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A molecular understanding of these issues 
has remained elusive, even after the appearance 
of crystal structures of the unliganded PDE4 
core catalytic domain nearly a decade ago7 
and, subsequently, of numerous ligand-bound 
complexes. Now, Burgin et al.4 have acquired the 
first PDE4 structures that show the core catalytic 
domain bound to UCR2, in complex with vari-
ous inhibitors. Their work sheds light on some of 
the most important and longstanding questions 
relating to the mechanisms of regulatory control 
in the PDE4 family and has major implications 
for the design of novel PDE4 inhibitors.

UCR2 has long been known to exert an auto-
inhibitory action on the core catalytic domain6, 
although the structural basis for this effect was 
unclear. The new structures identify an α-helical 
NQVSE[F/Y]ISXTFLD sequence within UCR2 
that can fold across the catalytic pocket, thereby 
gating access to it (Fig. 1a). A dimeric catalytic 
domain assembly, seen in nearly all previous 
PDE4 crystal structures, is also observed here. 
Unfortunately, residues linking UCR2 to the 
core catalytic domain are disordered, and so it 
is not immediately clear whether UCR2 folding 
over the catalytic site is intramolecular or inter-
molecular within a dimeric assembly. Indeed, it 
is also possible that the gating sequence in these 
structures is adventitiously provided by adjacent 
protein molecules in the crystal lattice rather 
than from within discrete dimers. Nevertheless, 
accompanying mutagenesis studies carried out 
by Burgin et al.4 strongly corroborate the loca-
tion and mode of UCR2 docking on the cata-
lytic unit as seen in their crystal structures. Their 
data are also consistent with earlier biochemical 
and two-hybrid studies showing not only that 
UCR2 interacts with the catalytic unit but that 
UCR1 interacts with UCR2 to form a regulatory 
module5,6.

Past efforts to make inhibitors that are selec-
tive for each of the four PDE4 sub-families have 
been confounded by the structural similarity of 
their catalytic sites8, although a degree of suc-
cess has been achieved with PDE4D-selective 

intracellular locales and with cell type–specific 
patterns of expression would allow a new range 
of critical disease processes to be addressed.

Four PDE4 genes (A/B/C/D) encode ~25 
isoforms distinguished by unique N-terminal 
regions for targeting to specific intracellular 
signaling complexes involved in compartmen-
talized cAMP signalling2. These isoforms are 
further classified based upon the presence of 
regulatory upstream conserved region (UCR) 
domains located between the isoform-specific 
extreme N-terminal region and the core catalytic 
domain, which shows high homology across all 
isoforms. Thus, long PDE4 forms have both 
UCR1 and UCR2, short forms have UCR2 and 
super-short forms have a truncated UCR2 (ref. 
2). These regions orchestrate activity changes 
upon regulatory phosphorylation by kinases 
such as PKA and ERK, and also affect target-
ing and sensitivity to inhibition2. Biochemical 
studies have indicated that UCR1 and UCR2 
interact5 and that UCR2 may bind the catalytic 
unit6.

A central question in understanding PDE4 
function relates to how UCR2 channels its regu-
latory action into the catalytic unit. This issue 
has fundamental relevance to important cellu-
lar processes such as desensitization to cAMP, in 
which PKA activation of PDE4 plays a pivotal 
role1. It also has implications for drug discovery, 
as regulatory events in the region N-terminal 
to the catalytic unit—phosphorylation of 
UCR1 by PKA or protein binding to UCR2 
and to the sequence connecting UCR2 to the 
catalytic unit—can selectively alter the potency 
of certain (e.g. rolipram and RS25344), but by 
no means all, inhibitors3. Significantly, it has 
been proposed that these changes in sensitiv-
ity to inhibitors such as rolipram are linked to 
the adoption of distinct PDE4 conformational 
states and that these states may relate either to 
the side effects of inhibitors or to ‘bonus’ effects, 
in which functional responses to certain inhibi-
tors are greater than those expected on the basis 
of simple competitive inhibition3.

Phosphodiesterase 4 (PDE4), the major enzyme 
for degrading cAMP in cells, has long presented 
a tantalizing target for therapeutic intervention1, 
not least because of its genetic associations with 
schizophrenia, stroke, asthma, osteoporosis and 
prostate cancer2. Although numerous PDE4 
inhibitors have been developed, their deploy-
ment has been plagued by side effects such as 
nausea and emesis3. In this issue, an exciting 
contribution from Burgin et al.4 provides a 
quantum leap forward in our appreciation of 
PDE4 structure, its regulation by phosphoryla-
tion and protein-protein interactions, and the 
structural basis of inhibitor action. The authors 
use these insights to develop a series of >800 
compounds, many of which exert an allosteric 
downregulatory action on PDE4 activity that 
results in greatly reduced side effects in several 
animal models. The study thus provides a new 
paradigm for development of PDE4 inhibitors 
that might at last allow the rich therapeutic 
potential of these compounds to be realized.

