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ARTICLE

The volumes and transcript counts of single cells

reveal concentration homeostasis and capture

biological noise

Hermannus Kempe?, Anne Schwabe®, Frédéric Crémazy?, Pernette J. Verschure?,
and Frank J. Bruggeman®

aSynthetic Systems Biology and Nuclear Organization Group, Swammerdam Institute for Life Sciences, University of

Amsterdam, 1098 XH Amsterdam, The Netherlands; PSystems Bioinformatics, Amsterdam Institute for Molecules,

Medicines and Systems, VU University Amsterdam, 1081 HV Amsterdam, The Netherlands

ABSTRACT Transcriptional stochasticity can be measured by counting the number of mRNA
molecules per cell. Cell-to-cell variability is best captured in terms of concentration rather
than molecule counts, because reaction rates depend on concentrations. We combined sin-
gle-molecule mRNA counting with single-cell volume measurements to quantify the statistics
of both transcript numbers and concentrations in human cells. We compared three cell clones
that differ only in the genomic integration site of an identical constitutively expressed re-
porter gene. The transcript number per cell varied proportionally with cell volume in all three
clones, indicating concentration homeostasis. We found that the cell-to-cell variability in the
mRNA concentration is almost exclusively due to cell-to-cell variation in gene expression ac-
tivity, whereas the cell-to-cell variation in mMRNA number is larger, due to a significant contri-
bution of cell volume variability. We concluded that the precise relationship between tran-
script number and cell volume sets the biological stochasticity of living cells. This study
highlights the importance of the quantitative measurement of transcript concentrations in
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studies of cell-to-cell variability in biology.

INTRODUCTION

Spontaneous fluctuations in the activities of molecular processes
cause heterogeneity in the molecular composition of isogenic cells
(Ozbudak et al., 2002; Elowitz et al., 2002; Sigal et al., 2006). Cell-to-
cell variability, often referred to as “noise,” has been observed in
mRNA (Golding et al., 2005; Raj et al., 2006; Zenklusen et al., 2008)
and protein levels (Ozbudak et al., 2002; Elowitz et al., 2002; Sigal
et al., 2006; Yu et al., 2006), in the timing of molecular processes
(Amir et al., 2007, Di Talia et al., 2007), and in cellular growth rates
(Boulineau et al., 2013). The causes of molecular noise involve
molecules occurring at low numbers per cell, such as transcription
factors or mRNAs, that tend to show large, spontaneous deviations
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relative to their mean number within the cell population (Paulsson,
2004). These deviations (fluctuations) can be caused by cell division
(Huh and Paulsson, 2011), transcription bursting (Suter et al., 2011),
or transient imbalances between molecular synthesis and degrada-
tion rates that occur spontaneously through thermal noise (“intrin-
sic” noise) or due to fluctuations in the number of regulators (“extrin-
sic” noise) (Thattai and van Oudenaarden, 2001; Elowitz et al., 2002;
Swain et al., 2002; Paulsson, 2004). Extrinsic noise indicates that
fluctuations can propagate through the entire molecular network of
a cell (Pedraza and Paulsson, 2008). As a result, the molecular com-
position of cells can be highly variable and cause heterogeneity in
differentiation decisions (Wernet et al., 2006), stress response mag-
nitude (Veening et al., 2005), and the survival prospects of cells after
drug exposure (Spencer et al., 2009). Two highly informative reviews
covering gene expression noise and its consequences were written
by Kaern et al. (2005) and Raj and van Oudenaarden (2008).

Early studies on stochastic gene expression relied on fluorescent
proteins to assess protein noise by either taking snapshots (Elowitz
etal., 2002; Ozbudak et al., 2002) or by using real-time fluorescence
imaging (Rosenfeld et al., 2005; Sigal et al., 2006). More recently,
single-molecule MRNA counting has been introduced as a method
for absolute quantification of mMRNA number (Golding et al., 2005;
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FIGURE 1: Statistics of single-cell MRNA numbers. (A) Schematic overview of the smFISH method applied to our
reporter gene mRNA. Colocalization of the mRNA molecules with the DAPI counter staining identified spots as nuclear
mRNA (m,); others are cytoplasmic mRNA (m,). (B) Statistics of the mRNA molecules in the cell (m), nucleus (m,), and
cytoplasm (m,) for the three different clones (color coded: Clone I is shown in red, Clone Il is shown in blue, and Clone
lIl'is shown in green). Notation: 1 = mean; 6 = SD; cv = coefficient of variation; A° = the fraction of samples between

