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of many pathogen effectors upon arrival 
inside host cells.
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that has been proposed recently by several 
research groups9,10.

Despite the versatility of this assay, 
some limitations will require follow-up 
developments. First, the split GFP–based 
approach does not yield precise kinetic 
information on biological processes. GFP 
reassembly occurs within 15 to 30 min-
utes; hence rapid cellular events cannot 
be tracked. This could be overcome by 
coupling the assay with other approaches 
that have been used for kinetic measure-
ments of effector secretion, such as the 
tetracysteine-FlAsH method. Second, sev-
eral effectors remain difficult to tag with-
out functional loss. Finally, the approach 
requires genetic modification of the stud-
ied pathogens and of the host. This pre-
vents the use of this assay with pathogens 
that cannot be genetically modified (for 
example, Chlamydia species), and it ren-
ders in vivo studies complicated because 
of the necessity to develop transgenic ani-
mals that express the large portion of the 
split GFP.

The visualization of the effector dynam-
ics upon translocation provides tremen-
dous potential to understand their mode 
of function. The presented approach1 is 
an elegant tool for scientists working on 
pathogens that exploit the T3SS to cause 
infection. Furthermore, we are convinced 
that this assay can also be used to study 
effectors secreted through other injection 
devices, for example the type-IV secre-
tion system used by Legionella species. 
Fluorescence assays such as this will be 
instrumental to unraveling the functions 
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Figure 1 | The split GFP–based method in comparison with other approaches 
for bacterial-effector tracking. (a) Host cells expressing a large piece of 
GFP are challenged with Salmonella expressing SPI2 effectors fused to the 
remaining strand of GFP. The injected effectors localize correctly at the 
membrane structures emanating from the bacteria-containing vacuole and 
the complementation of the two GFP pieces results in a fluorescence signal. 
(b) Reporter assays using cleavable FRET-based sensors. Before cleavage 
of the FRET sensor by the injected effectors, the entire host cell fluoresces 
in green after cleavage, the host cell fluoresces in blue. (c) Direct effector 
labeling via the tetracysteine (4Cys)-FlAsH method.

The dominance of deterministic thought 
in cell biology has obscured a fundamental 
property of living systemsvariability1. A 
cell population, however uniform, is ripe 
with heterogeneities. For starters, cell-
to-cell variability arises naturally and 
inevitably from noisy processes such as 
transcription or translation2. More inter-
estingly, variability among single cells in a 
population may arise from heterogeneous 

responses to intrinsic and extrinsic per-
turbations.

However, in biological experimenta-
tion, noise (that is, an unresolved mix of 
experimental or biological fluctuation as 
well as meaningful biological variability) 
is classically viewed as a ‘nuisance factor’ 
caused by random uncontrolled variables 
and is eliminated to the extent possible 
by statistical treatments. Unfortunately, 
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not all noise is waste
Vito Quaranta & Shawn P Garbett

Stochastic profiling, a method to rank heterogeneity of gene 
expression in a cell population, shows that quantifying cell-to-cell 
variability has come of age and leads to biological insight.
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and false negatives. This window, for now, 
is somewhat narrow but already produces 
robust measurements. Implementation 
in other cell systems should prove infor-
mative as to whether the window can be 
broadened.

A more subtle point that Janes et al.3 
raise is that to solve cell-to-cell variability 
another challenge looms: the linking of 
genetic with molecular with cellular data. 
Genetic and molecular methods, especially 
those based on amplification like PCR, are 
well suited to address single-cell heteroge-
neity questions because of the wealth of 
analytical tools, reagents and technology 
with deep sensitivity. Cell-based methods, 
instead, are lagging behind, though the 
advent of high-content automated micros-
copy may be a game changer4,5. As these 
methods come on-line, the ultimate task is 
nonetheless to explain cell-to-cell variabil-
ity in terms of a cell’s molecular content. 
Computational and mathematical model-
ing will provide the multiscale link from 
genes to molecules to cells. Without data, 
however, these models will be powerless.

