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Why the temporal dimension mattersin

cellular signalling

Shuai Yang & Fan Jin

M Check for updates

Temporal encoding of signalling dynamics is
not just widespread; it offers a fundamental
information-theoretic advantagein

cellular communication. Recent advances

in channel capacity measurement and
decoding of second-messenger networks
now provide a predictive framework

linking temporal codes to differential gene
regulation.

A central question in signal transduction is how cells use the same
signalling molecule to elicit different responses. In mammalian cells,
the transcription factor NF-kB can either oscillate in and out of the
nucleus, or translocate there in a sustained manner; despite involv-
ing the same molecule, these dynamics activate distinct subsets of
targetgenes'. Inbudding yeast, the stress-response factor Crzl enters
the nucleus in short, stochastic bursts whose frequency, rather than
amplitude, is proportional to extracellular calcium concentration?.
Inthe pathway mediated by the tumour suppressor p53, DNA damage
triggers either repeated pulses (leadingto cell-cycle arrest and repair)
orasingle sustained pulse (committing cells to apoptosis), depending
onthe nature and context of the genotoxicinsult®. In each case, distinct
signals are encoded by temporal variationin the behaviour of asingle
molecule (Fig. 1).

These are not isolated cases. In mammalian cells, pulsatile ERK
kinase activity distinguishes proliferation from differentiation®. Oscil-
latory expression of the Notch target HES1 maintains neural progenitor
pools during embryonic development’; while the frequency of pul-
satile GnRH secretion differentially drives luteinizing hormone (LH)
versus follicle-stimulating hormone (FSH) production from the same
pituitary cells®. In Bacillus subtilis, the stress-response sigma factor
o®is activated through stochastic, frequency-modulated pulses’. In
yeast, the stress-response activator Msn2 shuttles into the nucleus in
frequency-modulated bursts’. Abroad pattern is emerging: across bac-
teria, fungiand animal cells, signalling molecules routinely encode infor-
mationintheirtemporal dynamics (Fig. 1). This temporal code operates
alongside, and often dominates, the classical view that information
resides solelyin molecular concentration. In what follows, we describe
two recent quantitative advances: first, the absolute measurement of
how much information dynamic signalling can carry; and second, a
predictive framework explaining how oscillatory signals expand regula-
tory capacity beyond what static concentration control canachieve. We
then discuss the outstanding challenges in extending these principles
to natural multicellular contexts and explore how temporal multiplex-
ing canserve as a practical engineering resource for synthetic biology.

Quantifying temporal encoding and decoding

That dynamic signalling carries information has been recognized for
overadecade. Tworecent developments, however, now place temporal
encoding and decoding on a quantitative physical foundation, which, in
our view, highlights ashiftin the field from phenomenological descrip-
tionto a predictive, testable framework.

First, advances in synthetic biology, optogenetics and quantita-
tive biology have made it possible to measure the information capac-
ity of a temporal signalling pathway (here termed a ‘channel’ in the
information-theoretic sense; see Box 1) for the first time. By genetically
isolating the cAMP signalling pathway in Pseudomonas aeruginosa, we
created a system in which temporal cAMP signals could be precisely
‘written’ through blue-light pulses and simultaneously ‘read’ viaa
fluorescent cAMP probe at single-cell resolution®. This experimental
platform enabled the direct quantification of how much informa-
tion the cAMP signalling pathway transmits as a function of input
frequency. The pathway achieves approximately 40 bits per hour
(see Box 1 for an introduction to information theory). To appreciate
this number, consider that a single promoter reading a static tran-
scription factor concentration can distinguish only about 1-2 bits per
readout on the timescale of a bacterial cell cycle’, which is equivalent
to approximately two to four concentration levels (Box 1 and Fig. 2a).
Temporal dynamics therefore increase the information throughput
of the same molecular entity by more than an order of magnitude,
providing capacity that is sufficient, in principle, to regulate dozens
ofindependent downstream genes within one division cycle (Fig. 2b).
Crucially, this capacity is not achieved at arbitrary signalling speeds:
anoptimal transmission frequency exists, set by the cAMP degradation
ratein this case, and at this optimum, cells use abinary temporal code’.
Theseresults establish that temporal signalling parameters are physi-
cally constrained quantities that can be predicted frommolecular rate
constants — although the absolute capacity measured here reflects a
specificengineered bacterial pathway, and whether comparable values
are achieved in other organisms and signalling contexts remains an
important open question.

