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Abstract

Transcription in mammalian cells occurs in bursts, and the standard promoter model is a two-state
switch with memoryless silent periods. Fitting exact likelihoods for that model and a multi-step
alternative to time-resolved single-cell RNA counts from primary mouse fibroblasts, we find that a
subset of genes, enriched five-fold for secreted and matrix proteins, builds its silences from several
sequential steps. This refractory class is CpG-poor, and no transcription-factor motif is enriched at
its promoters beyond base composition. Its promoters are methylated yet carry the active marks
H3K4me3 and H3K27ac at reduced levels, with more H3K27me3 than memoryless promoters. We
develop a mathematical model suggesting that the multi-step promoter architecture enables detection
of a change in its input several-fold sooner, measured in its own burst cycles, than a memoryless
switch.

Keywords: transcriptional bursting; promoter kinetics; refractory period; single-cell RNA sequencing;
metabolic labeling; DNA methylation; chromatin; change detection; telegraph model

Introduction
In both prokaryotic and eukaryotic cells genes are not transcribed continuously1–7. A promoter spends
most of its time silent and produces its transcripts in bursts, and the distribution of RNA counts across
single cells carries the timing of that switch3,5. The standard model, often referred to as the telegraph
model, treats the promoter as a two-state switch8: it turns on at a constant rate from a single silent state
and off at a constant rate from a single active state, so its silent periods are exponentially distributed
and memoryless. Several studies have used traditional single cell RNAseq (scRNAseq) data to fit this
model6,9–14, even though it has been shown that it cannot constrain the shape of the silent period.
However, experiments in which newly synthesized transcripts are metabolically labeled with 4-thiouridine
and read out by nucleotide conversion contain the required information, and several protocols have

∗Work done with Anthropic, but results and views are not endorsed by Anthropic.
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been developed, including scSLAM-seq15, NASC-seq16, sci-fate17, scNT-seq18 and NASC-seq219. This
telegraph model underlies most studies inferring burst kinetics from scRNAseq, including the genome-
wide kinetic maps of mouse embryonic fibroblasts6 and embryonic stem cells12, as well as recent work
relating burst kinetics to chromatin architecture, BRD4, and Mediator20.

Whether one silent state is enough has been asked since the first single-cell time series: Golding and
colleagues, following tagged transcripts in living E. coli, found silent periods that were exponentially
distributed, as a single first-order step predicts1, and the first eukaryotic pulses, in Dictyostelium, fit
exponentials as well2. Studying single mouse fibroblasts using luminescent reporters Suter et al found
silent periods too regular for a single first-order step, leading to the conclusion that a gene must pass
through a refractory period before it can burst again5. Harper and colleagues independently made a
similar observation for prolactin transcription21, and Zoller et al fitted several rate-limiting steps to
the silent intervals of a panel of mammalian genes22. Rodriguez and colleagues, following the human
TFF1 gene in living cells, found the opposite deviation: fast cycling between on and off interrupted by
a rare, long repressive state, so that silences are more variable than exponential and bursts arrive in
clusters23. Similarly, a study of macrophages suggested that the secreted cytokine IL1β needs an extra,
chromatin-permissive step while TNFα can be modeled using a single step24. Silences that mix a fast
and a slow return have since been seen in other live-cell records: the non-permissive periods of an HIV-1
reporter are bi-exponential, with the two-timescale mixture fitting where a single exponential departs25,
and the interburst intervals of a developmental enhancer’s target need three exponential components
and a promoter that switches between a low- and a high-frequency regime26.

While models based on time-series of either mRNA or proteins typically result in non-Markovian
models, genome-scale inference from snapshots of single-cell counts has generally kept the two-state
model6,20. There are structural reasons behind this: a stationary count distribution constrains the
silent-period distribution mainly through its mean, and thus a snapshot is poorly suited for character-
izing promoter memory27,28. Stinchcombe et al showed that in some parameter regimes exponential
and non-exponential dwell times are indistinguishable from the count histogram alone29. They judged
that “attempts to use transient temporal data following the induction of transcription would likely be
unsuccessful due to the difficulty in obtaining the sufficient data during a single transient window per
cell”, and instead considered the likelihood of temporal sequences of counts under alternative dwell-time
densities29. In a 2020 review of transcriptional bursting, Rodriguez and Larson wrote that the two-state
telegraph model “is the de facto description for mRNA expression” although live-cell studies indicate it
“does not quantitatively describe bursting dynamics for all genes”30. Inferring mechanistic models from
single-cell counts through the two-state model goes back to the early single-cell RNA-seq fits, which
asked whether a change in expression came from burst size or burst frequency31. Those fits evaluated
the Poisson-Beta likelihood by Monte Carlo because the confluent hypergeometric function could not be
computed reliably31. Time-resolved single-cell profiling carries more information than a snapshot, but
these assays are low-throughput and each experiment characterizes at most a handful of genes.

In NASC-seq2 and similar protocols, newly synthesized RNA in each cell is labeled with 4-thiouridine
for a defined window before sequencing and read out through T-to-C conversions, so that the new-RNA
count of a gene reports its transcription during the window19. This experimental setup turns the
inference problem from a stationary one into a transient one, and the transient distribution of new-RNA
counts, unlike the stationary distribution, depends on the shape of the silent-period distribution. For the
two-state model under a labeling window, Ramsköld and colleagues evaluated this distribution exactly,
and fitted each gene to these data19, although they did not consider any alternatives to the telegraph
model. We derived exact likelihoods for the two-state model and for its multi-step generalization under a
labeling window, with allele-resolved counts handled by exact convolution. The likelihoods were fitted to
every gene on each of the two chromosomes separately, and the p-value of each gene’s fit was computed
exactly rather than by simulation (Methods). We then asked three questions in turn: which promoters
need a third state; what the promoters that need it have in common, in function, in chromatin, and in
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the machinery that serves them, and what the multi-step architecture does for the cell. The class that
needs a third state includes 186 genes, or 15 percent of the 1,246 genes where we had enough data to
conclusively distinguish between the two models (1.1 percent of the 16,858 genes where the fits for both
models converged), is enriched 4.8-fold for secreted and extracellular-matrix proteins, sits on CpG-poor
methylated promoters, and keeps silences of days built from several sequential steps, with the length
of the silence tracking promoter methylation. Secreted and matrix proteins are the gene category in
which days-long repressive periods23 and stable, low-level allelic silencing32–34 have been described. We
use publicly available chromatin data to exclude a polymerase pause as the extra state, consistent with
off-states timed by chromatin rather than by polymerase. To investigate the benefits of a refractory
promoter we develop a mathematical model which suggests that it enables several-fold faster detection
of a change in the promoter’s input, measured in the promoter’s own burst cycles. We close with a test
of generality on the X chromosome and outline several experiments to test the predictions of our model.

Results

Exact fits to time-resolved counts divide fibroblast promoters into two opposite kinds
of temporal structure

We consider RNA counts corresponding to newly synthesized transcripts from 8,916 primary mouse
fibroblasts after a two-hour 4-thiouridine window19. Importantly, the cells are F1 hybrids, so counts are
resolved by allele. We use this data to compare the telegraph model with a refractory model involving
multiple states for the inactive promoter (Figure 1A), In the two-state model the promoter leaves its
silent state in a single first-order step, so its silent periods follow an exponential distribution. In the
multi-step model it returns from silence through a chain of k sequential first-order steps, so its silent
periods have lower variance and a refractory period after each burst; the active state and the synthesis
and degradation of RNA are the same in both models. For our experimental design with a labeling
window, the two models predict the same mean number of new-mRNA counts, but as the distributions
differ the exact transient likelihood measures will also differ. We fitted both models by maximum
likelihood to the 23,246 detected genes whose count range fit within the likelihood solver (Methods),
with degradation rates obtained from another study6, and obtained converged fits of both models for
16,858 genes, which we call evaluable. Of the 6,388 genes where both alleles did not converge, 4,028 of
them neither allele converged, and these are low-count genes (median 53 new molecules across all cells
against 928 for the evaluable genes). For the remaining 2,360 one of the two optimizers stopped short
of the convergence criterion (Methods). For each evaluable gene we used an exact test, described in
the companion paper28, to compute the p-value of the likelihood-ratio statistic exactly from the fitted
two-state model (16,844 genes) or bounded it with a Chernoff bound where the exact computation was
out of reach (14 genes).

Using the telegraph-model as a null hypothesis, this procedure rejects it for 3,737 genes at a false-
discovery rate of 5 percent35 on the exact test alone (Figure 1B). To determine how many of these
genes can be confidently assigned to the multi-step model, we carried out three additional tests. First,
we tried to reproduce the observed statistic without a third state: for each gene we simulated counts
from its own fitted two-state model at its own sequencing depth, with per-cell capture dispersion, and
refitted both models to the simulated counts. Second, we repeated this with a model which accounts
for the copy number differences arising due to the cell cycle. Third, we restricted the fits to cells in the
G1 phase of the cell cycle to ensure that replicated gene copies cannot inflate the statistics (Methods).
This left us with 186 genes whose likelihood ratio statistic exceeds three times each of the two refitted
models, and which are also assigned to the multi-step model when only the G1 cells are used. In the
other direction, 1,060 genes favor the two-state model by more than the same margin (statistic below
−4.3). The refractory genes therefore constitute 15 percent of the 1,246 genes assigned to either class
and 1.1 percent of the 16,858 evaluable genes. The remaining 15,612 evaluable genes (92.6 percent)
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are undetermined at this depth of data rather than assigned to either class (Figure 1C). The 1,246
high confidence genes will be used for the remainder of the paper. To evaluate the robustness of this
result, we considered several alternative filtering criteria, using either more relaxed or more stringent
thresholds (Figure S1). Requiring a 2x rather than 3x margin over the two refitted models enlarges
the refractory class from 186 to 305 genes. Requiring any two of the three controls gives 374 genes,
and both relaxations together give 574, while a stricter 4x margin keeps 127 (68 percent) (Methods;
Table S5) (Figure 1E). Across all 8,916 cells, refractory genes are expressed at a median of 0.22 new
transcripts per cell (interquartile range 0.10 to 0.49), 6.2-fold below the 731 telegraph genes (median
1.36; Mann-Whitney on the log mean, p = 3 × 10−69) and 2.9-fold above the 15,612 undetermined genes
(median 0.075; p = 2×10−14). A refractory gene is detected in a median of 14 percent of cells, against 63
percent for telegraph genes. Every classed gene has a Fano factor greater than 1, and at matched mean
refractory genes carry 1.5-fold more cell-to-cell variance than the genome-wide trend (Figure S2). The
gap in expression is partly a selection effect, since a confident class call needs enough counts to reject
the alternative model, and consequently we can conclude that the refractory class is not associated with
higher counts.

The refractory model shows that some genes have longer off-state than allowed for by the telegraph
model, and we also investigated if there are some genes that show evidence of off-states clustered into
two groups as suggested by experimental data26. We revisited the NASC-seq2 data to compare a two-
state model and fitted a clustered promoter, whose silent period is a two-timescale mixture with a fixed
shape (squared coefficient of variation 2, Figure 1A). Because the clustered promoter is a refinement
of the memoryless one, keeping its mean silent period but drawing each silence from two timescales
instead of one, we call the clustered class only within the 1,060 genes of the two-state class. Promoters
were evaluated using the same rule as before: the likelihood-ratio statistic must exceed 8.6 and exceed
three times the larger of 4.3 and each of two competing models (a two-state gene refit under the same
misspecification, and a two-state gene with the copy-number variation of the cell cycle), and the call must
be better than a null model fitted only using G1 cells. Of the 1,060 two-state genes, 329 (31 percent)
pass the bar, and we call these clustered. We used the same robustness test as for the refractory class
(Figure S1B), and we found that requiring a 2x rather than 3x margin over the two refitted models
enlarges the clustered class from 329 to 557 genes, while requiring any two of the three controls gives
453, and both relaxations together give 684. A stricter 4x margin keeps 235 (71 percent), and using
the likelihood-ratio statistic alone, without any control, 744 of the 1,060 two-state genes were classed
as clustered (Table S5). In summary, of the 1,246 high confidence genes, 186 were classed as refractory
with a multi-step silent period, 329 clustered genes are better described by an exponential mixture, and
731 telegraph genes are memoryless (Methods).

With only a two hour labeling window it is challenging to infer the properties of the off-state dis-
tributions and to determine the number of steps for the multi-step model. To further investigate this
aspect we took twenty genes with small count ranges, twelve from the refractory class and eight from the
two-state class, spaced evenly along the ranked likelihood-ratio statistic within each class. We fitted each
with a wider set of promoter models: chains of depth 3 and 5, the clustered (two-timescale) silent period,
and a continuous profile over chain depth for the refractory genes (Figure 1D) or over the dispersion of
the silent period for the two-state genes. For the twelve refractory genes the likelihood rises from the
two-state model through depths 2, 3 and 5 for all twelve (twice the log-likelihood gain at depth 5: 17.6 to
88.0, median 30.0). The profile maximum sits at the largest depth of the primary grid, 8, for all twelve.
When the grid was extended to depths 16 and 32 for eleven of them, the profile was flat beyond depth
8 for nine, flat beyond 16 for one, and still rising at 32 for one, so the fitted depths are lower bounds.
For the eight two-state genes the deviation runs the other way: every chain fits worse than the two-state
model, and the deficit grows with depth for all eight (blue lines in Figure 1D; twice the log-likelihood
relative to the two-state model −0.04 to −17.2 at depth 2 and −0.2 to −34.9 at depth 5, median −7.6;
for two of the eight the decrease is smaller than one unit). Twelve more clustered genes, chosen to
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span the class from its weakest to its strongest call, behave the same way: every chain fits worse than
the two-state model for all twelve, and their curves fall faster than the telegraph curves at the median
(depth-5 deficit 12.1 against 7.4) without separating from them (one-sided Mann-Whitney p = 0.07;
green lines in Figure 1D). Interestingly, a silent period with two timescales, fast cycling interrupted by
occasional long silences, fits better for all eight (twice the log-likelihood gain 3.4 to 37.5, median 7.5).
The profile over the dispersion of the silent period peaks above the exponential value for seven of the
eight (squared coefficient of variation 1.5 to 1.8) and excludes the exponential at 95 percent confidence
for five, which is the signature of burst clustering. For any renewal process the shape of the interval
distribution identifies the kind of kinetic scheme with a single Poisson step giving a squared coefficient
of variation of 1, a multi-step process less than 1, and a multi-channel process more than 122,36,37. Thus,
there are three types of fibroblast promoters and they are either more regular than a memoryless switch,
less regular than one, or consistent with the exponential promoter of the standard model.