The method of Janes et al.3 joins oth-
ers in a growing analytical toolbox for 

expression on arrays after amplification. 
Choice of this system is quite appropriate 
because it showcases the usefulness of the 
method to measure global changes in gene 
expression with equal resolution across 
all genes. Stochastic profiling sifts cells in 
these samples and can be used to detect 
molecules with higher stochasticity (σ) of 
potential interest (Fig. 1b,c). Janes et al.3 
group these transcripts by gene programs, 
producing insights into the direction a cell 
may be taking, such as differentiation or 
response to stress.

In the present implementation, amplifi-
cation is an obligate part of stochastic pro-
filing. Care is needed here to avoid distor-
tion of underlying molecular relationships 
and to ensure that low-level transcripts 
are detected. There is room for improve-
ment, perhaps with alternatives based on 
ultrasensitive single-molecule detection 
or deep-sequencing techniques.

To extend application of  stochastic 
profiling, the choice of cell sample size is 
key; it must be high enough to eliminate 
measurement error and low enough to 
preserve variability of interest. One needs 
to hit a ‘sweet spot’ between false positives 

with the nuisance factor, information on 
meaningful variability, especially between 
cells, is lost. It is hard to fault recent gen-
erations of biological scientists for sweep-
ing variability under the carpet. The main 
driver in the past 50 years of biology has 
been discovery of parts that make up liv-
ing organisms, a daunting task in need of 
some foundation of certainty. Strict deter-
minism and linear thinking have fulfilled 
this necessity.

But now, the triumphs of this discov-
ery phase have provided knowledge and 
means to revisit biological noise. The 
challenge is to distinguish boring noise 
from noise that matters, such as cell-to-
cell variability resulting from adaptation, 
differentiation, neoplastic mutations as 
well as genetic and nongenetic hetero-
geneity. Fundamental insights are within 
reach. How do cells cope with noisy pro-
cesses? What amount of noise is tolerated 
by normal versus pathological cells? What 
adaptations have they made to thrive in 
noisy microenvironments? What happens 
when cellular noise-dampening mecha-
nisms fail?

The existing deterministic viewpoint is 
not equipped to deal with these questions. 
“The bottleneck is not in studying the role 
of heterogeneities but in identifying them 
in the first place,” write Janes et al. in this 
issue3. Their work is an important step in 
removing this bottleneck, by capturing 
variability in the molecular endowment 
of single cells with a high level of statisti-
cal confidence.

Counterintuitively, the trick is to use 
not a single cell as the direct experimen-
tal subject but rather to stochastically and 
repeatedly sample a group of cells of the 
right size (Fig. 1a). The reason for this is 
that molecular techniques focusing on 
a single cell bring with them sufficient 
experimental error to interfere with the 
very measurement they are used to take; 
experimental and biological noise drowns 
meaningful heterogeneities. Stochastic 
sampling, instead, suppresses experimen-
tal noise while letting meaningful hetero-
geneity in a cell population emerge.

To test their method, Janes et al.3 clev-
erly applied it to an in vitro cell system 
in which changes in gene expression 
occur spontaneously as cells differen-
tiate to produce a glandular structure  
comprising approximately 100 cells. They 
microdissected samples of about 10 cells 
repeatedly, at random, and assayed gene 
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Figure 1 | A spectrum of variability measurements. (a) In populations, any single-cell heterogeneity 
is lost, and a mean of the population is observed. With smaller samples, taken multiple times, 
heterogeneity of cells emerges. In a single-cell sample, measurement error can easily dominate and 
result in false positives when searching for heterogeneity. (b) A homogeneously expressed gene, when 
stochastically sampled, will have intrinsic and experimental noise and serves as a reference for these 
types of noise. (c) A heterogeneously expressed gene will have a wider variance when compared with 
the reference in b. Such a comparison is not possible in single-cell measurements.
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Das, Karanicolas and Baker now describe 
an original approach1 based on the devel-
opment of new force fields in the Rosetta 
framework, a powerful protein structure 
modeling software package from Baker’s 
laboratory, that incorporate, in addition 
to van der Waals and electrostatic inter-
actions, subtle nonbonded interactions 
specific to RNA molecules. This modeling 
method, called fragment assembly of RNA 
with full-atom refinement (FARFAR)1, is 
an extension of a previous program from 
the same group, fragment assembly of 
RNA (FARNA)2. In FARNA, modeling is 
based on energy functions controlling the 
conformational preferences of the sugar-
phosphate backbone and of the bases. 
FARFAR incorporates additional energy 
terms, including specific hydrogen-
bonding interactions between the bases 
and backbone oxygen atoms, and espe-
cially, a new potential that controls the 
hydrogen bonds formed by the hydroxyl 
O2′  group, the characteristic distinction 
between RNA and DNA. Very impor-
tantly, the hydroxyl group is involved in 
many specific contacts occurring in the 
minor groove, which constitute the most 
prominent and frequent RNA-RNA self-
assembly motifs3. Understandably, the 
absence of energy terms for monitoring 
such key RNA contacts leads to poor RNA 
modeling. Another new energy term treats 
the C-H…O contacts that are also very 
critical in RNA architecture because they 
contribute to the conformational prefer-
ences of the nucleotides and participate 
in the formation of some non–Watson-
Crick pairs4. The consideration of atom-
atom force fields offers the possibility of 
full atom refinement at later stages of the 
model production.