Second, having quantified how much information the cAMP
signalling pathway (Box 1) can carry, the question becomes: how is
frequency-encoded information decoded into differential gene expres-
sion? By reconstructing the downstream cAMP regulatory circuit with
controllable components'®, we discovered through systematic time-
scale analysis that the system naturally decomposes into three tempo-
rally separated modules, which we term the frequency-to-amplitude
converter (FAC): awave converter that transforms discrete light pulses
into continuous cAMP concentration oscillations; athresholding filter
that converts oscillating cAMP concentrations into promoter activa-
tion events through cooperative molecular binding; and anintegrator
that time-averages promoter activity into stable protein expression lev-
els (Fig.3a). The pronounced temporal separation between these mod-
ules enables sequential signal processing with minimal interference,
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Fig.1| Temporal encoding of signalling across species. Signalling molecules
canelicit distinct cellular outcomes depending on the temporal pattern of their
activity — characterized by pulse amplitude, frequency and duration (see Box 1

for definitions). a, Inmammalian cells, oscillatory nuclear translocation of NF-kB
activates inflammatory gene programs, whereas sustained nuclear presence
activates anti-apoptotic genes. Repeated pulses of p53 nuclear accumulation

after DNA damage promote cell-cycle arrest and DNA repair, whereas a single
sustained pulse of p53 commits cells to apoptosis. Transient versus sustained

ERK kinase activation drives proliferation versus differentiation. High-frequency
GnRH pulses from the hypothalamus preferentially stimulate LH secretion from
pituitary gonadotrope cells, whereas low-frequency pulses favour FSH secretion.
The Notch target HES1 oscillates during embryonic development to maintain
neural progenitor pools; sustained HES1 expression drives differentiation. b, In
yeast (Saccharomyces cerevisiae), the transcription factors Crzl and Msn2 shuttle
into the nucleus in stochastic bursts. Higher stimulus intensity increases the

burst frequency without changing the amplitude of each burst. This frequency
modulation ensures that several target genes with different promoter sensitivities
are co-regulated in fixed proportions. ¢, In bacteria such as B. subtilis, the
stress-response sigma factor o® activates in stochastic pulses whose frequency rises
withincreasing stress, thereby engaging a progressively larger fraction of the o®
regulon. Together, these examplesillustrate that encoding information in temporal
dynamicsis a conserved signalling strategy across bacteria, fungi and animal cells.

providing a physical basis for how cells convert temporal input patterns
into distinct gene expression outputs.

Crucially, whether agiven promoter acts as alow-pass or high-pass
filter is quantitatively predicted by a single dimensionless threshold
parameter, A, determined by the ratio of transcription factor abundance
to promoter binding affinity (Fig. 3a). This framework yields atestable

prediction: when n genes with different A values are co-regulated, the
number of distinguishable multi-gene expression states under ampli-
tude modulation scales as H =< 0.8-log,(n), whereas adding frequency
modulationyields H=2.0-log,(n) (Box1andFig.3b, c).Inathree-gene
system — the scale at which the prediction was experimentally vali-
dated™ — this provides approximately two additional bits of informa-
tion entropy (from approximately 4.75to 6.57 bits), corresponding to
approximately a 4-fold expansion in the number of distinguishable
regulatory states — from 27 states under amplitude modulation alone
to 95 states when frequency modulationis included.

From single genes to network-level control

The encoding, decoding and scaling principles described above were
established in engineered bacterial circuits. Thisinevitably raises the
question of whether they exist in natural signalling systems. Several
lines of evidence suggest they do. In yeast, the transcription factor
Crzl enters the nucleus in frequency-modulated bursts, and this fre-
quency modulation — rather than changes in the amplitude of each
burst —ensures proportional co-regulation of several target genes with
different promoter affinities®. The combinatorial pulse timing of the
activator Msn2 and its repressor Migl enables gene-specific regula-
tionin yeast that neither factor could achieve through concentration
changesalone™. In mammalian cells, computational analyses of NF-kB
dynamics suggest that oscillation frequency encodes stimulus identity
by multiplexing information to diverse target gene programmes'. In
each case, ashared regulatory molecule controls several targets with
different response kinetics, and temporal dynamics provide the addi-
tional degrees of freedom needed for differential regulation — precisely
the scenario, inwhich our quantitative framework predicts frequency
modulation to outperform amplitude modulation (Box 1).