The refractory class is enriched for secreted and matrix proteins and is silent for
days

Next, we investigated the features of the 186 refractory promoters to gain insight into the mechanisms
underlying this behavior. Gene Ontology analysis revealed that they are enriched 4.8-fold for the term
extracellular region (62 of 164 annotated refractory genes, p = 8.7 × 10−24 after Benjamini-Hochberg
correction) and 7.9-fold for extracellular matrix (25 of 164, p = 7.5 × 10−13), with collagens, matrix
modifiers, and secreted signaling proteins prominent in the list (Figure 2A). Interestingly, Rodriguez
and colleagues had already singled out secreted and signal-peptide genes as the category with long
stochastic repressive periods, inferred from their extreme expression heterogeneity in tissue23. Our
analysis extends that association to also include regular, multi-step silences. In primary fibroblasts of
this same cross the small set of genes whose alleles are stably silent in clones is likewise low-expressed
and enriched for secreted and extracellular proteins32, as it is in the genome-wide surveys of stably
silenced genes33,34. Three of the 186 refractory genes (Cd59a, Npnt, Psmb8) are on that clonal list for
this cell type, against four of the 1,060 two-state genes. Moreover, refractory promoters are CpG-poor,
and compared to expression-matched two-state promoters, refractory promoters carry 31 percentage
points more CpG methylation (class means 43 against 12 percent over the 104 and 84 promoters with
measured CpGs; Mann-Whitney p = 1 × 10−14). They overlap CpG islands 42 percentage points less
often (39 against 81 percent; Fisher’s exact test p = 1×10−16), whereas the two-state class is dominated
by CpG-island promoters.

The 329 clustered genes carry a different functional signature. The same Gene Ontology analysis finds
enrichment for regulators of cell differentiation (Figure 3E; 2.9-fold, p = 2.0 × 10−14), of cell population
proliferation (3.0-fold; p = 2.0×10−14) and of intracellular signal transduction (2.4-fold; p = 1.2×10−10).
It is also enriched for DNA-binding transcription factor activity (2.2-fold, p = 1.3 × 10−3) and growth
factor binding (6.3-fold, p = 9.8 × 10−4). Inducible and immediate-early transcription factors (Jun,
Egr1, Egr2, Klf2, Klf4, Cebpb, Stat3, Nfkb1, Bhlhe40, Nfil3, Sox4, Sox9) and growth-factor receptors
and ligands (Pdgfrb, Tgfbr3, Notch1, Vegfa, Pdgfa, Kitl, Osmr, Il4ra) are prominent in the list. This
signature belongs to the clustered subset rather than to the two-state class as a whole: the 731 telegraph
genes are enriched instead for nuclear proteins (nucleus 1.5-fold, p = 3.6 × 10−19) and for regulation of
primary metabolic process (1.5-fold; p = 1.5 × 10−11). The clustered genes are enriched 2.2-fold over
telegraph genes for regulation of cell differentiation (76 of 299 against 72 of 620; Fisher’s exact test,
p = 2.7 × 10−7). In terms of sequence features the clustered genes are indistinguishable from telegraph
genes: against expression-matched telegraph promoters (329 pairs) they differ by 1.5 percentage points
in CpG methylation (p = 0.72) and there is no difference in CpG-island overlap (78 against 77 percent;
p = 0.85) or length (median 40.0 versus 34.7 kb, P = 0.22).

The most conspicuous difference between the two-state class and the refractory class is the duration of
the inactive periods (Figure 2B–D). The rate of leaving the silent state is 24-fold lower for the refractory
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Figure 1: Exact fits to time-resolved counts divide mouse embryonic fibroblast promoters into two
kinds of temporal structure. (A) The three promoter models. In the two-state model the promoter leaves
silence in one first-order step; in the multi-step model it returns through k sequential steps, giving silent periods
a preferred duration. In the clustered model it enters a fast or a slow silent state with equal probability after each
burst, so silences are a two-timescale mixture with mean 1/a and bursts arrive in clusters. Synthesis during the
labeling window produces the new-RNA count that is measured. (B) Likelihood-ratio statistic (multi-step against
two-state, signed logarithmic axis) for the 16,858 evaluable genes, colored by class (refractory red, telegraph blue,
clustered green, undetermined grey; histograms overlaid, not stacked; the count axis is logarithmic because the
classes are a few percent of the peak bin). The 186 refractory genes exceed the threshold of 8.6 and pass three
control constructions; the hatched grey bars above 8.6 are the 1,045 genes that exceed the threshold but fail a
control; the 1,060 two-state genes favor the two-state model beyond −4.3. (C) Class accounting as proportional
bars: of the 16,858 evaluable genes, 15,612 are undetermined; the 1,246 classed genes are 186 refractory (15 percent
of the classed genes, 1.1 percent of all), 329 clustered and 731 telegraph, the last two forming the 1,060-gene two-
state class. (D) Likelihood over chain depth for the twenty genes of the depth comparison, as the difference in
2 log L from the two-state model (depth 1). Red: the twelve refractory genes, profiled from depth 1 to 8 (eleven
extended to depth 32); the likelihood rises with depth for all twelve (8.2 to 78.6 at depth 8) and is flat beyond
depth 8 for nine of the eleven extended genes and beyond depth 16 for one, and still rising at depth 32 for one,
so fitted depths are lower bounds. Blue and green: the eight two-state genes of the depth comparison (seven
telegraph, one clustered) and twelve more clustered genes spanning the class, fitted at depths 1, 2, 3 and 5; every
chain fits worse than the two-state model for all twenty at every depth (−0.2 to −34.9 at depth 5). The clustered
curves fall faster at the median (depth-5 deficit 12.1 against 7.4 for telegraph genes) without separating (one-sided
Mann-Whitney p = 0.07). (E) Mean new-RNA count per cell for every evaluable gene, by class (violins on a
logarithmic axis, black bar the median; n = 186, 329, 731 and 15,612; the 329 clustered genes are the two-state
genes that pass the clustered test and are shown separately from the 731 telegraph genes). The refractory median
(0.22) is 6.2-fold below the telegraph median (1.36); clustered and telegraph genes have the same expression level
(p = 0.68). The axis is logarithmic because the means span five decades.
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genes, and the median silent period is 95 hours against 3.9 hours for a two-state gene (Mann-Whitney
p = 9 × 10−97). Consequently, most refractory genes are silent for longer than a cell cycle: 92 percent
(171 of 186) for longer than a 20-hour fibroblast cycle. Furthermore, the active period is three-fold
longer (5.8 against 1.9 hours), the burst size about two-fold larger (9.3 against 4.4 transcripts), and the
message four-fold more stable (mRNA half-life 13 against 3.1 hours). The synthesis rate while active
is the weakest of the contrasts, with class medians within about 20 percent (0.79-fold in the refractory
class, p = 1.3 × 10−5) and within 15 percent after expression matching (0.86-fold, p = 0.011). The
clustered genes are similar to the telegraph class on every one of these axes but two (Figure 3A–D).
For the 329 clustered genes the silent period has a fast component with a median exit rate of 1.05 per
hour (dwell time 0.95 hours) and a slow component with a median exit rate of 0.18 per hour (dwell
time 5.5 hours), and it is assumed that the gene enters each of the two with equal probability after each
burst. The equal weight and the fixed shape of the silence are conventions rather than fitted values; the
Methods report how the clustered-class call moves when either is varied (the shape barely matters, and
a heavier fast component would enlarge the class).

Clustered genes match the 731 telegraph genes in silent period (medians 3.2 and 3.3 hours, Mann-
Whitney p = 0.85), burst size (3.7 and 3.6 transcripts, p = 0.41), mRNA half-life (3.2 and 3.1 hours,
p = 0.52) and mean expression (3.3 and 3.0 transcripts per cell, p = 0.92). They deliver the same
burst faster: their active period is shorter (1.1 against 1.8 hours, p = 2.4 × 10−24) and their synthesis
rate higher (3.1 against 2.0 per hour, p = 5.1 × 10−32). The shorter active period at the same burst
size makes the clustered genes noisier and they have a median Fano factor of 3.0 against 2.1 for the
telegraph genes (Mann-Whitney p = 2 × 10−39) (Methods). Both classes differ from the refractory class
on every axis: against the clustered class, refractory genes have a 29-fold longer silent period (median
95 hours), a 5.3-fold longer active period (5.8 hours), 2.5-fold larger bursts (9.3 transcripts), a 4.1-fold
longer half-life (13 hours) and 1.9-fold lower mean expression (1.8 transcripts per cell), all at p below
10−10. A refractory gene is therefore a promoter that is on for a few hours in every four days and, when
on, transcribes at the ordinary rate. Expressed as the ratio of the silent period’s half-life relative to
the mRNA half-life, the two classes sit on opposite sides of a natural boundary, with per-gene medians
of 5.02 for the refractory class and 0.84 for the two-state class (Figure 2E): a refractory gene’s silences
outlast its own message several times over, so its transcript pool empties and refills across every cycle,
while a two-state gene’s message integrates over several bursts.

Promoter methylation and histone modifications determine kinetic parameters

We next investigated what genetic and epigenetic features of the promoter determine promoter class
and kinetic parameters. We scanned 1,019 transcription-factor motifs across the refractory promoters
and an expression-matched set of two-state promoters, with per-promoter thresholds from dinucleotide-
preserving shuffles and significance by label permutation within matched pairs (Methods), and found
no motifs that distinguishes the refractory class beyond its composition. The only significant hit is a
CREB-type site enriched for the two-state class (q = 0.034).

As sequence motifs alone are poor predictors of which transcription factor will bind in vivo, we also
investigated evidence from ChIP-seq data. We first used Lisa38 to compare the refractory and the two-
state promoters, and this identified BRD4 and MYC among the top-ranked factors, while MED1 and
SMARCA4 ranked highly for the refractory list. These factors imply RNAPII pausing as a plausible
mechanism for the long refractory periods, since BRD4 recruits the pause-release kinase P-TEFb39,40,
MYC acts largely through pause release41, and pause release has been identified as a control point of burst
initiation42. However, measured lifetimes of paused polymerase range from a median of 16.6 seconds
in the most recent genome-wide kinetic analysis43 to medians of 7 to 17 minutes in triptolide-chase
measurements44,45, against a median refractory silence of 95 hours. We then compared the refractory
promoters with the expression-matched two-state promoters using public ChIP-seq data for BRD4,
MED1, MYC, and RNA polymerase II from mouse fibroblasts (Methods). Surprisingly, every factor is

7



PRELIM
IN

ARY
0 3 6 9

fold enrichment over 12,243 background genes

signaling receptor
activator activity (16)

receptor ligand activity (16)

signaling
receptor binding (31)

cell surface (22)

SMAD binding (14)

external encapsulating
structure (25)

extracellular matrix (25)

extracellular region (62)

p = 2e-4

p = 2e-4

p = 2e-4

p = 6e-5

p = 7e-7

p = 1e-11

p = 7e-13

p = 9e-24

adjusted p
(Benjamini-
Hochberg)no enrichment

refractory (186)

telegraph +

clustered (1,060)

1

10

100

1000

m
ea

n 
si

le
nt

 p
er

io
d

(h
, l

og
 s

ca
le

)

20 h

p = 9e-97

0.01 0.1 1 10 100

mean active period
(h, log scale)

1

10

100

1000

m
ea

n 
si

le
nt

 p
er

io
d

(h
, l

og
 s

ca
le

)

20 h

telegraph + clustered (1,060)
refractory (186)

refractory (186)

telegraph +

clustered (1,060)

1

10

100

1000

bu
rs

t s
iz

e
(tr

an
sc

rip
ts

, l
og

 s
ca

le
) p = 3e-28

refractory (186)

telegraph +

clustered (1,060)

1

10

100

1000

sy
nt

he
si

s 
ra

te
(p

er
 h

, l
og

 s
ca

le
)

p = 1e-5

refractory (186)

telegraph +

clustered (1,060)

1

10

100

m
R

N
A 

ha
lf-

lif
e

(h
, l

og
 s

ca
le

)

p = 1e-71

refractory (186)

telegraph +

clustered (1,060)

0.1

1

10

si
le

nt
-p

er
io

d 
ha

lf-
lif

e
ov

er
 m

R
N

A 
ha

lf-
lif

e
(lo

g 
sc

al
e)

equal
half-lives

0.01 0.1 1

silent-period
rate constant a

(per h, log scale)

0

20

40

60

80

cl
us

te
re

d 
ge

ne
s 

(o
f 3

29
)

slow exit
(2 − √ 2) a

fast exit
(2 + √ 2) a

median a
0.31 per h

A B C

D E F

Figure 2: The refractory class is enriched for secreted and matrix proteins and is silent for days.
(A) Gene Ontology cellular-component and molecular-function enrichment of the 186 refractory genes (cell-cycle-
annotated genes removed; terms with at least ten refractory genes and at least two-fold enrichment over 12,243
background genes; Benjamini-Hochberg p at right). (B) Mean silent period per gene by class; the dashed line
marks the 20-hour fibroblast cell cycle (171 of 186 refractory genes lie above it). Medians 95 and 3.9 hours. (C)
Mean silent period against mean active period per gene. (D) Burst size, synthesis rate while active, and mRNA
half-life by class, one panel per quantity; two-sided Mann-Whitney p above each pair. (E) Ratio of the silent
period’s half-life to the mRNA half-life; medians 5.02 (refractory) and 0.84 (two-state). (F) Histogram of the
silent-period rate constant a over the 329 clustered genes under the clustered law (logarithmic bins; black line,
the median, 0.31 per hour), with the slow and fast exit rates (2 ∓

√
2) a at the median marked (0.18 and 1.05 per

hour); the weights (1/2 each) and the rate ratio are fixed by the law, not fitted, so every clustered gene spends 85
percent of its silent time in the slow component.

lower at refractory promoters in absolute occupancy (2.6- to 3.5-fold, against a 4.7-fold difference in fitted
duty cycle), and the levels relative to polymerase show that refractory promoters are not BRD4-poor: the
BRD4-to-polymerase ratio is higher at refractory promoters (median contrast +0.11, p = 4 × 10−4), as
is the MED1 ratio (+0.13, p = 0.015), while MYC tracks the polymerase exactly (p = 0.94). Finally the
pausing index of polymerase, the ratio of promoter-proximal to gene-body density, is lower at refractory
promoters, not higher (q = 2 × 10−4; the same in the 142 pairs with the index defined on both sides,
p < 10−4). A similar result is obtained from run-on sequencing of engaged polymerase in fibroblasts
where two independent PRO-seq datasets from untreated mouse embryonic fibroblast lines46,47 have a
pausing index of 1.0 in refractory promoters against 1.6 for their expression-matched two-state partners
(lower in 75 and 79 percent of pairs, p < 10−10 in each), with about half the promoter-proximal nascent
signal and an unchanged 5′-to-3′ profile along the gene body (Methods). Taken together, this argues
against polymerase pausing as the cause of the long inactive periods.
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Figure 3: The clustered class matches telegraph genes except for a shorter, faster burst, and carries
a developmental-regulation signature. (A–D) Mean silent period, mean active period, synthesis rate while
active, and burst size for the three classes, each gene under its own class law (two-state for the 731 telegraph genes,
clustered for the 329, three-state for the 186 refractory genes); black bar the median, whiskers the interquartile
range, two-sided Mann-Whitney p above each panel. Clustered and telegraph genes share silent period and burst
size and differ in active period and synthesis rate; the refractory class differs from both on every axis. Axes are
logarithmic because the rates span two to three decades. (E) Gene Ontology enrichment of the 329 clustered genes
(cell-cycle genes removed; 299 in the study set): the eight most significant biological-process terms with at least
two-fold enrichment and at least ten genes, on the fold axis of Figure 2A. The clustered signature is developmental
regulation where the refractory signature of Figure 2A is extracellular and secreted.

