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Chance and determinism in cell differentiation. 

Random walk across the epigenetic landscape 



Cell differentiation 

Occurs in multicellular, but 
also in unicellular and 
ambiguous organisms. 



Cell differentiation 

Implicitly: change in 
morphology and in gene 
expression pattern  
 
 



Cell differentiation 

Implicitly: change in the gene 
expression pattern  
 
 
But: how many genes? 



Cell differentiation 
 
 
 
 
Stability/change 
 
Ordered, deterministic/disordered (random, stochastic …) 
 
Inherited/acquired 
 
Genotype/phenotype 
 
  



1 Order and stability in living systems: a short (and superficial) historical 
background. 
 
2 Disorder and stochasticity in living cells: noise or variation? 
 
3 How cells function reliably with such an inherent variability in gene 
expression? 
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2 Stochasticity in living cells: noise or variation? 
 
3 How cells function reliably with such an inherent variability in gene 
expression? 



We	
  may	
  regard	
  the	
  present	
  
state	
  of	
  the	
  universe	
  as	
  the	
  
effect	
  of	
  its	
  past	
  and	
  the	
  cause	
  
of	
  its	
  future.	
  An	
  intellect	
  which	
  
at	
  a	
  certain	
  moment	
  would	
  
know	
  all	
  forces	
  that	
  set	
  nature	
  
in	
  mo;on,	
  and	
  all	
  posi;ons	
  of	
  all	
  
items	
  of	
  which	
  nature	
  is	
  
composed,	
  if	
  this	
  intellect	
  were	
  
also	
  vast	
  enough	
  to	
  submit	
  
these	
  data	
  to	
  analysis,	
  it	
  would	
  
embrace	
  in	
  a	
  single	
  formula	
  the	
  
movements	
  of	
  the	
  greatest	
  
bodies	
  of	
  the	
  universe	
  and	
  those	
  
of	
  the	
  ;niest	
  atom;	
  for	
  such	
  an	
  
intellect	
  nothing	
  would	
  be	
  
uncertain	
  and	
  the	
  future	
  just	
  like	
  
the	
  past	
  would	
  be	
  present	
  
before	
  its	
  eyes.	
  
	
  
— Pierre	
  Simon	
  Laplace,	
  A	
  
Philosophical	
  Essay	
  on	
  
Probabili1es	
  

Pierre-­‐Simon	
  de	
  Laplace	
  
1749-­‐1827	
  



Now,	
  a	
  living	
  organism	
  is	
  
nothing	
  but	
  a	
  wonderful	
  
machine	
  endowed	
  with	
  the	
  
most	
  marvellous	
  proper;es	
  
and	
  set	
  going	
  by	
  means	
  of	
  the	
  
most	
  complex	
  and	
  delicate	
  
mechanism.	
  

Claude	
  Bernard	
  
1813-­‐1878	
  



Jacques	
  Vaucanson	
  
1709-­‐1782	
  





Heredity is one of the clearest manifestations of the order in nature 



Hartsoeker,	
  N.	
  
(1694).	
  

Heredity is one of the clearest manifestations of the order in nature 





Epigénèse	
  

Caspar	
  Friedrich	
  Wolff	
  
1734-­‐94	
  

from	
  Jacob	
  Rueff,	
  De	
  conceptu	
  et	
  genera1one	
  hominis	
  …	
  
1554	
  

Willian	
  Harvey	
  
1578-­‐1657	
  



Ernest Haeckel, 
1834-1919



Modern	
  gene:cs:	
  	
  dissocia:on	
  of	
  the	
  two	
  concepts	
  

Genotype:	
   	
   	
  stable	
  over	
  genera:ons	
  
	
  
	
  
	
  
	
  
Phenotype:	
  	
   	
  variable	
  



Hardy,	
  Sir	
  Alister,	
  This	
  Living	
  Stream,	
  London,	
  Collins,	
  1965,	
  p.76.	
  

August	
  Weisman	
  
1834-­‐1914	
  



Order	
  from	
  disorder	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Order	
  from	
  order	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
	
  
Erwin	
  Schrödinger	
  1944	
  



“It	
  appears	
  that	
  there	
  are	
  two	
  different	
  ‘mechanisms’	
  by	
  which	
  orderly	
  events	
  can	
  be	
  
produced:	
  the	
  ‘sta;s;cal	
  mechanism’	
  which	
  produces	
  ‘order	
  from	
  disorder’	
  and	
  the	
  new	
  
one,	
  producing	
  ‘order	
  from	
  order’.”	
  	
  
	
  
“From	
  all	
  we	
  have	
  learnt	
  about	
  the	
  structure	
  of	
  living	
  maeer,	
  we	
  must	
  be	
  prepared	
  to	
  
find	
  it	
  working	
  in	
  a	
  manner	
  that	
  cannot	
  be	
  reduced	
  to	
  the	
  ordinary	
  laws	
  of	
  physics.	
  And	
  
that	
  not	
  on	
  the	
  ground	
  that	
  there	
  is	
  any	
  “new	
  force”	
  or	
  what	
  not,	
  direc;ng	
  the	
  behavior	
  
of	
  the	
  single	
  atoms	
  within	
  a	
  living	
  organism,	
  but	
  because	
  the	
  construc;on	
  is	
  different	
  
from	
  anything	
  we	
  have	
  yet	
  tested	
  in	
  the	
  physical	
  laboratory.	
  ”	
  
	
  
“…living	
  maeer,	
  while	
  not	
  eluding	
  the	
  "laws	
  of	
  physics"	
  as	
  established	
  up	
  to	
  date,	
  is	
  likely	
  
to	
  involve	
  "other	
  laws	
  of	
  physics"	
  hitherto	
  unknown,	
  which	
  however,	
  once	
  they	
  have	
  
been	
  revealed,	
  will	
  form	
  just	
  as	
  integral	
  a	
  part	
  of	
  science	
  as	
  the	
  former.	
  ”	
  

	
   	
   	
   	
   	
  	
  
“We	
  must	
  also	
  be	
  prepared	
  to	
  find	
  a	
  new	
  type	
  of	
  physical	
  law	
  prevailing	
  in	
  it.	
  Or	
  are	
  we	
  
to	
  term	
  it	
  a	
  non-­‐physical,	
  not	
  to	
  say	
  a	
  super-­‐physical,	
  law?	
  ”	
  
	
  
“It	
  is	
  these	
  chromosomes	
  …	
  that	
  contain	
  in	
  some	
  kind	
  of	
  code-­‐script	
  the	
  en;re	
  paeern	
  of	
  
the	
  individual's	
  future	
  development	
  and	
  of	
  its	
  func;oning	
  in	
  the	
  mature	
  state.	
  Every	
  
complete	
  set	
  of	
  chromosomes	
  contains	
  the	
  full	
  code…”	
  

Order	
  from	
  disorder	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  	
  Order	
  from	
  order	
  



	
  
«	
  Chaque	
  œuf	
  con;ent	
  donc,	
  dans	
  les	
  chromosomes	
  reçus	
  de	
  
ses	
  parents,	
  tout	
  son	
  propre	
  avenir,	
  les	
  étapes	
  de	
  son	
  
développement,	
  la	
  forme	
  et	
  les	
  propriétés	
  de	
  l’être	
  qui	
  en	
  
émergera.	
  L’organisme	
  devient	
  ainsi	
  la	
  réalisa;on	
  d’un	
  
programme	
  prescrit	
  par	
  l’hérédité.	
  »	
  

	
   	
   	
   	
   	
  	
  
François	
  Jacob	
  1970	
  
	
  
"Life,	
  we	
  now	
  know,	
  is	
  nothing	
  but	
  a	
  vast	
  array	
  of	
  coordinated	
  
chemical	
  reac;ons.	
  The	
  'secret'	
  to	
  that	
  coordina;on	
  is	
  the	
  
breathtakingly	
  complex	
  set	
  of	
  instruc;ons	
  inscribed,	
  again	
  
chemically,	
  in	
  our	
  DNA.	
  »	
  
	
  
James	
  Watson	
  
	
  
	
  



Order	
  from	
  order	
  
	
  
Phenotype	
  from	
  genotype	
  
	
  
Genotype 	
   	
   	
   	
   	
   	
  phenotype	
  

Informa;on	
  flow	
  

René	
  Magriee	
  1898-­‐1968	
  







Stability       Change 
 
 
 
 
 
   But how to detect change? 



Stability       Change 
 
 
 
 
 
   But how to detect change? 
 
Complementary question: How create 
change with stable elements? 













Stability       Change 
 
 
 
 
 
   But how to detect change? 
 
 
 
 

  Relativity of scales 



1 Order and stability in living systems: a short (and superficial) historical 
background. 
 
2 Stochasticity in living cells: noise or variation? 
 
3 How cells function reliably with such an inherent variability in gene 
expression? 
 



“And	
  why	
  could	
  all	
  this	
  not	
  be	
  fulfilled	
  in	
  the	
  case	
  of	
  an	
  organism	
  
composed	
  of	
  a	
  moderate	
  number	
  of	
  atoms	
  only	
  and	
  sensi;ve	
  
already	
  to	
  the	
  impact	
  of	
  one	
  or	
  a	
  few	
  atoms	
  only?	
  Because	
  we	
  
know	
  all	
  atoms	
  to	
  perform	
  all	
  the	
  ;me	
  a	
  completely	
  disorderly	
  
heat	
  mo;on,	
  which,	
  so	
  to	
  speak,	
  opposes	
  itself	
  to	
  their	
  orderly	
  
behaviour	
  and	
  does	
  not	
  allow	
  the	
  events	
  that	
  happen	
  between	
  a	
  
small	
  number	
  of	
  atoms	
  to	
  enrol	
  themselves	
  according	
  to	
  any	
  
recognizable	
  laws.”	
  	
  
	
  
Erwin	
  Schrödinger,	
  What	
  is	
  life?	
  



Birth-­‐death	
  process:	
  Protein	
  synthesis	
  and	
  degrada;on	
  	
  	
  

N	
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Stochas;c	
  Processes	
  in	
  Physics	
  and	
  Chemistry	
  (North-­‐Holland	
  Personal	
  Library)	
  by	
  N.G.	
  Van	
  Kampen	
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Stochastic solution: 

(by	
  Gabor	
  Balazsi)	
  



Stochas;c	
  simula;on:	
  Protein	
  synthesis	
  and	
  degrada;on	
  	
  
k=0.1 k=10 k=1000 

γ=ln(2)/6 

γ=ln(2)/60 

γ=ln(2)/600 

D. T. Gillespie, J. Comp. Phys. 22(4), 403-433 (1976); D. T. Gillespie, J. Phys. Chem. 81, 2340-2360 (1977) 
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Biochemical	
  reac;ons	
  in	
  the	
  cells	
  are	
  limited	
  by	
  the	
  diffusion	
  of	
  the	
  molecules.	
  







Proteins were, on average, five times more stable (median half-life of
46 h) than mRNAs (9 h) and spanned a bigger dynamic range (Fig. 2a).
Because very long (.200 h) and very short (,30 min) protein half-
lives cannot be accurately quantified from our three time points, the
true dynamic range of protein stabilities may be even higher. Notably,
we found no correlation between protein and mRNA half-lives (Fig. 2c,
R2 5 0.02, log–log scale).

Absolute mRNA and protein copy numbers
We calculated absolute cellular mRNA copy numbers based on the
number of sequencing reads in the unfractionated sample in conjunction

with information on cellular mRNA content20. Absolute protein copy
numbers can be inferred from mass spectrometry data21,22. To this end,
we used the sum of peak intensities of all peptides matching to a specific
protein. When divided by the number of theoretically observable pep-
tides, this value provides an accurate proxy for protein levels (‘intensity-
based absolute quantification’ or iBAQ, see Supplementary Methods).

Levels of detected proteins spanned more than five orders of
magnitude (Fig. 2b). Relatively few proteins had less than 100 copies
per cell, indicating that some proteins of low abundance escaped
detection. Indeed, we observed a moderate detection bias (Sup-
plementary Fig. 4) and therefore restricted our analysis to genes that
were identified at both the mRNA and protein level. In this subset,
proteins were, on average, about 2,800 times more abundant than
corresponding transcripts. Despite a huge spread, mRNA and protein
levels were clearly correlated (Fig. 2d, R2 5 0.41, log–log scale). This
correlation is considerably higher than in any previous study in mam-
mals3,4,23. An attempt to improve this correlation further by nonlinear
transformation resulted only in a marginal increase (R2 5 0.44,
Supplementary Fig. 5). It seems that for our data set, this is about
the maximum correlation between mRNA and protein that can be
achieved without additional information.