Why might this temporal strategy be so widespread? We suggest
thatthe answer connects to afundamental constraint at the single-gene
level. Individual promoters are imprecise receivers: stochastic tran-
scription factor binding, chromatin fluctuations, and low numbers of
molecules limit information transmission to approximately 1-2 bits
per promoter”” (Fig. 2a), sufficient to produce only about two to four
discernible expression outputs (Box 1). Under amplitude modulation,
this constraint has acompounding effect at the network level: changing
transcription factor concentration shifts all target genes in the same
direction along their respective dose-response curves, producing
correlated expression patterns that limit the accessible regulatory
state space. Frequency modulation breaks this correlation. Because
promoters with different biochemical properties, parameterized by A
(ref.10), respond preferentially to different frequency ranges, modu-
lating oscillation frequency can increase the expression of one gene
while decreasing that of another (Figs. 2b and 3a). This differential
selectivity expands the repertoire of achievable multi-gene states far
beyond what amplitude variation alone permits (Fig. 3b,c), offering a
physical explanation for why temporal encoding has been indepen-
dently adopted across bacteria, fungi and animal cells.

Outstanding challenges
Despite the insights highlighted here, several important questions
remain (Fig. 4a).

How do promoters physically decode dynamic signals? Differ-
ent genes respond differently to the same oscillatory transcription
factor, indicating that promoter architecture acts as amolecular fre-
quency filter. Some promoters behave as low-passfilters (responding
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BOX1

A primer of information theory in cell signalling

Information theory, developed by Claude Shannon in 1948, provides
a mathematical framework for quantifying how reliably a message
can be transmitted through a noisy channel. Its concepts have proven
valuable for understanding cellular signalling.

Encoding and decoding. In signal transduction, ‘encoding’ refers to
how an upstream signal is converted into a specific temporal pattern
of molecular activity, and ‘decoding’ describes how downstream
molecular machinery (such as gene promoters or effector proteins)
interprets that pattern to produce a cellular response. The fidelity of
this encoding-decoding process determines how much information
a signalling pathway can transmit.

Pulses and their parameters. A ‘pulse’ refers to a transient episode

of increased signalling activity. In eukaryotic cells, this typically
manifests as the temporary accumulation of a transcription factor in
the nucleus, followed by its return to the cytoplasm (as for NF-kB, Crz1,
and Msn2). In bacterial systems, a pulse may instead correspond to a
transient rise in second-messenger concentration (as for cAMP) or a
burst of sigma factor activity (as for o®). Regardless of the mechanism,
pulsatile signals are characterized by several key attributes: amplitude
(peak activity level), duration (how long each pulse lasts), the time
interval between consecutive pulses, and frequency (how often
pulses recur). Constant signals primarily regulate responses through
amplitude modulation, in which output is determined solely by

signal strength. Pulsatile signals add additional layers of modulation
through these temporal attributes, collectively enabling frequency
modulation. The duty cycle — the fraction of each period during
which the signal is active — provides a further control parameter.

Bits. The fundamental unit of information is the bit. One bit
distinguishes two equally likely alternatives; two bits distinguish four;
three bits distinguish eight (2" alternatives for n bits). Importantly,
bits measure information as a continuous quantity — fractional
values (such as 1.5 bits) are meaningful and common. When we

say a promoter transmits approximately 1-2 bits, we are describing
the precision of the entire input-output mapping: how reliably
differences in the upstream signal (such as the transcription factor
concentration) are converted into distinguishable differences in
gene expression output. At the input end, this means the promoter
can effectively discriminate only about two to four levels of the
upstream signal; at the output end, it means the promoter produces
only about two to four reliably distinguishable expression levels.
The two are equivalent — limited discrimination of the input
necessarily limits the repertoire of distinguishable outputs. Why