Next, we processed publicly available mouse embryonic fibroblast ChIP-seq, CUT&RUN, ATAC and
DNase experiments corresponding to 163 TFs, 38 histone marks, RNAPII, ATAC, and DNAse, and
we aggregated the signal within 1 kb of the transcription start site. In combination with the CpG
content and the methylation data a Lasso regression model keeps 119 features to achieve R2 = 0.23
for predicting the burst size (the promoter features alone give 0.19, so the added datasets add 0.04).
This is substantially better than sequence features alone which only achieve R2 = 0.047 for explaining
burst size6. The largest weights are H3K27ac (+0.12), gene length (+0.09) and H3K4me3 (+0.05), with
TEAD1 (+0.04) the largest transcription-factor weight. Notably, no transcription factor is above 0.05
and most of the predictive power comes from H3K27ac and gene length. Compared with their expression-
matched telegraph partners, refractory promoters differ at 77 antigens (q < 0.05; 53 transcription factors,
21 histone marks, RNA polymerase II, ATAC and DNase), and of these 76 are lower at the refractory
promoters (Figure 4A). Only H3K27me3 is higher at the refractory genes (present at 53 against 35
percent of them).

We also considered the rate at which the promoter switches to the active state. With the promoter
features alone the cross-validated R2 for the burst-on rate is 0.42, the histone marks raise it to 0.48,
and the transcription factors to 0.49. A Lasso regression model keeps 168 features to achieve R2 = 0.49.
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The largest weights are H3K9ac (+0.26), H3K4me2 (−0.19), CpG density (+0.15), H3K4me3 (+0.13),
exon count (+0.11), H3K36me3 (+0.08) and H3K27me3 (−0.08); no transcription factor is above 0.05,
and most of the predictive power comes from the histone marks. Restricted to the 1,199 high-confidence
genes with complete features, the pattern holds: promoter features predict the burst-on rate with 0.44
and burst size with 0.16. Across the refractory class we find that the fitted silent period increases with
promoter methylation (Spearman ρ = +0.39, n = 104 genes with measured methylation, p = 4 × 10−5;
+0.35 after controlling for expression), and decreases with promoter CpG density (ρ = −0.36, n = 186,
p = 7 × 10−7), while the active period is uncorrelated (ρ = −0.13 and −0.07, both not significant),
suggesting that CpG density and methylation affects only the silent state (Figure 4C and D). The same
two relations hold more weakly in the two-state class (ρ = +0.23, n = 508, p = 9 × 10−8, and −0.30,
n = 1,060, p = 3 × 10−23).

We also investigated the role of enhancers as it has been proposed by several groups that they can
influence both burst size and frequency6,48. Using enhancer annotation from the literature, we carried
out a similar regression analysis as for the promoters, measuring the same features at the ENCODE distal
elements found within 100 kb of each promoter (219 features). The results show that enhancer features
only explain 0.08 of the burst frequency and 0.04 of the burst size variance. Combining the enhancer
features with the promoter features gives no improvement. The features with the highest coefficients at
enhancers are histone modifications: H3K36me3 over the linked elements (+0.37), H3K27me3 (−0.29)
and H3K4me2 (+0.09), with H3K27ac positively correlated but not retained by the sparse model (ρ =
0.13). As for the promoters, none of the transcription factors had a coefficient greater than 0.03. Notably,
several features related to 3D structure were informative: Hi-C contact density (+0.15), insulation
(−0.13), and compartment (+0.10). We also quantified enhancer RNAs genome-wide (reads at intergenic
distal elements within 100 kb), but they explain only 0.01 or less of either rate, and added to the promoter
model they contribute nothing to burst frequency and +0.006 to burst size.

In sum, refractory promoters differ from the two-state genes in composition as evidenced by bulk
assays (CpG-poor, more methylated, and lower in most active marks). This conclusion is supported
by single-cell chromatin accessibility: in scATAC-seq of primary embryonic fibroblasts49 a refractory
promoter is accessible in fewer cells than its expression-matched two-state partner (median 0.11 against
0.17 of 12,124 cells with a fragment within 1 kb of the TSS, p = 5 × 10−14). In fibroblasts profiled for
RNA and accessibility in the same cell50, cells with neither a transcript nor an accessible promoter are
more frequent for refractory genes than for two-state genes of the same expression (0.62 against 0.51
of 1,935 cells, p = 10−6), as the long silent state predicts (Methods). Interestingly, the dependency of
the kinetic parameters on these genetic and epigenetic features is largely shared. The GC content has
a higher impact on kon for refractory promoters, otherwise there is no statistically significant difference
for the coefficients. Given these difference in DNA methylation and histone marks, we investigated
the levels of the enzymes involved in adding and removing these modifications. We obtained ChIP-
seq data for these proteins from publicly available datasets, and even though most are from mouse
embryonic stem cells they were still included. Importantly, methylation and histone marks at promoters
are consistent between mouse embryonic fibroblasts and mouse embryonic stem cells (Spearman 0.76
for H3K4me3, 0.62 for H3K27ac, 0.60 for methylation, and 0.39 for H3K27me3 over the high confidence
genes), and the refractory-versus-two-state and refractory-versus-repressed differences below reproduce
in the stem cells (Methods). We proceeded to investigate the activity of enzymes involved reading,
writing, and erasing these modifications, and this revealed that at expression-matched pairs TET1,
TET2 and TET3, DNMT3B, and the unmethylated-CpG readers KDM2A, KDM2B and CXXC1 are
all found less often at refractory promoters (peaks in 65 against 90 percent of promoters for TET1, 10
against 44 percent for DNMT3B, q < 10−7; Figure 4B). This suggests that the long silences of refractory
genes are not tied to the TET–DNMT3 turnover system of CpG islands. Comparing refractory genes
to fully repressed genes with matched CpG content revealed similar level of methylation (35 against
45 percent, not significant) but with repressed genes carrying twice the H3K9me3 and H3K27me3 and
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a quarter of the H3K27ac (H3K27me3 and H3K27ac in Figure 4A), suggesting that the refractory
promoter is methylated as its CpG content dictates but not heterochromatinized (Methods). Similarly,
the histone-modifying enzymes follow the histone marks rather than the methylation: acetyltransferases
(p300, CBP), deacetylases (HDAC1–3), H3K4 methyltransferases (MLL1, MLL2, MLL4, SETD1A) and
demethylases (LSD1, KDM5A), the H3K27 demethylases KDM6A/B, BRD4 and BRG1 are all found
less often at refractory than at expression-matched two-state promoters and more often than at CpG-
matched repressed ones (for example p300 at 97, 85 and 69 percent of promoters; HDAC1 at 93, 58 and 41;
Figure 4B), while the Polycomb core (EZH2, SUZ12, EED, RING1B) and the H3K9 methyltransferases
(SETDB1, G9a) do not differ between refractory and CpG-matched repressed promoters.

Refractory alleles share a slow state within a gene but not across genes

Since the NASC-seq2 data allows us to resolve the chromosome of origin, we can investigate the degree of
correlation between the two alleles. The two copies of the same refractory gene are more correlated with
each other than the two copies of a two-state gene, once expression is matched (inter-allele overdispersion
0.59 against 0.73 over 156 expression-matched pairs, where lower means more correlated; Mann–Whitney
p = 3 × 10−7; Figure 5B); the gap is present in every expression tercile (low −0.094, mid −0.176, high
−0.067; p ≤ 0.01), so it is not carried by residual expression differences inside the matched pairs. A
direct estimate of the correlation between the two alleles’ transcriptional activity in the window, from a
bivariate Poisson-Beta mixture model (Methods), gives medians of 0.15 to 0.3 (paired Wilcoxon, same
gene against a different gene, p < 10−18 in both classes) for the two copies of one gene in either class, 0.02
to 0.03 for copies of two different expression-matched genes in the same cells. The shared component of
allelic activity is specific to the gene rather than to the cell in both classes. The most highly correlated
allele pairs belong to genes driven by a strong cell-level input: cell-cycle-periodic genes (Cdc20, Ccnb1,
Ccnb2, Pclaf, Hjurp; median correlation 0.52 against 0.15 for all other classed genes) and immediate-
early, interferon-, sterol-, calcium- and TGF/activin-responsive genes (Egr1, Isg15, Hmgcs1, Rcan1,
Inhbb, Ski, Epha2), as expected when both copies follow the same signal.

Previous studies have indicated that nearby genes on the same chromosome are co-expressed, first
in bulk expression data from yeast and human tissues51–54 and later in single cells55. For every pair of
autosomal genes on the same chromosome (12,557 genes with at least 50 positive cells on each allele) we
compared the correlation across cells of the two genes’ new-RNA indicators on the same parental copy
with that of the same two genes on opposite copies. Pairs on different chromosomes give a difference
of zero. On the same chromosome the same-copy correlation is the larger, and its excess decays with
distance, from 8 percent of the opposite-copy value for promoters within 10 kilobases to 2 percent beyond
a megabase (Figure 5C), once cells with a whole-chromosome allelic imbalance are set aside (595 cells,
6.7 percent, carry at least one chromosome whose allele-assigned reads are more than 80 percent from
one parent, as expected of aneuploidy or loss of heterozygosity; chromosome-wide allelic skew is how
allele-resolved single-cell RNA-seq detects both32,56, and chromosomal instability of this kind arises in
mouse embryonic fibroblasts under standard culture57,58, they account for most of a distance-independent
same-copy excess that is otherwise present chromosome-wide). Head-to-head pairs within 10 kilobases,
which cannot share a transcript, show the same excess as all pairs at that distance. Inspection of
the pairs with the largest same-copy excess in the genome revealed that they correspond to imprinted
domains whose genes are transcribed from the same parental chromosome by construction: Meg3–Rian
(0.23 in correlation units against a genome median of 0.001), Dio3os–Dio3 (0.18) and Meg3–Mirg (0.14)
in the maternally expressed Dlk1–Dio3 domain59, and Ndn–Peg12 (0.14) in the paternally expressed
Prader–Willi domain60, a positive control that the statistic recovers without being told. Membership of
the same contact domain in fibroblast Hi-C (L929 cells, insulation boundaries at 25-kilobase resolution)
adds nothing detectable at matched distance. The fitted kinetics show a weak similarity as well: the
burst-on rates of neighbours within 50 kilobases correlate at ρ = 0.06 (n = 14,276 pairs, Spearman
p = 2 × 10−14; permutation over gene labels p < 10−4), falling to zero beyond 5 megabases, burst sizes
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Figure 4: Refractory promoters score lower than expression-matched two-state promoters on every
kinetic predictor but two (H3K27me3 is higher, H3K36me3 not different) and on every chromatin-
modifying enzyme but two, score higher than CpG-matched repressed promoters on every active
mark and on 20 of the 28 enzymes, and their silences lengthen with promoter methylation. (A) The
promoter features with the largest weights in the burst-on-rate and burst-size regressions at refractory promoters
(red), their expression-matched two-state partners (blue; 124 pairs) and CpG-matched repressed genes (orange;
n = 124; never detected in these cells, matched on promoter CpG content; Methods): one point per gene, black
bar the median; under each feature two two-sided Mann-Whitney p values, refractory against two-state (upper
line, keyed in blue at the left) and refractory against repressed (lower line, keyed in orange). H3K9ac, H3K4me2,
H3K4me3, TEAD1: ChIP-Atlas fibroblast peak score (log10(1 + score), strongest peak within 1 kb of the TSS,
mean over experiments; 0, no peak); H3K27ac, H3K27me3, H3K36me3: mean ENCODE fibroblast signal over
the same window (logarithmic axis, over two decades); CpG observed/expected over TSS −300 to +100 bp (equal
in the repressed set by construction); exon count and gene length (logarithmic axis) from the annotation. (B)
Occupancy of the enzymes named in the text (ChIP-Atlas target-gene tables pooled over all cell types, mostly
embryonic stem cells; the score of A) at all 186 refractory promoters, their expression-matched two-state partners
and their CpG-matched repressed genes (186 in each group); under each enzyme the Wilcoxon signed-rank p
on the expression-matched pairs (upper line) and the two-sided Mann-Whitney p of refractory against repressed
(lower line); points at zero, no peak in any experiment (TET1: 35, 10 and 48 percent of refractory, two-state and
repressed promoters). (C, D) Mean silent period against promoter CpG methylation (MEF whole-genome bisulfite
sequencing, TSS ± 500 bp; refractory n = 104, Spearman ρ = +0.39; two-state n = 508, ρ = +0.23) and against
promoter CpG observed/expected (refractory ρ = −0.36, two-state ρ = −0.30); silent periods span three decades
(logarithmic axis).
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do not (|ρ| < 0.05). Correlated transcription of linked genes in single cells has been seen before, at
several scales. Raj and colleagues found that activation of an integrated reporter switched on every
gene in its wider locus3, and Levesque and Raj, imaging twenty genes on single copies of chromosome
19, found a pair 14.3 megabases apart that was anti-correlated on the same chromosome copy and
only weakly correlated across copies61. With the contrast used here, same-copy against opposite-copy
correlation in allele-resolved counts from clonal hybrid fibroblasts32, Sun and Zhang found an excess
that decays with genomic distance yet stays positive beyond 60 megabases, which they attributed to
shared chromatin accessibility55. We find that the chromosome-wide part of the excess is due to the
6.7 percent of cells with a whole-chromosome allelic imbalance, and the remainder decays over about
a megabase. However, imaging of nascent transcription suggests that the coupling is due to physical
rather than genomic distance: on individual human chromosomes genes co-burst when their promoters
lie within about 400 nanometres62, cohesin depletion raises co-bursting of genes tens of megabases apart
on the same chromosome63, and in yeast the divergent GAL1 and GAL10 promoters burst together
on the same chromosome and not on different ones, a coupling that is lost when topoisomerases are
degraded64.

The refractory architecture detects a change in its input faster than a memoryless
switch, while the two differ little in stationary output noise and burst-train informa-
tion rate

To understand the functional benefits of the refractory promoters we constructed a mathematical model,
evaluating three aspects. The first candidate was output noise: a silence of fixed duration should smooth
the supply of transcripts relative to an exponentially distributed silence of the same mean. Computing
the stationary moments of mRNA and protein exactly for both architectures, we find the effect real but
small: at matched duty cycle and without feedback, across the fitted parameter range the multi-step
architecture reduces the protein coefficient of variation by 4 to 13 percent depending on the number
of refractory states. A multi-step silence was already known to lower output noise22,37,65, our results
provide a quantification for the high confidence genes. The second was the entropy rate of the promoter-
state point process at dwell-matched parameters (Methods), the rate at which the burst train generates
information about the trajectory of its own promoter. Mutual-information rates of two-state and semi-
Markov promoters have been computed in closed form, and there the silent intervals did not contribute
to the information exchanged66,67. For mouse fibroblasts, dwell-matched parameters the information
rate is 0.5536 nats per unit time for the multi-step promoter and 0.5409 for the two-state promoter, and
across the genome the classes are indistinguishable on this measure once dwell times are matched.