The authors show that FARFAR accu-
rately modeled 50% of  the 32 tested 
experimental structures within 1-2 Å1. 
The results are particularly interesting on 
two grounds: first, the models produced 
correct non–Watson-Crick pairs, and sec-
ond, variants of experimental structures 
could be predicted and experimentally 
validated.

To correctly model RNA structures, one 
must consider non–Watson-Crick pairs. 
The standard Watson-Crick pairs form 
only regular RNA helices, and any single 
RNA architecture requires the formation of 
non–Watson-Crick pairs, which organize 
internal loops or junctions between heli-
ces and interconnect RNA regions5. The 

disappearing) in large cell populations in 
response to perturbations.
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determining trait heterogeneity in cell 
populations, which can be expected to 
have a major role in this next systems 
phase of biology6. Examples of potential 
applications abound, including, to name 
a few, cell-to-cell variability in immune 
response, function-dependent neuronal 
differentiation and microenvironment-
driven cancer cell heterogeneity. Although 
microdissection is laborious, in appro-
priately designed cultured cell systems it 
may not be difficult to couple the stochas-
tic profiling method to high-throughput 
sampling techniques, for example, based 
on microfluidics, so as to detect at high 
resolution the heterogeneity rising (or 

The amazingly diverse roles of RNA mol-
ecules in biology are attracting increas-
ing attention. Their varied biological 
functions are a result of the diversity of 
three-dimensional structures they adopt. 
However, the steps necessary to experi-
mentally derive the native fold of an RNA 
sequence of  interest are difficult and 
time consuming. In this issue of Nature 
Methods, Das, Karanicolas and Baker 
describe a powerful approach for model-
ing native-like RNA structural motifs with 
high resolution1.

Crystallographic and NMR spectros-
copy methods yield the most accurate 
structural models. To understand cata-
lytic mechanisms, resolutions around or 
below 1 Å are necessary, which can now 
be reached increasingly frequently with 
crystallography. For useful understand-
ing of ligand or drug binding, resolutions 
of 1–2.8 Å, commonly attained with crys-
tallography, are necessary to pinpoint all 
the specific hydrogen bonds and contacts 
maintaining the complex.

But do we need to crystallize every RNA 
we are interested in? Could we take advan-
tage of existing structures to obtain suffi-
ciently reliable models that could contrib-
ute in a useful fashion to our biological 
understanding of RNA? After all, although 
the number of crystal structures of RNA 
and RNA complexes is just a tiny fraction 
of the available protein structures, this 
proportion has enormously increased 
over the last decade, and now several crys-
tal structures of full ribosomes are avail-
able at very good resolution. This wealth 
of information has been used in develop-
ing knowledge-based three-dimensional 
modeling tools that, in various ways, 
incorporate the accumulated knowledge 
about RNA sequence and structure. Some 
tools require interactive assembly by the 
user and others are fully automated. But 
questions remain about the reliability of 
the produced models, how well the models 
compare with established structures and 
what the best ways of comparing models 
and X-ray structures are.

toward atomic accuracy in rna 
design
Eric Westhof

The introduction of new and accurate force fields for atom-atom 
interactions into the Rosetta framework allows the recovery of 
native-like RNA structures.
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