Reproducibility
To investigate the experimental noise we performed a second inde-
pendent large-scale experiment and measured mRNA and protein
levels and half-lives again. The overall correlation of half-lives and
levels between both replicates was good (Supplementary Fig. 6 and
Supplementary Table 1). Removing less-consistent data points did
not increase correlation between mRNA and protein levels or half-
lives (Supplementary Fig. 7). Thus, noise has little impact on the
observed correlation between mRNA and protein levels and half-lives.
We also validated absolute mRNA and protein copy numbers using
independent methods. For mRNA copy numbers we used the
NanoString technology, which captures and counts individual tran-
scripts without enzymatic reactions24. Correlation between sequen-
cing and NanoString data was high (r 5 0.79, see also Supplementary
Fig 8a). Absolute protein quantification was validated by spike-in
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Figure 1 | Parallel quantification of mRNA and protein turnover and levels.
a, Mouse fibroblasts were pulse labelled with heavy amino acids (SILAC, left)
and the nucleoside 4-thiouridine (4sU, right). Protein and mRNA turnover was
quantified by mass spectrometry and next-generation sequencing, respectively.
b, Mass spectra of peptides from a high- and low-turnover protein reveal

increasing heavy to light (H/L) ratios over time. c, Protein half-lives were
calculated from log H/L ratios at all three time points using linear regression.
d, Variability of linear regression slopes assessed by leave-one-out cross-
validation was small.
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Figure 2 | mRNA and protein levels and half-lives. a, b, Histograms of
mRNA (blue) and protein (red) half-lives (a) and levels (b). Proteins were on
average 5 times more stable and 2,800 times more abundant than mRNAs and
spanned a higher dynamic range. c, d, Although mRNA and protein levels
correlated significantly, correlation of half-lives was virtually absent.
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Global quantification of mammalian gene
expression control
Björn Schwanhäusser1, Dorothea Busse1, Na Li1, Gunnar Dittmar1, Johannes Schuchhardt2, Jana Wolf1, Wei Chen1

& Matthias Selbach1

Gene expression is a multistep process that involves the transcription, translation and turnover of messenger RNAs and
proteins. Although it is one of the most fundamental processes of life, the entire cascade has never been quantified on a
genome-wide scale. Here we simultaneously measured absolute mRNA and protein abundance and turnover by parallel
metabolic pulse labelling for more than 5,000 genes in mammalian cells. Whereas mRNA and protein levels correlated
better than previously thought, corresponding half-lives showed no correlation. Using a quantitative model we have
obtained the first genome-scale prediction of synthesis rates of mRNAs and proteins. We find that the cellular abundance
of proteins is predominantly controlled at the level of translation. Genes with similar combinations of mRNA and protein
stability shared functional properties, indicating that half-lives evolved under energetic and dynamic constraints.
Quantitative information about all stages of gene expression provides a rich resource and helps to provide a greater
understanding of the underlying design principles.

The four fundamental cellular processes involved in gene expression
are transcription, mRNA degradation, translation and protein degra-
dation. It is now clear that each step of this cascade is controlled by
gene-regulatory events1,2. Although each individual process has been
intensively studied, little is known about how the combined effect of all
regulatory events shapes gene expression. The fundamental question of
how genomic information is processed at different levels to obtain a
specific cellular proteome has therefore remained unanswered.

With regard to a quantitative description of gene expression,
numerous previous studies comparing mRNA and protein levels con-
cluded that the correlation is poor3,4. However, the available data
suffer from several limitations. Most studies are limited to a few
hundred genes, mainly due to the technical challenges involved in
large-scale protein identification and quantification. Also, protein
levels measured in one experiment are typically compared to
mRNA levels determined in a different experiment performed at a
different time in a different laboratory, making it difficult to interpret
why the correlation is low. Finally, mRNA and protein levels result
from coupled processes of synthesis and degradation. Therefore, ana-
lysis of mRNA and protein levels alone cannot provide sufficient
information to understand gene expression comprehensively.
mRNA and protein turnover can be measured with drugs to inhibit
transcription or translation5,6, but this has severe side effects. Studies
based on artificial fusion proteins are problematic because tagging can
affect protein stability7.

To overcome these limitations we sought to quantify cellular mRNA
and protein expression levels and turnover in parallel in a population
of unperturbed mammalian cells. Pulse labelling with radioactive
nucleosides or amino acids is regarded as the gold standard method
to determine mRNA and protein half-lives. Recently, variants of this
approach based on non-radioactive tracers have been established8–10.
In stable isotope labelling by amino acids in cell culture (SILAC), cells
are cultivated in a medium containing heavy stable-isotope versions of
essential amino acids11. When non-labelled (that is, light) cells are
transferred to heavy SILAC growth medium, newly synthesized proteins
incorporate the heavy label while pre-existing proteins remain in the

light form. This strategy can be used to measure protein turnover12–14 or
relative changes in protein translation15,16. Similarly, newly synthesized
RNA can be labelled with the nucleoside analogue 4-thiouridine (4sU).
4sU-containing mRNA can be purified and compared with the pre-
existing fraction to compute mRNA half-lives10.

Pulse labelling of proteins and mRNAs
We used parallel metabolic pulse labelling with amino acids and 4sU
to measure simultaneously protein and mRNA turnover in a popu-
lation of exponentially growing non-synchronized NIH3T3 mouse
fibroblasts (Fig. 1a). Protein samples were collected at three time
points, measured by liquid chromatography and online tandem mass
spectrometry (LC-MS/MS) and analysed with the MaxQuant soft-
ware package17. We identified 84,676 peptide sequences and assigned
them to 6,445 unique proteins (false discovery rate ,1% at the peptide
and protein level). A total of 5,279 of these proteins was quantified by
at least three heavy to light (H/L) peptide ratios (Fig. 1b). Tissue-
specific amino acid precursor pools and recycling rates, a pervasive
problem for in vivo pulse labelling experiments9,18,19, did not appre-
ciably affect our results (Supplementary Fig. 1). For constant incorp-
oration rates the logarithm of H/L ratios should increase linearly with
time (Fig. 1c). Ninety-three per cent of proteins showed excellent
linear correlation indicated by a variability of the linear regression
slope smaller than 1% (Fig. 1d). Protein abundance did not influence
H/L ratio measurements (Supplementary Fig. 2). In total, we obtained
a confident set of 5,028 protein half-lives calculated from the slope of
the regression line. Cycloheximide chase experiments for selected
proteins spanning a representative range of half-lives agreed well with
half-lives determined by pulsed labelling and mass spectrometry
(Supplementary Fig. 3). In parallel, we pulse labelled newly synthe-
sized RNA for 2 h with 4sU. RNA samples were fractionated into the
newly synthesized and pre-existing fractions. Both fractions and the
total RNA sample were analysed by mRNA sequencing and quantified
by mapping reads to their exonic region20. We calculated mRNA half-
lives based on the ratios of newly synthesized RNA/total RNA ratio
and the pre-existing RNA/total RNA10.

1Max Delbrück Center for Molecular Medicine, Robert-Rössle-Str. 10, D-13092 Berlin, Germany. 2MicroDiscovery GmbH, Marienburger Str. 1, D-10405 Berlin, Germany.
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copy experiments. Until recently it was extremely difficult
to measure protein movement in live cells, much less
dissect the assembly of macromolecular complexes. Fortu-
nately this all changed with the green fluorescent protein
(GFP) revolution and the availability of high-end commer-
cial fluorescence microscopes. Now such measurements are
fairly common. Central to this development has been the
use of fluorescence recovery after photobleaching (FRAP).
In these experiments, a region of a cell expressing a
fluorescently labeled protein is photobleached via a strong
and brief laser pulse. The recovery of fluorescence within
the photobleached region is then quantified as a function of
time. From these measurements it is possible to determine
the mobility of proteins in their native environment, in
particular their diffusion coefficients and binding times
(Mueller et al. 2010).

Early on it became clear that the results of these new
experiments did not agree with the classic paradigm for
assembly. For example, if the transcription machinery is
stable, then each subunit should have a fairly slow FRAP
recovery lasting for minutes or more. In contrast, most
transcription factors exhibit rapid FRAP recoveries lasting
just a few seconds in live cells (Hager et al. 2009).
Likewise, depending on the cell and/or tissue type, key
components of the PIC, such as TFIIB (Chen et al. 2002),
TFIIH (Hoogstraten et al. 2002), TFIID TAFs (de Graaf et
al. 2010), and TBP (Sprouse et al. 2008), recover in a
matter of seconds, as can certain other preinitiation factors
(Dundr et al. 2002). Even the core subunits of the
polymerase display biphasic FRAP recoveries (Kimura et

al. 2002; Dundr et al. 2002; Darzacq et al. 2007; Yao et al.
2007), indicating a slow binding state attributed to
elongation/pausing as well as a fast state that is regulated
throughout the cell cycle (Gorski et al. 2008) and attributed
to initiation binding kinetics (Kimura et al. 2002; Dundr et
al. 2002; Darzacq et al. 2007). Considering the now large
body of FRAP studies of transcription associated mole-
cules, rapid binding appears common, even though most
factors were predicted to be slow (see Table 1).

In spite of these rapid dynamics, the new data could still
be consistent with the biochemical notion of a stable
preformed complex or “holoenzyme” (Kimura et al. 1999)
containing RNA polymerase and other factors that tran-
siently bind chromatin as a whole. In this case, subunits of
the preformed complex should at least exhibit the same FRAP
recovery rates. In contrast to this simple model, however,
different subunits appear to recover with different kinetics. For
example, in mammalian cells, TFIIH (Hoogstraten et al. 2002)
and TFIIB (Chen et al. 2002) recover much more quickly
than the core subunits of RNA polymerase II (Kimura et al.
2002), and even the core subunits of RNA polymerase I in
humans (Dundr et al. 2002) and RNA polymerase II in yeast
(Sprouse et al. 2008) can recover with different kinetics from
one another.

Thus, the in vivo fluorescence microscopy data argue
against stable complexes, but could assembly of these
unstable complexes still be sequential as predicted by the
classic paradigm? In this case, one would expect the
subunits to bind in a specific order, albeit quickly. Since
most factors recover with variable kinetics, the consensus

Fig. 1 Two models for assem-
bly: a According to biochemis-
try, macromolecular complexes
such as the transcription ma-
chinery are stable and assemble
in a sequential fashion. b
According to live-cell micros-
copy, these complexes are un-
stable and assemble in a more
random fashion using multiple
assembly pathways. The glow-
ing light bulb shape represents a
fluorescent label such as GFP.
The helix shape represents the
DNA-binding substrate
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Abstract The assembly of the transcription machinery is a
key step in gene activation, but even basic details of this
process remain unclear. Here we discuss the apparent
discrepancy between the classic sequential assembly model
based mostly on biochemistry and an emerging dynamic
assembly model based mostly on fluorescence microscopy.
The former model favors a stable transcription complex
with subunits that cooperatively assemble in order, whereas
the latter model favors an unstable complex with subunits
that may assemble more randomly. To confront this
apparent discrepancy, we review the merits and drawbacks
of the different experimental approaches and list potential
biasing factors that could be responsible for the different
interpretations of assembly. We then discuss how these
biases might be overcome in the future with improved
experiments or new techniques. Finally, we discuss how
kinetic models for assembly may help resolve the ordered
and stable vs. random and dynamic assembly debate.

Abbreviations
PIC Preinitiation complex
ChIP Chromatin immunoprecipitation
GFP Green fluorescent protein
FRAP Fluorescence recovery after photobleaching
FLIP Fluorescence loss in photobleaching
FCS Fluorescence correlation spectroscopy

SMT Single-molecule tracking
Fabs Antigen binding fragments
FCCS Fluorescence cross-correlation spectroscopy
MFPT Mean first passage time
SPM Surface plasmon resonance
TIRFM Total internal reflection fluorescence microscopy

Introduction

The transcription machinery performs one of the cell's most
fundamental tasks: transcribing DNA into RNA. To do this,
it must self-assemble at specific chromatin sites on demand.
This requires the coordinated movement of many large
subunits, including RNA polymerase, the basal transcrip-
tion factors, as well as necessary cofactors and chromatin
remodelers. How assembly is regulated in the nucleus
remains a key question for the postgenomic era. Although
we now have a catalog of the main subunits (Roeder 1996;
Conaway and Conaway 1993) and highly resolved struc-
tures depicting them fully assembled and even in action
(Kornberg 2007; Hahn 2004), it remains a great mystery
how they were put together in the first place.

Traditionally the assembly of the transcription machinery
has been thought of as an ordered process guided by
cooperative interactions. The elucidation of this process has
taken many researchers many years (Agalioti et al. 2000;
Buratowski 1994; Lemon and Tjian 2000). In the classic
biochemical model, subunits of the transcription machinery
are thought to arrive in sequence to form a stable,
functional end product. This straightforward picture is
complicated, however, by the fact that assembly occurs on
a dynamic chromatin template, requires a large number of
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While most biochemical studies are consistent with
sequential and stable assembly models, a subset of these
studies on the transcriptionmachinery have provided evidence
for more dynamic assembly, at least in some species and at
some promoters. In particular, a natural TATA-less mouse
promoter (DHFR) does not exhibit facilitated reinitiation
(Yean and Gralla 1997), and the RNA polymerase II complex
from Drosophila embryo extracts seems to fully assemble
and disassemble after each round of transcription (Kadonaga
1990). Precisely when and how disassembly occurs is
therefore debatable. In theory, cooperative, sequential bind-
ing of subunits should result in a “first-on/last-off” assembly/
disassembly model, but this may not be universally true;
TFIIIC, for example, binds early on, but is apparently
displaced once RNA polymerase III binds (Roberts et al.
2003). Biochemical and genetic evidence from several

different systems also indicates that some subunits of the
transcription machinery can be evicted, replaced, and/or
disassembled by cellular regulatory factors such as the
proteasome (Collins and Tansey 2006; Daulny et al. 2008),
chromatin remodelers (Nagaich et al. 2004), and molecular
chaperones (Freeman and Yamamoto 2002). Thus, some
number of biochemical studies have suggested that the
transcription machinery is more dynamic than the classic
sequential assembly model would predict.