The third candidate is sensing speed, that is the time to detect a change in the input. Whereas
the information rate is a property of the stationary distribution, the sensing speed is the delay in
noticing a change in the input, and the two are not necessarily correlated. A cell that must notice a
change in its environment reads the change from the timing of its own bursts, and the best that any
cellular mechanism reading those bursts could do is the optimal sequential detector of Shiryaev68, which
represents an idealized observer of the burst train and we calibrate false alarms with its Shiryaev-Roberts
form69 (Methods). We modeled bursts as a renewal process with exponential intervals (the two-state
promoter) or Erlang-k intervals of the same mean (a k-step refractory promoter), imposed a step change
in the mean interburst time, and computed the expected detection delay at matched mean time to false
alarm (Figure 7). To evaluate the differences in detection time we considered measurements for the
estrogen-responsive TFF1 gene23 (interburst time 185 minutes at the half-maximal dose, 66 minutes at
saturation). A depth-seven refractory promoter detects the change 3.9 times sooner than the exponential
promoter at one false-alarm calibration (444 minutes reduced to 114) and 4.7 times sooner at a stricter
one (803 reduced to 170); the second reported saturating value, 86 minutes, gives 3.7-fold. These delays
are conditional on detection occurring after the change, which under the simulated change-time prior
holds for about 5 percent of realizations at the first calibration and 35 percent at the second. The
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Figure 5: Refractory alleles share a slow state within a gene but not across genes: gene pairs of
the refractory class show no excess co-bursting, while the two alleles of a refractory gene are more
correlated than those of matched two-state genes. (A) Co-bursting of gene pairs, one value per pair: the
Mantel–Haenszel log odds ratio of the two genes’ bursting indicators across cells, stratified by decile of the cell’s
total molecule count (Methods), for refractory pairs (red; n = 15, 576), cross-class pairs (grey; 54, 162) and two-
state pairs (blue; 46, 665). Violins are the densities of all pairs at equal maximum width, points a random sample
of 1,000 pairs per group, black bars the medians (0.037, 0.052, 0.091, in the order of the class duty cycles); the axis
omits the fewer than 1 percent of pairs beyond ±1. The refractory-minus-cross-class contrast, −0.015, lies below
the null obtained by permuting each gene’s bursting indicator across cells within depth deciles (99th percentile
+0.0014; one-sided permutation p = 1 for an excess): no class-specific co-bursting. (B) Inter-allele overdispersion
of each refractory gene (red) and its expression-matched two-state partner (blue), 156 pairs, violins of the two
distributions behind the points (higher means less allele correlation; axis from zero); black bars the medians, 0.589
against 0.730; Mann–Whitney p = 3 × 10−7, Cliff’s δ = −0.34. (C) Co-transcription of neighbouring genes is
copy-specific and decays with distance: same-copy minus opposite-copy correlation of the new-RNA indicators
of gene pairs on the same chromosome, as a percentage of the opposite-copy correlation, by distance between
promoters (1,776 pairs within 10 kb to 4,054,339 beyond 5 Mb; cells with a whole-chromosome allelic imbalance
excluded; bars are 95% intervals), with pairs on different chromosomes as the control (open marker, zero within
its interval).

advantage belongs to regular silences and reverses for irregular ones: TFF1 itself bursts in clusters, with
silences more variable than exponential23, and a clustered promoter with squared coefficient of variation
2 at the same mean interval detects the same change 1.3 to 1.5 times later than the memoryless promoter
and 5 to 7 times later than the depth-seven refractory promoter (Methods), because its intervals carry
0.62 of the memoryless information about the change. This holds for a dose that rescales the silences; a
dose acting on the short silences alone, leaving a long dormant state untouched, is a different comparison
in which the mean interval barely moves (Methods).

Detection delay is non-increasing in chain depth across the tested grid, and the advantage grows as
the detection problem gets harder. By a classical result, the expected delay of an optimal detector scales
inversely with the information each interval carries about the change, the Kullback-Leibler divergence
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between the pre- and post-change interval distributions70. For Erlang intervals of fixed mean that
divergence is k times the exponential value71, so a regular clock reveals a rate change several-fold faster
than a memoryless one. Regular baselines make rate changes easier to detect, a principle known from
sensory spike trains72, and kinetic models had predicted that refractory or multi-step promoters respond
to a stimulus faster73,74 and with higher specificity75. That is, a refractory promoter is slower to fire
after any single activating event, but at matched mean interval it is faster to reveal that the input rate
has changed, because the detector uses the regularity of the intervals. Against a memoryless two-state
promoter of the same mean interval, the five-step refractory promoter detects the change sooner at every
one of the 48 settings tested (Methods): when the mean interval changes 2.8- or 24-fold the two-state
promoter’s delay is 2.0 to 3.8 times the refractory promoter’s (median 3.1), and for the smaller changes of
1.01- to 2.7-fold that a dose acting on a single kinetic component produces it is 1.02 to 3.7 times (median
2.4). With two silent steps instead of five the factors are 1.6 to 1.8 and 1.0 to 1.75. The refractory
promoter’s advantage over a two-state one therefore holds for any change in the mean interval and grows
with the number of steps and the size of the change.

Both quantities have closed forms, so we can ask directly whether noise and sensing speed trade off
(Methods). The Fano factor of the mRNA count depends on the silent period only through the mean of
e−kdToff over the distribution of the silent period, which we write with angle brackets as ⟨e−kdToff ⟩:

F = 1 + ksyn koff (kd − konφ)
kd (kon + koff) (kd + koffφ) , φ = 1 − ⟨e−kdToff ⟩,

which reduces to the two-state expression F = 1+ksynkoff/((kon +koff)(kon +koff +kd)) for an exponential
silence. A more regular silence lowers F below its two-state value: at the fitted rates of the 1,246 high
confidence genes the median falls from 2.51 for the one-step (two-state) silence to 2.28 for two steps and
2.09 for seven. The delay in detecting a step in the burst-on rate from kon to k′

on also falls with depth.
When bursts are resolved, the delay at a mean time to false alarm γ is ln γ/I to first order70, with
I = k[ln(k′

on/kon) + kon/k′
on − 1]/(1/k′

on + 1/koff) for a k-step silence. Our simulations show that the
delay is 1/k of the memoryless value at a large false-alarm budget, and 0.65 (two steps) or 0.50 (three)
at a budget of 100 promoter cycles. Depth therefore improves both, and the architecture itself carries
no trade-off between noise and speed.

Detection speed measures the response to a single step. We also asked how much a promoter can tell
the cell about an environment that keeps changing. We placed a two-state environment, switching every
1, 10, or 100 mean mRNA lifetimes (1/kd, the unit of time in the model), in front of each promoter and
let it drive one parameter at a time (synthesis rate, burst-on rate, or active-exit rate) so that the high
state raised the output mean by 1.5- or 3-fold. For each case we computed exactly the rate at which
the count sequence carries information about the environment, the tracking error of the optimal filter,
and the low-state Fano factor (Methods). The synthesis-rate channel carries the most information at
31 of 36 combinations of architecture, duty cycle, and operating point. The burst-frequency channel
is most informative for the remaining five combinations, all at fast switching with a small mean and a
small change. Between the two switching architectures at a matched duty cycle, the three-step promoter
carries more information about the environment, measured as the information rate at frame boundaries,
than the two-state promoter at 16 of 18 points, by a median factor of 1.6, and has a lower low-state
Fano factor at all 18. We conclude that the multi-step architecture is better for detecting both types
of changes. Note that this dynamic measure does not contradict the static ordering, in which added
promoter states lower channel capacity76,77. The trade-off between noise and detection speed appears
only across operating points: at the fitted class medians (duty cycles 0.052 and 0.32) the refractory
operating point is the less informative and the noisier at every operating point where the two can be
matched, the same split between operating point and architecture that the archetype analysis below
shows. The environment enters these calculations at frame boundaries, so the information rates are
lower bounds on the information carried about the full environment path.
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We also asked the question from the other side: if the refractory class is suited to fast detection, do
the classes form the kind of polytope in parameter space that archetype analysis would reveal78, with a
detection task at one corner? We used principal convex hull analysis79 to fit a polytope with three to six
vertices to the points represented by the four dimensional vector (kon, koff , ksyn, and degradation rate)
for each of the 1,246 high confidence genes. We obtained the best fit for three archetypes, and we find
that the refractory class is a good match to one of the archetypes with rare long silences, large bursts,
and long-lived message. Of the hundred genes nearest it, 86 percent refractory against a 15 percent base
rate (p = 4 × 10−50). The other two archetypes are both two-state corners with the same three-hour
silence and burst size of about 3.5, separated along the active-period axis (1.9 hours at low synthesis
against 0.7 hours at threefold higher synthesis). The two two-state corners have the same mean and
burst size and differ in tempo: the short-ON corner has half the promoter correlation time (0.6 against
1.2 hours), nearly twice the information rate (0.83 against 0.45), half the detection delay (3.6 against
5.7 cycles; 14 against 31 hours) and a modestly higher Fano factor (3.1 against 2.1), while the refractory
corner has a Fano factor of 10, an information rate of 0.11, the fewest cycles to detection (3.1) and the
most hours (189). Both two-state vertices have silent periods near 3.4 hours and burst sizes near 3.5
molecules; one (V0) reaches that burst size through a long, weakly productive active period (1.9 hours
at 1.8 molecules per hour, duty cycle 0.35) and the other (V2) through a short intense one (0.7 hours at
5.1 molecules per hour, duty cycle 0.17). Nothing at the promoter separates the genes nearest the two
vertices: GC and CpG content, CpG-island overlap, methylation, H3K4me3, H3K27ac, H3K27me3 and
H3K9me3, and 156 factors and marks profiled earlier are all indistinguishable, as are their Gene Ontology
annotations. The clustered subclass of the two-state genes is spread across both vertices: it makes up
21 percent of the two-state genes among the hundred nearest V0 and 36 percent near V2 (base rate 31
percent). What separates the two archetypes lies downstream of initiation. V0 genes are longer (median
50 against 27 kilobases; Mann–Whitney p = 3 × 10−3) with more exons (25 against 16; p = 2 × 10−5),
and at equal polymerase occupancy of the promoter they hold more of it near the start site by ChIP-seq
(pausing index 12.8 against 7.9, p = 1 × 10−3), carry fewer engaged polymerases in the gene body by
run-on sequencing in two fibroblast datasets while their promoter-proximal run-on signal and 5′-to-3′

processivity are unchanged, and in these cells’ own labelled reads their new RNA is more intronic (19
against 9 percent of new reads) and sits further 5′ relative to the same genes’ old RNA (the new-read
fraction falls more steeply along the gene body near V0; Mann–Whitney p = 0.01, paired p = 0.04 over
66 expression-matched pairs) (Methods). Across all 1,060 two-state genes the fitted active period does
not lengthen with gene length (Spearman −0.06 with expression held fixed), so the long active periods of
V0 are not an artefact of transcript completion time, whereas synthesis rate and burst size do fall with
gene length (−0.19 and −0.26). We interpret the V0–V2 axis as one of polymerase release and early
elongation on long, exon-rich genes, orthogonal to the promoter-state axis that separates the refractory
class.

Refractory calls on the X chromosome survive the single-copy correction that X
inactivation forces, with one open sensitivity

Our methodology was developed for diploid cells, but X inactivation makes X-linked genes effectively
single-copy in each cell, and in these data this should result in a bimodal per-cell X haplotype share at
zero and one. Indeed, 95 percent of cells carry a dominant X haplotype above 0.9, and the ten refractory
genes on the X chromosome are 93 to 98 percent monoallelic. Since our genome-wide fits, X included,
used a two-allele model we refit 45 confidently classed X-linked genes under a one-copy law (Figure 9).
Eight of the ten refractory promoters hold under the corrected law (Tspan7, Gpc3, Tnmd, Srpx, Rnf128,
Arxes2, Tmem185a, Efnb1), but Vegfd and Hs6st2 are instead classed as two-state. Conversely, two
genes in the two-state class acquire a nominal refractory statistic under the one-copy law; one is a
gene that escapes X inactivation, to which the law does not apply, and the other’s one-copy fit did not
converge. One-copy fits met the run’s convergence criterion for 68 percent of genes, against 96 percent
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Figure 6: The two two-state vertices differ downstream of initiation, not at the promoter. (A) The
1,246 classed genes in the plane of fitted active period and synthesis rate (both logarithmic, since the vertices differ
multiplicatively), refractory genes in red and two-state genes in blue, with the three archetypes of the principal
convex hull fit (triangles; V1 is the refractory vertex) and the 100 two-state genes nearest V0 (black rings) and V2
(grey rings). (B) Cliff’s delta, V0 minus V2, for the 100 genes nearest each vertex, for promoter composition and
chromatin (top), gene architecture (middle) and polymerase and nascent-RNA measures (bottom: Pol II ChIP-seq
in embryonic fibroblasts, PRO-seq in an embryonic-fibroblast line, and the labelled reads of this dataset realigned);
filled markers, p < 0.05 in expression-matched V0–V2 pairs. Promoter features do not differ; V0 genes are longer
with more exons, hold more polymerase near the promoter, carry less in the body, and accumulate new RNA that
is more intronic and more 5′-proximal.

for the two-copy controls, though all ten refractory genes converged under both laws. The parameter
correction the one-copy law forces is the model’s own copy-number degeneracy: two alleles bursting at
rate kon are nearly indistinguishable from one allele bursting at 2kon, and under the corrected law the
burst-on rate of every refractory gene on X doubles (ratios 1.9 to 2.5, median 1.9). We observe that
the two-allele fits had absorbed the missing copy into a halved burst frequency, so the burst-on rates
previously reported for X-linked refractory genes in the genome-wide table are about two-fold low.

Discussion
The telegraph model owes its standing to two facts: it is the simplest promoter with a silent state,
and a snapshot of single-cell counts cannot easily reject it. Time-resolved data allows us to rigorously
test this model against alternative, more complex models. Using NASC-seq2 data we demonstrate that
a subset of promoters have more regular off-states than a memoryless promoter and are best fit by a
multi-step, refractory model. Notably, multi-step silences have also been reported for mammalian genes
from luminescence time series5,22. The refractory class is enriched for secreted and matrix proteins,
it is associated with methylated CpG-poor promoters, it is silent for longer than a cell cycle, and its
silences lengthen with promoter methylation. We note that both the gene category and the promoter
state have been described before, in each case without kinetics. The secreted and matrix category is
where days-long repression23, stable allelic silencing in fibroblasts32,33 and heritable expression states
in macrophages80 have each been reported, and we hypothesize that the refractory class constitute a
subset inside that category. The promoter state corresponds to the ‘low-CpG promoter’ class reported
by Weber et al., which in primary fibroblasts is “methylated in the inactive as well as in the active
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Figure 7: Detection delay falls with chain depth. Expected delay of the optimal sequential detector after a
step change in burst rate, for Erlang-k silent intervals of the same mean (blue, k = 1, the two-state promoter; red,
k ≥ 2, refractory promoters), at two false-alarm calibrations: a mean time to false alarm of 100 (dashed, squares)
or 1,000 (solid, triangles) pre-change intervals. (A) The TFF1 operating point, interburst time 185 minutes falling
to 66 (a 2.8-fold step). (B) The second reported saturating value, 185 falling to 86 minutes (2.2-fold). (C) A
24-fold step at the same interval scale, 185 falling to 7.7 minutes, on a vertical scale sixty-fold finer than A and B;
deep chains reach the first-burst floor (dash-dot line, the post-change mean interval), where depths five and seven
tie. Delays are conditional on detection after the change, which under the simulated change-time prior holds for
about 5 percent of realizations at the first calibration and 35 percent at the second.

state”81 and essentially never carries H3K27me382. Induced low-CpG promoters that stay methylated
while gaining acetylation and elongating polymerase were described in primary mouse dermal fibrob-
lasts83, and cytosine methylation coexisting with H3K27ac has been reported at enhancers though not
at promoters84. Those studies established that such promoters can be active while methylated, but none
of them reported promoter kinetics.

