters, was fitted to the cross-
correlations with their error bars using a weighted least-square fitting procure in Mathematica
13. We fitted R(g 1) and R(r ) for both reporters and for wild type and cAMP-fixed* cells
simultaneously.

In all fits, we set 0. = 0, for three reasons. First, the variable ¢ represents the entire
C-sector, so that random, intrinsic fluctuations in the total size of this sector are expected to be
small. Second, any noise source that directly influences the total size of the C-sector should also
affect the CRP-reporter Y, because C and Y are regulated and expressed similarly. Such noise
sources are therefore also captured by the phenomenological noise source Ny that summarizes
shared noise sources between the C-sector and Y. Third, fluctuations in the concentrations of
each of the individual proteins of the C-sector likely transfer differently to metabolism than joined
fluctuations of the entire C-sector. The effect of the intrinsic fluctuations of individual C-sector
protein species on the metabolic flux is instead captured by the noise source Nj;. Fluctuation
in any individual C-sector protein could indeed potentially influence the flux catalyzed by the
entire C-sector, causing fluctuations in metabolism.

For cAMP-fixed* cells we predefined that Tg = 0, and for wild type cells Tg < 0. All other
parameters were not allowed to differ between WT and CAAMP—ﬁxed”< cells. We thus fitted 9 free
parameters: {Tg (only for WT cells), it Tairs éﬂy, ém, NIVRY [j—;‘, %} (The hat-parameters are
defined in the section‘Parameter Reduction’, Section Tceum and 6y, are set to unity and removed
from the model by scaling.) The timescale 1/8, is the time-scale of the production noise rates,
and 1/B,, is the timescale of growth/dilution-related noise sources (6, 6p7, 64). Their value given
is relative to the mean growth rate, Ag.

In table we present best-fit parameters, with their 95% confidence interval. The 95%
confidence ranges of the parameters were estimated by changing that parameter until the in-
crease in (weighted) sum of squared residuals was statistically significant (as determined using
F-statistics).

Although the model is able to reproduce the experimentally observed cross-correlations, we
are hesitant to over-interpret the exact numerical values of the fitted parameters. For example,
the wild type and optimal mutant’s best-fit-parameter for the transfer from M to m, Tyix, is
small, but negative (Table . Such a negative parameter is counter-intuitive, for it results in a
negative common mode (upward fluctuations in metabolism increase the growth rate, but lower
the production rates). Presence of this negative common mode is only reflected in the mutant’s
negative mgy-A cross-correlation, and, importantly, it is also this negative cross-correlation that
causes the best-fit parameter to become negative (not including R ., 1) causes the best-fit value
for Tviz to be slightly positive, data not shown). Extensions of the model with alternative
mechanistic explanations that could explain the negative correlation between g and A (such as
competition between mRNA molecules for ribosomal binding sites at the single-cell level, or a
negative effect of the reporters on the growth rate [5]) did also not fit the negative cross-correlation
well (data not shown, Mathematica notebooks available upon request with the authors). Possibly,
this specific negative cross-correlation could be caused by an experimental artifact that heavily
influences the fitted parameters. Indeed, similar constitutive reporters measured in earlier work
[1L 6] show a positive correlation between my and A.
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Parameter Confined to Best Fit 95% Confidence Interval

0 rc 0 - -

O 1 - -
Tewm 1 - -

Tr [-2,2] (WT); 0 (MUT) | -1.67 (WT) [-2.28,-1.25]

Taa [-1,1] 0.05 [0.045, 0.54]
Tain [-1,1] -0.179 [-0.22, -0.14]

Oy [0,5] 0.0 [0,0.74]

O, [0,5] 1.14 [1.06,1.24]

O [0,10] 0.90 [0.83,0.97]

0, [0,5] 0.13 [0.125,0.143]

Bx > 2 2 [1.8, 2.16]

B > 0.5 0.78 [0.75,0.82]

Table S1: Best fit parameters of the wild type and optimal mutant, including predefined parameter

constraints and best-fit confidence ranges based on statistical analysis. Parameter Tg was set to 0 for
cAMP-fized* (MUT) cells. All other parameters were fitted using a minimization of the squared distance
of 8 analytical curves (cross-correlations ¢ — A and 7 — A for both reporters. and for WT and cAMP-
fized™ cells) to the cross-correlation data (Fig. 2B from the main text). For the precise interpretation of
“-parameters, see section ‘Parameter Reduction’.