I — 6 and U + o; p = correlation between m. and my; and *p < 0.001 The 95% confidence intervals of the statistics are
given in Supplemental Figure S15. (C) For a specific cell volume (V), the mean mRNA number is calculated from the data.
This conditional mean ((le)) displays linear scaling with respect to volume, indicating homeostasis in mMRNA
concentration. The gray histogram in the background shows the total number of cells per volume bin for all three clones
(bin size = 100 (mIV)). Higher counts indicate higher reliability of the corresponding determination of <m|V>. A
least-squares linear fit is shown for all three clones. The explained fraction of the variance in {mIV) with this fit is 0.80,
0.77, and 0.84 for clones |, I, and llI, respectively. Supplemental Figure S9 shows the single-cell relation between cell
volume and mRNA number. The conditional variances of the data are given in Supplemental Figure $10.

(D) Representative confocal images of a cell, with Z1 to Z12 corresponding to subsequent optical sections (z-slices) of
the cell. The mRNA molecules are shown in red; the DAPI-stained nucleus is shown in blue. Additional images are given
in Supplemental Figure S2. (E-G) Scatter plots of m. and m, for the three different clones. Marginal histograms show
the distribution of m. (top) and m (right). The measured number of cells is given by n.

Raj et al., 2006, 2008). The advantage of single-transcript counting
with single-molecule RNA fluorescence in situ hybridization (smFISH)
is that it does not require genetic engineering (Raj et al., 2006, 2008;
Zenklusen et al., 2008; Youk et al., 2010). Specific DNA probes
tagged with fluorescent dyes are used to visualize individual mRNA
molecules within fixed cells (Figure 1A).

SmFISH has great potential in cell biology for assessing the role of
stochasticity in cell behaviors such as differentiation and drug re-
sponse. Cell-to-cell variability (noise) is best captured by concentra-
tions of molecules, because reaction rates depend on concentrations.
Single-molecule counting accompanied by cell volume measure-
ments provides a reliable way to assess the biological noise of single
cells. Such data have so far not been reported for transcripts.

In this study, we determined single-cell mRNA concentrations by
quantifying the volumes of single cells and their mRNA numbers
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using confocal microscopy. We studied three human cell line variants
that express the same constitutively expressed gene from a different
genomic location to identify gene location—dependent effects. To
attain robust statistics of the volume dependency of the mRNA num-
ber statistics, we studied nearly 1000 single cells of each clone. We
found that transcript number noise overestimates biological noise (in
concentration units) by a factor that depends on the cell volume vari-
ability and the correlation of transcript number with cell volume.

RESULTS

Single-cell transcript data indicate gene location-dependent
mRNA expression

We analyzed three clones derived from the same human cell line
(HEK293; described in Gierman et al., 2007). Each clone has a single
random insertion of the same green fluorescent protein (GFP)
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reporter gene controlled by a constitutive phosphoglucokinase
(PGK) promoter (Gierman et al., 2007). We determined the statistics
of the GFP mRNA levels in single cells with smFISH (Figure 1A). The
probe set contained 35 probes of 17-18 nucleotides coupled with a
fluorescent label (Supplemental Information 7). Images of single
cells were obtained with confocal microscopy on smFISH-treated
cells counterstained with 4’,6-diamidino-2-phenylindole (DAPI). In-
dividual cells were recorded as 52 z-stack images (300 nm/slice;
Figure 1D and Supplemental Figure S2). Laminar staining confirmed
that the DAPI staining correctly identifies the nuclear envelope (Sup-
plemental Figure S1). On the basis of the colocalization with the
DAPI signal, we assigned each mRNA molecule to be either nuclear
or cytoplasmic. An overview of the transcript statistics is given in
Figure 1B and Supplemental Figure S14, and the mRNA distribu-
tions are shown in Figure 1, E-G, and Supplemental Figure S13.
Supplemental Figure S15 provides a 95% confidence interval for the
measurements discussed below.

For cell clone I, the number of mRNA molecules expressed per
cell (m) was, on average, 45.7 mRNA transcripts obtained from a data
set containing 838 cells. The coefficient of variation indicates that the
SD is ~45% of the mean. Approximately 72% of the cells have mRNA
numbers that deviate less than one SD from the mean mRNA num-
ber. The symmetry of the mRNA number distribution is indicated by
the 13.8 and 13.9% of the cells deviating more than one SD of the
mean on the left and right sides of the distribution, respectively.