We report that this class of refractory promoters is defined by the timing of its silences which are more
regular than a memoryless switch and longer than a cell cycle. The length of the silence proportional to
the level of promoter methylation while the active period is not. Moreover, refractory promoters carry
the same machinery as their expression-matched two-state counterparts, and if anything more BRD4 and
Mediator per polymerase rather than less. By contrast, recruited DNA methylation drives a locus into
silence with a half-time of about 62 hours85 and heterochromatin spreads at hours per nucleosome86.
Thus, we conclude that these are plausible mechanisms for a promoter that must be re-opened through
several such steps to produce silences with the multi-step structure we fit. The recruited state, however,
does not reactivate85,87, so a silence that ends after 95 hours must rest on methylation that turns over
rather than saturates.

Interestingly, Czapiewski and colleagues, finding CpG-island promoters less noisy than CpG-poor
ones in single-nucleus counts, proposed that slow chromatin-remodeling transitions generate long off-
states at promoters without islands88. The refractory class confirms this prediction and adds that the
off-states of these promoters are regular, not merely long. Moreover, the allele data are consistent with
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Figure 8: Across the promoter cloud, operating point rather than architecture sets detection delay.
(A) Delay under the optimal sequential detector (2.8-fold change in burst rate; mean time to false alarm 100 times
the promoter’s own mean interburst interval) at two hundred genes spanning the cloud (173 two-state, circles; 27
refractory, triangles), projected to the top two principal components of the standardized log-rates over the 1,246
classed genes; the delay is in units of each promoter’s own mean interburst interval, on a logarithmic color scale
from 2.5 to 16. Crosses mark the vertices of the three-archetype fit, shown for orientation only (no archetype
number gives a significant polytope). The fastest detectors are the high-synthesis two-state genes at the lower left,
not the refractory corner. (B) The same two hundred delays against the fraction of the burst cycle the promoter
spends active: genes of both classes lie on one curve, because every gene is evaluated with the same renewal
detector at its own rates, so at this level of comparison the operating point alone sets the delay; the refractory
advantage of Figure 7 is an architecture effect at a matched operating point.

such a clock, with no coordination across genes. The genes where the two copies are highly correlated
shared cell-level control of activation89,90, consistent with previous studies. Kalo et al showed that four
live β-actin alleles in fibroblasts activate independently at steady state and synchronously under serum,
and the excess over a binomial was fitted as two cell subpopulations90. Rodriguez et al found that the
slow repressive state of TFF1 is occupied independently by its two alleles, with the fitted coupling acting
on the activation step23.

Our model also allows us to address coordination between the two alleles: the two copies of one
gene are correlated in both classes (median correlation 0.15 to 0.3, against 0.02 to 0.03 for two different
genes in the same cells), and once expression is matched the two copies of a refractory gene are the more
correlated pair (Figure 5B). Allele-resolved single-cell RNA-seq of preimplantation embryos established
independent allelic transcription genome-wide from pooled biallelic fractions91, and on the present data
the two alleles of a gene have been described as independent without a reported test19, while positive
inter-allele dependence at high expression has been read as the effect of diffusible factors11,92,93. Following
the pioneering work using two-reporter experiments3,94–96, correlation between the two copies of one
gene in one cell has been interpreted as the extrinsic part of expression noise, the part set by the
state of the cell rather than by the promoter. Allele-resolved single-cell RNA-seq and allele-specific
imaging in mammalian cells have found the two copies bursting largely independently, with a shared
part attributed to cell state, cell-cycle stage or a common stimulus19,91,97–99. In mouse fibroblasts the
extrinsic noise has been estimated for some four thousand genes100, and it has also been shown that
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Figure 9: Refractory calls on the X chromosome under the single-copy law. (A) Signed likelihood-ratio
statistic (refractory against two-state) for the ten X-linked refractory genes under the two-copy law used genome-
wide (open) and under the one-copy law that X inactivation implies (filled); the dashed line is the class bar of
4.3; the axis is broken to reach Vegfd’s one-copy value. Eight calls hold; Vegfd and Hs6st2 fall below the bar. (B)
Log-likelihood deficit of the one-copy law relative to the two-copy law per gene (filled, call holds; open, call lost).
The shaded band is the deficit a planted two-copy truth pays when fit under the one-copy law at these genes’ rates
(123 to 187 units); a planted one-copy truth gives the opposite sign (the one-copy law wins by 11 to 43 units), off
this axis. The two lost calls sit at 520 and 900 units, far above either planted cost, so the one-copy law is rejected
by their counts.

the degree of coordination between the two copies differs from gene to gene in embryos and during
reprogramming11,101,102. The comparable single-gene numbers from previous studies vary widely, with
about 0.55 for Nanog in mouse embryonic stem cells97, 0.54 for the integrated output of the two GREB1
alleles and 0.01 for their instantaneous bursting99, 0.05 to 0.07 for nascent counts at the two copies of
Oct4 and Nanog98, and 0.06 for two reporters at different loci3. Genome-wide, 2 to 6 percent of bursty
genes depart from allelic independence, nearly all toward coordination11. The explanation for the wide
range is that the lower ones are for instantaneous correlation while the higher values are integrated across
a time window, and thus they are not directly comparable to our values. What is both novel and robust
though is the class difference: the two copies of a refractory gene share more of their activity than the
two copies of a two-state gene, and the shared part belongs to the gene, not to the cell.

We investigated what could be the benefits of the refractory architecture over the memoryless one.
A secretory cell that must respond to a change in its environment reads that change from the timing of
its own bursts. A regular clock reveals a rate change several-fold faster than a memoryless one, because
the information per interval about the change grows linearly with the number of steps and detection
delay falls inversely with that information70,71. By the same rule an irregular clock, such as the clustered
promoter of TFF123, reveals it more slowly than a memoryless one. Our closed form solution shows
that additional steps in the refractory chain lowers both the noise and the detection delay, and the
architecture carries no trade-off between them. Across the real genes the two rise together instead: over
the 1,246 classed genes at their fitted rates the Fano factor and the delay in hours for a 1.5-fold step
correlate at Spearman ρ = 0.74, because large bursts raise the noise and long cycles lengthen the delay,
and the refractory class is both the noisiest (median F 6.3 against 2.1 for two-state genes) and, in hours,
the slowest (about 1,100 against 110 hours at a budget of 100 cycles), while counted in each gene’s own
cycles it is the fastest (22 cycles against 50). That is, the advantage of the refractory promoters for
detection speed is an architecture effect at a matched operating point. Measured in absolute hours, the
refractory corner of our archetype analysis is the worst for detection. The reason for this dichotomy is
that a regular promoter needs fewer intervals to reveal a change, and the refractory genes’ intervals are
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an order of magnitude longer, which is a property of their operating point and not of their architecture.
For a program of secreted proteins, whose output is committed to the extracellular space and cannot be
recalled, deciding quickly and correctly when to restart is a plausible advantage.

A silent period spanning multiple cell cycles has a formal alternative, a stable subpopulation of cells
in which the gene is off. The absence of any excess co-bursting across the class (Figure 5A) argues
against a shared cell state, but a per-gene silent subpopulation is not excluded by snapshot data. Such
a subpopulation can be of the clone-level kind in which a gene is off in both alleles of some clones103,
of the heritable kind reported for cytokine and chemokine genes over more than 25 divisions80, or, at
the level of single alleles, of the clonally stable monoallelic kind32,104–106. In fibroblasts that last class
is itself low-expressed and enriched for secreted and extracellular proteins32. Whether such a heritable
state sits inside the refractory class is a question that can only be settled using single-cell time series.

Although our analysis of methylation and histone data have uncovered several key properties of
refractory promoters, additional experiments are required to test some of our predictions. We found
that the duration of the refractory period is proportional to the DNA methylation, and thus lowering
promoter methylation, by DNMT inhibition or a DNMT1 degron, should shorten refractory silences
without changing their multi-step shape, or affecting the two-state class. Moreover, our mathematical
model of detection timing predicts that after a change in the cell the refractory genes turn on later
in hours but sooner in their own burst cycles than the two-state genes. We found evidence of this in
a skin-wound time course profiled using bulk RNAseq107 where the refractory genes had completed a
median 42 percent of their day-14 expression change by day 7, against 53 percent for expression-matched
two-state genes (p = 2×10−4). Finally, single-molecule imaging with metabolic pulse-chase labeling such
as TEMPOmap108 using a labeling window of comparable length to the mean off-time would provide
further insights into the underlying mechanism.

Limitations

The three parameters of the Poisson-Beta model cannot be fit directly from the NASC-seq2 data as
degradation rates must be supplied exogenously to fix the scale. Our assignments to the two-state
and refractory classes are insensitive to scaling the degradation rate, but the absolute fitted rates are
impacted. The clustered law was fitted with one fixed shape (squared coefficient of variation 2, below
the 2.3 to 4.3 measured for a clustered promoter in live cells26), and it was infeasible to fit a free
mixture weight. Only 1,246 of 16,858 evaluable genes were confidently classed as refractory, clustered,
or telegraph, and the main limitation is the low number of transcripts detected. Comparisons between
the classes was limited by the refractory genes, and with only 186 members this limits our power detect
differential motifs. Similarly, our enhancer comparison is underpowered and the use of a 100kb window
to assign enhancers to promoters likely results in a large number of false positive and negatives. The
chromatin and methylation data were from other studies and thus the relationship to the inferred kinetics
are correlatory, not causal. A methylation-expression correlation is equally consistent with methylation as
cause or as passenger of promoter occupancy109, and an antisense-induced promoter memory that carries
methylation has not been excluded110. The sensing-speed result is a calculation at measured operating
points, checked against reported dose-response statistics for one gene, not a trace-level measurement.
The inter-allele correlation result is a contrast between classes; a class-differential counting artifact makes
the absolute values uninterpretable as correlation levels, and the contrast is compatible with a shared
silent state, a shared cell-level control of activation or an interallelic coupling, which windowed counts
do not separate89,90,111.
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Methods

Data and software

Resource Source Identifier

Deposited data
NASC-seq2 new-RNA counts, primary mouse fi-
broblasts (F1 hybrid), 2-h 4sU window

Ramsköld et al.19 ENA: PRJEB60799

Per-gene mRNA degradation rates, mouse fibrob-
lasts

Larsson et al.6 Zenodo record accompany-
ing the paper

MEF whole-genome bisulfite sequencing (CpG
methylation)

public track, see Analysis de-
tails

to be listed at submission

Histone-mark ChIP-seq, mouse fibroblasts
(H3K4me3, H3K27ac, H3K27me3, H3K9me3,
H3K36me3)

ENCODE accessions to be listed at
submission

ChIP-seq, MED1 (MEF), MYC (MEF), RNA
polymerase II (MEF), BRD4 (NIH/3T3)

Sequence Read Archive SRX accessions listed in
Table S1

GENCODE vM25 gene annotation (mm10) GENCODE vM25
JASPAR CORE vertebrate motifs (1,019 matri-
ces)

JASPAR latest version per base ma-
trix identifier

Gene Ontology annotations, mouse MGI GAF and go-basic OBO downloaded 2026
TFF1 burst-kinetic operating points Rodriguez et al.23 Cell 176:213
scATAC-seq, untreated primary mouse embry-
onic fibroblasts (129/Ola), fragment file; matched
scRNA-seq

Muckenhuber et al.49 GEO: GSE160764
(GSM5852360,
GSM5852363)

Single-cell Multiome (RNA + ATAC), Cas9 mouse
embryonic fibroblast line, control-guide cells

Burr et al.50 GEO: GSE297418
(GSM8990892,
GSM8990896)

PRO-seq, immortalized wild-type mouse embry-
onic fibroblasts, untreated, normalized strand-
specific coverage

Mahat et al.46; Vihervaara et
al.47

GEO: GSE71708
(GSM1843438);
GSE128160 (GSM3665947)

Software and algorithms
Exact transient likelihoods for the two-state and
multi-step promoter models, exact p-values, con-
trol constructions

this paper28 code to be deposited at sub-
mission

Lisa Qin et al.38 web service
Principal convex hull (archetype) analysis Mørup and Hansen79 reimplemented, ten restarts
GOATOOLS, JAX, SciPy, NumPy, pyBigWig open source versions to be listed at sub-

mission

Correspondence and availability

Correspondence Further information and requests for resources should be directed to and will be
fulfilled by the corresponding author, Martin Hemberg (mhemberg@bwh.harvard.edu).

Materials This study did not generate new reagents.

Data and code availability All data analyzed are public (Data and software table). Per-gene fitted
rates, class calls, exact p-values, and the analysis code will be deposited in a public repository before
publication; the accession will be listed here.
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Cells and data

No new experiments were performed. The study reanalyzes published NASC-seq2 data from primary
mouse embryonic fibroblasts of an F1 hybrid cross19, together with public chromatin and ChIP-seq data
from mouse embryonic fibroblasts and NIH/3T3 cells.

Analysis details

Data and labeling window We used the new-RNA count matrix for the 8,916 cells with a two-hour
4-thiouridine window, allele-resolved by the F1 hybrid single-nucleotide variants, as released with the
method paper. New-RNA counts and total counts per gene and cell, and per-cell allele-specific new
counts, are the inputs to every fit.

Gene inclusion The reconstructed-molecule matrices contain 37,249 genes by 8,916 4sU-treated cells.
Genes were kept if at least 50 cells carried at least one molecule, new or old (13,484 genes removed, 99 of
them with no molecules at all), and if the new fraction of their molecules lay between 2 and 98 percent
(480 removed, 473 of them below 2 percent), leaving 23,285. The transient likelihoods are evaluated on
a count grid of 1.6 times each gene’s maximum count plus a margin, and 39 genes with very large count
ranges (31 of them among the 1,000 most abundant, including Actb) exceeded the solver’s budget and
were not fitted, leaving 23,246. 16,858 genes are evaluable, meaning that both the two-state and the
multi-step fits converged (gradient sup-norm below 10−3 or final step below 10−5). 798 converged for
the two-state model only, 1,562 for the multi-step model only, and 4,028 for neither. Both alleles are
pooled in these fits; allele-resolved counts enter only the allele analyses.

Promoter models Both models have an active state from which transcripts are synthesized at rate
ksyn and are degraded at rate kd, and the active state is left at rate koff . In the two-state model the silent
state is left at rate kon, so silent periods are exponential with mean 1/kon. In the multi-step model of
depth k the promoter returns to the active state through k sequential silent states, each left at rate k kon,
so silent periods are Erlang-k with the same mean and a coefficient of variation 1/

√
k; the genome-wide

test uses k = 2, the smallest departure from memorylessness, and the profile analysis extends k to 32.
For allele-resolved data the count is the sum over the two alleles, computed as the exact convolution
of the single-allele laws; for the X chromosome the one-copy law is the single-allele law placed on the
two-allele count grid.