5.2 Low and High cAMP

From the best-fit parameters for the cAMP-fixed* cells (Table , we qualitatively reproduced
the Low cAMP cross-correlations by increasing transfer to, and from, metabolism. Intuitively,
when cAMP concentration is low and C-sector expression is sub-optimal, one would expect
strong transfer from ¢¢c to M (i.e. an increase in the parameter Tcps). Additionally, M -itself
being limited by ¢¢- is in turn expected to be limiting for growth and protein production; as
soon as metabolism becomes better, the cell can grow and create protein faster (corresponding
to an increase in parameters Tps, and Tpr1). Therefore, we first scaled Tcpr by a factor of
1.1. Note that scaling Tcp also affects some of the scaled (hat) parameters; Taia, TMﬂ, and

éM. We assumed 9;\4 to follow the scaling (i.e. the éM becomes a factor of 1.1 smaller). The
parameters Ty and Ty, whose values are expected to increase also independently of Teay,
were instead both increased with a constant, 0.3. This resulted in, for Low cAMP-fixed cells in:

{YA"MA =0.35, Tae = 0.121, 03 = 0.82}. The timescales of each noise source relative to the growth
rate (which is lower under this condition than under optimal cAMP levels) were kept constant.

The resulting cross-correlations reproduce many qualitative features of the measurements.
That said, the mathematical model slightly over-estimates the overall amplitude of the cross-
correlation (Fig. [S6|A). Possibly, this is due to changing average expression, or possibly caused
by experimental error: Independent measurement noise in any two variables reduces their cor-
relation. In the model, this can be mimicked by increasing the noise levels of 6,, and 8, to
{5, 2.14} respectively. An increase in those noise parameters does not affect the shape of the
cross-correlation, but only decreases the overall amplitude of the cross-correlation (decorrela-
tion).

For the cAMP-fized™8" cells, we assumed that ¢¢ now negatively influences (hinders) metabolism,
but that a better or faster metabolism still results in faster growth and protein expression. There-
fore, we scaled Tcps by —0.3, in line with its hypothesized slightly negative burden to metabolism
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and growth. Parameters Ty, and Ty, therewith picked up a minus sign, but we kept their ampli-
tudes as for the cAMP-fized®™ cells, since metabolism is still far from optimal, so that noise from
metabolism is expected to strongly transfer to growth and protein production. Thus, parameters

for the cAMP — fixed™8" cells were: {Tyiq = —0.35, Tair = —0.121, |p] = 3}.

These parameters indeed qualitatively explained many featured of the measured cross-correlations
(Fig. ) However, the high-cAMP cross-correlations are, as in the low cAMP condition, over-
estimated by the model. Another clear mismatch is that, for these parameters, the model predicts
a strong common mode (which can be seen most clearly in the my-A cross-correlation) that does
not seem to be present in the data (although one microcolony did show a clear positive mg-4
cross-correlation, see bottom right panel in Fig. [S7). Interestingly, just as in the wild type,
the cross-correlations of both reporters look similar in cAMP-fixed cells under the high-cAMP
condition.

A semi-quantitative fit can made (see also Fig. 3E of the main text) by further tuning the
reporter’s noise amplitudes to: {0, =2,0,, =3.144}.

6 Toy model of the means of the two reporters

From the observation that the sum of the concentration of both reporters is, on average (Fig.[S10A),
approximately constant, we were inspired to also write equations for the population-level average
behavior. We here derive a phenomenological toy model that describes how the average concen-
trations, production rates and growth rates of cAMP-fixed cells change under changing external
cAMP concentration.

Generally, we can write for the (average) total concentration of the catabolic sector ¢ and
for the constitutive reporter H:

89C — re ~ ged = (fe ) - g (64)
6;% =7 — ¢l = (fu — dn)A. (65)

Here fc(x) is a regulation function that determines the fraction of all metabolic flux allocated
towards production of ¢¢ as a function of some internal metabolite (in this case, x reflect the
internal cAMP concentration). However, fy is also not necessarily a constant and can depend
on resource allocation. We will show below that fg is indeed not constant.

From the experiments we observe ¢y + ¢y is approximately a constant. Assuming that Y is
a good reporter of the C sector, this is equivalent to:

bc+ou =T

(Note that this ignores proteomic shifts that result from a changing the ribosomal sector, or
any other sector that is not modeled here.) In the steady state, ¢y = fg, and therefore also
mg = ¢gd = (T - fc(x))A = fgd. We can thus rewrite the differential equation for H as:

0
8 (T~ fe ) -gn
t
In steady state, this suggest that the production rates (as directly quantified from the experi-
ments), divided by the growth rates should be equal to the concentration for both the reporters
(Fig. S10A).