Colocalization of an mRNA spot with the DAPI signal enabled us
to calculate the mRNA number in the nuclei of these cells. The mean
number of mRNAs per nucleus (m,) was 9.7 with an SD of 5.4. The
cytoplasmic mRNA number (m/) follows directly from (m —m,) and is
36.0 mRNA transcripts. The number of MRNA transcripts appears to
be lower in the nucleus than in the cytoplasm, indicating that the
lifetime of the mRNA in the cytoplasm is higher than the residence
time in the nucleus. Compared with the coefficient of variation of the
mRNA in the nucleus, which is 56%, the cytoplasmic mRNA numbers
are less noisy, with an SD of ~48% of the mean. The higher noise in
nuclear mMRNA numbers is mostly explained by the higher intrinsic
noise contribution (1/p,) in the nucleus. The fact that (6/p)? exceeds
(1/u,) for nuclear mRNA indicates that part of the gene expression
noise derives from extrinsic gene expression noise (Paulsson, 2004).
The correlation coefficient (p) between the nuclear and cytoplasmic
mRNA numbers per cell indicates a moderate correlation (p = 0.57)
between the nuclear and cytoplasmic mRNA numbers.

The same analysis for the other two clones yields very similar
results. The combined data of the three clones allow for a compari-
son of the different genomic integration sites. The mean expres-
sion level between the three clones differs (analysis of variance
[ANOVA], p < 0.0001, Supplemental Information 2) on average by
20% and maximally by 40%. These numbers correlate with the pro-
tein expression data of the clones (Gierman et al., 2007; Supple-
mental Figure S8). The cell-to-cell variability in mRNA number per
cell, measured as the coefficient of variation, is significantly differ-
ent (ANOVA, p < 0.03, Supplemental Information 2 and Supple-
mental Figures S3 and S4) among the three clones. Because the
three clones differ only in their genomic location of the reporter
gene, these differences demonstrate the influence of gene loca-
tion on expression stochasticity (Becskei et al., 2005; Dar et al.,
2012; Vifuelas et al., 2012). Additionally, an increase in the mean
expression level does not necessarily cause an increase in the SD
when comparing the different clones. This indicates that the mean
expression level and the variability can be independently regu-
lated, as previously observed for protein expression data (Vifiuelas
etal., 2012).
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Volume statistics of single cells

To assess biological mRNA noise, we require, in addition to mRNA
number per cell, the volume of each cell. The same confocal z-stack
images used for smFISH were used to determine the whole-cell,
cytoplasmic, and nuclear volumes of the cells by tracing the con-
tours of these compartments (Figure 2A). This allows us to obtain
mRNA number, volume, and concentration data for each cell.

The measured volume distributions for the whole cell (Supple-
mental Figure S5), as well as the cytoplasmic and nuclear volume
distributions (Figure 2C), are positively skewed, which means there
are, relative to the mean, more small than large cells. Similarly
shaped distributions have previously been reported for stationary,
growing cell populations (Tzur et al., 2009). These positively skewed
distributions are due to the formation of two (smaller) daughter cells
from each (large) mother cell. The cell volume distributions can be
well approximated by theoretical cell volume distributions derived
from balanced, exponential growth of the cells (Supplemental
Information 3.3 and Supplemental Figure S7).

The obtained volume measurements are summarized in
Figure 2B. The mean cell volume (V) for clone | is 1800 pm?, with a
larger nucleus (979 pm3), on average, than cytoplasm (822 pmd). For
the volume distribution of clone |, 70% of the cells have a volume
deviation maximally one SD of the mean. The correlation coeffi-
cients between the nuclear and the cytoplasmic volumes indicate a
weak but significant positive correlation, indicating growth of both
the nuclear and cytoplasmic volume during cell maturation.

Because the clones are isogenic, except for the integration site
of the construct, the measured volume statistics would be expected
to be similar. Figure 2B and Supplemental Figure S5 confirm this
expectation for the three volume distributions measured.

mRNA concentration statistics of single cells indicate mRNA
concentration homeostasis

Next we combined the mRNA number and volume data of each cell
to determine the statistics of cellular, cytoplasmic, and nuclear mRNA
concentrations (Figure 3A). Figure 3B shows that the mean mRNA
concentration differs among the three clones, indicating the depen-
dence of expression levels on the gene location (Supplemental Infor-
mation 2). Scaling of the mean and SD are independent. We observe
higher mRNA concentrations in the cytoplasm than in the nucleus.
Similar conclusions can be drawn from the mRNA numbers.

