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Transcription is often stochastic. This is seemingly in-
compatiblewith the importance of gene expression during
development. Here we show that during zebrafish em-
bryogenesis, transcription activation is stochastic due to
(1) genes acquiring transcriptional competence at differ-
ent times in different cells, (2) differences in cell cycle
stage between cells, and (3) the stochastic nature of tran-
scription. Initially, stochastic transcription causes large
cell-to-cell differences in transcript levels. However, vari-
ability is reduced by lengthening cell cycles and the accu-
mulation of transcription events in each cell. Temporal
averaging might provide a general context in which to un-
derstand how embryos deal with stochastic transcription.
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Transcription is often stochastic, which means that it
does not occur in all cells at the same time, even when
cells receive the same signals (Elowitz et al. 2002; Blake
et al. 2003; Raser and O’Shea 2004; Kærn et al. 2005; Raj
et al. 2006; Raj and van Oudenaarden 2008). There are
two main causes for this stochasticity. First, productive
binding of each of the proteins involved in transcription
activation is the result of stochastic interactions, causing
what is called “intrinsic noise” (Elowitz et al. 2002; Blake
et al. 2003; Raser and O’Shea 2004; Kærn et al. 2005; Elf
et al. 2007; Raj and van Oudenaarden 2008; Li and Xie
2011; Mueller et al. 2013). Second, phenotypic differences
between cells, such as differences in the abundance of the
transcriptional machinery, energy state, or cell cycle
stage, can affect the efficiency with which transcription
is activated in different cells, causing “extrinsic noise”
(Neves et al. 2010; Zopf et al. 2013; Xu et al. 2015). Both
noise sources can result in large differences in transcript
levels between cells (Raj et al. 2006; Zenklusen et al.
2008; Itzkovitz et al. 2011; Boettiger and Levine 2013),
which are often propagated to the protein level (Blake
et al. 2003; Bar-Even et al. 2006; Newman et al. 2006).
Thus, intrinsic and extrinsic transcription noise can lead
to functional differences between cells.
Although cell-to-cell differences might be beneficial in

single-cell organisms (Blake et al. 2006; Raj and vanOude-

naarden 2008) or in diversifying cell fate during develop-
ment (Simpson 1997; Wernet et al. 2006; Magklara and
Lomvardas 2013), they have been suggested to be disad-
vantageouswhen fields of cells need to behave coordinate-
ly during development (Raj and van Oudenaarden 2008;
Lagha et al. 2012, 2013). Thus, uniform gene expression,
defined as the presence of similar transcript levels in a
field of cells, might be important during embryonic devel-
opment. In agreement with this notion, quantification
of cellular transcript levels for a handful of genes in the
Drosophila embryo revealed that these are uniformly
expressed (Boettiger and Levine 2013; Little et al. 2013).
Experimental manipulations resulting in cell-to-cell
differences in the expression levels of one of these
genes (snail, an important regulator of the epithelial-to-
mesenchymal transition) disrupt coordinated cell move-
ments during gastrulation, suggesting that uniform
transcript levels may be required for development (Lagha
et al. 2013). However, it remains unclear how prevalent
uniform gene expression is in embryos.
If uniform expression levels are a general feature of de-

veloping organisms, this would raise the question of
how such uniformity is achieved. InDrosophila, intrinsic
noise is reduced by polymerase pausing at the promoter,
which reduces the process of transcription activation to
a single step of pause release (Boettiger and Levine 2013;
Lagha et al. 2013). Spatiotemporal averaging of transcripts
in the syncytial blastoderm of the early Drosophila em-
bryo has been shown to further reduce variability caused
by intrinsic noise (Little et al. 2013). However, only an es-
timated 15% of genes contain paused polymerase at their
promoters in the Drosophila embryo (Zeitlinger et al.
2007; Boettiger and Levine 2009; Lagha et al. 2012), and
spatial averaging cannot contribute to uniform gene ex-
pression when cell membranes are present. Furthermore,
the effects of extrinsic noise, which is abundantly present
in cell culture (Battich et al. 2015), have not yet been as-
sessed during development. Thus, it remains unclear
whether and, if so, how uniformity in gene expression is
achieved.
Here, we analyzed gene expression at single-cell and

single-molecule resolution in zebrafish embryos from
the onset of transcription during the midblastula transi-
tion (MBT) to the onset of gastrulation. We found that
genes are stochastically activated, which results in large
cell-to-cell differences in transcript levels. However, this
variability is reduced when embryos approach gastrula-
tion. Our results suggest a model in which uniform gene
expression is achieved through temporal averaging of
gene expression noise.