Random assembly of a dynamic complex:
the fluorescence microscopy paradigm

The notion of a highly dynamic transcription complex has
been strongly reinforced by live-cell fluorescence micros-

Table 1 Comparing biochemical measurements of transcription machinery binding times with live-cell microscopy measurements

Estimated binding times (min) Complex 
ypocsorcimlleceviLyrtsimehcoiB

TFIIA:DNA 1-21 [toff, TIRFM-array, yeast] 
(Bonham et al, 2009) 

TFIIB:DNA 4-260 [toff, TIRFM-array, yeast] 
(Bonham et al, 2009) < 0.02 [t1/2, FRAP, yeast] 

(Sprouse et al, 2008)

65-100 
[t1/2, TATA box, band 

shift, yeast] 
(Hoopes et al, 1992) 

< 0.02 [t1/2, FRAP, yeast] 
(Sprouse et al, 2008) 

7-327 [toff, TIRFM-array, yeast] 
(Bonham et al, 2009) ~1  [t1/2, FRAP, human] 

(Chen et al, 2002) 
TBP:DNA 

~37 / ~63 / 
~80 

[ton+off, Pol II / III / I DNA, 
ChIP, yeast] 

(van Werven et al, 2009) 
1.7 - 2.8 [toff, FRAP, human] 

(de Graaf et al, 2010) 

0.02-0.03 [t1/2, FRAP, mouse] 
(Sung et al, 2009) NF-ΚΒ:DNA 3-7 [toff, SPM, human] 

(Linnell et al, 2004) 
< 0.3 [toff, p65, FLIP, human] 

(Bosisio et al, 2006) 

~1.5 / ~77 

[toff, monomer / dimer, 
band shift, rat] 

(Lieberman & Nordeen, 
1997) 

0.01 – 0.03 [toff, FRAP/FCS, mouse] 
(Stasevich et al, 2010) 

GR:DNA 

~ 151 [toff, DNAse footprint, rat] 
(Perlmann et al, 1990) 

0.05 [toff, FRAP, mouse] 
(Mueller et al, 2008) 

SWI/SNF : 
chromatin > 30 [toff, comp. exp., yeast] 

(Hassan et al, 2002) 
0.17 [t1/2, FRAP, mouse] 

(Johnson et al, 2008) 

~ 250 
[toff, SPM, yeast] 

(Shumaker-Parry et al, 
2004) Gal4:DNA 

~ 15 [ton+off, ChIP, yeast] 
(Nalley et al, 2009)

TFIIE:Pol II ~ 4.8 [toff, SPM, yeast] 
(Bushnell et al, 1996) 

TFIIF:Pol II ~ 3.7 [toff, SPM, yeast] 
(Bushnell et al, 1996) 

TFIIB:Pol II ~ 44 [toff, SPM, yeast] 
(Bushnell et al, 1996) 

The colored columns provide study details, including the binding measurement variable (toff = binding residence time, ton+off = binding turnover
time, t1/2=half time for competitive exchange, FRAP recovery, or FLIP loss), details of the binding interaction (only listed if specific rather than
mixed or nonspecific), the binding assay, the origin of the complex examined, and the relevant citation
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ment time of the 10th subunit will fall in between the purely
random and purely sequential extremes. Depending on how
close it falls to the extremes, it should be possible to
quantify a “degree” of assembly randomness. This would
be a practical quantity to compare assembly strategies in
different cell types and at different promoters. It would also
help identify good candidate models from the huge pool of
possible models.

One assembly model that mixes random and sequen-
tial strategies has recently gained traction in the DNA
repair field (Luijsterburg et al. 2010). The model is based
on the concept of kinetic proofreading (Hopfield 1974)
and explains the apparently conflicting slow accumulation
yet rapid binding of subunits of the DNA repair machinery
to sites of DNA damage (Luijsterburg et al. 2010; Dinant
et al. 2009). The model includes six sequential irreversible
steps: DNA damage recognition, partial and complete
DNA unwinding, incision, resynthesis, and rechromatini-
zation. Each of these steps is carried out via the random
assembly of different sets of subunits. The entire process
is highly specific since each step requires the simultaneous
binding of many dynamic factors at a single site. The
probability for this to occur is only significant at bona fide
DNA damage sites, where specific binding sites exist for

all of the factors involved. This is the essence of kinetic
proofreading. Once the right set accumulates at the right
time, the repair process is ratcheted one step closer to
completion via an irreversible enzymatic reaction. Since
this mixed model involves a sequence of miniassembly
events that are each purely random, the entire process can
be thought of as a series of linked kinetic chains that could
be quantified using MFPTs.

It remains to be seen whether or not the kinetic
proofreading model underlies the assembly of the transcrip-
tion machinery. The transcription machinery shares subunits
with the repair machinery, so it is certainly possible that a
similar assembly strategy is employed by both. In the case of
the transcription machinery, the irreversible steps might be
(1) promoter recognition, (2) chromatin remodeling, (3) PIC
assembly, (4) initiation, and (5) active elongation. The timing
of these transcription signposts in live cells will be
interesting to measure. According to the kinetic proofreading
model, each of these steps requires some time since each
occurs through the chance encounter of multiple subunits.
The fact that mRNA can appear within seconds of chromatin
remodelers and/or gene activators at some strong promoters
(Rafalska-Metcalf et al. 2010) places severe constraints on
the kinetic proofreading model, however, since this would
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Mean first passage time for 
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Fig. 3 Kinetic chain model for assembly. In the most general
assembly model involving N components (either individual subunits
or preformed subcomplexes), there are 2N assembly states and N2N−1

association constants. In the kinetic chain model of assembly, this is
reduced to just 2N parameters representing forward (fn) and backward
(bn) transitions between complexes with n bound subunits. In this
simplified model, the mean time T(M) to first form a complex with M
of N subunits assembled, referred to as the MFPT, can be explicitly
written in terms of fn and bn, which themselves depend on the subunit

binding on and off rates, kn,on and kn,off, respectively, with n ranging
from 0 to N. In this model, when α=1 assembly is random and when
α=0 assembly is sequential. The figure on the left illustrates the
simplified kinetic chain model (top of panel) for the general assembly
model (bottom of panel) for N=4 subunits. All paths are used in a
random assembly strategy, but only one path (thick orange) is used in
a sequential assembly strategy. The graph on the right compares the
random (α=1) and sequential (α=0) MFPTs for a complex with N=10
subunits with kn, on=1/10 s−1 and kn, off=1/50 s
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Protein Dynamics: Implications for Nuclear
Architecture and Gene Expression

Tom Misteli

Studies of nuclear architecture reveal that the dynamic properties of proteins in the
nucleus are critical for their function. The high mobility of proteins ensures their
availability throughout the nucleus; their dynamic interplay generates an ever-
changing, but overall stable, architectural framework, within which nuclear processes
take place. As a consequence, overall nuclear morphology is determined by the
functional interactions of nuclear components. The observed dynamic properties of
nuclear proteins are consistent with a central role for stochastic mechanisms in gene
expression and nuclear architecture.

Gene expression is a multistep process
involving chromatin remodeling, tran-
scription, RNA processing, RNA ex-

port, and translation in the cytoplasm. Each
of these steps is carried out by highly special-
ized, elaborate machinery, typically consist-
ing of tens or hundreds of components. How
these processing complexes form at the right
time and in the right place and how gene
expression is integrated into the architectural
framework of the cell nucleus are fundamen-
tal, unanswered questions in biology.

One can envisage conceptually different
ways of how genes are expressed in the nu-
cleus. The mere presence of substrates—
DNA and RNA—and the processing factors
that act on them may be sufficient for “things
to just happen.” Alternatively, in analogy to
the compartmentalized organization of the
cytoplasm, the existence of numerous in-
tranuclear compartments suggests that partic-
ular processes occur in specific locations
within the nucleus. To distinguish between
these extremes, it is crucial that the basic
biophysical properties of the nucleus and its
components are determined. How crowded is
the nucleus? How do proteins and RNAs
move in the nucleus? How do proteins find
their targets? How are nuclear compartments
formed and maintained? How does nuclear
structure affect gene expression? Recent ex-
periments have answered some of these long-
standing questions. What we find is an in-
triguing, somewhat provocative, and elegant
new view of the cell nucleus.

Looking into the Nucleus with New Tools
Much of what we know about the nucleus
comes from microscopy studies, because the
organelle does not lend itself easily to bio-
chemical analysis. DNA in the form of chro-

matin is organized in distinct chromosome
territories (1), and many proteins exist in a
soluble pool in the nucleoplasm, but also in a
more insoluble fraction associated with dis-
tinct intranuclear compartments (2–4 ) (Fig.
1). Morphologically well characterized nu-
clear compartments include the nucleolus (5,
6 ), the splicing factors compartments (3, 4 ),
and the large family of small nuclear foci,
including the Cajal body (CB) (7 ) and the
promyelocytic leukemia (PML) body (8)
(Fig. 1). With the exception of the nucleolus,
which represents the site of ribosomal RNA
(rRNA) transcription, the functions of these
compartments have remained largely elusive.
The development of in vivo microscopy tech-
niques using genetically encoded fluorescent
tags has opened the door to probe nuclear
architecture and function in living cells (9,
10). These powerful methods have recently
been combined with photobleaching tech-
niques such as FRAP, allowing one for the
first time not only to visualize protein dynam-
ics, but in combination with kinetic model-
ing, to quantitatively determine biophysical
properties of nuclear proteins in intact cells

(Fig. 2). These experiments have given im-
portant new insights into nuclear architecture
and function.

Proteins Roam the Cell Nucleus
Considering the high DNA content and the
large amounts of RNAs and proteins, one
might intuitively think of the nucleus as a
viscous, gel-like environment. If this were
true, the movement of proteins within the
organelle might be severely restricted and
specific transport mechanisms might be re-
quired to deliver proteins to their destina-
tions. Photobleaching experiments have now
shown that many proteins are highly mobile
within the nucleus. The difference between
the diffusional mobility of nonphysiological
solutes in the nucleus compared with an
aqueous solution is only about fourfold (11,
12), and fluorescently tagged, biologically
active proteins move rapidly throughout the
nucleus (13–18). The fact that proteins in-
volved in diverse nuclear functions such as
chromatin remodeling, transcriptional activa-
tion, pre-mRNA splicing, rRNA processing,
and DNA repair move rapidly in vivo sug-
gests that high mobility is a general feature of
proteins in the mammalian cell nucleus.

Nuclear mobility of proteins is energy-
independent and therefore likely occurs by a
diffusion-based, passive, nondirected mecha-
nism (14, 17, 18) (Fig. 3A). This observation
does not rule out that some proteins, or frac-
tions of a protein population, are transported
by active, directed mechanisms. However,
active transport mechanisms might not be
necessary, because diffusion is a very effec-

National Cancer Institute, Bethesda, MD 20892–5002,
USA. E-mail: mistelit@mail.nih.gov

Fig. 1. Nuclear com-
partments. The nucleus
contains morphological-
ly defined compart-
ments. (A) The nucleolus
(blue) represents the site
of ribosomal gene tran-
scription and rRNA pro-
cessing. It is formed by
the coalescence of mul-
tiple chromosomes con-
taining ribosomal genes
in the nuclear space. A
different type of com-
partment is formed by
members of a family of small nuclear foci, represented by the Cajal bodies (yellow). The function of these
nuclear foci is unclear. (B) Pre-mRNA splicing factors are concentrated in splicing factor compartments, or
speckles (purple), which serve as assembly and/or recycling sites for spliceosomal components. Images of
living cells expressing green fluorescent protein (GFP)–fusion proteins are shown.
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chromatin remodeling, transcriptional activa-
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gests that high mobility is a general feature of
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independent and therefore likely occurs by a
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nism (14, 17, 18) (Fig. 3A). This observation
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by E. coli in response to oxidative stress of a
Mn-dependent paralog to the constitutively ex-
pressed, Fe-dependent superoxide dismutase
(30). Examination of the reactivity of the dis-
tinctive Mn/Fe cofactor toward these oxidants
may thus provide a biochemical rationale for
its evolution.
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Probing Transcription Factor
Dynamics at the Single-Molecule
Level in a Living Cell
Johan Elf,1* Gene-Wei Li,2* X. Sunney Xie1†

Transcription factors regulate gene expression through their binding to DNA. In a living Escherichia
coli cell, we directly observed specific binding of a lac repressor, labeled with a fluorescent protein,
to a chromosomal lac operator. Using single-molecule detection techniques, we measured the
kinetics of binding and dissociation of the repressor in response to metabolic signals. Furthermore,
we characterized the nonspecific binding to DNA, one-dimensional (1D) diffusion along DNA
segments, and 3D translocation among segments through cytoplasm at the single-molecule level.
In searching for the operator, a lac repressor spends ~90% of time nonspecifically bound to and
diffusing along DNA with a residence time of <5 milliseconds. The methods and findings can be
generalized to other nucleic acid binding proteins.

In all kingdoms of life, transcription factors
(TFs) regulate gene expression by site-
specific binding to chromosomal DNA, pre-

venting or promoting the transcription by RNA
polymerase. The lac operon of Escherichia coli,
a model system for understanding TF-mediated
transcriptional control (1), has been the subject
of extensive biochemical (2–4), structural (5),
and theoretical (6, 7) studies since the seminal
work by Jacob and Monod (8). However, the in

vivo kinetics of the lac repressor, and all other
TFs, has only been studied indirectly by
monitoring the regulated gene products. Tradi-
tionally, this was done on a population of cells
(9), in which unsynchronized gene activity
among cells masks the underlying dynamics.
Recent experiments on single cells allow
investigation of stochastic gene expression
(10–15). However, direct observation of TF-
mediated gene regulation (16) remains difficult,
because it often involves only a few copies of
TFs and their chromosomal binding sites. Here
we report on a kinetics study of how fast a lac
repressor binds its chromosomal operators and
dissociates in response to a metabolic signal in a
living E. coli cell.

Single-molecule detection also makes it pos-
sible to investigate how a TF molecule searches
for specific binding sites on DNA, a central
question in molecular biology. Target location
by TFs (and most nucleic acid binding proteins)
is believed to be achieved by facilitated dif-
fusion, in which a TF searches for specific bind-
ing sites through a combination of one-dimensional
(1D) diffusion along a short DNA segment and
3D translocation among DNA segments through
cytoplasm (17). However, real-time observation
in living cells has not been available because of
technical difficulties. Here we report on such an
investigation, providing quantitative information
of the search process.

The lac repressor (LacI) is a dimer of dimers.
Under repressed conditions one dimer binds the
major lac operator, O1, and the other dimer binds
one of the weaker auxiliary operators, O2 or O3
(18) (Fig. 1A). LacI binding to O1 prevents RNA
polymerase from transcribing the lac operon
(lacZYA). Upon binding of allolactose, an
intermediate metabolite in the lactose pathway,
or a nondegradable analog, such as IPTG
(isopropyl b-D-1-thiogalactopyranoside), the
repressor’s affinity for the operator is sub-
stantially reduced to a level comparable to that
of nonspecific DNA interaction (19).