The comparison of the mRNA concentration and mRNA number
in terms of the coefficient of variation indicates that the concentra-
tion displays smaller cell-to-cell variability across all clones. Thus
mRNA number noise overestimates the biological mRNA noise of
the cells. The concentration variability is smaller because of the posi-
tive correlation of the cell volume with mRNA number per cell. This
is indicated in Figure 1C, showing a linear dependency of the mean
mRNA number (at a specific volume) with volume. The dependency
of the mean mRNA number on volume is proportional, such that a
doubling in cell volume is accompanied by a doubling in the mRNA
number. The cellular mMRNA concentration conditional on the cell
volume is therefore constant, indicating homeostasis of the mRNA
concentration (Figure 3C). The same proportionality of the mRNA
numbers and homeostasis of the mRNA concentrations is observed
in the nucleus (Supplemental Figure S11) and cytoplasm (Supple-
mental Figure S12) of the cells.

The volume scaling of the mRNA concentration statistics
explains the concentration variability

To address the origins of the differences between the mRNA con-
centration (c) and the mRNA number (m) noise, we apply the law of
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FIGURE 2: Statistics of single-cell volumes. (A) Overview of the determination of the cell volumes. The background
intensity was used to track the contour of the cell, and the DAPI signal provides the nuclear contour. The three-
dimensional cell image was reconstructed by combining the contours of subsequent z-slices. (B) Statistics of the
volumes of the cell (V), nucleus (V,)), and cytoplasm (V,) for the three different clones (color coded). Notation: i = mean;
o= SD; cv = coefficient of variation; A® = the fraction of samples between |1 - 6 and 11 + &; p = correlation between m
and my; and *p < 0.001 (Hp: p = 0).The 95% confidence intervals of the statistics are given in Supplemental Figure $15.
(C-E) Scatter plots of V. and V, for the three different clones. Marginal histograms show the distribution of V. (top) and
V,, (right). Supplemental Figure S5 gives the distributions of V. The measured number of cells is given by n.

total variance (Supplemental Information 3.1 and Supplemental
Figure Sé). This relation decomposes the mRNA number and
mRNA concentration noise, each in a term that captures the
volume-induced noise and another that quantifies gene expression
noise (here x denotes either m or ¢):

total noise (n2)  Volume-induced noise (*1%)  Gene expression noise (9n?)
—_— — —_—

var(x) _ var(<x|V>) . <var(x|V)> )

(x)* (x)? (x)?

Figure 4B makes the same decomposition for the experimental
data. It shows that the gene expression noise term accounts for
~70% of the mRNA number noise and for greater than 95% of the
mRNA concentration noise. This indicates that mRNA number noise
has a large contribution that derives from the scaling of the number
of transcripts per cell with the cell volume.

The volume-induced noise contribution to the mRNA number
noise can be estimated using the experimentally observed
homeostasis relation (Figure 1C): {mlV)=aV, with o as a
positive constant that equals the mRNA concentration (c). As a con-
sequence, we obtain mz c(V), var((mlV))=c?var(V), and
var((mlV))/ m? =var(V)/{V)“. This means that the noise in cell
volume (var(V /(V)Z) equals the volume-induced noise contribu-
tion to MRNA number noise. For an idealized model of cell growth
in which cells divide at fixed intervals and into exactly equal halves,
the noise in cell volume can be calculated to be ~0.04 (Supplemen-
tal Information 3.3), which provides a lower bound for the volume-
dependent noise in the mRNA numbers. The overview of the vari-
ances of the experimental data in Figure 4B shows that this
volume-dependent noise is indeed close to the theoretical estimate
of 0.04 and is almost equal to the noise directly calculated from the
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experimental volume distributions (175). The small deviations are
likely due to volume variation at fixed cell ages. The volume-de-
pendent term explains 29.5, 28.4, and 30% of the mRNA number
noise in clones |, I, and Ill, respectively.

Owing to mRNA concentration homeostasis, the volume-depen-
dent term of the concentration noise equals zero; that is,
var({cIV})/ c? =0, which is also indicated by the experimental data
(Figure 3C and vn2 in Figure 4B). Thus the mRNA concentration
noise is entirely determined by gene expression noise.