Exact transient likelihoods For a promoter observed over a labeling window of length T , the proba-
bility of n new molecules is obtained by solving the chemical master equation of the promoter-plus-RNA
system from the stationary distribution of the promoter at the start of the window, with RNA counted
only if synthesized inside the window. We compute this distribution exactly, to floating-point precision,
by uniformization of the generator on a truncated state space whose truncation error is bounded; the
construction and its error bounds are given in the companion paper28. The likelihood of a gene is
the product over cells of the probability of its observed new count given the cell’s total-count depth.
Maximum-likelihood fits used multiple starts and a convergence criterion on the gradient; a gene is
evaluable when both models converged.

Exact p-values and the class calls The test statistic is twice the log-likelihood ratio of the multi-
step model to the two-state model. Its null distribution at the fitted two-state parameters was computed
exactly for 16,844 genes by a contour integral over the characteristic function of the per-cell contributions,
and bounded by a Chernoff bound for the 14 genes whose contour computation exceeded the resource
limit. Genes were called significant at a Benjamini-Hochberg false-discovery rate of 5 percent35. Three
constructions then asked whether the statistic could arise without a third state. The two-state twin
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of each gene simulates counts from the fitted two-state model at the gene’s own depth with lognormal
per-cell capture dispersion (coefficient of variation 0.3) and refits both models, giving the statistic a
memoryless promoter of that gene’s parameters produces under capture over-dispersion; the copy-number
twin repeats this with the allele and copy-number structure of the data; the cell-cycle refit repeats the
fit on the G1 cells alone, with cells assigned a phase by module scoring of S and G2/M gene sets, and
requires the G1 statistic to exceed the twins’ statistics on the same cells. A gene enters the refractory
class when its statistic exceeds 8.6 and three times the larger of 4.3 and each twin’s statistic, and survives
the G1 refit. A gene enters the two-state class when its statistic is below −4.3, that is, when the two-
state model is favored by the same margin. All other evaluable genes are undetermined. To assess
the sensitivity of the class sizes to these criteria, we recomputed both the refractory and the clustered
class with the margin over the two twin statistics set to 2x or 4x instead of 3x, with any two of the
three controls (misspecification twin, copy-number twin, G1-only refit) required instead of all three, and
with both relaxations together. The likelihood-ratio bar of 8.6, the 5 percent FDR requirement of the
exact test, the treatment of a non-converged twin as a failed control, and the restriction of the clustered
candidates to the 1,060 two-state genes were kept (Figure S1; Table S5 lists the membership of every
gene under every variant).

Depth profiles and the clustered alternative For twenty genes with small count ranges, twelve
from the refractory class and eight from the two-state class, taken at evenly spaced ranks of the likelihood-
ratio statistic within each class, the likelihood was profiled over chain depth k ∈ {1, 1.5, 2, . . . , 8} with
fractional depths defined through the Erlang shape parameter (refractory genes), or over the squared
coefficient of variation of a two-timescale silent period on [1, 2.9] (two-state genes); the depth profile was
extended to k = 16 and 32 for eleven of the twelve refractory genes (the twelfth stopped on a wall-clock
limit). The same twenty genes were also fitted with chains of depth 3 and 5 and with the clustered law;
the resulting likelihood ratios are single-gene comparisons and are reported as log-likelihood gains, not
as significance calls. The two-state genes were not profiled over chain depth; their chain-depth curves
in Figure 1D are the fits at depths 1, 2, 3 and 5 from this twenty-gene comparison, evaluated with
the observation model of the refractory profiles, which integrates over per-cell capture dispersion. Both
classes are drawn in that panel as the difference in 2 log L from the two-state model. A profile is flat
above a depth when the change in 2 log L across the next doubling is below the noise floor of the fit. The
clustered alternative is a silent period with two exponential timescales (a hyperexponential mixture),
fitted with the same active state. Chain depth is not rankable from a single window: with the chain
extended beyond the tested range the likelihood is flat for ten of eleven refractory genes, so depths are
reported as lower bounds. Twelve further clustered genes were added to the panel by a rule fixed before
the fits: the clustered genes meeting the same count-range rule (34 of the 329, one already in the panel),
at twelve evenly spaced ranks of the clustered statistic, each fitted with the same five models under the
same observation model; the comparison with the seven telegraph genes is the one-sided Mann-Whitney
test on the depth-5 differences, stated in advance with its 0.05 bar.

Class summaries and expression matching Per-gene mean silent and active periods are 1/kon and
1/koff , burst size is ksyn/koff , duty cycle is kon/(kon + koff), mean expression is ksyn/kd times the duty
cycle, and the half-life ratio is the ratio of the silent period’s half-life, ln 2/kon, to the mRNA half-life,
ln 2/kd. Class contrasts are Mann-Whitney tests with Cliff’s delta as effect size. Expression-matched
pairs were formed one-to-one without replacement within a caliper of 0.1 dex in mean expression (156
pairs for the allele analysis; 186 pairs for the motif, Lisa, and ChIP analyses at a caliper of 0.15 dex).
The fraction of refractory genes silent for longer than a cell cycle is given at two thresholds, 24 hours
(165 of 186 genes) and a 20-hour fibroblast cycle (171 of 186).
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Gene Ontology enrichment Enrichment of the 186 refractory genes was computed with GOATOOLS
(propagated counts, Benjamini-Hochberg correction) against a background of the 12,243 evaluable genes
with a GO annotation, using the MGI annotation file and the go-basic ontology. In the primary analysis,
genes annotated to cell cycle (GO:0007049) or any of its is-a or part-of descendants were removed from
the study set (164 of 186 refractory, 299 of 329 clustered, and 620 of 731 telegraph genes remained);
the secondary analysis retained them (171 annotated refractory genes); the Results quote the primary
analysis, and the secondary gives the same two terms at 4.6- and 7.6-fold (p = 1.3×10−22 and 2.0×10−12).
The clustered class and the 731 telegraph genes were analyzed with the same settings and background,
and contrasts between classes on a given term are two-sided Fisher’s exact tests on the same propagated
annotations. A gene counts as a secreted or matrix protein when it is annotated to extracellular region
(GO:0005576) or extracellular matrix (GO:0031012), or to an is-a descendant of either, in the same
propagated annotation; percentages are of genes with any Gene Ontology annotation (171 of the 186
refractory genes). Similar expression means a fitted mean expression within the 5th to 95th percentile
range of the refractory class, 0.42 to 10 transcripts per cell; the 1:1 expression-matched partners formed
by the rule above give the same result (13 of 186 two-state partners and 9 of 186 undetermined partners;
Fisher’s exact test p = 2 × 10−13 and 3 × 10−14). Promoter methylation and CpG-island contrasts
between classes were tested on expression-matched pairs formed by the rule above (Mann-Whitney on
measured promoters and Wilcoxon signed-rank on pairs with both members measured for methylation;
Fisher’s exact test and McNemar’s test for CpG-island overlap).

Promoter chromatin features Per-gene features were computed on GENCODE vM25 (mm10):
promoter GC content and CpG observed-to-expected ratio over TSS −300 to +100 bp, CpG-island
overlap, mean signal of five histone marks over TSS ±1 kb, and mean CpG methylation from MEF whole-
genome bisulfite sequencing over TSS ±500 bp, undefined for promoters with no covered CpG. Spearman
correlations between the fitted silent and active periods and each feature were computed within each class,
with partial correlations from rank-regression residuals controlling for mean expression. Class-specific
regressions of each fitted rate on the standardized feature set (refractory, telegraph and clustered genes,
each on the rates of its own model) used heteroskedasticity-consistent standard errors; class differences
in a coefficient were tested in the pooled model with class-by-feature interactions (telegraph as reference,
a two-degree-of-freedom Wald test per feature and rate), Bonferroni-corrected over the 21 feature-rate
pairs with methylation (genes with measured methylation) and the 18 without it (all classed genes).

Motif scan Promoter sequences (TSS −500 to +100 bp) of the 186 refractory genes and their 186
expression-matched two-state genes were scanned with 1,019 JASPAR CORE vertebrate position fre-
quency matrices (the latest version per base matrix identifier) using log-odds scores. Each promoter’s
hit threshold for each motif was set at the 99th percentile of the best scores over dinucleotide-preserving
shuffles of the promoter’s own sequence, pooled across the class (930 shuffle draws), so that base com-
position is controlled by construction. The class contrast per motif is the difference in hit fraction, with
significance by 10,000 label permutations within matched pairs and Benjamini-Hochberg correction. A
surviving motif is labeled composition-driven when its consensus is GC-rich (GC ≥ 0.7) or contains CpG.

Lisa The two gene lists were submitted to the Lisa web service38 with default settings; the ranked
factor lists were read for the top-ranked ChIP-seq factors on each side.

ChIP-seq metagenes and the fixed predictions Public ChIP-seq tracks for MED1, MYC, and
RNA polymerase II in mouse embryonic fibroblasts and for BRD4 in NIH/3T3 cells were downloaded as
bigWig files (accessions in Table S1). Experiments with fewer than a minimum peak count or a median
occupancy below a floor were excluded before any contrast was computed. Signal was binned at 25 bp
from TSS −1 kb to +3 kb in the direction of transcription. Occupancy is the mean signal over TSS
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±500 bp; the pausing index is the mean signal over TSS −50 to +300 bp divided by the mean over +1
to +3 kb, undefined where the gene-body signal is zero. Five predictions were written down with their
direction before the tracks were examined: that BRD4, MYC, and polymerase occupancy would be lower
at refractory promoters, that MED1 would be higher, and that the pausing index would be higher. Each
contrast is the pooled within-pair difference across usable experiments, with significance by permutation
of pair labels and Benjamini-Hochberg correction across the five tests; sign consistency is the fraction
of experiments agreeing with the pooled sign. The duty-cycle comparison and the factor-to-polymerase
ratio were computed after the results were known and are labeled post hoc in the text; the pausing-index
result was recomputed on the 142 pairs with the index defined on both sides.

Co-bursting and inter-allele correlation A gene bursts in a cell when its new count is positive.
For every pair of classified genes whose mean silent periods exceed twice their mRNA half-lives, the
co-bursting statistic is the Mantel–Haenszel log odds ratio between the two genes’ bursting indicators
across cells, stratified by decile of the cell’s total molecule count (Haldane’s 0.5 added to the pooled
numerator and denominator); the class-level contrast is the median over refractory–refractory pairs
minus the median over refractory–two-state pairs, compared with a null from permuting each gene’s
indicator across cells within each depth decile, which preserves each gene’s bursting frequency and depth
profile and removes any dependence between genes. For the allele analysis, the inter-allele overdispersion
of a gene is the beta-binomial intra-class correlation of the within-cell split of new molecules between the
two alleles, given the cell’s total, fitted by maximum likelihood over cells with at least one allele-resolved
new molecule. A higher value means a more extreme split than binomial and so less correlation between
alleles. Genes were compared across classes on 156 expression-matched pairs, on the unmatched sets,
and with partial tests controlling for allelic imbalance, molecule count, and degradation rate. Because
the allele-resolved unit count per new molecule differs between classes (medians 4.22 in the refractory
class and 1.67 in the two-state class), the absolute values are not interpretable as correlation levels; the
class contrast is the reported result.

Labelled reads along the gene To compare nascent RNA between gene groups within the same cells,
the first 2 × 108 read-1 records of the NASC-seq2 run were realigned to mm10 with bwa mem (adapter-
trimmed, mapping quality ≥10; 98.6 percent mapped) and reads overlapping the span of 1,245 target
genes were kept (the two archetype neighbourhoods in both membership definitions, the refractory genes,
their matched partners and 223 further two-state genes); positions shared with any other annotated gene
were masked because internal reads are unstranded. A read was called new when its alignment carried
at least one T-to-C or A-to-G mismatch, assigned to exon or intron by the GENCODE vM25 exon union
of its gene, and to a decile of the gene body by its midpoint. Per gene we report the intronic fraction of
new reads (raw and normalised by intron and exon length), the fraction of new reads, and the slope of
log new-read density over deciles minus the same slope for all reads, a within-gene measure of how far
5′ the new RNA sits relative to the old; groups were compared as for the other features.

Nascent transcription (PRO-seq) Strand-specific, normalized PRO-seq coverage of untreated im-
mortalized wild-type mouse embryonic fibroblasts was taken from two studies: GEO GSM1843438
(no heat shock)46 and GSM3665947 (unconditioned, spike-in normalized, replicates combined)47, both
mm10. For every gene of at least 3.5 kb we took the mean absolute sense-strand signal in the promoter-
proximal window (TSS to +300 bp), in the gene body (+1 kb to 0.5 kb before the annotated end,
capped at 100 kb), in the first and last quarters of that body window, and the antisense signal in the 1
kb upstream of the TSS; the pausing index is the promoter-proximal over the body density. Refractory
genes were compared with their expression-matched two-state partners by the Wilcoxon signed-rank test
and by Cliff’s delta, and the two two-state archetype neighbourhoods with each other in the same way,
in each dataset separately.
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Allele coupling by bivariate mixing Given the promoter path, an allele’s new-RNA count in the
window is Poisson with mean βcθ, where θ =

∫ W
0 r 1on(t) e−kd(W −t) dt is the capture-free window activity

and βc the cell’s capture, so each allele is a mixed Poisson whose mixing law is fixed by the fitted
kinetics. Following a construction of M.H., the joint mixing density of the two alleles was taken as
f(θ1)f(θ2)[1 + ω(θ1 − µ)(θ2 − µ)], for which corr(θ1, θ2) = ωσ2

θ and, because
∫

βθ Poi(n | βθ)f(θ) dθ =
(n + 1)P (n + 1) for any mixed Poisson, the joint count law is P (n1)P (n2)[1 + ωg(n1)g(n2)] with g(n) =
(n + 1)P (n + 1)/(βP (n)) − µ, P being the allele’s marginal count law in the cell’s depth bin. Per gene,
f was the production per-copy law (multi-step for refractory, two-state otherwise) at the fitted rates,
marginalised over old RNA; µ and σ2

θ are its first two factorial moments at unit capture. The deposited
allele tables count new-RNA UMIs (a median 3.5 units per reconstructed molecule), so each allele carries
a unit yield κ estimated from its mean. Three estimates of the coupling were computed over the 8,912
allele-called cells: the moment estimate ρ̂ =

∑
c(n1c − scκ1µ)(n2c − scκ2µ)/(κ1κ2σ2

θ

∑
c s2

c) with sc the
cell’s relative capture, its variant with σ2

θ replaced by the observed excess variance of depth-normalised
units, and the maximum-likelihood ω of the joint count law over its admissible interval (density non-
negative on the support); significance per gene is from 200 permutations of one allele’s counts across
cells within depth bins. The same quantities for the reference allele of each refractory gene against the
reference allele of its expression-matched two-state partner, in the same cells, give the cell-level floor,
and X-linked genes serve as a negative control. The same moment estimate was computed for all classed
autosomal genes, and cell-cycle-periodic genes (the S and G2/M marker set used for cell-cycle scoring)
were compared with the rest by a one-sided Mann–Whitney test, also after regressing the estimate on
the logarithm of the gene’s allele-unit count.