To image the lac repressor, we expressed it
from the native chromosomal lacI locus as a
C-terminal fusion with the rapidly maturing (~7
min) yellow fluorescent protein (YFP) Venus
(A206K) (15, 20) (Fig. 1A). The short maturation
time prevents the lac operator sites from being
occupied by immature fusion proteins. The C-
terminal fusion avoids interference with the N-
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use here) can accurately capture differences between study
groups, even when cell populations are biologically heteroge-
neous, it is particularly important to minimize assay-related
(technical) variation or noise. To that end, we developed a
rigorous methodology for performing quantitative immunoas-
says on this platform.

Our work extends past studies and protocol papers in a
number of important ways. First, we present a method for
qualification of primers, which accounts not only for the
efficiency of cDNA amplification (Citri et al., 2012), but also
for the wide variation in initial template (mRNA) levels that
is observed across genes associated with immunity. Second,
we demonstrate at the single-cell level that primer competition
is not an appreciable problem in this highly multiplexed
system. Third, we define the number of initial cDNA synthesis
(“pre-amplification”) cycles that distributes template equally

into all 96 microfluidic channels of the BioMark™ chip; past
studies employ anywhere from 15 to 22 cycles without
providing data to substantiate the choice (Guo et al., 2010;
Marro et al., 2011). Finally, we demonstrate how sensitive the
technology is, and describe a number of ways it can be
employed in immune monitoring.

These studies demonstrate the exquisite sensitivity of
multiplexed qPCR as a tool for single-cell analysis, and highlight
the need for careful optimization studies. Standard qPCR and
microarray technologies are highly dependent on the quality of
an initial RNA isolation step, and typically require substantially
more starting material (microgram quantities of RNA). In
contrast, for our experiments, flow cytometric sorting deposits
single cells directly into reaction wells and the resulting
material (picogram quantities of RNA) is directly reverse-
transcribed and amplified before transfer into the analysis chip
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Highly multiplexed, single-cell technologies reveal important heterogeneity within cell popula-
tions. Recently, technologies to simultaneously measure expression of 96 (or more) genes from a
single cell have been developed for immunologic monitoring. Here, we report a rigorous,
optimized, quantitative methodology for using this technology. Specifically: we describe a unique
primer/probe qualification method necessary for quantitative results; we show that primers do
not compete in highlymultiplexed amplifications;we define the limit of detection for this assay as
a single mRNA transcript; and, we show that the technical reproducibility of the system is very
high. We illustrate two disparate applications of the platform: a “bulk” approach that measures
expression patterns from 100 cells at a time in high throughput to define gene signatures, and a
single-cell approach to define the coordinate expression patterns of multiple genes and reveal
unique subsets of cells.

Published by Elsevier B.V.
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1. Introduction

Cellular processes require the intricate coordination of
expression of many gene products. Increasingly, our under-
standing of complex biologic systems depends on the ability to
distinguish the genes critical in a cellular process from the
myriad of other expressed transcripts. Determining the coordi-
nate expression patterns for multiple genes uniquely defines
cellular (and pathophysiological) states than cannot be achieved
by measuring a single marker (Seder et al., 2008; Bedognetti et
al., 2010). For these reasons, there is a need for methods that
simultaneously measure many gene transcripts from a single
cell.

Since its introduction over ten years ago, microarray
technology has been used in a wide variety of settings

(Shaffer et al., 2001; Caskey et al., 2011; Reddy et al., 2012) to
identify gene signatures that describe cellular, disease, or
vaccine processes. The power of microarrays lies in the high
degree of multiplexing: more than 40,000 gene transcripts
are analyzed from a single sample. However, typical methods
require large numbers of cells (on the order of 106) or
substantial nonlinear pre-amplification, limiting the sensi-
tivity and utility of this technology. Importantly, information
is lost about coordinate regulation of genes within a cell.

A system that combines the sensitivity and utility of
single-cell qPCR with the multiplexed capabilities of micro-
array analyses is therefore valuable. The Fluidigm Dynamic
Array (or BioMark™ system) for single-cell gene expression
was recently developed to address this need; the assay is
performed on 96 samples simultaneously, and can measure
96 (or more) genes on each sample. It has been used recently
in disparate biological settings (Flatz et al., 2011; Narsinh et
al., 2011b; Citri et al., 2012); however, methodologic details
for optimal and quantitative application of this technology
have not been detailed.

Journal of Immunological Methods 391 (2013) 133–145
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rigorous methodology for performing quantitative immunoas-
says on this platform.
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qualification of primers, which accounts not only for the
efficiency of cDNA amplification (Citri et al., 2012), but also
for the wide variation in initial template (mRNA) levels that
is observed across genes associated with immunity. Second,
we demonstrate at the single-cell level that primer competition
is not an appreciable problem in this highly multiplexed
system. Third, we define the number of initial cDNA synthesis
(“pre-amplification”) cycles that distributes template equally

into all 96 microfluidic channels of the BioMark™ chip; past
studies employ anywhere from 15 to 22 cycles without
providing data to substantiate the choice (Guo et al., 2010;
Marro et al., 2011). Finally, we demonstrate how sensitive the
technology is, and describe a number of ways it can be
employed in immune monitoring.

These studies demonstrate the exquisite sensitivity of
multiplexed qPCR as a tool for single-cell analysis, and highlight
the need for careful optimization studies. Standard qPCR and
microarray technologies are highly dependent on the quality of
an initial RNA isolation step, and typically require substantially
more starting material (microgram quantities of RNA). In
contrast, for our experiments, flow cytometric sorting deposits
single cells directly into reaction wells and the resulting
material (picogram quantities of RNA) is directly reverse-
transcribed and amplified before transfer into the analysis chip
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Transcriptome profiling of single cells resident in their natural 
microenvironment depends upon RNA capture methods that 
are both noninvasive and spatially precise. We engineered 
a transcriptome in vivo analysis (TIVA) tag, which upon 
photoactivation enables mRNA capture from single cells in live 
tissue. Using the TIVA tag in combination with RNA sequencing 
(RNA-seq), we analyzed transcriptome variance among single 
neurons in culture and in mouse and human tissue in vivo. 
Our data showed that the tissue microenvironment shapes 
the transcriptomic landscape of individual cells. The TIVA 
methodology is, to our knowledge, the first noninvasive 
approach for capturing mRNA from live single cells in their 
natural microenvironment.

Multicellular organisms are composed of a myriad of cells that 
are categorized into different types based on phenotypic traits. 
However, even cells of seemingly the same type are not identical 
at the molecular level1–3 and demonstrate heterogeneity among  
their expressed mRNAs and proteins, which can be influenced 
by cellular stimulation. Most knowledge about variability in 
gene expression has been extracted from studies using single-
cell organisms or cells naturally occurring in suspension4–7. It 
is unknown whether processes that govern variability in gene 
expression in unicellular organisms can be extrapolated to the 
cells of multicellular organisms. Notably, the tissue microenvi-
ronment can be considerably diverse, and it is expected that with 
extracellular heterogeneity comes heterogeneity in gene expres-
sion. Therefore, tools for investigation of the transcriptome 
from single cells in tissue provide a unique opportunity to assess  
heterogeneity in mammalian cells and its biological importance.

RNA-seq is a tool for exploring a single cell’s pool of mRNA 
at unprecedented depth and detail. However, isolating mRNA 
from single cells is technically challenging, especially for cells in 
complex tissues such as the brain. Existing methods for isolating 
mRNA from populations of living cells, including neurons8–10,  

Transcriptome in vivo analysis (TIVA) of spatially 
defined single cells in live tissue
Ditte Lovatt1,6, Brittani K Ruble2,6, Jaehee Lee1, Hannah Dueck3, Tae Kyung Kim1, Stephen Fisher3,  
Chantal Francis3, Jennifer M Spaethling1, John A Wolf4, M Sean Grady4, Alexandra V Ulyanova4,  
Sean B Yeldell2, Julianne C Griepenburg2, Peter T Buckley1, Junhyong Kim3,5, Jai-Yoon Sul1,  
Ivan J Dmochowski2,7 & James Eberwine1,5,7

rely on sorting cells in suspension from acutely dissociated  
tissues, in which information about cell morphology and the 
microenvironment is lost, and where cell variability is masked 
by the averaging effect11. Other methods, such as laser capture 
microdissection and patch-pipette aspiration12,13, can be used to 
isolate single cells in tissue, but both approaches have limitations, 
including potential RNA contamination from other cells in inci-
dental contact with the patch pipette. Furthermore, the former is 
performed on fixed tissue, and the latter prompts concern about 
transcriptional changes associated with mechanical injury during 
the isolation of RNA14. Hence, an mRNA capture methodology 
with high spatial resolution and that is compatible with live, intact 
tissue would be a useful tool to explore the transcriptomes of 
single cells in their natural microenvironment.

Here we describe a method for isolating mRNA from a single 
cell in complex tissues using a photoactivatable mRNA capture  
molecule called the TIVA tag. We demonstrate the utility of the 
TIVA tag in both cell culture and brain tissue for capture of single-
cell mRNA for subsequent RNA-seq transcriptome analysis. We 
apply this approach to study the unique transcriptional landscape 
of single neurons in vivo and how their transcriptomes differ  
fundamentally from those of cells in culture.

RESULTS
The TIVA tag captures cellular mRNA upon photoactivation
To perform transcriptome analysis of individually selected cells 
in intact tissue, we engineered a multifunctional photoactivatable 
mRNA capture molecule that we named the TIVA tag. When 
added to tissue, the tag penetrates the cell membrane by vir-
tue of a disulfide-linked cell-penetrating peptide (CPP; Fig. 1);  
CPPs have been used to transport a variety of biomolecules 
into cells in vitro and in vivo15–18. We incorporated a pair of 
fluorophores that provide a fluorescence resonance energy 
transfer (FRET) signal to the caged TIVA tag to allow visualiza-
tion of the uptake of the TIVA tag as well as uncaging in cells. 
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tissue. Using the TIVA tag in combination with RNA sequencing 
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natural microenvironment.
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single neurons in tissue. This is about 30% lower than for single  
neurons in culture, which expressed 16,463 genes (this is distinct 
from the average shown in Fig. 3e), but is in line with previous 
reports of freshly dissociated and acutely isolated pools of neu-
rons expressing on average ~10,000 transcripts when assessed 
by microarray analysis (Fig. 4e)8–10. Despite these differences, 
the majority of these genes (~98%) were expressed in both con-
texts. Among the remaining genes, 293 were specific to the tissue 
context and 4,619 were only seen in culture (Supplementary 
Table 3). Shared genes were highly expressed in both contexts 
(1,650 average reads in tissue and 997 average reads in culture), 
which may indicate that these are genes with more ubiquitous  

or general function, whereas the average read counts for  
non-overlapping genes were lower, with 42 reads on average in 
both tissue and culture contexts.

We evaluated whether the TIVA approach can be used to 
isolate full-length mRNAs with sufficient 5 -3  coverage after 
amplification. To characterize 5 -end transcript coverage in TIVA 
tag–collected samples, we calculated the fraction of expressed 
genes with reads aligning to the 5 -most 250 bases. We found that  
on average 24% of the expressed genes in TIVA tag–collected 
samples demonstrated coverage at the 5  end after three rounds of 
aRNA amplification. Even long transcripts of several thousands of  
nucleotides had read coverage over the entire length of the mRNA 

a

c

Load tissue Photoactivate
single cell

FRET
validation

Pipette
tissue

collection

TIVA
tag–mRNA

isolation

b

e

d

Cy3

Cy5

Before

0

40

80

120

0 11.7 23.4
0

40

80

120

0 11.7 23.4
Distance (µm)

F
lu

or
es

ce
nc

e
in

te
ns

ity
 (

a.
u.

)

After

i
ii

i ii

Cy5
Cy3

i ii

i
ii

Distance (µm)

0 5 10 15
Normalized reads

(log2)

Cd34
Cdh5
Enpp6
Mog
Sox10
Mbp
Cnp
P2ry12
P2rx7
Pdgfra
Nes
Cspg4
Ascl1
Gfap
Tnc
S100b
Slc14a1
Gjb6
Neurod6
Slc12a5
Syt1
Snap25
Eno2
Gad1
Syn1
Grin2b
Grin2a
Tuba1b
Tuba1a
Elavl4
Mtap2

Hipp
oc

am
pa

l

tis
su

e

Hipp
oc

am
pa

l

sin
gle

 ne
ur

on
s

co
lle

cte
d u

sin
g

TIV
A ta

g

Neuronal
markers

Glial,
progenitor 
or vascular

markers

S
in

gl
e-

ce
ll

T
IV

A
 c

ul
tu

re
W

ho
le

tis
su

e
S

in
gl

e-
ce

ll
T

IV
A

 ti
ss

ue

Exon 1
Calm1

Exon 6

f

4,619 11,844 293

TissueCulture

g
0.7 0.9

Correlation

P
ipette

neurons
T

IV
A

 tag
neurons

Pipette
neurons

TIVA tag
neurons

Figure 4 | TIVA tag capture of mRNA from 
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(a) Schematic of the experimental steps. 
(b) Micrograph of TIVA tag–labeled neurons 
in hippocampus CA1 area before and after 
uncaging (405 nm). Dotted white lines indicate 
two neurons, labeled ‘i’ and ‘ii’, from which 
the resting FRET signal was recorded. Cy3 is 
pseudocolored green and Cy5 red. (c) Cy3 and  
Cy5 fluorescence intensity (a.u., arbitrary units) 
in neurons ‘i’ and ‘ii’, quantified using a line scan 
(dashed line) intersecting both cells. Images 
were captured as Z stacks (14 sections in 10 m 
ranges, uncaging was performed in the middle of 
image stack) and merged as top view for analysis. 
Scale bar, 10 m. (d) Heatmap of expressed 
neuronal, glial, progenitor and vascular markers 
transcripts using normalized RNA-seq data.  
(e) Overlap of expressed transcripts between 
single neurons collected using TIVA tag in tissue 
versus in culture. Expressed transcripts were 
defined as those with at least ten unique exon 
reads per transcript in at least one sample within 
its group using normalized RNA-seq data (3 tissue 
samples and 7 single cells). (f) RNA-seq pileup 
of unique exon reads aligning to the transcript 
Calm1 (4,107 bp) in samples from single-cell  
TIVA culture (vertical label: 0–307 read counts), 
single cell TIVA tissue (vertical label: 0–147  
read counts), and in whole tissue (vertical  
label: 0–531 read counts). Calm1 gene structure 
shown at bottom depicts exon 1 through exon 6 
(blocks, exons; solid lines, introns).  
(g) Heatmap of Spearman correlation coefficients 
between pipette and TIVA tag collected single 
hippocampal neurons in tissue.