Results and Discussion

To analyze transcript levels and transcriptional activity
quantitatively and at cellular resolution, we used single-
molecule fluorescence in situ hybridization (smFISH) on
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sections of zebrafish embryos (Fig. 1; Stapel et al. 2016).
smFISH identifies individual mRNA molecules as well
as sites of active transcription where multiple transcripts
accumulate (transcription foci) (Raj et al. 2008; Stapel
et al. 2016). We costained samples with phalloidin and
DAPI and assigned transcripts and transcription foci to in-
dividual cells and nuclei by automated image analysis
(Fig. 1B; Supplemental Fig. S1; Stapel et al. 2016). To cap-
ture changes in gene expression at high temporal resolu-
tion, we collected a time series of embryonic stages with
5-min resolution starting before the onset of zygotic ge-
nome activation (ZGA; 2.25 h post-fertilization [hpf]) un-
til the onset of gastrulation (4.3 hpf), spanning multiple
cell cycles (Fig. 1A). Because the early cell cycles in zebra-
fish are synchronized cleavage divisions, we could use the
distribution of cell cycle stages within embryos to correct
for minor errors in staging accuracy (Supplemental Fig.
S2). We selected eight genes (Supplemental Fig. S3A)
that (1) start to be transcribed during ZGA and for which
no transcripts are maternally provided (based on RNA se-
quencing [RNA-seq] data) (Supplemental Fig. S3B; Pauli
et al. 2012) and (2) appear to be ubiquitously expressed
in whole-mount ISH at the dome stage (Supplemental
Fig. S3C) to maximize the number of cells that we could
analyze in our data set. These include genes with a broad
range of functions, from metabolic enzymes to transcrip-
tion factors (Supplemental Fig. S3D). Quantitative analy-
sis of cellular transcript densities (defined as the number
of transcripts per cubicmicrometer) revealed that low lev-
els of transcripts are present prior to the canonical onset of
ZGA for seven out of eight genes. This is in agreement
with a recent study inwhich RNA-seq identifiedmaternal
RNAs for those genes (Lee et al. 2013). Thus, although we
selected genes based on the absence of maternal RNAs,
transcripts are maternally provided at low levels for
most genes (Fig. 1B; Supplemental Figs. S1, S4). We used
a threshold to distinguish between maternal and zygotic
transcripts (Supplemental Fig. S5) and confirmed that
all selected genes are induced during ZGA (Fig. 1C). The
timing and levels of zygotic transcription differ between

genes (Fig. 1C). Moreover, between the first two cell types
that are specified in the embryo—the embryonic deep
layer (DEL) cells and the extraembryonic cells of the en-
veloping layer (EVL) (Kimmel et al. 1990)—we observed
differences in expression timing and level for individual
genes (Fig. 1C). Therefore, we analyzedDEL and EVL inde-
pendently in this study. Additional positional bias was de-
tected for tbx16, which is expressed at a higher level in the
margin of the embryo (Supplemental Fig. S6). Because this
positional bias is the consequence of a graded signaling
input (Dubrulle et al. 2015) and does not represent noise,
we excluded the margin from the analysis of this gene.
We conclude that the set of genes that we selected is
robustly induced during ZGA and that smFISH provides
quantitative information on transcript levels during the
time series. Together, this allowed us to analyze whether
and how precise gene expression levels are established
during embryogenesis.

Genes are stochastically activated during ZGA

First, to determine whether genes are synchronously or
stochastically activated during ZGA, for each gene, we
measured how long it took from first observed activation
until 50% of the cells had activated transcription (Fig.
2A,B).We considered a cell to have activated transcription
of a gene when it contained zygotic transcripts and/or a
transcription focus. To make sure that no transcription
foci were missed due to cryosectioning of the samples,
we analyzed activation only in those cells inwhich the nu-
cleuswascentered in the section (seeStapel et al. 2016 fora
description of this approach). We detected significant dif-
ferences in the rate of activation both between genes and
for individual genes between DEL and EVL, with time to
50% activation ranging from 13 to 40 min (Fig. 2A,B; Sup-
plemental Fig. S7). This is slow compared with Droso-
phila, where synchronous genes are activated in the
majority of cells in a matter of minutes (Boettiger and Le-
vine 2009; Lagha et al. 2013). Moreover, activation of