Coupled-allele law To test whether inter-allele coupling can be fitted directly, we built an exact
transient law for two alleles sharing a cell-level gate: the gate opens at rate gon and closes at rate goff ,
each allele switches on at kon only while the gate is open and off at koff , and synthesis and degradation
are as in the two-state model. The joint law of the two alleles’ new counts after the labeling window is
computed by uniformization on the state (gate, allele states, two counts) from the stationary promoter
start, thinned per allele by the cell’s capture probability, and the independent-allele model is the nested
case goff = 0. The law reduces to the product of single-allele laws in that limit to 5 × 10−15, and an
event-driven simulator independent of it reproduces the joint law to within Monte Carlo error. Planted
truth at the class-median operating points (8,916 cells, real capture bins, 20 replicates per setting, gate
rates 0.01 to 0.05 per hour) gave a likelihood-ratio detection rate of 100 percent at the two-state point
and 25 to 55 percent at the refractory point, with no false detections without a gate; under a real gate the
independent-allele fit under-estimates the burst-on rate about two-fold, a model dependence we note for
the fitted rates. The real-data fit was not run under the analysis plan, which required recoverability at
the refractory point. The decomposition of two-copy covariance into allele-intrinsic and allele-extrinsic
parts follows the classical intrinsic and extrinsic split95 in the form used for nascent-RNA counts of two
alleles112. The two-copy coupling likelihood of Zhang, Bao and Xu multiplies the activation rate of a
two-state copy89, so the coupling in this law is not comparable to it.

Noise and information rate Stationary first and second moments of mRNA and protein for the
two-state and Erlang-k promoters were computed exactly from the moment equations of the promoter-
mRNA-protein system with a protein half-life of ten hours and validated against the numerically solved
chemical master equation to a relative error of 2 × 10−13. The information rate of the burst train is the
entropy rate of the promoter-state point process at dwell-matched parameters.

Promoter and enhancer feature regression Per gene, log10 burst-on rate, active-exit rate, syn-
thesis rate, burst size (synthesis over active-exit), and duty cycle from the fitted rates were regressed on
standardized feature blocks by ridge regression with the penalty chosen by inner cross-validation, in five-
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fold cross-validation repeated twenty times; a gradient-boosted tree model (200 iterations) was run beside
it as a nonlinear check with five repeats. The promoter block is GC content, CpG observed-to-expected
ratio, CpG-island overlap, and TATA presence in the −300 to +100 window, H3K4me3, H3K27ac,
H3K27me3, H3K9me3, and H3K36me3 within 2 kb of the transcription start site, and whole-genome
bisulfite methylation of the promoter (median-imputed with a missingness indicator where unmeasured);
the enhancer block is the number of enhancers within 100 and 500 kb, super-enhancer association and
distance to the nearest super-enhancer (genes with none within 500 kb take the window edge), and Hi-C
compartment eigenvector, insulation, and contact density; log gene length, exon count, and transcript
count enter every model. The gene set is the 16,214 autosomal genes with complete features among
the 16,858 with converged fits. Out-of-fold R2 is summarized over repeats, whose spread reflects fold
assignment only; the positive control was the model-implied mean expression, predicted at R2 0.41. A
version with expression as a covariate was run and discarded because the model-implied expression is a
function of the outcomes.

Enhancer activity and the between-cell-type comparison Enhancer activity per gene is the
H3K27ac ChIP-seq signal of mouse embryonic fibroblasts (Chronis et al.113, ChIP-Atlas uniform pro-
cessing of experiment SRX2396384, the track behind the promoter H3K27ac feature) over ENCODE
SCREEN distal enhancer-like elements (registry V3, mm10, 293,072 elements) whose midpoints lie
within 100 kb of the canonical transcription start site and more than 2 kb from it (5 kb as a sensi-
tivity run, which moved no correlation by more than 0.01): per element the mean coverage, per gene the
sum of mean times length over linked elements, entered as log10(1+sum) together with the log maximum
element signal and the log number of linked elements above the 90th percentile of all elements. These
three features form the activity block added to the regressions above (same genes, folds and repeats).
For the promoter-features-at-enhancers comparison the whole promoter feature set was re-measured over
the same linked elements: GC fraction and CpG observed-to-expected ratio of the element sequences
(plain and H3K27ac-weighted means), the fraction of linked elements overlapping a CpG island, the five
MEF histone marks (per element mean coverage; per gene log10 of one plus the length-weighted sum
and of one plus the maximum), MEF methylation (mean percent over covered cytosines in the linked
elements, 112,411 of 293,072 elements covered, median-imputed with an indicator for the 23 percent
of genes without coverage), the log number of linked elements, and the 204 ChIP-Atlas MEF antigens
of the promoter regression re-scored at the elements (per experiment the strongest peak overlapping
each element, per gene log10 of one plus the maximum over linked elements, per antigen the mean over
experiments; 3,378 of 3,394 peak files available; 199 non-constant), 219 features in all; ridge as above
with twenty repeats for the headline blocks and five for the descriptive ones, a boosted-tree check, and
a Lasso ranking; enhancer-RNA features come from a realignment (bwa mem, MAPQ ≥ 10) of the first
0.9 × 109 raw NASC-seq2 read-1 records, fetched afresh from the European Nucleotide Archive after the
local copy proved corrupt, keeping reads on all 293,072 distal elements; per gene, reads per kilobase over
the linked elements that do not overlap any GENCODE gene span extended by 2 kb (71,130 intergenic
elements), an any-read indicator, the fraction of those reads carrying a T-to-C or A-to-G mismatch,
and the element counts; rank correlations carry bootstrap intervals over genes (2,000 resamples) and
the partial rank correlation given expression is computed on rank residuals. For the between-cell-type
comparison the per-gene burst frequency and burst size of Larsson et al.’s fibroblasts and embryonic
stem cells are the exact profile-likelihood re-fits of their CAST-allele counts (the embryonic stem cells
on the 94 unique cells of the deposited table), 4,553 genes present in both with positive estimates; the
change in enhancer activity is the difference of the log10(1 + sum) feature between the fibroblast track
and the embryonic-stem-cell track of the same study (SRX2396387), which are coverage-normalized by
one procedure so that a global scale enters only as an offset. Reported are Spearman correlations and
least-squares R2 with bootstrap intervals, the joint standardized regression of the activity change on
both kinetic changes, the contrast of the 100 largest gains against the 100 largest losses, the subset
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whose corrected 95 percent intervals do not overlap between cell types, and the rolling median over 200
genes of the activity change along each kinetic ordering, summarized by its range in units of the per-gene
standard deviation. The pairing is by cell type rather than by cell line (embryonic fibroblasts and an
embryonic-stem-cell line for the ChIP-seq; adult tail fibroblasts and hybrid embryonic stem cells for
the kinetics), linking is by distance rather than by measured contact, and the enhancer set and linking
rule of the original figure are not restated here, so the comparison reproduces its design rather than its
elements.

Chromosome-resolved co-transcription of neighbouring genes For each autosomal gene with
at least 50 cells positive on each allele (12,557 genes), the new-RNA indicator (labelled count above
zero) was formed separately for the reference and the alternative chromosome across all 8,916 cells.
For every same-chromosome pair the Pearson correlations of the indicators were computed for the two
same-copy combinations and the two opposite-copy combinations, from per-chromosome products of the
standardized indicator matrices, and the statistic is the mean same-copy minus the mean opposite-copy
correlation; any cell-level covariate enters the two identically. Its zero was checked on 20,000 random
different-chromosome pairs. Pairs were binned by the distance between transcription start sites; pairs
with overlapping gene bodies were excluded and head-to-head pairs within 10 kb reported separately
as a check against shared transcripts. Intervals are bootstrap percentiles over pairs (2,000 resamples; a
gene-resampling bootstrap, which respects the sharing of genes among pairs, gave intervals about twice
as wide and the same conclusions) or the normal approximation above 50,000 pairs. Whole-chromosome
allelic imbalance was screened per cell and chromosome: with at least 20 allele-assigned new-RNA reads
on the chromosome, a reference fraction below 0.2 or above 0.8 flags the cell for that chromosome (595
cells flagged on at least one chromosome; 16 to 92 cells per chromosome), and the reported numbers
mask flagged cells chromosome by chromosome; without the mask a distance-independent same-copy
excess of 0.0014 is present at all separations and falls to 0.0004 with it, while the short-range component
above that level is unchanged (0.0028 before, 0.0026 after, within 10 kb). Restricting to the 6,290 G1
cells changes no conclusion. Contact domains are the intervals between insulation boundaries called by
cooltools (25 kb bins, 100 and 250 kb windows, default threshold) on Hi-C of L929 mouse fibroblasts
(GEO GSM8517974), the map used for the Hi-C features above; same-domain and different-domain
pairs were compared within distance bins. Kinetic similarity of neighbours is the symmetrized Spearman
correlation, across pairs in a distance bin, of the two genes’ fitted log rates from the parameter set above,
and refractory concordance is the odds ratio, with Haldane’s correction, of both-refractory pairs among
classed pairs in a bin against classed pairs more than 5 Mb apart. The imprinted pairs named in the
Results were not supplied to the analysis; they were recognised among the 25 pairs with the largest same-
copy excess by their membership in the maternally expressed Dlk1–Dio3 domain59 and the paternally
expressed Prader–Willi domain60.

ChIP-Atlas feature blocks All 3,394 MEF experiments in the ChIP-Atlas mm10 experiment list
of 2026-09-08 in the classes TFs and others (163 antigens), Histone (38), RNA polymerase, ATAC-seq
and DNase-seq were used; the other fibroblast lines (1,307 experiments, 122 antigens) form a separate
block. A gene’s value is log10(1 + score) of the strongest MACS2 peak (q < 10−5) within 1 kb of its
transcription start site, averaged over an antigen’s experiments; 21 of the 4,701 peak files were empty
and were skipped. Blocks of 16 (the promoter and gene-structure features of the previous paragraph), 54
(plus histone marks), 217 (plus factors) and 220 (all) columns were fitted as in the previous paragraph.
A Lasso with its penalty from inner five-fold cross-validation was fitted in the same 100 fold-fits and
once on all genes. A covariate register refitted the base and full blocks with log mean expression
appended, same folds and seeds, to separate chromatin information from expression. Refractory and
partner promoters were compared per antigen (Mann-Whitney, Benjamini-Hochberg) on the 124 pairs
whose partner is a telegraph gene and on all 186 pairs. For each antigen the score is averaged over studies,
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genotypes and treatments. The repressed comparison set is drawn from the 5,702 protein-coding genes
on chromosomes 1–19 (GENCODE vM25) that were never detected in the 8,916 cells: each refractory
gene was paired, each repressed gene used once, with the repressed gene nearest in promoter CpG
observed-to-expected ratio (within 0.05; 175 autosomal pairs for the histone marks and methylation,
and, requiring the same CpG-island status as well, 186 pairs for the enzyme occupancies and Figure 4),
and refractory and repressed promoters were compared per feature by the Mann-Whitney test. Enzyme
occupancy (Figure 4B) is the same peak score taken from the ChIP-Atlas target-gene table of each
protein (peaks within 1 kb of the TSS, all mouse cell types pooled, zero for a gene absent from the
table), compared between refractory promoters and their expression-matched two-state partners by the
Wilcoxon signed-rank test.

Single-cell chromatin accessibility Fragment files were taken from GEO: 10x scATAC-seq of un-
treated primary 129/Ola embryonic fibroblasts (GSE160764, sample GSM5852360, 0 h; 1.78 × 108 frag-
ments)49 and 10x Multiome (RNA and ATAC in the same fixed cell) of an immortalized Cas9-expressing
embryonic-fibroblast line carrying a CROP-seq guide library (GSE297418, replicates GSM8990892 and
GSM8990896, with the series’ raw RNA count matrix and cell metadata)50. For the scATAC sample,
barcodes with at least 1,000 fragments were kept as cells (12,124; median 11,588 fragments; a threshold
of 5,000, leaving 9,149 cells, changes no result); for the Multiome series only the 1,935 cells whose guide
targets nothing or a gene not expressed in fibroblasts (non-targeting, Rgr, Opn4, Neurod1, Olig1, Rrh,
Eomes) were used, matched to fragments by barcode and replicate (median 15,550 fragments and 17,250
RNA counts per cell). For every classed gene on chromosomes 1–19 (175 refractory, 1,024 two-state) and
1,000 random silent protein-coding genes, a fragment was assigned to a promoter when its midpoint fell
within 1 kb of the transcription start site, and the promoter was called accessible in a cell with at least
one such fragment. Per gene we recorded the accessible fraction of cells (also averaged over cell-depth
deciles), the mean fragment count, and a zero-inflated Poisson fit ngc ∼ πg δ0 + (1 − πg) Poisson(λgdc/d̄)
with the cell’s total fragment count dc as offset, maximized over (πg, λg) by Nelder–Mead, together with
twice the log-likelihood gain over the Poisson fit. Refractory and two-state genes were compared within
the expression-matched pairs of the main analysis by the Wilcoxon signed-rank test, within pairs re-
matched on the accompanying scRNA-seq (GSM5852363) or on the Multiome RNA (nearest two-state
gene within 0.1 dex of mean count, each used once), and within pairs matched on mean promoter ac-
cessibility (0.05 dex); the zero-inflation likelihood ratio was also compared across all classed genes after
regressing its rank on the rank of mean accessibility (Mann–Whitney on residuals). Rank correlations
of the accessible fraction with the fitted rates are Spearman, and partial values are correlations of rank
residuals after regression on ranked log expression. In the Multiome control cells each gene–cell pair was
classified by transcript present or absent and promoter accessible or not; per gene we took the fraction
of cells with neither, the fraction without an accessible promoter among cells without transcript, and the
Mantel–Haenszel odds ratio of transcript presence on accessibility over terciles of cell fragment depth
(0.5 added to each cell of the table).

Clustered fit of the two-state class The clustered promoter has a silent period drawn from a two-
component hyperexponential mixture with exit rates (2 ±

√
2) a and equal weights, so that its mean

silence equals that of a two-state promoter with burst-on rate a and its squared coefficient of variation
is fixed at 2, below the 2.3 to 4.3 measured for a clustered promoter in live cells26, and the same active
state; it adds no free parameter beyond the two-state model, and the two are compared by twice the
log-likelihood ratio on the same exact transient likelihood. Every gene with a converged two-state fit
was refit under the clustered law on the same count grid (genes whose grid exceeded the cap used for the
twins, 135, are listed as not fitted), but the clustered class is called within the two-state class only: a
gene whose two-state description is itself undetermined cannot be said to prefer a clustered silence over a
memoryless one. Of the 1,060 two-state genes, 23 were not fitted under the clustered law and are counted
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as not clustered. The 731 genes of the two-state class not called clustered form the telegraph class. Calls
were hardened by the rule used for the refractory class: statistic above 8.6; above three times the larger
of 4.3 and the misspecification twin (a two-state gene at the fitted rates refit under the clustered law) and
of the copy-number twin (a two-state gene with the cell-cycle copy-number distribution); and survival
of a refit on G1 cells. Because the two-state and refractory classes are disjoint, no gene can satisfy both
rules. Of the 329 clustered genes, 287 were called on the converged clustered statistic and 42 on the
per-gene fallback statistic used where the clustered fit did not converge. The same rule applied to the
15,612 undetermined genes would pass 37 of them; these are not reported as a class. A 964-gene pilot
preceded the full run and is superseded by it. Weight robustness: the 1,033 fit-able two-state genes were
refit under the clustered law with the fast-component weight at 0.4 and at 0.75 (exit rates set so that
the mean silence and its squared coefficient of variation of 2 are unchanged; below a weight of 1/3 no
such rates exist), by the same protocol and on the same grids as the equal-weight fit, and the class rule
was re-applied at each weight with the equal-weight twin nulls and G1 outcomes; 27 genes above the
grid cap were not refit. Keep, enter and likelihood-profile counts are reported in the next paragraph;
genes whose refit did not converge at a new weight count as lost. Shape robustness: the same 1,033
genes were refit at the fast weight 0.75 with the silence’s squared coefficient of variation set to 3 and to
4 (exit rates a/x and a/y with x = 1 −

√
(1 − w)(c − 1)/(2w) and y = 1 +

√
w(c − 1)/(2(1 − w)) for

shape c, admissible while c < (1 + w)/(1 − w)), by the same protocol; the class rule was re-applied with
the shape-2 twin nulls, so the counts of clustered genes that stay are comparable across shapes while
the counts of telegraph genes that would enter are upper bounds until the twin controls are refit at each
shape.