The experimental data indicate that the gene expression contri-
butions to mRNA concentration and mRNA number noise are similar
in absolute values (Figure 4B). Because volume-derived noise in
mRNA concentration is close to zero, the mRNA concentration
noise is approximately equal to the gene expression—derived noise
in MRNA numbers. It turns out that this is a direct consequence of
the observed mRNA concentration homeostasis and, in addition,
the scaling of the conditional mRNA number variance, var(x|V),
with cell volume. At mRNA concentration homeostasis, the exact
relationship between the gene expression-induced mMRNA number
and concentration noise is given by (Supplemental Information 3.5)

(1/V2,var(mlV))
(my*/(vy?

{var(clV)) _ <V>z<i>var((mlv>)+ocz 2

{e)* VL (m)?

with a2(x,y) denoting the covariance between x and y. Because we
observe that var(m1V) increases with volume (Figure 4B and Supple-
mental Figure S9), the covariance will be negative. Therefore (vy? %>
is an upper bound for the relative deviation between the conditional
noise in MRNA concentration and mRNA number in cases of
concentration homeostasis. This upper bound is reached when the
covariance equals zero. From the volume probability distribution,
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Supplemental Figure S15. (C) For a specific cell volume (V), the mean mRNA concentration is calculated. This conditional
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<V)2<%> is estimated to be 1.12 (Supplemental Information 3.6).
The deviation between w and <V"”<r(7mlv)> requires the
C m

calculation of the covariance from the volume-scaling relation of the
mRNA  number variance conditional on volume, that is, from
var (mlV)= BV7. The experimental data (Supplemental Figure S9)
indicate that this scaling is maximally quadratic with volume. The
volume growth model predicts that, in cases of linear dependence,
{var(clV)) is 4% higher than {var(c|V)); in cases of quadratic de-
pendence, it is 4% lower; and only when var(mlV)= BV7° is the
maximal deviation of 12% achieved (Supplemental Information 4.6).
As can be seen from Figure 4B, the relative difference between the
two conditional noise terms indeed is close to the + 4% region, as
predicted by theory in combination with the experimentally ob-
served volume scaling.

As a result of these relations, we can conclude that, for our data,
var(c)

the difference between mRNA concentration noise and

var(m)

m
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mRNA number noise is dominated by the contribution of the

volume-dependent noise term, which is zero for concentrations but
equals values between 0.04 and 0.06 for mRNA numbers. Under
conditions of mMRNA concentration homeostasis, this term is ex-
pected to be independent of the average expression level. The rela-
tive difference between mRNA number and concentration noise
then depends on the magnitude of the volume-independent noise
contribution. For the three clones we investigated, this amounted to
differences of 36, 33, and 45% between mRNA concentration and
mRNA number noise for I, I, and Ill, respectively. Thus biologically
relevant mRNA concentration noise differs greatly from mRNA num-
ber noise, indicating the importance of the combined measurement
of MRNA numbers and volumes of single cells.

DISCUSSION

Single-molecule RNA FISH is a powerful method for assessing cell-
to-cell variation in gene expression. It does not require genetic en-
gineering, and it gives the exact number of mRNA molecules per
cell. In this study, we combined smFISH with cell volume
measurements to obtain insight into the cell-to-cell variation of the
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] B G _ phasize that the observed homeostasis of
Fﬁ?l&fnngrﬂgz:szn%ien:jn Cell volume noise (r‘|\2,) g the mRNA concentration as function of the
concentrations (n?) @2 ~0.04 (5133) é cellular volume may not apply to all genes.

However, we do expect it to be a rather
widespread phenomenon, in particular for
the expression of constitutive genes during
steady-state exponential growth of cells.

noise ng 812 Our results indicate that constitutive
' gene expression is not completely under-

gng 81‘51 stood at the level of a single cell. For ho-
0'10 meostasis to occur during volume grovy(tsh of

‘ the cell requires that (mlV)=cV=72V;

with ks and kd as zero-order and first-order

V 0.0058 rate constants for mRNA synthesis and deg-

0.0033 radation, respectively. (The half-life of the

0.0025 mRNA is ~8 h [Rowe et al., 2007], i.e., much

shorter than the generation time of ~24 h.) In

FIGURE 4: The theoretical and experimental relations between mRNA concentration and mRNA
number noise and their dependency on volume. (A) Overview of theoretical relation used to
analyze the data. The mRNA number noise nﬁq) and mRNA concentration noise (T]i) can be