Figure 1. Quantitative analysis of transcription fromZGA to gastrulation. (A) Samples for smFISHwere collected every 5min from the canonical
onset of ZGA to the onset of gastrulation aswell as at three stages prior to ZGA. Stage-specific drawings of representative embryos are adapted from
Kimmel et al. (1995) with permission (# 1995 Wiley-Liss, Inc.). (B) smFISH for aldob at the 512-cell, high + 15-min, and dome stages. (Magenta)
Detected transcripts; (white) transcription foci; (green) cell outlines; (blue) nuclear outlines. Images are maximum projections of 17 z-slices
with a spacing of 0.3 µm. Bars, 10 µm. (C ) Mean cellular (cytoplasmic + nuclear [including foci]) transcript densities in DEL and EVL cells over
the course of the time series. Values are means of medians of four or more embryos. Error bars represent SD.
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transcription in50%of cells often takesmore thanonecell
cycle (Fig. 2B). Thus, we conclude that genes are stochasti-
cally activated during zebrafish ZGA.
This suggests that, at least for the
genes that we analyzed, no specific
mechanismsare inplace to ensure syn-
chronous activation of transcription
when the zygotic genome first be-
comes active.

Stochastic activation results in
transcript level variability, which is
reduced over time

Stochastic transcription can lead to
large cell-to-cell differences in tran-
script levels (Raj et al. 2006;Zenklusen
et al. 2008; Itzkovitz et al. 2011; Boet-
tiger and Levine 2013). In agreement
with this, we observed large differenc-
es in transcript levels between cells
when transcription is first activated
during zebrafish embryogenesis (Fig.
1B; Supplemental Fig. S1). To quantify
this variability and assess whether it
changes over time, we determined
the squared coefficient of variation
(CV2; SD2/µ2) of transcript density
per cell from the onset of ZGA to the
onset of gastrulation (Fig. 2C; Supple-
mental Fig. S8). We used cytoplasmic
transcripts in this analysis because
these can directly affect cellular func-

tion. As predicted by the proposed importance of uniform
transcript levels in development, transcript variability de-
creases as embryos approach gastrulation (Fig. 2C; Supple-
mental Fig. S8). Thus, in spite of the large variability in
transcript levels between cells that we observed immedi-
ately after ZGA, relatively uniform transcript levels are
reached by the time of gastrulation. This provides the first
evidence for uniform gene expression in a cellularized
embryo.

Extrinsic noise contributes to stochastic transcription
during development

To understand how uniform expression patterns can be
established in spite of stochastic transcription, we ana-
lyzed the sources of transcription noise during zebrafish
development. Differences between cells that affect tran-
scriptional competence (extrinsic noise) often affect tran-
scription activation of different genes in the same way
(Raser and O’Shea 2004; Neves et al. 2010; Battich et al.
2015). Thus, to assess whether extrinsic noise contributes
to stochastic transcription in the embryo, we analyzed the
differences in transcriptional activity (presence of tran-
scription foci) for sets of genes that are activated at the
same time and in the same cell type by dual-color smFISH
(Fig. 3A,B). In the absence of extrinsic noise, transcription
foci of two different genes would occur independently
of each other. Therefore, the chance that transcription
foci of two genes in one nucleus co-occur (pAB) would
factorize into pAB = pA × pB, with pA and pB as the chanc-
es of observing foci for each of the genes. In the presence
of extrinsic noise, activation of the two genes would
be correlated such that pAB > pA × pB. We found that

Figure 2. Genes are stochastically activated during ZGA. (A) Pro-
portion of cells that are transcriptionally active at each stage for
sox19a in the EVL (fastest activation) and DEL (slowest activation).
Each dot represents data for a single embryo. The black line corre-
sponds to the Hill fit of the data. The orange arrows indicate the
time from first activation to activation in 50% of cells. (B) Activa-
tion rates for all genes, separately for DEL and EVL. (C ) Variability
in transcript density (CV2) for sox19a over the course of the time se-
ries. Values are means of medians of four or more embryos. Error
bars represent SEM.

Figure 3. Stochastic activation is due to both extrinsic and intrinsic noise. (A) Schematic expla-
nation of extrinsic noise. (Left panel) All cells are equally permissive for transcription. (Right
panel) Green cells are more permissive for transcription than orange cells. Transcription foci
for two genes are indicated in blue and magenta. (B) Box plot of the observed fraction of nuclei
with transcription foci (pAB) divided by the fraction that would be predicted in the absence of
extrinsic noise (pA × pB). In the absence of extrinsic noise, this valuewould be 1 (dashed horizon-
tal line). Analyseswere performed on all nuclei (light gray) or nuclei in interphase only (black). (∗)
P < 0.05; (∗∗) P < 0.01, two-tailed Student’s t-test. (C ) Schematic explanation of intrinsic noise.
Transcription foci for a single gene are indicated in magenta. (D) Correlation of the size of tran-
scription foci for the two alleles of aldob at the sphere and dome stages in the DEL. Each dot rep-
resents focus sizes in one nucleus.