Robustness of the clustered class to the weight and shape conventions The assumption of
equal probability for the two states is part of our model, and it is not a parameter fit by the data, and
as a result the slow component holds 85 percent of the silent time (Figure 2F). The membership of the
class depends on that assumption: refitting every two-state gene with the fast-component weight moved
to 0.4 or 0.75, with the mean and dispersion of the silence held, keeps 156 and 260 of the 329 clustered
genes (118 at all three weights) and admits 9 and 202 of the 731 telegraph genes, while the likelihood
itself is highest at 0.75 for 157 of the 329, at the equal weight for 134 and at 0.4 for 38. The clustered
class is therefore the class called under the equal-weight law, and the equal weight is a convention rather
than a value the counts single out: they lean toward a heavier fast component, under which the class
would be larger. The same holds for the shape: refitting every two-state gene at the fast weight 0.75
with the squared coefficient of variation of the silence raised from 2 to 3 and to 4 (the range measured
for a clustered promoter in live cells) keeps 326 and 321 of the 329 clustered genes, and the likelihood of
a clustered gene is highest at 4 for 169 of the 329 and at 3 for 154, at the fixed value 2 for only 6 (median
gain over the fixed shape 12 nats at 3 and 15 nats at 4), so the fixed shape is the conservative end of
what the counts allow rather than their preference; how many telegraph genes would join the class at
those shapes needs the control refits at the same shape and is not yet stated.

Change detection Bursts were modeled as a renewal process with interburst intervals exponential
(two-state) or Erlang-k at the same mean. A step change reduces the mean interval from T0 to T1 at a
random time. The Shiryaev-Roberts statistic Rn = (1+Rn−1)Λn, with Λn the likelihood ratio of the nth
interval under the post- and pre-change laws, is the limiting form of Shiryaev’s Bayesian detector68 for
a vanishing change prior69. Its threshold was set by bisection on pre-change-only runs to a mean time
to false alarm of 10, 100, or 1,000 times T0. The delay is the mean time from the change to detection
over realizations in which detection occurred after the change, and the fraction of such realizations is
reported. The operating points are TFF1’s measured interburst times at the half-maximal dose and
at saturation23; the wide separation is a 24-fold step at the same interval scale. A Shiryaev detector
with the change prior included was run alongside and agrees with the Shiryaev-Roberts delays to within
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0.4 to 8 percent. The data-level check used the published dose-response statistics for TFF1, modeled
as a two-timescale mixture, against a mean-matched Poisson process at twelve settings of deep-state
weight and false-alarm budget. The refractory-against-clustered comparison used the same detector on
a hyperexponential clustered law (slow-component weight 0.05, 0.15, or 0.30; slow-to-fast mean ratio 10
or 180; fast mean 185 minutes) and on Erlang-2, -5, and -7 and exponential laws at the identical pre- and
post-change means, for a 2.8-fold and a 24-fold change, at mean times to false alarm of 100 and 1,000
pre-change intervals, under two change conventions fixed in advance: every component’s mean scaled by
the same factor, or the fast component alone changed with the slow component fixed; 40,000 realizations
per run, and the adjudication on Erlang-5 against the clustered law at every setting. Under the first
convention (every component rescaled, 185 to 66 minutes), the clustered law of the main text (squared
coefficient of variation 2) is detected 1.3 to 1.5 times later than the exponential law and 4.8 to 6.8 times
later than Erlang-7 at mean times to false alarm of 100 and 1,000 intervals (20,000 realizations), and its
Kullback–Leibler divergence per interval is 0.62 of the exponential value.

Change detection on counts In this setting the observable is the mRNA count sampled every 0.1
mean lifetimes, the promoter state is hidden, and the joint chain of promoter state and count (two-state
with burst-on and active-exit rates of 0.1 and 0.9 or 1 and 1 per lifetime; three-step refractory at the
same duty cycle) is propagated by the exact frame kernel exp(Q∆) on a truncated count grid of up to
400 transcripts. The per-frame likelihood ratio between the post- and pre-change laws is the ratio of the
two exact filters’ predictive probabilities of the observed count, and the Shiryaev-Roberts threshold was
set by bisection to a mean time to false alarm of 100 lifetimes. The change occurs at a geometric time
with mean 10 lifetimes and multiplies the output mean by 1.5 or 3 through one parameter at a time
(synthesis rate, burst-on rate, or active-exit rate). The burst-on and active-exit channels are undefined
where the post-change duty cycle would exceed 0.95 (fast switching at 3-fold), which leaves 40 runs of
10,000 realizations. Delays are conditional on detection after the change (fraction 0.92 to 0.996; false
alarms before the change 0.4 to 8 percent). The comparison fixed in advance was the three-step promoter
against the two-state one on the burst-on channel, the fastest channel for the two-state promoter. The
per-snapshot Fisher information of the stationary count law was computed for the two-state promoter
at the same operating points by central differences in log-parameters, the logarithmic parametrization
of Fox and Munsky114. In that form it is invariant to the parametrization; in raw rate units the same
quantity carries a factor 1/θ2 that inverts the ordering.

Noise and detection time in closed form For a promoter with one active state left at rate koff , a
silent period Toff of mean 1/kon with Laplace transform f̂(λ) = ⟨e−λToff ⟩, synthesis rate ksyn and decay
rate kd, the stationary Fano factor is F = 1+ksyn/(kd+koffφ)−ksynkon/(kd(kon+koff)) with φ = 1−f̂(kd),
where f̂(kd) = (k kon/(k kon + kd))k for a k-step silence and 2kon(kon + kd)/(2k2

on + 4konkd + k2
d) for

the clustered law. The formula was derived twice, from the moment equations and from the variance
decomposition of the doubly stochastic Poisson process, and agrees with the exact moment solver above
to a relative error of 8×10−12 over the 1,246 fitted rate sets. With bursts resolved, the delay in detecting
a step kon → k′

on at mean time to false alarm γ is ln γ/I to first order70, where I is the Kullback-Leibler
rate of the post-change against the pre-change cycle: I = k[ln(k′

on/kon) + kon/k′
on − 1]/(1/k′

on + 1/koff)
for a k-step silence, and a one-dimensional integral for the clustered law (0.59 of the memoryless value
at a 1.5-fold step). Per-gene delays were evaluated at each classed gene’s fitted rates for a 1.5-fold step
at γ = 100 cycles, with two steps for the refractory class (the fitted model), and the first-order value was
scaled by the factor a per-cycle Shiryaev-Roberts simulation gives at that budget (0.39 for one step, 0.51
for two, 0.58 for three, 0.31 for the clustered law); the rank correlations are the same with or without
the factor. At the false-alarm budgets of the count-level calculations above (9 to 50 pre-change cycles)
the first-order formula overstates the gain, and on the slowest-switching rows the delay is set by the
false-alarm clock rather than by the information rate.
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Environment encoding A two-state environment with equal switching rates 1/τ , τ ∈ {1, 10, 100}
mean lifetimes, was coupled to each promoter as a hidden coordinate of one joint chain (environment,
promoter state, count) propagated by the exact frame kernel exp(Q∆), ∆ = 0.1 lifetime, on a count
grid of up to 400. In the high state one parameter is changed so that the stationary mean rises by
c ∈ {1.5, 3} from a low-state mean m ∈ {1, 10}: the synthesis rate, the burst-on rate, or the active-exit
rate (the last two undefined where the high-state duty cycle would exceed 0.95). Two-state and three-step
promoters were run at duty cycles 0.1 and 0.5 (burst-on plus active-exit rate equal to one per lifetime)
and, descriptively, at the fitted class medians 0.052 (three-step) and 0.32 (two-state). The information
rate is the mean over frames of log p(yt | y<t, e≤t) − log p(yt | y<t), both terms from exact filters on
the joint chain, the first conditioned on the environment at the frame boundaries, in bits per lifetime,
over 200 realizations of 2,000 frames after 200 frames of burn-in; its standard error is over realizations.
Tracking error is the mean squared error of the marginal filter’s posterior probability of the high state
against the truth. The low-state Fano factor is exact from the stationary law of the low-state chain. The
comparison of information rates used a two-standard-error criterion chosen after the fact; the tracking
comparison is descriptive. The frontier fixed in advance also named detection delay against noise, which
was not evaluated in this analysis.

Archetype analysis Per gene, the fitted burst-on, active-exit, and synthesis rates and the published
degradation rate were log-transformed and standardized over the 1,246 classed genes. Principal con-
vex hull analysis79 was run at three to six archetypes with ten optimizer restarts, keeping the best;
significance is the t-ratio of the polytope volume to its column-shuffled controls, which is defined only
for five or fewer archetypes in four dimensions because six vertices span a five-simplex of zero volume
there. Archetype stability was assessed under two hundred bootstrap resamples, and each candidate
task (detection delay, information rate, protein noise) was evaluated exactly at every archetype and at
two hundred genes spanning the cloud. A first pass of the analysis with a single optimizer restart had
produced a polytope with a detection archetype at the predicted position; the confirming corner was
present in one sub-optimal restart (the seventh best of ten) and in no other, so single-restart archetype
fits are not reliable at adjudication margins. The promoters do not form a significant polytope at any
archetype number where the volume test is defined; a softer comparison of variance explained separates
the real cloud from its shuffles only at three archetypes (51 against 38 percent), which the Results report
as descriptive structure, and with two archetypes the segment from a generic two-state point to the
refractory corner explains 29 percent of the variance (17 for shuffles). The refractory archetype is among
the most stable under the bootstrap resamples. Adding promoter CpG content and methylation as fifth
and sixth coordinates (612 genes with measured methylation; five coordinates on all 1,246) leaves the
volume test inside the shuffled range at every archetype number (p ≥ 0.16) while variance explained
exceeds the shuffles at every number, as any set of mutually correlated coordinates will (CpG content
correlates with the log burst-on rate at r = 0.48, methylation at −0.40); the refractory-rich archetype
persists and acquires the low-CpG, high-methylation coordinates.

X-chromosome refit The 46 confidently classed X-linked genes were refit under the one-copy law with
the same starts, seeds, and convergence criteria as the genome-wide two-copy fits, with two-copy controls
run through the same fitting code; Tmsb4x, whose count grid exceeded the feasible size, was excluded.
Per-cell X haplotype share and per-gene monoallelic fraction were computed from the allele-resolved new
counts. The criterion that all ten refractory calls hold under the one-copy law, the twin-based bar of
4.3, and the escapee control were fixed before the refit. The cost of misspecifying the allele count was
measured by a planted control at the fitted rates of Vegfd and Hs6st2: counts simulated from one-copy
and from two-copy truths (two-state and three-state, two replicates each) and fit under both laws; a
one-copy truth loses 11 to 43 log-likelihood units under the two-copy law and a two-copy truth loses 123
to 187 under the one-copy law.
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Enhancer transcription The first 205 million reads of the raw read-1 archive of the NASC-seq2
fibroblast data (a byte-bounded head sample, random over cells and over the genome and nonrandom
over flowcell tiles) were trimmed of the 19-base tag where present, aligned to mm10 with bwa mem,
and kept at MAPQ ≥ 10 within the gene bodies and assigned enhancer windows of the 372 pair genes.
Enhancer windows are intergenic 1-kb windows (no gencode vM25 gene body ±2 kb) at or above the
95th percentile of the genome-wide intergenic MEF H3K27ac distribution, assigned to a gene when their
center lies within 100 kb of its TSS; the per-gene analysis uses windows whose nearest annotated TSS
is the gene’s own, and the pooled analysis uses all windows within 100 kb of any pair gene of a class.
The new-RNA signature is the fraction of reads carrying at least one T-to-C (or A-to-G) mismatch after
samtools calmd, against G-to-C and C-to-G as the control substitution. The class contrast is the log2
ratio of pooled enhancer read density to gene-body read density, refractory minus matched, with a null
from 10,000 within-pair label swaps and a power check from a planted two-fold thinning of the matched
class’s enhancer reads over 100 seeds; the per-gene analysis had four evaluable pairs at 20 reads and did
not decide. The window set, the two analyses, and the branch rules were fixed before alignment, with
one pre-alignment amendment: the window set was widened from the 10,000 strongest windows to the
95th percentile after a coverage scan showed the smaller set left 292 of the 372 genes without a window.

Statistics

Class contrasts of per-gene quantities use two-sided Mann-Whitney tests with Cliff’s delta as the effect
size; correlations are Spearman rank correlations with partial versions from rank-regression residuals;
enrichment and multiple contrasts are corrected by the Benjamini-Hochberg procedure and reported as
q; permutation tests use label permutation within matched pairs where pairs exist. Sample sizes (n
genes, pairs, or experiments) are given with each result in the text and figure legends. Per-gene p-values
for the model comparison are exact (or Chernoff-bounded, 14 genes) rather than asymptotic.

Supplementary information
Table S1 lists the ChIP-seq experiments used, with accession, antigen, cell line, peak count, median
occupancy, and usability. Table S2 lists the 1,246 classed genes (186 refractory, 329 clustered, 731
telegraph) with fitted rates, class, and exact p-value. Table S3 gives the corrected burst-on rates for the
X-linked refractory genes. Table S4 lists, for every gene that enters either class under any variant of the
control criteria, its membership under each variant (Figure S1).
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Figure S1: Class sizes under relaxed and stricter control criteria. (A) Refractory class and (B) clustered
class, recomputed with the likelihood-ratio margin over both twin statistics set to 4x, 3x (this paper), or 2x, and
with all three controls or any two of the three required; filled bars are genes in the class reported in the paper,
hatched bars are genes added by the relaxation, and the dotted line marks the reported class size. Clustered
candidates are the 1,060 two-state genes. Every relaxation contains both reported classes in full; the 4x margin
retains 127 of 186 and 235 of 329. Without any control, 1,231 genes exceed the refractory bar and 3,737 are
significant in the exact test at 5 percent FDR; 744 of the 1,060 two-state genes exceed the clustered bar, of which
4 were never twin-tested and are counted in no variant. The median margin of the reported classes over their twin
statistics is 5.1x (refractory) and 5.2x (clustered).
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