) and gene-expression noise
(gnz) (see Eqg. 1). When there is homeostasis of mMRNA concentration, the relation between 9n2m
and 91?2 depends on the scaling of the variance in the conditional mMRNA numbers. Under these
conditions, the volume-dependent noise in MRNA numbers ("n2) equals the noise in the
volume distribution (ﬂs). (B) Experimental data of the relation shown in the theoretical section
(A). The different colors give the corresponding measures for the three different clones. The
circle graphs show how the total MRNA number and mRNA concentration noise are
decomposed. mRNA number noise is higher than concentration noise, mainly due to its volume
contribution. The scaling of var(m V) with volume for clone Ill is shown. The observed scaling is
linear or quadratic, resulting in a deviation of + 4% between 912, and gnf. The scaling of

var(m V) with volume for clones | and Il can be found in Supplemental Figure S10.

decomposed into two terms; the volume-dependent noise ("n2

mRNA concentration per cell. We studied three clones that only dif-
fered in the location of an identical reporter construct controlled by
a constitutive PGK promoter. The differences in the mRNA statistics
of these clones indicate gene location dependency, which presum-
ably results from the different genomic contexts at the integration
site. We found that mRNA number noise overestimates cell-to-cell
variation. Noise in the mRNA concentration circumvents this prob-
lem by taking into account the correlation of mMRNA number with
cell volume. One candidate source of this correlation is cell growth.

We found that the mean mRNA number conditional on volume,
{m1V), scaled linearly with volume, that is, {m|V)=cV, which indi-
cates a constant mRNA concentration (c) as a function of cell vol-
ume (homeostasis). This we interpret as a constant mRNA concen-
tration while the cell volume grows. In addition, we found that the
mRNA number variance conditional on the volume, var(mIV), dis-
played a stronger than linear scaling with volume, that is,
var(mlV) = BVYwith 1<c <2. The latter scaling explained the dif-
ference between the volume-independent mRNA concentration
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other words, either the transcription rate or
the degradation rate of mRNA are volume
dependent or both such that the net effect
leads to the proportionality of {m|V) with
volume. This suggests a coupling between
the net rate of increase in the transcript num-
ber and the cell volume. It is not clear how
this results from the combined influences of
mRNA decay, replication, and cell volume
dynamics. Coupling between the rate of
transcription and cell growth was previously
shown by Zhurinsky and colleagues 2010).
Their data indicate a global mechanism that
determines the rate of transcription of most
genes and the cellular growth rate.

The close to second-order scaling of
var (mlV) with volume hints at another not yet understood detail of
constitutive gene expression. We observed the volume scaling of
(mlV) and var(mlV) with the same construct expressed from dif-
ferent genomic locations, and therefore the volume scaling is not
likely to be a genome location-dependent phenomenon. The
observed volume scaling of MRNA numbers is not likely to be a
property of our reporter construct, as several other studies reported
similar effects Rosenfeld et al., 2005; Sigal et al., 2006; Cohen et al.,
2009; Cookson et al., 2010). Cookson et al. (2010) found in yeast a
peak dependency of a GFP expressed from a constitutive promoter
as function of cell volume, which is indicative of constant synthesis
and an accelerating growth of cell volume as a function of the cell
cycle. Similar data were reported for several human proteins (Sigal
et al., 2006).

The three clones investigated show 36, 33, and 45% differences
between mRNA concentration and mRNA number noise for |, Il, and
I, respectively. We conclude that functional mRNA noise differs
greatly from mRNA number noise, indicating the importance of
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measuring mRNA noise in terms of concentrations. For inducible or
cell cycle-dependent promoters, the assessment of MRNA concen-
tration noise is even more relevant. For such systems, a nonlinear
relation between volume growth and mRNA synthesis is expected.
This would introduce much larger differences between the mRNA
number and mRNA concentration noise than reported in this studly,
which is limited to a constitutive promoter.

Real-time monitoring of MRNA number (e.g., by using MS2 la-
beling; Fusco et al., 2003) and volume growth of single cells for a set
of (classical) constitutive or inducible promoters could provide more
information about the origins and effects of the volume-scaling rela-
tions of the mean and variance of the transcript numbers. A down-
side is that such studies would require the tracking of several hun-
dred cell divisions to obtain robust statistics on the volume
dependencies of MRNA number statistics. To attain robust statistics
in our experiments, we used a confocal microscopy setup and had
to study roughly 1000 cells per cell clone.