so few? Although an individual promoter switches between ON
and OFF states at any instant, the biologically relevant output is

the time-averaged expression level, determined by the fraction of
time the promoter spends in the ON state. This time-average is, in
principle, a continuously graded, analogue quantity — much like
how a light flickering rapidly between on and off appears to glow at
an intermediate brightness. However, molecular noise (stochastic

transcription factor binding, nucleosome dynamics, and low
molecule copy numbers) introduces variability in this time-average
from cell to cell and from moment to moment, limiting how many
graded levels the cell can reliably set and read. The result is that,
despite the continuous nature of the underlying biochemistry, the
effective information resolution of a single promoter is coarse—on the
order of 1-2 bits.

Information entropy and state space. Shannon entropy (H)
quantifies the total number of distinguishable states a system can
access, expressed in bits. In gene regulation, it measures how many
distinct multi-gene expression patterns a cell can reliably produce
and discriminate under noise. Higher entropy means a larger ‘state
space’ — that is, a greater repertoire of distinguishable regulatory
programs available to the cell, whereas lower entropy indicates fewer
accessible states and more limited regulatory capacity.

The signalling channel. By analogy with a communications

channel, we define the signalling channel as the mapping from

a set of dynamic input parameters — the temporal pattern of the
activity of a signalling molecule (oscillation frequency, duty cycle
and amplitude) — to downstream readouts. These readouts may

be second-messenger concentrations (as measured in the cAMP
channel capacity experiments®) or the resulting expression levels

of target genes (as measured in the entropy scaling-experiments'®),
depending on the level of analysis. Channel capacity is the maximum
rate at which information can flow reliably through this mapping.

Channel capacity and gene regulation. The measured cAMP channel
capacity of approximately 40 bits per hour® describes the maximum
rate at which information can be reliably transmitted, not the

number of genes controlled at any instant. To illustrate what this rate
indicates: if each downstream gene is simplified as having two states
(on or off), specifying the state of n genes requires n bits. At 40 bits
per hour, the channel could in principle transmit enough information
to independently specify the on/off states of up to 40 genes within
one hour — comparable to a typical bacterial division cycle. In
practice, this upper bound will be reduced by noise, redundancy and
the need for error correction, but it nonetheless demonstrates that
second-messenger channels possess far greater information-carrying
potential than simple binary switches.

How frequency modulation expands regulatory capacity. When one
transcription factor regulates several genes, each promoter can act
as a frequency filter: some respond to slow pulses (low-pass), others
to fast pulses (high-pass), and others to intermediate frequencies
(band-pass). Changing pulse frequency differentially tunes the
expression of each gene, expanding the repertoire of achievable
expression patterns compared with amplitude control alone. An
everyday analogy is the AM radio, which encodes sound in the height
of the wave, whereas a FM radio encodes it in the frequency of

the wave.
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Fig. 2| Quantifying temporal encoding and decoding. a, At the level of asingle
gene, several sources of molecular noise — stochastic nucleosome remodelling,
random transcription factor (TF) binding and unbinding, and low regulatory
molecule copy numbers — limitinformation transmission to approximately
1-2bits per promoter, sufficient to produce only about two to four discernible
expression outputs (Box1). b, Ina multi-gene network, a single shared TF

Change pattern

encodes informationinits oscillation frequency. Because different promoters
have distinct biochemical properties (nucleosome turnover rates, TF-binding
affinities or chromatin remodelling kinetics), each responds preferentially to
adifferent frequency range, enabling the cell to generate different multi-gene
expression patterns from one shared input.

preferentially to slow, sustained signals), whereas others function
as band-pass or high-pass filters (selectively responding to specific
frequency ranges)'>"***. The mechanistic basis of such filtering is begin-
ning to emerge: promoters with slow nucleosome turnover and coop-
erative transcription factor binding act asintegrators that smooth out
fast fluctuations, whereas promoters with rapid transcription factor
exchange and low cooperativity can track fast oscillations'. In our
reconstructed cAMP system, the dimensionless threshold parameter A
quantitatively predicts the transition between low-pass and high-pass
filtering regimes'°. However, a full mechanistic understanding con-
necting specific chromatin states and transcription factor binding
kinetics to filter characteristics at the single-locus level remains a
major experimental frontier, requiring integration of single-molecule
transcription factor tracking with real-time nascent RNA imaging in
living cells.