19



In the mutant, the growth rate declines when either over, or under-expressing ¢¢, and the
mean growth rates fit a 2nd order polynomial nicely.

A¢c) = ga(dy) = ags + by +c¢

For best-fit parameters {a = —3.94-1075,b = 2.12- 1072, ¢ = —2.02}. Here we consider ¢c, the
metabolic sector, well-reported by the metabolic reporter ¢y.

Using this polynomial, the relationships between mean protein production rates/mean protein
concentrations, and the mean growth rate can be related (Figs. and [S10)):

{¢y, A4} = {¢y,ga(¢y)}. (66)
{my, 4} = {¢vga(dy), ga(¢v)}, (67)
{¢n, At ={¢n,8a(T — ¢u)}, (68)
{mu. A} ={duga(T — ¢u). ga(1 — ém)}. (69)
{ny,mu} = {dyga(T — ¢nu), pnga(T — ¢u)} . (70)

These relationships fit strikingly well (Fig. [S10).
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7 Supplementary Figures
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Figure S3: Growth rates in minimal medium supplemented with lactose and various cAMP concen-
trations. Measured exponential phase growth rates of the cyaA cpdA null mutant (cAMP-fixed cells)
at different concentrations of cAMP as measured in a plate reader. Black triangles refer to the low,
optimal and high cAMP concentrations respectively. The growth rate was determined as an exponential
fit over a manually selected part of the bacterial density curve. Additionally, this figure shows data from
a similar experiment performed by Towbin et al. [7]
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Figure S4: Coeflicients of variation of the growth rate (left panel) and the concentrations of the C-sector
reporter (middle panel) and the constitutive reporter (right panel) for the different conditions. Shown in
the figure are only the experiments performed with a similar microscope such that their absolute values
were comparable.
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Figure S5: Average experimental values measured in different colonies. (A) Regression slope between
¢ and A for the wild type and cAMP-fized* cells (MUT in the figure). Slopes for the ¥ reporter differ
significantly between wild type and mutant cAMP-fixed* cells (p = 0.0031, two-sample t-test), but not
for the H reporter (p = 0.93, Welch’s t-test). Note that to calculate these regression slopes only relative
fluctuations are relevant, so that only relative fluorescence signals are relevant. (B) Average growth
rate per colony, showing a large variance in growth-rate measurements. Difference between the mean
growth rates of WT and cAMP-fized* cells is not significant (p = 0.063, Welch’s t-test). (C) Average
fluorescence per colony. Filled circles are values measured with a standardized microscope setting (and
thus only those absolute values can be compared). Y: C-sector reporter, H: constitutive reporter.
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Figures with data | Condition | # colonies | # cells # data points

1C, 1E WT 1 1671 5979

1D, 1F Fixed-800 1 1580 4339

2B (left panels) WT 6 113,63,110,953,729,1667 | 573,346,513,2420,1834,5979
2B (right panels) Fixed-800 4 1568, 1626,1500,837 4339, 5202,4697,2664
3A.B,D Fixed-80 2 1165, 623 4141,1985

3A.B Fixed-8001 | 3 1568, 1626,1500 4339, 5202,4697

3A.BE Fixed-5000 | 2 1437,837 4229, 2086

Table S2: Number of cells (as determined by the Schnitzcells software (see Methods), number of colonies,
and number of data points from all single cell experiments. (Only a subset of data was used, as for
those data sets microscopy conditions were equal, such that the values can be compared directly.)
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Figure S6: Qualitative model prediction for the cross-correlations as measured in the cAMP-fixed cells
using low-cAMP (80 puM, panel A) and high-cAMP (5000 uM, panel B) conditions, together with the
measured cross-correlations. (A) The transfer parameters from M to A (Tyy) and from M to m (Taiz)
have been increased by 0.3, and Ty is slightly increased as well (scaled by 1.1; affecting affects 67M)7
compared to the best-fit values from the cAMP-fized* condition. (B) Same values as in (A) for Tya and
Tair, but now Tepy is slightly negative (multiplied by —0.3).
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Figure S7: All measured cross-correlations (thin blue lines) in independent replicates (independent

colonies), together with their

weighted averages (thick black lines), for all conditions. Y: C-sector

reporter, H: constitutive reporter.