a

Cy3

Before After

Cy5

b

–6,000
–4,000
–2,000

0
2,000
4,000
6,000

Cy3
Cy5

1 2 3 4 5
Time (s)

F
lu

or
es

ce
nc

e 
in

te
ns

ity
(a

.u
.)

c

ENPP6
MOG
MAG
SOX10
MBP
MAL
CNP
P2RX7
PDGFRA
HES1
CSPG4
ALDH1L1
TNC
S100B
AQP4
SLC12A5
SYT1
SNAP25
ENO2
GAD1
SYN1
GRIN2B
GRIN2A
TUBA1B
TUBA1A
MAP2

A
ve

ra
ge

C
el

l 1

C
el

l 2

0 2 4 6 8
Normalized
reads (log2)

Neuronal
markers

Glial,
progenitor 
or vascular

markers

Figure 5 | TIVA tag capture of mRNA from cells 
in human live brain tissue specimen obtained 
from biopsy of the right frontal cortex from a 
subject undergoing surgery for communicating 
hydrocephalus. (a) Micrographs of TIVA tag–
loaded cells identified by FRET signal, before 
and after uncaging, which was performed using 
the same parameters as in mouse. Scale bar,  
10 m. (b) FRET signal upon TIVA-tag 
activation (lightning bolt). (c) Heatmap 
comparing expression of common cell type–
specific markers in an average pool of 13 TIVA 
tag captured cells and in two TIVA tag captured 
individual cells.
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single neurons in tissue. This is about 30% lower than for single  
neurons in culture, which expressed 16,463 genes (this is distinct 
from the average shown in Fig. 3e), but is in line with previous 
reports of freshly dissociated and acutely isolated pools of neu-
rons expressing on average ~10,000 transcripts when assessed 
by microarray analysis (Fig. 4e)8–10. Despite these differences, 
the majority of these genes (~98%) were expressed in both con-
texts. Among the remaining genes, 293 were specific to the tissue 
context and 4,619 were only seen in culture (Supplementary 
Table 3). Shared genes were highly expressed in both contexts 
(1,650 average reads in tissue and 997 average reads in culture), 
which may indicate that these are genes with more ubiquitous  

or general function, whereas the average read counts for  
non-overlapping genes were lower, with 42 reads on average in 
both tissue and culture contexts.

We evaluated whether the TIVA approach can be used to 
isolate full-length mRNAs with sufficient 5 -3  coverage after 
amplification. To characterize 5 -end transcript coverage in TIVA 
tag–collected samples, we calculated the fraction of expressed 
genes with reads aligning to the 5 -most 250 bases. We found that  
on average 24% of the expressed genes in TIVA tag–collected 
samples demonstrated coverage at the 5  end after three rounds of 
aRNA amplification. Even long transcripts of several thousands of  
nucleotides had read coverage over the entire length of the mRNA 
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Figure 4 | TIVA tag capture of mRNA from 
single neurons in mouse hippocampal slices. 
(a) Schematic of the experimental steps. 
(b) Micrograph of TIVA tag–labeled neurons 
in hippocampus CA1 area before and after 
uncaging (405 nm). Dotted white lines indicate 
two neurons, labeled ‘i’ and ‘ii’, from which 
the resting FRET signal was recorded. Cy3 is 
pseudocolored green and Cy5 red. (c) Cy3 and  
Cy5 fluorescence intensity (a.u., arbitrary units) 
in neurons ‘i’ and ‘ii’, quantified using a line scan 
(dashed line) intersecting both cells. Images 
were captured as Z stacks (14 sections in 10 m 
ranges, uncaging was performed in the middle of 
image stack) and merged as top view for analysis. 
Scale bar, 10 m. (d) Heatmap of expressed 
neuronal, glial, progenitor and vascular markers 
transcripts using normalized RNA-seq data.  
(e) Overlap of expressed transcripts between 
single neurons collected using TIVA tag in tissue 
versus in culture. Expressed transcripts were 
defined as those with at least ten unique exon 
reads per transcript in at least one sample within 
its group using normalized RNA-seq data (3 tissue 
samples and 7 single cells). (f) RNA-seq pileup 
of unique exon reads aligning to the transcript 
Calm1 (4,107 bp) in samples from single-cell  
TIVA culture (vertical label: 0–307 read counts), 
single cell TIVA tissue (vertical label: 0–147  
read counts), and in whole tissue (vertical  
label: 0–531 read counts). Calm1 gene structure 
shown at bottom depicts exon 1 through exon 6 
(blocks, exons; solid lines, introns).  
(g) Heatmap of Spearman correlation coefficients 
between pipette and TIVA tag collected single 
hippocampal neurons in tissue.
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Figure 5 | TIVA tag capture of mRNA from cells 
in human live brain tissue specimen obtained 
from biopsy of the right frontal cortex from a 
subject undergoing surgery for communicating 
hydrocephalus. (a) Micrographs of TIVA tag–
loaded cells identified by FRET signal, before 
and after uncaging, which was performed using 
the same parameters as in mouse. Scale bar,  
10 m. (b) FRET signal upon TIVA-tag 
activation (lightning bolt). (c) Heatmap 
comparing expression of common cell type–
specific markers in an average pool of 13 TIVA 
tag captured cells and in two TIVA tag captured 
individual cells.
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that was similar to that for bulk-isolated mRNA from whole  
tissue, suggesting that the isolated mRNA was not degraded 
during the isolation procedure (Fig. 4f). We also collected  
RNA from single hippocampal neurons using patch-pipette  
aspiration and found that the correlations among single  
tissue neuron transcriptomes collected by TIVA tag and patch 
pipette were r = 0.71 and 0.70, respectively, suggesting that both  
methods captured a similarly complex population of RNA (Fig. 4g).  
We did not find any differences in 5 -end read coverage for 
TIVA tag–collected samples and pipette-collected samples 
(Supplementary Table 4), nor did we observe differences in 
the evenness of coverage resulting from collection technique 
(Supplementary Fig. 6). As read depth can be influenced by 
G+C content and gene length27–31, we estimated their effect as 
well as that of the collection technique on abundance estimates 
using analysis of variance (ANOVA). We observed that the 
effect sizes are small in all cases, accounting for less than 0.2% of 
observed variation in mean abundance (Supplementary Fig. 7 
and Supplementary Table 5).

These experiments demonstrate that the TIVA tag is an efficient 
tool for capturing mRNA of varying sizes and abundances from 
single cells in the live slice preparation.

TIVA on single human cells in live brain tissue
To test the performance of the TIVA tag on cells of the human 
brain, we obtained live surgically resected human brain tissue 
from an adult subject undergoing neurosurgery for communi-
cating hydrocephalus. Cells in human tissue loaded efficiently 
with TIVA tags (Fig. 5a), and we observed a loss of FRET signal 
after uncaging (Fig. 5b). Although it is difficult to know a pri-
ori the identity of any particular cell in the live slice preparation 
from visual assessment of the TIVA tag–loaded human tissue, 
analysis after sequencing suggested that several of the cells were 
neurons because of the enrichment of multiple neuronal markers 
and the absence or low expression of multiple markers of other 
cell types (Fig. 5c). From measurements on five single human 
cells, we observed on average ~5,000 genes expressed per cell and 
~12,500 unique expressed genes across all cells. These data show 
that the TIVA can be used to characterize the transcriptome of 
human cells in their natural tissue environment, including those 
from adults.

Tissue neurons demonstrate bimodal expression variability
We next asked whether any of the expressed transcripts in  
single neurons in tissue demonstrated a bimodal on-or-off  
expression mode, a subtype of transcriptome variability, between 
the individual cells. This measure of variability is particularly  
germane to single-cell analysis as the presence or absence of RNAs 
is likely reflected in altered cellular physiology. We examined 
bimodal expression in three whole-brain tissue samples derived 
from three different mice, finding only six transcripts that were 
bimodally expressed between these samples. Of these, four genes 
allocated to the Y chromosome in the two male animals, high-
lighting that Y chromosome gene-expression bimodality can be 
quite high for selected genes. Overall, these data demonstrate 
that we observed little bimodality in transcription when  
examining a population of cells. In contrast, we identified 27 
bimodally expressed transcripts in single TIVA neurons from 
culture (n = 8 cells), and 645 bimodally expressed transcripts 
in single TIVA neurons from tissue (Supplementary Table 6). 
This is more than expected by chance (P < 0.001) and signifi-
cantly more than found in culture (P < 0.001, Online Methods; 
Fig. 6). We found only a single bimodally expressed transcript  
in both sample types (Fig. 6b). We observed bimodal-
ity of expression for Pcp4 (Fig. 6c). We then used the Allen 
Brain Atlas for the developing mouse brain at postnatal day 
(P)4 and P14 to examine the expression of a subset (87) of  
the bimodally expressed transcripts that we identified in  
single cells in tissue (Supplementary Fig. 8). We found that 
71% of these genes demonstrated a spatially bimodal or speck-
led expression pattern among individual hippocampal CA1 
cells from at least one age, and 22% demonstrated a bimodal 
expression pattern at both developmental ages. The remain-
ing transcripts showed uniform strong expression during this 
developmental window.

DISCUSSION
We developed a noninvasive tool enabling capture of mRNA from 
single spatially defined cells in living, intact tissue for transcrip-
tome analysis. Although pipette isolation permits isolation of RNA 
from single cells in tissue, the penetration of the pipette through 
the tissue and process of isolating cytosolic mRNA involves  
tissue deformation that may alter selective components of the 
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transcriptional profile even if the overall correlation with TIVA is 
high. The TIVA methodology is not limited to a certain cell type or 
species, which contrasts with the case for several existing RNA iso-
lation methods that depend on transgenic rodent models to iden-
tify cells of interest. It should also be possible to synthesize RNA 
specific TIVA tags, which may prove useful for in vivo analysis of  
particular miRNAs and other RNAs that do not possess a poly(A) 
tail. Finally, the development of new TIVA tags for multiplex-
ing mRNA capture, either in the same cell or in multiple neigh-
boring cells, would allow analysis of gene expression patterns in  
multiple cells simultaneously or of mRNA expression over time  
in a single cell after a stimulus. New TIVA tags that incorporate 
efficient two photon–uncageable linkers (still commercially 
unavailable), and thus allow uncaging deeper in the tissue and with 
better three-dimensional resolution32, should make it possible to use 
TIVA in conjunction with in vivo live-animal functional imaging.

In using TIVA tags, one must be cognizant of various issues, 
including: (i) if CPPs are used to introduce TIVA tags into cells, 
different CPPs can promote movement into different cell types 
and cellular compartments, (ii) upon long-term storage of the 
described TIVA tag (longer than 3 months), the FRET signal  
can be weak because of the loss of U-A base-pairing; hence,  
the TIVA tag should be used within 3 months of synthesis,  
(iii) CPP-associated TIVA tag should be stored in dried form 
at −80 °C rather than in solution aliquots to avoid clumping of  
the compound, (iv) as with all exogenous fluorescent indicators, 
optimal conditions should be identified for TIVA tag loading and 
(v) isolation of the TIVA tag-mRNA complex should be optimized 
for the specific isolation procedure  being used (e.g., strepavidin-
coated beads, biotin antibodies, phenol separation, etc.).

Tissue measurements mask both low-level mRNA expression 
in single cells and variation in expression between cells of the 
same type11. In our data on single cells in the context of intact 
tissue, some neurons expressed one or two traditional glial or 
vascular markers, although no neurons expressed all of the 
markers expected to be in a single nonneuronal cell type, and 
all neurons expressed classical neuronal markers. Similar data 
have been observed in previous histochemical studies where, for 
instance, both Mbp and S100b transcripts expressed primarily in 
oligodendrocytes and astrocytes, respectively, have been observed 
in neurons during the early postnatal weeks in human and mouse 
brain tissue33–36. These data suggest that the use of individual 
markers as surrogate discriminators of cell type is insufficient 
and that evaluation of an array of markers may provide a more 
informative evaluation.

Single-cell heterogeneity is a well-accepted phenomenon but 
has remained understudied in complex tissues owing to techni-
cal limitations of mRNA isolation. We showed using the TIVA 
tag that CA1 hippocampal neurons in live hippocampal tissue 
expressed fewer genes overall but had more bimodally expressed 
genes than hippocampal neurons in culture (Fig. 6), suggesting 
an important role for the microenviroment in modulating gene 
expression in cells. Recently, there have been suggestions that 
variation in expression is in part stochastic, arising from both 
intrinsic noise (stochastic nature of biochemical reactions) and 
extrinsic noise (changes in cellular regulatory proteins)4. Our data 
suggest that the ~30% difference in number of genes expressed 
may be attributable to extrinsic noise. When a neuron is removed 
from its natural environment, surface-sensing molecules are no 

longer subject to the complex regulatory constraints resulting 
from the thousands of synaptic inputs and cellular interactions 
converging on individual cells, and which in turn, tightly regu-
late the activity of transcriptional activators and repressors37. The 
ability of the cell to express 30% more genes when removed from 
its natural microenvironment further suggests that the epigenetic 
silencing of genes is either reduced or that the genes that turn 
on have not been not epigenetically silenced and represent the 
capacity of that particular cell to respond to different environ-
mental cues. In other words, the microenvironment may serve to 
place constraints on the functional cellular phenotype, through 
increased variability and fewer expressed genes, which under dif-
ferent environmental cues is modified to provide an increased 
flexibility for the cell to transcriptionally respond. The uniqueness 
of synaptic input present in tissue may shape the transcriptomic 
landscape of individual neurons in tissue, providing cells with the 
constraints under which they can function. The power of TIVA in 
permitting transcriptomic analysis of single cells in intact physio-
logical systems provides a new window into understanding how 
cells function normally.