What happens when signals are transient? Most studies have focused
onperiodic, steady-state stimulation, yet natural signals are often brief
and irregular. How cells extract reliable information from transient,
non-stationary inputs — and whether early transient responses carry
disproportionate weightinirreversible cell-fate decisions —is largely
unexplored. Time-limited signals present a particular challenge: the cell
may not experience enough oscillation cycles toreliably estimate fre-
quency, potentially requiring fundamentally different decoding strate-
giessuch asreliance on signal derivatives or adaptive thresholding.

How does temporal encoding operate in multicellular contexts?
In tissues, cells do not signal in isolation. Paracrine communication,
mechanical coupling and shared extracellular environments mean
that the temporal patterns one cell experiences are influenced by its
neighbours. How temporal and spatial encodinginteract —and whether
spatial averaging among neighbouring cells provides additional noise
suppression complementing temporal multiplexing — remains a major
open question for developmental and tissue biology.

Time as an engineering resource

The three challenges above concern how natural cells decode tem-
poral signals. But the principles uncovered so far already open
practical opportunities for synthetic biology that directly address
alongstanding engineering bottleneck (Fig. 4b). Controlling n tar-
get genes independently has traditionally required n orthogonal
transcription factor-promoter pairs; as circuit complexity grows,
the required parts quickly exceed available options, and the accu-
mulation of exogenous proteins imposes unsustainable metabolic
burden. Temporal multiplexing offers an alternative: a single shared
regulatory circuit encodes distinct commands in successive time
windows by varying pulse frequency or duty cycle (Fig. 4b). Because
different promoters act as frequency filters with distinct pass-band
characteristics, each target gene responds preferentially to a specific
temporal pattern, enabling differential multi-gene control fromone
sharedinput. The dimensionless threshold parameter A that predicts
filtering behaviour in natural cAMP circuits' could thus serve as a
quantitative design rule for tuning synthetic promoter responses to
desired frequency ranges.

Recent work demonstrates thisisnot merely theoretical. Pulsatile
regulation has been shown to reduce cell-to-cell variability and enable
graded multi-gene regulation at fixed expression ratios, replacing
laborious optimization of genetic parts™. In a follow-up, the authors
constructed synthetic signal demultiplexers and pulsatile signal decod-
ers using transcription factors with differing response kinetics, and
applied dynamic multiplexing to precisely regulate flux through a
heterologous mevalonate pathway”. Furthermore, temporal strate-
gies allow competing metabolic pathways to be driven in alternating,
out-of-phase pulses, so that they never simultaneously drain shared
precursors — a biological analogue of time-division multiplexing in
telecommunications (Fig. 4c). Together with the quantitative frame-
work from studies of natural frequency-decoding systems', these
advances demonstrate that temporal signal processingis transitioning
fromabiological observation to an actionable engineering principle.
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Fig. 3 | Frequency-to-amplitude conversion and information entropy scaling.
a, Schematic of the frequency-to-amplitude converter (FAC) architecture,
comprising three temporally separated modules (wave converter M1,
thresholding filter M2, and integrator M3). The dimensionless threshold
parameter A determines the filtering regime of each promoter: high-A promoters
preferentially pass high-frequency signals; low-A promoters preferentially pass
low-frequency signals. See main text for mechanistic details. b, Information
entropy (H, in bits; Box 1) plotted against the number of co-regulated genes (n),
comparing amplitude modulation alone (red; H = 0.8:log,(n)) with combined
amplitude and frequency modulation (blue; H = 2.0-log,(n)). Both scaling

relationships were derived from theoretical and experimental analysis in ref.

10. At n=3, frequency modulation provides approximately two additional bits

of information entropy, corresponding to a fourfold expansion (2°=4) inthe
number of distinguishable regulatory states (from 27 to 95). ¢, State-space
representation of atwo-gene systemillustrating the conceptinb. Each dot
represents one experimentally distinguishable combination of expression

levels for gene1 (xaxis) and gene 2 (y axis). Red denotes states accessible

under amplitude control alone; blue denotes additional states unlocked when
frequency modulationis introduced, which activates the two promoters in ratios
unachievable by concentration changes alone.