Identifier | Manuscript | Description
shorthand
ASCB838 Wild type MG1655, also known as strain bBT12 and CGSC num-
ber 8003. Known mutations: A—, Afnr-267, rph-1. (No resistance
modules.)
ASC839 cyaA, cpda null mutant. Also known as strain bBT80. Based on

ASC838. (No resistance modules.)

ASC990 wild type
(WT)

Wild type strain, except for A(galk)::nCRPr-mCerulean-kanR and
A(intc)::CRPr-mVenus-cmR. (Kanamycin and chloramphenicol resis-
tant.)

ASC1004 cAMP-fixed

Strain based on ASC839 (AcyaA Acpda), introduced A(galk)::s70-
mCerulean-kanR and A(intc)::rerp-Venus-cmR.  (Kanamycin  and
chloramphenicol resistant.)

Table S3: Additional details on the strains that were used; ASC990 and ASC1004 were used in the
manuscript, and are based on ASC838 and ASC839 respectively.
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Figure S8: Growth rates during the experiments. Each panel plots growth-rate data for a single colony;
panels are grouped by growth condition. The gray lines show single lineage traces, the black lines the
population average. Colored lines highlight example single lineage traces to illustrate single cell behavior.
Dashed and dotted lines indicate 400 and 50~ boundaries from the overall mean respectively. As before,
the displayed conditions are (A) wild type cells, (B) cAMP-fixed* cells growing on 80 pM cAMP, (C)
cAMP-fixed cells growing on 800 pM cAMP and (D) mutant cells growing on 5000 pMcAMP.
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Figure §9: Cross-correlations between the C-sector reporter, ¢y, and A, together with their null ex-
pectation (gray areas around 0, see section for details of the calculation). The black lines in this
figures are the light-blue lines in top panels of Figure [S7] Error bars are calculated by dividing each
microcolony into four parts and comparing statistics in each part. As before, the displayed plots are from
independent microcolonies growing under the following conditions: (A) wild type cells, (B) cAMP-fixed
cells growing on 80 pM cAMP, (C) cAMP-fixed cells growing on 800 pM cAMP and (D) cAMP-fixed
cells growing on 5000 pM cAMP.
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Figure S10: Toy model fits the mean behavior of the reporters and the growth rate (see for details
section @ (A) The sum of reporter concentrations is approximately constant in all conditions. (B)
Steady state relationship ¢y = ny /A (black straight line) holds closely for all conditions. The best fit
(dashed line), however, has a slight offset. (C) Fitted parabolic relationship of ¢ between the growth
conditions. See also [S3]). (D) Relationship between 7y and A as calculated from the toy model @
(E) Steady state relationship for the C-sector reporter. (F-G) The C-sector reporter concentrations and
production rates for each condition fall on the curve calculated from the toy model (not fitted). Colour
coding is as in other figures (blue: wild type, red: low cAMP mutant, green: medium cAMP mutant,
orange: high cAMP mutant). Y: C-sector reporter, H: constitutive reporter.
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PLAC.
CRPr.

nCRPr.

pLAC.
CRPr.

nCRPr.

pLAC.
CRPr.

nCRPr.

GGTTTCCCGACTGGAAAGCGGGCAGTGAGCGCAACGCAAT THEENGACTTAGCHERETC
————— CGTCAGGAGGAGAGGGGCAGTGAGCGCAACGCAATTAATGTGAGT TAGCTCACTC
————— CGTCAGGAGGAGAGGGGCAGTGAGCGCAACGCAATCAGATCAAATGTGTICGTTTC

A.AGGCACCCCAGGCTTTACACTTTATGCTTCCGGCTCGTATGTTGTGTGGAATTGTGA
ATTAGGCACCCCAGGCTTTACACTTTATGCTTCCGGCTCGTATGTTGTGTGCATGGATAA
CATAGGCACCCCAGGCTTGACACTTTATGCTTCCGGCTCGTATAATGTGTGCATGGATAA

GCGGATAACAATTTCACACAGGAAACAGCTATG
GTAGCTAGGAATTTCACACTGCAAACAGCTATG
GTAGCTAGGAATTTCACACTGCAAACAGCTATG

Figure S11: Overview of promoter sequences used in this manuscript. The top row indicates the original
LacZ upstream region including start codon ATG (NCBI; gene ID 945006, NC_000913.3), whilst the 2nd
and 3rd row give the sequence of the engineered CRPr and nCRPr promoters. Colour indicates CRP
binding sites according to [§] (yellow), [9] (green) or both (purple), and the Lacl binding site (blue)
according to [8]. In grey, changes in the engineered promoters are indicated.
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