METHODS
Methods and any associated references are available in the online 
version of the paper.

Accession codes. Gene Expression Omnibus: GSE52525  
(RNA-seq data).

Note: Any Supplementary Information and Source Data files are available in the 
online version of the paper.

Requests for materials. Requests for TIVA tag should be directed 
to ivandmo@sas.upenn.edu.
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Random walk across the epigenetic landscape 
        Part 2 



1 Order and stability in living systems: a short (and superficial) historical 
background. 
 
2 Stochasticity in living cells: noise or variation? 
 
3 How cells function reliably with such an inherent variability in gene 
expression? 
 



Postulate	
  of	
  stability	
   Observed	
  phenomenon:	
  varia;on	
  

t	
   t	
  

STABILITY/VARIATION	
  







These are particular examples that 
explain only a small subset of observed 
cases! 



Postulate	
  of	
  stability	
   Observed	
  phenomenon:	
  varia;on	
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How cells function reliably with such an inherent 
variability of biochemical reactions (i.e. gene 
expression)? 



How cells function reliably with such an inherent 
variability of biochemical reactions (i.e. gene 
expression)? 
 
 
 
 
Spatio-temporal averaging 



‘‘All [the] epistemological value of the theory of 
probability is based on this: 
large scale random phenomena in their collective 
action create strict, non random regularity’’.  
(From: B.V. Gnedenko and A.N. Kolmogorov, 
Limit Distributions for Sums of Independent Random Variables, 
Reading, Ma: Addison-Wesley, 1954). 

How cells function reliably with such an inherent 
variability of biochemical reactions (i.e. gene 
expression)? 



“The non-physicist finds it hard to believe that really 
the ordinary laws of physics, which he regards as 
the prototype of inviolable precision, should be 
based on the statistical tendency of matter to go over 
into disorder.”  
 
Erwin Schrödinger, What is life? 

How cells function reliably with such an inherent 
variability of biochemical reactions (i.e. gene 
expression)? 
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Summary

Spatiotemporal patterns of gene expression are funda-
mental to every developmental program. The resulting
macroscopic domains have been mainly characterized
by their levels of gene products [1–3]. However, the estab-
lishment of such patterns results from differences in the
dynamics of microscopic events in individual cells such as
transcription. It is unclear how these microscopic decisions
lead to macroscopic patterns, as measurements in fixed
tissue cannot access the underlying transcriptional dy-
namics [4–7]. In vivo transcriptional dynamics have long
been approached in single-celled organisms [8–12], but
never in a multicellular developmental context. Here, we
directly address howboundaries of gene expression emerge
in theDrosophila embryo bymeasuring the absolute number
of actively transcribing polymerases in real time in individual
nuclei. Specifically, we show that the formation of a bound-
ary cannot be quantitatively explained by the rate of mRNA
production in each cell, but instead requires amplification
of the dynamic range of the expression boundary. This
amplification is accomplished by nuclei randomly adopting
active or inactive states of transcription, leading to a collec-
tive effect where the fraction of active nuclei is modulated
in space. Thus, developmental patterns are not just the
consequence of reproducible transcriptional dynamics in
individual nuclei, but are the result of averaging expression
over space and time.

Results

To monitor the transcriptional dynamics that lead to the for-
mation of these boundaries, we have adapted a technique
from single-celled organisms [8–12] that has been previously
used to track mRNA in fly embryos [13]. Our technique allows
for in vivo monitoring of nascent mRNA transcripts using a
DNA sequence that upon transcription forms an mRNA stem
loop. Cassettes with multiple copies of the stem loop are
bound specifically by a constitutively expressed protein fused
to GFP resulting in spatially localized fluorescence (Figure 1A).

Using this technique, we examine the step-like expression of
the Bicoid (Bcd) activated hunchback (hb) P2 enhancer and
promoter (Figures S1A and S1B available online), one of the
best-studied expression patterns in the fly embryo [14, 15].
The P2 enhancer is one of three enhancers involved in the
establishment of the endogenous hb pattern [16]. Reporter
constructs for the P2 enhancer constitute an easily accessible

model for the formation of developmental patterns in general,
rather than reflecting on endogenous pattern formation. We
drive the expression of a lacZ reporter gene with the mRNA
stem loops located at its 50 end (Figure 1A). Approximately
5 min into the ninth round of nuclear division, nuclear cycle
(n.c.) 9, fluorescent spots associatedwith nuclei emergewithin
the syncytial blastoderm (Figure 1B). We detect single peaks
of fluorescence activity during well-defined time windows
that are synchronous with the rapid nuclear cycles in the early
embryo (Movie S1). In n.c. 14, the expected step in zygotic
expression is apparent in a surface layer of cells along the
w500 mm long axis of the embryo (Figure 1C). The bright spots
are sites of nascent transcript formation, as confirmed by
mRNA fluorescence in situ hybridization (FISH) [17]. Their
fluorescence is directly proportional to the number of actively
transcribing polymerase molecules (Figures S2A and S2B).
Thus, we extract fluorescent traces reflecting transcriptional
activity in individual nuclei as a function of space and time
(Figures 1D and S2C–S2G).
To validate that these fluorescence dynamics faithfully reca-

pitulate actual transcription, we measure the rate of transcript
elongation in live embryos. This is accomplished by using an
additional reporter construct in which the MS2 stem loops
are located at the 30 end of the lacZ gene, instead of the
50 end. Upon entering a n.c., the onset of expression of the
30 construct shows a clear delay with respect to the 50 one
(Figure 2A and Movie S2). The time delay measured over
multiple embryos yields a rate of elongation relongation =
1.54 6 0.14 kb/min (Figure 2A). Measurements performed in
Drosophila cell culture and in fixed embryos of 1.1–1.5 kb/min
[18] are in agreement with our approach, suggesting that
our technique gives direct access to the underlying transcrip-
tional dynamics.
To connect the dynamics of transcription initiation (50 signal)

to the dynamics of transcription termination (30 signal), we
compare the fluorescent traces obtained with the two con-
structs in n.c. 14 (Figure 2B). Given the difference in construct
geometry (see the Supplemental Experimental Procedures)
and the same rate of polymerase loading, the overall signal
of the 50 construct should contain 3.6 times more labeled
mRNA molecules than the 30 construct. A deviation from 3.6
would indicate that not all initiated mRNA molecules are
terminated and are possibly aborted during elongation. We
find a ratio between the maximum polymerase loading of
both signals of 3.3 6 0.5, consistent with the majority of
mRNA molecules being transcribed to termination. Therefore
the dynamics of the larger 50 signal can be used as a proxy
for the production of full transcripts.
We link the transcriptional dynamics of the 50 construct to

the emergence of the macroscopic pattern, whose formation
results from the accumulation of cytoplasmic mRNA tran-
scripts with a half-life of over 3 hr [19] (in comparison, endo-
genous hb transcripts are stable for w60 min [17]). This
accumulation of mRNA is estimated by integration of the fluo-
rescence traces of individual transcription spots over time
(Figure S3A). We recover the spatial profile by averaging these
integrated traces over nuclei in bins of 2.5% egg length (EL)
along the anterior-posterior (AP) axis (Figures 3A, S3A, and*Correspondence: tg2@princeton.edu
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production in each cell, but instead requires amplification
of the dynamic range of the expression boundary. This
amplification is accomplished by nuclei randomly adopting
active or inactive states of transcription, leading to a collec-
tive effect where the fraction of active nuclei is modulated
in space. Thus, developmental patterns are not just the
consequence of reproducible transcriptional dynamics in
individual nuclei, but are the result of averaging expression
over space and time.

Results

To monitor the transcriptional dynamics that lead to the for-
mation of these boundaries, we have adapted a technique
from single-celled organisms [8–12] that has been previously
used to track mRNA in fly embryos [13]. Our technique allows
for in vivo monitoring of nascent mRNA transcripts using a
DNA sequence that upon transcription forms an mRNA stem
loop. Cassettes with multiple copies of the stem loop are
bound specifically by a constitutively expressed protein fused
to GFP resulting in spatially localized fluorescence (Figure 1A).

Using this technique, we examine the step-like expression of
the Bicoid (Bcd) activated hunchback (hb) P2 enhancer and
promoter (Figures S1A and S1B available online), one of the
best-studied expression patterns in the fly embryo [14, 15].
The P2 enhancer is one of three enhancers involved in the
establishment of the endogenous hb pattern [16]. Reporter
constructs for the P2 enhancer constitute an easily accessible

model for the formation of developmental patterns in general,
rather than reflecting on endogenous pattern formation. We
drive the expression of a lacZ reporter gene with the mRNA
stem loops located at its 50 end (Figure 1A). Approximately
5 min into the ninth round of nuclear division, nuclear cycle
(n.c.) 9, fluorescent spots associatedwith nuclei emergewithin
the syncytial blastoderm (Figure 1B). We detect single peaks
of fluorescence activity during well-defined time windows
that are synchronous with the rapid nuclear cycles in the early
embryo (Movie S1). In n.c. 14, the expected step in zygotic
expression is apparent in a surface layer of cells along the
w500 mm long axis of the embryo (Figure 1C). The bright spots
are sites of nascent transcript formation, as confirmed by
mRNA fluorescence in situ hybridization (FISH) [17]. Their
fluorescence is directly proportional to the number of actively
transcribing polymerase molecules (Figures S2A and S2B).
Thus, we extract fluorescent traces reflecting transcriptional
activity in individual nuclei as a function of space and time
(Figures 1D and S2C–S2G).
To validate that these fluorescence dynamics faithfully reca-

pitulate actual transcription, we measure the rate of transcript
elongation in live embryos. This is accomplished by using an
additional reporter construct in which the MS2 stem loops
are located at the 30 end of the lacZ gene, instead of the
50 end. Upon entering a n.c., the onset of expression of the
30 construct shows a clear delay with respect to the 50 one
(Figure 2A and Movie S2). The time delay measured over
multiple embryos yields a rate of elongation relongation =
1.54 6 0.14 kb/min (Figure 2A). Measurements performed in
Drosophila cell culture and in fixed embryos of 1.1–1.5 kb/min
[18] are in agreement with our approach, suggesting that
our technique gives direct access to the underlying transcrip-
tional dynamics.
To connect the dynamics of transcription initiation (50 signal)

to the dynamics of transcription termination (30 signal), we
compare the fluorescent traces obtained with the two con-
structs in n.c. 14 (Figure 2B). Given the difference in construct
geometry (see the Supplemental Experimental Procedures)
and the same rate of polymerase loading, the overall signal
of the 50 construct should contain 3.6 times more labeled
mRNA molecules than the 30 construct. A deviation from 3.6
would indicate that not all initiated mRNA molecules are
terminated and are possibly aborted during elongation. We
find a ratio between the maximum polymerase loading of
both signals of 3.3 6 0.5, consistent with the majority of
mRNA molecules being transcribed to termination. Therefore
the dynamics of the larger 50 signal can be used as a proxy
for the production of full transcripts.
We link the transcriptional dynamics of the 50 construct to

the emergence of the macroscopic pattern, whose formation
results from the accumulation of cytoplasmic mRNA tran-
scripts with a half-life of over 3 hr [19] (in comparison, endo-
genous hb transcripts are stable for w60 min [17]). This
accumulation of mRNA is estimated by integration of the fluo-
rescence traces of individual transcription spots over time
(Figure S3A). We recover the spatial profile by averaging these
integrated traces over nuclei in bins of 2.5% egg length (EL)
along the anterior-posterior (AP) axis (Figures 3A, S3A, and*Correspondence: tg2@princeton.edu
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terminated and are possibly aborted during elongation. We
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SUMMARY

Early embryonic patterning events are strikingly
precise, a fact that appears incompatible with
the stochastic gene expression observed across
phyla. Using single-molecule mRNA quantification
in Drosophila embryos, we determine the magnitude
of fluctuations in the expression of four critical
patterning genes. The accumulation of mRNAs is
identical across genes and fluctuates by only !8%
between neighboring nuclei, generating precise
protein distributions. In contrast, transcribing loci
exhibit an intrinsic noise of !45% independent of
specific promoter-enhancer architecture or fluctu-
ating inputs. Precise transcript distribution in the
syncytium is recovered via straightforward spatio-
temporal averaging, i.e., accumulation and diffusion
of transcripts during nuclear cycles, without regula-
tory feedback. Common expression characteristics
shared between genes suggest that fluctuations in
mRNA production are context independent and are
a fundamental property of transcription. The findings
shed light on how the apparent paradox between
stochastic transcription and developmental preci-
sion is resolved.