How embryos deal with transcription noise

GENES & DEVELOPMENT 1637

http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.302935.117/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.302935.117/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.302935.117/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.302935.117/-/DC1
http://genesdev.cshlp.org/lookup/suppl/doi:10.1101/gad.302935.117/-/DC1


pAB > pA × pB for all tested gene com-
binations (Fig. 3A,B) and conclude that
extrinsic noise contributes to stochas-
tic transcription during early zebrafish
development.

During the MBT, cell cycles de-
sychronize (Kane and Kimmel 1993;
Kimmel et al. 1995), as is also apparent
in our data set (Supplemental Fig. S2).
The resulting cell cycle heterogeneity
is a likely source of extrinsic noise.
To test the contribution of cell cycle
heterogeneity to extrinsic noise, we
repeated our analysis for cells in inter-
phase only (Fig. 3B; Supplemental Fig.
S2). We found that for all gene pairs,
pAB was reduced and approached
pA × pB. Thus, we conclude that cell
cycle heterogeneity is an important
source of extrinsic noise in the zebra-
fish embryo. Because cell cycle hetero-
geneity is often observed in embryos,
this might be a common source of extrinsic noise.

Intrinsic noise contributes to stochastic transcription
during development

Noise intrinsic to the transcription process might also
contribute to stochastic transcription in the zebrafish em-
bryo. In the absence of intrinsic noise, the two alleles of a
given gene would be activated at the same time and to the
same extent, resulting in a correlation between transcrip-
tion focus sizes at the two alleles (Fig. 3C, left; Little et al.
2013; Bothma et al. 2014). The presence of intrinsic noise
would reduce this correlation (Fig. 3C, right). We analyzed
the correlation in focus sizes between the two alleles of
each of the genes for those nuclei in which both alleles
are active (Fig. 3D; Supplemental Fig. S9). We analyzed
this correlation at each stage separately because mean fo-
cus size decreased over time concurrently with a decrease
in cell size (Supplemental Fig. S10). We found that the siz-
es of transcription foci at the two alleles are not correlated
(Fig. 3D; Supplemental Fig. S9; data not shown). Thus,
in addition to extrinsic noise, intrinsic noise contributes
significantly to stochastic transcription during early zebra-
fish development.

Minimal stochastic model of transcription activation

To understand the effects of extrinsic and intrinsic
noise on transcript variability over time (Fig. 2C; Supple-
mental Fig. S8), we developed aminimal stochastic model
of transcription activation in the zebrafish embryo (Fig.
4A,B; see the Supplemental Model for details). In this
model, the first step to transcription activation is the ac-
quisition of transcriptional competence of a gene during
ZGA. We introduced this step to account for the variabil-
ity between cells in the time at which they acquire tran-
scriptional competence for a specific gene. This can be
considered intrinsic noise, but to distinguish it from the
noise that is intrinsic to the transcription process, we refer
to this as noise in the time to transcriptional competence.
Once a gene is competent for transcription, transcription
and mRNA degradation happen stochastically at rates
c1 and c2, respectively (intrinsic noise) (Fig. 4A,B; Supple-

mentalModel). The production rate c1 in turn depends on
the cell cycle stage (extrinsic noise), which we described
by a simple two-state model (mitosis vs. active) (Fig. 4A,
B). The latter was calibrated to match the measured pro-
portion of cells in mitosis/interphase over the course of
the time series. Apart from the cell cycle model, the pa-
rameters of the transcription model were estimated from
the transcript densities for each of the eight genes sepa-
rately using a Bayesian moment-matching procedure
(Zechner et al. 2012). To further constrain the parameter
search, we measured the mRNA half-lives of the individ-
ual genes and provided them to the model as prior infor-
mation (Supplemental Fig. S11). We found that our
minimal model of transcription activation is sufficient
to explain the experimentally measured increase in tran-
script densities and their variability across cells (Fig. 4C;
Supplemental Fig. S12).