Single-molecule methods are a great addition to single-cell biol-
ogy. They are quantitative and exact, as they give insight into the
actual molecular composition of individual cells. In addition, they di-
rectly relate to stochastic theory and model predictions, giving deep
insight into how cells exploit the inherent stochasticity of molecular
processes to diversify isogenic populations. In this study, we have
shown that, in order to profit fully from the exactness of single-mole-
cule methods in cell biology, these methods should ideally be com-
bined with single-cell volume measurements. This finding is highly
relevant, because concentration noise captures biological noise.

MATERIALS AND METHODS

Cell clones and cell culture

Experiments were performed on human embryonic kidney cells
(HEK293) with a single integration of a phosphoglycerate kinase
(PGK)-driven GFP gene construct obtained from Gierman et al.
(2007). We analyzed three different clones with the integration at dif-
ferent genomic locations: clone | (HG19:chr1:225684028, within the
ENAH gene), clone Il (HG19:chr1:150379508, within the RPRD2
gene), and clone Il (HG19:chr1:150664232, within the GOLPH3L
gene). The cells were cultured in DMEM (31965023; Life Technolo-
gies, Carlsbad, CA) supplemented with 10% (vol/vol) fetal calf serum
(16140; Life Technologies) and 100 U/ml penicillin-streptomycin
(15140; Life Technologies). Incubation was at 37°C in a humidified
5% CO, atmosphere. Before any experiments, the cells were grown
for at least 2 wk after thawing to achieve steady-state cell growth and
steady-state expression statistics for the integrated construct.

Single-molecule RNA FISH

Samples were treated according to the Protocol for Adherent
Mammalian Cell Lines for the Custom Stellaris FISH probes. Cells
were cultured for 3 h in Lab-Tek chambered coverglasses (155380;
Lab-Tek, Waltham, MA) before fixation. EtOH permeabilization was
done overnight at 4°C. For hybridization, we used a 125-nM probe
in the hybridization buffer and overnight incubation at 37°C. Imag-
ing was done without using anti-fade. The cells were counterstained
with 5 ng/ml DAPI. The sequence of the probe targeting the eGFP
insertion can be found in Supplemental Information 7. The DNA
probes were coupled to CAL Fluor Red 590 fluorophores by the
manufacturer (Biosearch Technologies, Petaluma, CA).

Image acquisition

Samples were imaged using a Nikon Ti-E scanning-laser confocal
inverted microscope (A1) with a 60x oil objective in combination with
Nikon NIS-Elements imaging software. Excitation was by 561.5-nm
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diode-pumped solid-state and 402.1-nm diode lasers. Detection
was via 595-50 nm and 450-50 nm band-pass filters. Optical sections
were captured at 0.300-pum intervals and a resolution of 256
by 256 pixels and a zoom factor of 6.8, resulting in a voxel size of
0.0047 um?3(0.1243 um x 0.1243 pym x 0.3 um). Averaging was used
four times to reduce photon and camera noise.

Image analysis

Image analysis software was adapted from Raj et al. (2008). Images
are filtered with a semi—three-dimensional Laplacian of Gaussian fil-
ter that removes noise and enhances the signal-to-noise ratio (filter
width = 1.5). The number of mRNA spots was found by applying a
threshold for which the number of mRNA was least sensitive to
changes in this threshold. The threshold was determined by using a
window function calculating the average spot numbers over 7 con-
stitutive thresholds divided by the sum of the SD of these spot
counts and a constant a. (= 10; Itzkovitz et al., 2012). To measure the
cell volume, we performed the following operations on all individual
z-slices: 1) median filtering (20 x 20 pixels), 2) image thresholding
(graythresh, Otsu’s method; Otsu, 1979), 3) fill image regions and
holes, and 4) morphological closing with a disk (radius = 4 pixels).
The nuclear volume was obtained from the processed images of the
DAPI channel (Supplemental Information 1). The cell volume is de-
fined by the presence of signal from either the nucleus (DAPI), the
cytoplasm (red channel), or both. The cytoplasmic size is given by
the difference between nuclear and cell volume. The obtained pixel
size was multiplied by the voxel size of 0.0047 pum3 to provide the
cell size in cubic micrometers.
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