INTRODUCTION

A fundamental question in biology concerns the degree of preci-
sion that cellular systems exhibit in their responses to a given set
of environmental conditions, extracellular signals, or other input
stimuli (Lagha et al., 2012; Lander 2013, Little and Wieschaus,
2011). Production of and interactions between molecules are
intrinsically stochastic, limiting the ability of cells to control
gene expression and biochemical activities (Raser and O’Shea,
2005), but the propensity of cellular systems to achieve appro-
priate phenotypic behavior constrains the tolerable magnitude

of molecular fluctuations (Rao et al., 2002). In most contexts, it
is unknown how closely cellular activity and phenotypic behavior
rely on precise control of gene expression.
Many features of Drosophila embryogenesis suggest that

strict control of gene expression determines reproducible and
precise cell fate establishment. In Drosophila embryos,
patterned gene expression in the early syncytium of !6,000
nuclei is triggered by asymmetrically distributed, maternally
supplied cues (Sauer et al., 1996). Among these is the tran-
scription factor Bicoid (Bcd), the anterior-posterior (AP) con-
centration gradient of which shows remarkably reproducible
distributions between embryos (Gregor et al., 2007). Moreover,
within an embryo, the nuclei at similar AP coordinates differ in
Bcd concentration by less than 10% (SD over mean), a degree
of precision sufficiently high for each row of cells along the
AP axis to discern its position from its immediate neighbors
(Gregor et al., 2007). Bcd precision correlates with highly
precise protein distribution of zygotically expressed target
genes (Dubuis et al., 2013; Gregor et al., 2007) that confer
cells with distinct gene expression programs within under
3 hr following fertilization (Gergen et al., 1986; Kornberg and
Tabata, 1993).
These observations suggest a model in which tightly regulated

transcriptional inputs give rise to rapidly established, highly pre-
cise outputs. However, the degree of precision in developmental
transcription is largely unexplored. In all contexts assayed from
prokaryotes to mammalian cells, absolute levels of a given tran-
script differ by at least !50% between genotypically identical
cells, and for a majority of genes, this variability is even higher
(Cohen et al., 2009; Gandhi et al., 2011; Golding et al., 2005;
Paré et al., 2009; Taniguchi et al., 2010; Raj et al., 2006, 2010;
Reiter et al., 2011; Sigal et al., 2006; Zenklusen et al., 2008).
Quantitative observations support the idea that the process of
transcription is intrinsically stochastic (Kaern et al., 2005; Li
and Xie, 2011). In developmental contexts, it is unknownwhether
relatively small input transcription factor fluctuations impact the
transcriptional output and whether embryogenesis requires the
activity of specialized filtering and/or feedback mechanisms to
ensure fidelity in the rapid establishment of gene expression
programs.
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Here, we address these questions with an enhanced method
of fluorescence in situ hybridization (FISH) and accompanying
image analysis (Little et al., 2011) to label and detect individual
zygotically expressed mRNA molecules. We measure in abso-
lute molecular counts the magnitude and fluctuations in the
earliest gene expression events of the Drosophila embryo. To
separate input fluctuations from variability intrinsic to transcrip-
tion, we focus on those spatial domains in which gene expres-
sion is maximally unconstrained. Here, patterning inputs do not
determine expression output levels, and thus, input fluctuations
cannot impact output variability. These regions thereby reveal
the greatest degree of precision achievable by the system. We
show that in these regions, the earliest expressed genes share
common expression characteristics: despite their expression in
spatially distinct territories, their rates of production are identical,
and all display intrinsically stochastic transcriptional activity.
These similarities suggest that expression rate and variability
result from fundamental, global features of transcriptional regu-
lation that limit the attainable degree of precision. Nevertheless,
the stochastic expression results in precise and nearly uniform
transcript accumulation, achieved by straightforward spatiotem-
poral averaging.

RESULTS

Measuring Absolute Numbers of mRNA Transcripts in
Early Drosophila Embryos
Previous work in Drosophila embryos has documented that
nuclei at similar AP coordinates express nearly equivalent pro-

tein amounts of the gap gene Hunchback (Hb) with fluctuations
of <10% (Gregor et al., 2007). The transcriptional activator of
Hb, Bcd, displays variability on the same order as Hb (Gregor
et al., 2007). A precise transcriptional response of the hb locus
presents the most straightforward though as yet untested expla-
nation of minimal Hb variation. To quantitatively evaluate tran-
scription of hb, we adapted a FISHmethod developed previously
(Little et al., 2011) to label hbmRNAs usingmultiple fluorescently
labeled antisense DNA oligonucleotides (Figure 1A). By scanning
confocal microscopy, we detect two broad classes of objects:
sparse, bright spots representing sites of nascent transcription
(e.g., Wilkie et al., 1999); and numerous diffraction limited spots,
!90% of which are located in the internuclear space that we
refer to as cytoplasmic particles (Figures 1A–1C). These particles
exhibit sufficiently high contrast to be readily distinguished from
background imaging noise using automated image processing
(Figure 1D). Each particle is found on at least three adjacent
250 nm confocal imaging sections with three-dimensional struc-
ture identical to the measured point spread function (PSF; Fig-
ures S1A–S1D available online). To test detection efficiency,
we applied probes with alternating fluorophore colors. A mini-
mum of 85% of cytoplasmic particles detected in one channel
are found in the other, indicating that >94% of mRNAs are
detected in at least one channel (Figures S1E–S1G).
Tight unimodal clustering aroundmean intensity suggests that

the cytoplasmic particles are similar in mRNA content (Fig-
ure 1D). Deviation from mean intensity results from at least two
phenomena: particles can be bound by different probe numbers,
and multiple particles can overlap and be detected as single
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Figure 1. Counting of Absolute Transcript Number in Drosophila Embryos
(A) Confocal section through the nuclear layer of a WT embryo during interphase 13 labeled with 114 fluorescent oligonucleotide probes against hb, oriented

anterior to the left, is shown. Scale bar, 25 mm. Inset is a low-magnification image identifying the region shown in (A).

(B and C) Magnified views of anterior (B) and posterior (C) boxed regions in (A) are presented. hb FISH probes (green) and DAPI staining of DNA (blue). Scale bars,

5 mm.

(D) Particle intensity histogram shows thresholds separating transcripts from noise (red line) and from the long tail of bright transcription sites (green line).

(E) hb transcript distribution in axial cross-section through a nucleus centered at x = 0 is shown. z = 0 represents apical surface. Color indicates mean particle

density in relative units (red shows high; blue shows low). Dashed box indicates cylindrical summation volume.

(F) Intensity scatterplot in two channels using probes of alternating colors is illustrated. Data point density is given by color; black dots show single point outliers.

Inset presents cross-sections of scatterplot in (F) along the correlated (red) and anticorrelated direction (blue) showing Gaussian distributions with s = 20% (red)

and s = 12% (blue) after normalization to mean cytoplasmic particle intensity (1 ‘‘cyto unit’’ [C.U.]).

See also Figures S1 and S2.
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regulatory interactions encoded in the genome (Fig. 2A). The
GRN concept is the pea under the mattress of the comfortable
paradigm of a direct genotype-phenotype mapping that has
served Neo-Darwinian thinking so well. But commentators
have begun to explicitly articulate the need to integrate gene
networks in evolution theory [9, 23, 24].

Since the 1990s the amount of literature on ‘gene net-
works’ has exploded. It covers a broad range of forms: from
the use as graphical representation of regulatory interactions
between genes collected by high-throughput experiments or
as toy models in computer simulations of in silico evolution
[25–29] to the analysis of the static structure of gene networks
and its evolution [30–34]. However, the dynamic behaviour of
networks is rarely considered as the object per se of evolution.

Structure and dynamics of gene
networks – a critical distinction

For a fruitful discussion of the dynamics of networks and its
role in the genotype-phenotype mapping, a set of shared,
unambiguous definitions of terms is critical. But sadly, many
biologists are not explicitly aware of the ontological dicho-
tomy between network structure (topology) and network

Figure 2. The unequivocal correspondence (unique mapping) between
genome (A) and associated network architecture and the epigenetic
landscape (D) via the dynamics of the expression patterns (B) in state
space (C) controlled by the GRN. The schematic representation is for
a 9-gene GRN. The central concept to understanding the landscape is
that each network state S (gene expression pattern, hence cell
state ¼ blue discs in B and C) maps into a point (¼blue balls in D) on
the landscape. The position of the point (network state) S, is deter-
mined as follows: The N gene expression values defining a given state
S act as the coordinates in defining its position in that N-dimensional
space, where each dimension (axis) represents the expression level of
a gene. Each step (orange arrow) in entering a new (more abstract)
conceptual domain (boxes A, B, C, D) can be formalized in terms of
mathematical principles [8, 45]. For A, see also Box 1. In B the two
time points t1 and t2 represent the dynamics and the constrained
change of gene expression pattern. Note that the quasi-potential is not
a true potential energy since the gene network dynamics is a non-
equilibrium, typically non-integrable system. The value of U can be
intuitively (but formally not correctly) approximated by the negative
logarithm of the steady-state probability P(S) to find the network in
state S, i.e. U " #ln [P(S)], or by decomposing the vector field that
contains the forces F(S) that drive S into two perpendicular com-
ponents, one of which is a gradient of some quasi-potential function
U [53]. Red circles ¼ genes; blue axes ¼ state space coordinates after
hypothetical dimension-reduction to two dimensions, permitting the
projection of the state space into an XY-plane (light blue in C, D), so
that it can be used to display U as a third dimension.
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Further studies have demonstrated similar dynamic behavior
for a wide palette of chromatin regulators [9–21], with some
exceptions (reviewed in [22]). Importantly, each of these
molecules has different characteristics, the differences in
residence times in chromatin spanning orders of magnitude
(Fig. 1C). Together these studies paint a picture of the nucleus
as an extraordinarily busy place, in which the majority of
molecules are in constant motion. This in turn offers
opportunities for regulation. Indeed several studies have
documented profound changes in the extent of dynamic
behavior of chromatin binding proteins upon differentiation
[10, 15, 12, 23, 24], cell cycle transitions [21, 24, 25] and changes
in cellular status [8, 9]. These findings strongly suggest that
modulation of the dynamic properties of epigenetic systems is
fundamental to their function. The shift between stability, in
which a given state is perpetuated over many cell generations,
and flexibility, in which it changes in response to environ-
mental or developmental cues, may be a matter of quantita-
tive, rather than qualitative change.

If we wish to understand these quantitative and dynamic
aspects, it is clear that models depicting only qualitative, static
interactions (Fig. 1A) will not take us far. Instead we need
‘‘moving models’’ (Fig. 1B) built of mathematical descriptions
(Box 1), that we can feed with measured values of quantities
and mobilities of the components. Here we give an overview,
aimed at the biologist with no mathematical background (or
no recall of any), of how these values can be measured and
how their use in mathematical models has provided fresh
insights into epigenetic regulation.

How strong? In vitro studies reveal very
different binding affinities for different
interactions

The dissociation constant (Kd) is a measure of how tightly two
molecules bind to each other (Box 1) [24, 26, 27]. The smaller
the Kd, the tighter the binding, and the lower the concen-
tration of molecules required for the formation of the complex.
Knowledge of in vitro Kd values enables the development of
hypotheses about the concentrations of binding partners that
are required in the cell for a productive interaction.
Furthermore, measurement of changes in the Kd following
specific mutations provides vital information to guide in vivo
experiments [28, 29]. Kd values can be measured by several
techniques (Table 1). Kd measurement typically involves
titration of known concentrations of one binding partner
(e.g. protein) against a fixed, known concentration of the other
(e.g. DNA), which must be present at a concentration lower
than the Kd of the interaction. The Kd is the concentration of
protein at which 50% of the binding site is occupied [26]
(Box 1). Accurate measurement of the Kd requires purified
preparations of known concentrations for both binding part-
ners. One caveat when using recombinant proteins is that
modifications that alter binding affinities may occur in vivo.
This can be overcome by expression of eukaryotic proteins in
insect cells [30, 31]. Furthermore, a common source of inac-
curacy is the presence of a fraction of inactive proteins in
purified preparations, thus it is important to determine the
proportion of active proteins [30].

Reported in vitro Kd values for chromatin binding proteins
span several orders of magnitude [29, 30, 32–45] (Table 1). The
Polycomb proteins are an interesting example. The PRC1 com-
plex (Polycomb repressive complex 1) includes PC (Polycomb)
and PSC (posterior sex combs). The PC chromodomain binds to
both RNA [34, 43] and to histone H3 tails trimethylated at
lysine 27 (H3K27me3) in vitro [34, 35]. The PRC1 complex binds
non sequence specifically to DNA (both as naked DNA and in
nucleosomes) via the PSC protein [30, 31]. The Kd values for the
RNA and histone interactions are in the micromolar range,
whilst that of the DNA interaction is sub-nanomolar (Table 1).
Thus, two members of the same complex bind to different
platforms with very different affinities and the relative con-
tributions of these interactions in vivo will depend critically on
the concentrations of the PRC1 members and the abundance of
DNA, RNA, and H3K27me3 histone tails. Clearly it is not
sufficient to think in binary terms to understand how these
interactions work in the cell. In the future it will be important
to measure the Kd for many more chromatin regulators,

Figure 1. Chromatin binding proteins exchange between free and
bound pools. A: Diagrams showing interaction of proteins with chro-
matin often show a static picture of the bound molecules. B: Given
the mobility of the majority of chromatin binding proteins, it is more
realistic to think in terms of a dynamic exchange, where each mol-
ecule constantly binds and unbinds. C: Residence times for different
chromatin regulators and nucleosomes themselves are shown (for
references see Table 2), compared to other events in the cell such
as phosphorylation and protein turnover [26].
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How fast? How strong? How many? So what? Why do

numbers matter in biology? Chromatin binding proteins

are forever in motion, exchanging rapidly between bound

and free pools. How do regulatory systems whose

components are in constant flux ensure stability and

flexibility? This review explores the application of

quantitative and mathematical approaches to mechan-

isms of epigenetic regulation. We discuss methods for

measuring kinetic parameters and protein quantities in

living cells, and explore the insights that have been

gained by quantifying and modelling dynamics of chro-

matin binding proteins.
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Introduction: Chromatin binding proteins
are in constant motion

In his 1926 essay ‘‘On being the right size’’ [1], the evolutionary
biologist J. B. S. Haldane wrote: ‘‘The most obvious differences
between different animals are differences of size, but for some
reason the zoologists have paid singularly little attention to
them. In a large textbook of zoology before me I find no
indication that the eagle is larger than the sparrow, or the
hippopotamus bigger than the hare, though some grudging
admissions are made in the case of the mouse and the whale.’’

Almost a century later, considering current models for chro-
matin-mediated gene regulation, we find an interesting parallel:
molecules are often described as binding, modifying or recruit-
ing other molecules, but with little reference to the quantitative
differences between them. Howmanymolecules are there? How
fast do they move? How tightly do they bind, and for how long?
In this review we explore how quantitative and mathematical
approaches can provide insights into mechanisms of epigenetic
regulation. Although the term ‘‘epigenetics’’ is subject to some
debate [2, 3], here we use the definition proposed by Bird [2] as a
useful framework for quantitative questions: ‘‘The structural
adaptation of chromosomal regions so as to register, signal or
perpetuate altered activity states.’’