Transcript variability is reduced through temporal
averaging of extrinsic and intrinsic noise

Wenext used themodel to analyze the contribution of the
different noise sources to transcript variability over time.
We found that for all genes, cell-to-cell differences in the
acquisition of transcriptional competence contribute sig-
nificantly to transcript variability when transcription be-
gins (Fig. 4D; Supplemental Fig. S13, green bars). It is
currently unclear what underlies these cell-to-cell differ-
ences, but we speculate that temporal differences in chro-
matin remodeling might play a role, especially because
dramatic changes in chromatin structure occur during
zebrafish ZGA (Vastenhouw et al. 2010; Lindeman et al.
2011; Zhang et al. 2014). The acquisition of transcription-
al competence is a one-time event but has long-lasting
effects on transcript variability (Fig. 4D; Supplemental
Fig. S13). Extrinsic noise stemming from cell cycle hetero-
geneity contributes to transcript variability (CV2extr)
significantly when transcription begins, but its effect de-
creases over time (Fig. 4D; Supplemental Fig. S13, blue
bars). We hypothesize that the contribution of cell cycle
heterogeneity is reduced over time because each cell
goes through multiple cell divisions and because length-
ening of interphases reduces the heterogeneity in cell cy-
cle stages (Kane and Kimmel 1993). The contribution of

Figure 4. Cell-to-cell variability in transcript levels is reduced through temporal averaging of
transcription noise. (A) Minimal stochastic model of transcription activation. (c1) Transcription
rate; (c2) degradation rate. (B) Schematic of the different noise sources that are captured by the
model. (C ) The results of the transcription model (blue lines) recapitulate the experimentally
measured increase in transcript densities (solid gray line) and its variability (SD; dashed gray
lines) across cells. (D) Contribution of the three noise sources to transcript variability (CV2).
(Red) intrinsic noise; (green) acquisition of transcriptional competence; (blue) cell cycle noise.
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intrinsic noise to transcript variability is generally high
when transcription begins but rapidly approaches zero
(Fig. 4D; Supplemental Fig. S13, red bars). This can be ex-
plained by the accumulation of multiple transcription
events in each cell over time. Facilitated by long transcript
half-lives (Supplemental Fig. S11), this results in an in-
crease in transcript density, which buffers the effect of
intrinsic noise. Together, this suggests that transcript var-
iability is inversely correlated with the amount of time
that cells spend in interphase. Indeed, simulations of the
model in which cell cycles are kept short during the com-
plete time series resulted in higher transcript variability at
the end stage of the simulation (Supplemental Fig. S14).
Thus, our results suggest a model in which uniform
gene expression is achieved through temporal averaging
of gene expression noise.
Our results suggest that in zebrafish embryos, the func-

tional consequences of transcription noise are limited.
When genes are first activated, variability in transcript den-
sities between cells might have limited effects because
transcript levels are relatively low. Gene regulatory mech-
anisms, such as delayedmRNAtranslation,may further re-
duce the effects of cell-to-cell differences in transcript
density. When the embryo approaches gastrulation, tran-
script variability is reduced because the effects of transcrip-
tion noise decrease. Although we studied only eight genes,
all of which are ubiquitously expressed, the observation
that geneswith diverse functions behave similarly suggests
that these mechanisms of noise reduction could easily ap-
ply to other genes and in different developmental contexts.
Thus, our data suggest that in embryos, the functional con-
sequences of stochastic transcription are limited and that
mechanisms supporting the synchronous onset of tran-
scription (Boettiger and Levine 2009, 2013; Lagha et al.
2013) are necessary only when there is no time to resolve
variability caused by stochastic transcription.

Materials and methods

Zebrafish

Zebrafish were maintained and raised under standard conditions. Wild-
type (TLAB) embryoswere left to develop to the desired stage at 28°C. Stag-
ing was done based on morphology (Kimmel et al. 1995).

smFISH and image processing

Sample preparation, smFISH, image acquisition, and image processing
were done as described previously (Stapel et al. 2016), and details are in
the Supplemental Material. In brief, 8-µm cryosections of OCT-embedded
embryos were stained with smFISH probes as well as DAPI and phalloidin
to visualize transcripts, nuclei, and cell outlines, respectively. Image ac-
quisition was done on a DeltaVision epifluorescence system equipped
with a 100× 1.4 NA objective. The first 17 optical z-slices (corresponding
to ∼5-µm sample thickness) of each sample were used for all image analy-
ses to ensure consistent high-quality results. We segmented cells using a
cascaded random forest classifier in KNIME in combination with our Fiji
plug-in, PathFinder, for cell tracing. We manually corrected segmentation
errors and annotated cell types (DEL vs. EVL) and cell cycle stage using our
Fiji cell annotation plug-in. Cell, cell type, and cell cycle stagemasks were
used as input for the Fiji transcript analysis plug-in together with raw im-
ages for smFISH and nuclei to obtain transcript densities in each cell and
nucleus as well as the number of transcripts in each transcription focus.
The Random Forest classification pipeline for cell segmentation is avail-

able in KNIME (http://tinyurl.com/KNIME-MS-ECS). All Fiji plug-ins are
available through the Fiji update site MS-ECS-2D (see http://fiji.sc/MS-
ECS-2D).
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