Conclusions
The accumulated evidence clearly suggests that cells encode and
decode crucial informationin the temporal patterns of signalling mol-
ecules. However, much of cell biology continues to rely on experimental
approaches — such as population-averaged western blots, bulk RNA
sequencing and fixed-cellimmunofluorescence — that are inherently
blind to these dynamics. To address this, the field must adopt live-cell,
single-cell, and time-resolved measurements as default rather than spe-
cialized methods. In particular, automated microfluidic platforms that
deliver precisely timed chemical or optogenetic stimuli to living cells®'°
will be essential for moving beyond correlative observation to estab-
lishing causallinks between specific temporal codes and cellular fates.
The therapeutic implications also deserve attention. Several
diseases are characterized by disrupted signalling dynamics rather

than by the loss or gain of a molecular component. For instance, an
abnormally accelerated GnRH pulse frequency is a hallmark of poly-
cysticovary syndrome, leading to a pathological shift in the LH-to-FSH
ratio®; altered p53 pulse dynamics are linked to variable DNA damage
responses across tumour types?®; and disrupted NF-kB oscillations can
shift inflammatory gene programs toward chronic inflammation’. In
each case, the molecular components remain intact — it is their tem-
poralbehaviour thatis disrupted. A deeper understanding of how cells
decode these temporal patterns may therefore inform therapeutic
strategies aimed at restoring physiological signalling dynamics — for
example, by pharmacologically tuning oscillation frequency or duty
cycle, rather than broadly inhibiting or activating entire pathways.
Deciphering the temporal code calls for an integration of molec-
ular biology, information theory and quantitative engineering.

nature cellbiology


http://www.nature.com/naturecellbiology

Comment

@ Outstanding challenges

Q1: Promoter filters

N N\

P
w !

How do cells decode

How is frequency

selectivity created? transient signals?

b Timeasan engineering resource

Traditional: n orthogonal circuits for n genes

Q2: Transient signals

Q3: Multicellular context

00000
0000®
O000@

How do temporal and spatial
encoding interact in tissues?

‘ TF, ‘ —_— ‘ Gene, ‘
‘ ™, ‘ . ‘ &, ‘ Host cell .northogonalparts needed
‘ T, | — ‘ Gene, ‘ @ Metabolic burden
‘ = § ‘ . Zﬂvi(flggcliic . Poor scalability
. | —> | Gene,

Temporal multiplexing: 1 circuit, frequency-encoded

f. f, f.
[shde™ [~ nhm A

v

A
oo

Frequency
response

avd

‘Gene1 ‘ ’Genez‘

‘Genea ‘

Gene, Minimal parts
Gere,| @

€ Time-division multiplexing for metabolic engineering

Competing pathways share precursors

Pathway A ON ON ON ON ON Anti-phase
pulses avoid
Pathway B ON ON ON ON ON precursor
depletion
Time

Biological analogue of time-division multiplexing
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frequency selectivity? Q2: how do cells decode brief, irregular signals that do
not persist long enough for many oscillation cycles, yet still make irreversible
fate decisions? Q3:in multicellular tissues where cells communicate via shared
extracellular signals, how do temporal and spatial encoding interact?

b, Engineering comparison. In the traditional synthetic biology paradigm
(red), controlling n target genes independently requires n separate, orthogonal
transcription factor-promoter pairs, each consuming cellular resources and

imposing metabolic burden that limits circuit complexity. In the temporal
multiplexing paradigm (green), a single regulatory circuit produces pulses at
different frequencies (f,, f,, f5...f,,) in successive time windows. The promoter

of each target geneis tuned through its biochemical properties (as described
ina, Ql), to respond preferentially to a specific frequency, enabling differential
regulation from one shared input without additional molecular parts.

¢, Furthermore, competing metabolic pathways (A and B) that draw on shared
precursors can be drivenin alternating, out-of-phase pulses — so that they never
simultaneously deplete the same resources — a biological analogue of time-
division multiplexing in telecommunications.

By learning to read and write this dynamic language, we stand to gain
notonly adeeper understanding of cellular decision-making, but also
powerful new tools for both engineering and medicine.
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