A paradigm of epigenetic silencing is heterochromatin,
originally defined by light microscopy as condensed and
densely staining regions of chromatin [4]. Due to its appearance
and repressive properties, heterochromatinwas long thought to
be a stable, static structure, silencing all within its domain by
the sheer solidity of its architecture [5, 6]. However, previous
models were challenged almost a decade ago by studies of a key
heterochromatin component, HP1 (heterochromatin protein 1).
Two groups [7, 8] reported the remarkable finding that mam-
malian HP1 is not statically bound to chromatin, but instead
exchanges rapidly between bound and free pools in a matter of
seconds. This discovery demanded thatwe rethink our concepts
of heterochromatin structure and its modes of silencing, and
raised some fascinating questions. For example, how can a
structure whose components are in constant flux nevertheless
maintain a stable repressive state?
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providing essential information for putting different inter-
actions into perspective.

How fast? In vivo measurement of kinetic
behavior quantifies the speed of binding
reactions

Rate constants determine how fast molecules bind and unbind
(Box 1). Knowledge of how quickly chromatin regulators find

their target sites in vivo and how long they remain bound can
have profound effects on how we think about mechanisms of
regulation.

To measure kinetic parameters in vivo, the protein of
interest has to be fluorescently tagged. EGFP has good photo-
physical properties and is commonly used to visualize the
protein of interest. However this comes with the caveat that
a tag such as EGFP may interfere with the function of the
tagged protein. This can be addressed using genetic rescue
experiments [10, 24]. To avoid overexpression of the tagged

Box 1

From kinetic reaction to mathematical simulation

Binding of a protein to target sites in chromatin (top) can be
described by a kinetic equation (bottom) in which the free
protein is referred to as species A and the target site as
species B. C denotes the protein bound to chromatin. The
kinetics of such a binding reaction are governed by the
association and dissociation rate constants kon and koff.

Rate constants [26]
Kinetic rate constants are used to quantify the speed of
any chemical reaction:
kon [M

S1 sS1]: second order association rate constant for
the formation of C that depends on the concentrations of
A and B.
koff [sS1]: first order dissociation rate constant for the
dissociation of C that depends only on the concentration
of C. The residence time (1/koff) [s] is the average time a
molecule stays bound.
k !
on [sS1]: pseudo first order association constant for the

formation of C that depends only on the concentration
of A.
k!
on ¼ kon # ½B%where [B] is the concentration of free bind-
ing sites at equilibrium. The inverse of k !

on gives the time a
molecule needs to find a binding site. Current models
used for fitting FRAP experiments report values of k !

on

since the concentration of free binding sites is usually
unknown [27].

Equilibrium constants
Kd [M]: at equilibrium, the dissociation constant
Kd ¼ [A] # [B]/[C]. When binding sites [B] are 50%

free and 50% bound at equilibrium, then [B] ¼ [C],
and Kd ¼ [A] (the concentration of free protein). The
smaller the value of Kd, the higher is the affinity of A
and B. Kd is also defined by the rate constants by
Kd ¼ koff/kon.
Ka [MS1]: the affinity constant (also sometimes called
equilibrium constant, Keq). Ka ¼ kon/koff is the inverse of
Kd and is sometimes used instead of Kd.

Estimate of free and bound fractions of a protein at
equilibrium [27]
free fraction ¼ koff/(k !

on þ koff)
bound fraction ¼ k!

on/(k
!
on þ koff)

Making differential equations from kinetic equations
[26]

The kinetic equation shown on the left is described
by a system of three ordinary differential equations
(ODEs), one for each species, that each have two parts,
describing gain and loss of the species over time. To
simulate such a system one needs to provide starting
values for the concentration of the three species at
t ¼ 0 and values for the rate constants kon and koff. The
input values shown in the table are based on those
measured for Polycomb binding to chromatin in [24].
The simulation shows the speed with which Polycomb
would reach equilibrium on chromatin starting from
a situation in which no Polycomb is bound (e.g. after
mitosis).

....Prospects & Overviews P. A. Steffen et al.
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yeast, mediates the effect of caloric restriction (CR) on extending
life span. It is known that glucose limitation in yeast increases life
span. When Sir2 was mutated in some yeast strains, the life
extension effect of CR was lost (Lin et al., 2000). Deacetylation
of H4K16 appears to be essential for the antiaging effect
of Sir2 (Dang et al., 2009b). One potential mechanism is that
CR in yeast increases respiration and therefore generates a
more oxidized environment and a high NAD+/NADH ratio (Lin
et al., 2002). Alternatively, CR was shown to decrease nicotin-
amide levels and increase NAD+ salvage pathway flux (Anderson
et al., 2003). Further flux analysis examining the cytosolic source
of NAD+ would be needed to better understand how CR
activates sirtuins (Locasale and Cantley, 2011). Moreover,
O-acetyl-ADP-ribosemight also serve as an important metabolic
signal, as it functions to assemble the SIR complex for chromatin
silencing in yeast (Liou et al., 2005).

DNA and Histone Methylation
DNMTs and HMTs add methyl groups to DNA or lysine/arginine
residues of histones, respectively. Although structurally diverse
and possessing high substrate specificities, DNMTs and HMTs
share a similar reaction mechanism: transferring a methyl group
from S-adenosyl methionine (SAM) to the substrate with the
formation of the by-product S-adenosyl homocysteine (SAH).
SAM is derived from the essential amino acidmethionine through
methionine adenosyltransferase (MAT). It is possible to alter
SAM levels through diets (Poirier et al., 2001). However, SAH is
a very potent inhibitor of DNMTs and HMTs and the key meta-
bolic determinant of methyltransferase reactions is the rate of
SAH clearance (Selhub andMiller, 1992). SAH can be hydrolyzed
to homocysteine. Homocysteine can be used to regenerate
methionine, a step catalyzed by methionine synthetase and
dependent on one-carbon metabolism. Alternately, homocys-
teine can enter the transulfuration pathway to generate cysteine,
the precursor for glutathione synthesis.

The complexity of SAM and SAH metabolism implies that
multiple metabolic inputs could affect the establishment of
DNA and histone methylation. Dietary intake of methyl donors
such as folate is closely linked to levels of DNA methylation,

which has been excellently reviewed elsewhere (Feil and Fraga,
2011; Kim, 2005). Acute depletion of glutathione led to drainage
of methionine pools and progressive DNA hypomethylation in
hamsters, potentially linking the redox status to epigenetic regu-
lation (Lertratanangkoon et al., 1997). It is expected that addi-
tional connections will unfold after further investigation of these
pathways.

DNA and Histone Demethylation
A covalent methyl group is chemically stable. Therefore DNA and
histone methylation were considered as relatively static epige-
netic marks. However during embryonic development there is
extensive remodeling of the cellular methylome, suggesting the
existence of enzymes that actively remove methylation marks.
Indeed in recent years, a variety of HDMs and DNHDs have
been identified. The first identified HDM is LSD1 (Shi et al.,
2004). The histone demethylation reaction catalyzed by LSD1
involves the reduction of cofactor flavin adenine dinucleotide
(FAD) to FADH2 and the release of formaldehyde as a by-
product. As recycling of FAD requires converting molecular
oxygen to hydrogen peroxide, cellular redox status might influ-
ence the availability of FAD and thus the activity of LSD1.
Subsequently a family of HDMs named Jumonji-C domain

containing HDM (JHDM) were identified and characterized
(Klose and Zhang, 2007). JHDM catalyzes a distinct demethyla-
tion reaction from LSD1: it utilizes a-ketoglutarate (aKG), oxygen
and Fe (II) as cofactors and releases succinate and formalde-
hyde as by-products. This mechanism was also adopted by
the newly identified TET family enzymes that hydroxylate the
5-methylcytosine of DNA. The only difference is that in this reac-
tion, the hydroxymethyl group is a stable product and further
TET-dependent modification is undertaken with low stoichiom-
etry (He et al., 2011; Ito et al., 2011). The function of 5-hydroxy-
methylcytosine is the topic of intensive investigation and thought
to serve as an intermediate for subsequent active (TET-depen-
dent) or passive (replication-dependent) demethylation (He
et al., 2011; Tahiliani et al., 2009).
Studies on the metabolic regulation of JHDM- and TET-medi-

ated demethylation are limited. However from the metabolic

Figure 3. Crosstalk between Metabolism
and Epigenetics
As glucose enters the glycolytic pathway, a minor
portion is branched to hexosamine biosynthetic
pathway to produce GlcNAc which can be used
as substrate for histone GlcNAcylation by OGT.
Flux through glycolysis determines the NAD+/
NADH ratio which is important for the activities
of sirtuin histone deacetylases. Several TCA cycle
intermediates can be exported out of mitochon-
dria including citrate and aKG. Cytosolic citrate is
converted to acetyl-CoA which is used as a donor
for HAT-mediated histone acetylation. aKG is
used as cofactor for histone and DNA demethy-
lation reactions by JHDM and TET, respectively.
The substrate for HMT and DNMT is SAM, which
is synthesized from essential amino acid methio-
nine. Finally, a low ATP/AMP ratio can activate
AMPK, a kinase that phosphorylates histones.
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How cells sense and respond to environmental cues remains a central question of biological research.
Recent evidence suggests that DNA transcription is regulated by chromatin organization. However, the
mechanism for relaying the cytoplasmic signaling to chromatin remodeling remains incompletely under-
stood. Although much emphasis has been put on delineating transcriptional output of growth factor/
hormonal signaling pathways, accumulated evidence from yeast and mammalian systems suggest that
metabolic signals also play critical roles in determining chromatin structure. Here we summarize recent prog-
ress in understanding the molecular connection between metabolism and epigenetic modifications of chro-
matin implicated in a variety of diseases including cancer.

Introduction
Cells, whether as unicellular organisms or within a multicellular
organism, need to make various ‘‘decisions’’ throughout their
lifetime. Every choice—quiescence, proliferation, differentiation
or migration—is made in the face of the constantly changing
environment. Metazoan cells have developed elegant mecha-
nisms to sense and integrate extracellular information into an
intrinsic signaling system that regulates transcription so that
variations in the form of growth factors, hormones, and stromal
interactions can be delivered and responded to in a timely and
accurate manner. Studying these mechanisms remains a major
focus of biological research and has profound implications in
understanding human physiology and diseases.
One of the most exciting advances over the past 15 years

is the field of epigenetics (meaning ‘‘above’’ genetics). We
now know that in addition to primary DNA sequence informa-
tion, much of the information regarding when and where to
initiate transcription is stored in covalent modifications of DNA
and its associated proteins. The patterns of various modifica-
tions along the chromatin, such as DNA cytosine methylation
and hydroxymethylation, and acetylation, methylation, phos-
phorylation, ubiquitination, and SUMOylation of the lysine (K)
and/or arginine (R) residues of histones are thought to determine
the genome accessibility to transcriptional machinery. For ex-
ample, acetylation of histone lysine residues and methylation
of H3K4, H3K36, and H3K79 are associated with active tran-
scription while methylation of DNA, H3K9, H3K27, and H4K20
generally indicates silenced chromatin. In many instances, such
information is heritable. The complexity and dynamics of epige-
netic modifications are considered to provide a link between the
extracellular environment and nuclear transcription. It is increas-
ingly apparent that many growth factor/hormone-responsive
signaling pathways such as Notch and TGFb, often in conjunc-
tion with downstream transcription factors, can remodel the
epigenome through expressing, recruiting or editing enzymes
that modify chromatin (Mohammad and Baylin, 2010). One
good example is the Notch effector RBP-J: depending on the
presence of activated Notch, RBP-J recruits distinct histone-
modifying enzymes to activate or repress target gene expres-
sion (Liefke et al., 2010).

A less studied but recently emerged concept is that informa-
tion about a cell’s metabolic state is also integrated into the
regulation of epigenetics and transcription (Figure 1). It is now
appreciated that cells constantly adjust their metabolic state in
response to extracellular signaling and/or nutrient availability
(Vander Heiden et al., 2009). As a classical example, while quies-
cent cells fully oxidize glucose to carbon dioxide in themitochon-
drial electron transport chain; proliferative cells and tumor cells
consume much larger quantities of glucose, secreting excess
carbon as lactate even when oxygen is abundant, a process
termed ‘‘aerobic glycolysis.’’ Connections between metabolism
and transcription are not unexpected. In unicellular organisms
like yeast the major determinant of cell fate is nutrient levels.
Even in metazoans where most cellular signaling events are
dictated by growth factors, cytokines or hormones, metabolism
still plays a significant role in transcription. This also has a poten-
tially unifying logic, as most chromatin-modifying enzymes
require substrates or cofactors that are intermediates of cell
metabolism. It is not difficult to imagine that fluctuation ofmetab-
olite levels could modulate the activities of chromatin-modifying
enzymes and therefore influence chromatin dynamics. As many
complex diseases such as cancer and type II diabetes display
abnormalities of cellular metabolism and epigenome, under-
standing the molecular connections between these processes
may have therapeutic implications.
In this perspective, we will review findings from studies that

examine metabolic inputs into epigenetics and transcription
in both yeast and metazoan organisms. We discuss possible
mechanisms of howmetabolism can influence chromatin states,
and review recent efforts linking metabolic perturbation to the
dysregulation of cellular differentiation.

Metabolites Drive Oscillatory Gene Expression during
Yeast Metabolic Cycle
Most laboratory strains of budding yeast Saccharomyces cerevi-
siae are cultured in media with abundant nutrient supply. As
unicellular organisms, yeast under such conditions uptake extra-
cellular nutrients avidly and exploit nutrient capture to fuel cell
growth and proliferation at a logarithmic rate. However, under
conditions where one or more nutrients are limiting, yeast tend
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   define a state space with many different attractors. 

 But not every attractor is accessible. 
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