PDE4 is a member of a large superfamily 
of phosphodiesterases that provide the sole 
means for degrading cyclic nucleotides. There 
are several approved drugs that target phos-
phodiesterases, including a selective inhibitor of 
PDE3 (cilostazol) for treatment of intermittent 
claudication and selective inhibitors of cGMP-
specific PDE5 (e.g., Viagra) for erectile dysfunc-
tion, proving that this superfamily is druggable. 
The critical cAMP signalling pathway has also 
been targeted by many therapeutics that interact 
with G-protein-coupled receptors, thereby con-
trolling the generation of cAMP. However, the 
development of therapeutics that inhibit cAMP 
degradation by PDE forms found at specific 
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ies demystify the complex inhibition kinetics of 
compounds, such as rolipram, that have affinity 
for the catalytic pocket in both UCR2-uncapped 
and -capped states, resulting in the aforemen-
tioned sensitivity to PDE4 phosphorylation and 
protein-protein associations3.

Burgin et al.4 used this new understand-
ing of UCR2 gating to design inhibitors with 
enhanced dependence on interactions with 
the gating UCR2 helix over interactions with 
catalytic pocket residues, exploiting the unique 

of PDE4B into that of PDE4D, and vice versa 
with the reverse mutation in PDE4D.

The study by Burgin et al.4 opens new oppor-
tunities for the rational design of inhibitors dis-
tinguished by their preference for interaction 
with residues within the UCR2 gating sequence. 
Among current inhibitors, RS25344 interacts 
favorably with the gating sequence, stabilizing 
the UCR2-capped state, whereas roflumilast 
interacts less favorably, preferentially occupying 
the uncapped catalytic pocket. These discover-

inhibitors3. The new structures suggest an 
explanation for these findings as they reveal a 
sequence difference within the UCR2 gating 
helix, with PDE4D containing a Phe at position 
6 and PDE4A/B/C having Tyr at this position. 
This residue is shown to have a critical role in 
inhibition as its side chain is orientated into the 
catalytic pocket and can contact inhibitors when 
the enzyme adopts the UCR2-capped configu-
ration. Indeed, a simple Tyr-Phe mutation at 
this one position converts the inhibitor profile 
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Figure 1  Structural basis of PDE4 regulation.  
(a) Model for gated access to PDE4 catalytic 
pocket. The PDE4 core catalytic domain forms 
a dimeric assembly (not shown) in which 
intermolecular docking of UCR2 (blue ribbon) 
to the rim of the catalytic pocket (green surface) 
gates access (blue arrow). Phosphorylation by ERK 
(dark grey site, P) stabilizes the UCR2-capped 
state. An additional gating mechanism may be 
provided by intramolecular capping of the active 
site by the C-terminal regulatory region (cyan 
arrow). Gating regulates entry and binding of 
inhibitors/substrate (orange) within the catalytic 
pocket and is fine-tuned by phosphorylation of and 
protein interactions with the extended N-terminal 
regulatory domain (including UCR1) as well as by 
the binding of scaffolding proteins to core catalytic 
unit loci, as exemplified here with binding sites 
shown for RACK1 (red) and β-arrestin (cyan), 
which themselves may alter gating by UCR2 and 
the C-terminal regulatory sequence. The model is 
based on new PDB entries 3G4G, 3G45 and 3G58 
from Burgin et al.4 augmented by entries 3KKT and 
1XM6, in which the C-terminal sequence is also 
defined. The dimer interface is based upon various 
reported PDE4 catalytic unit structures, and the 
binding sites for β-arrestin and RACK1 are derived 
from peptide mapping coupled with mutagenesis 
studies (see, e.g., refs. 2,3,7 and 8). (b) Capping 
by either UCR2 or the C-terminal regulatory helix 
sequence generates multiple conformational 
states of PDE4. This schematic shows a series of 
key conformational states that can be deduced 
from the structural information in Burgin et al.4. 
Capping by the C-terminal regulatory is likely 
to be intramolecular given the short C-terminal 
flexible hinge sequence and the standard catalytic 
domain dimer configuration. The hinge sequence 
is disordered in the structures of Burgin et al.4, 
but ordered in a recently released (unpublished) 
C-terminal-capped structure (PDB: 3KKT). For 
simplicity, capping by UCR2 is depicted as 
intermolecular because the linking region between 
UCR2 and the core catalytic unit appears too 
short for self-capping, although it should be 
noted that this region is highly variable among the 
four sub-families. These states will be subject to 
further elaboration when PDE4 is phosphorylated 
by various kinases and through association with 
diverse scaffold proteins. Capped forms are 
expected to show lower activity and increased 
affinity for inhibitors that interact with residues 
in the UCR2 or C-terminal regulatory gating 
sequences. Structural detail for the assembled 
UCR2-UCR1 regulatory module and linked PDE4 
N-terminal sequences remains to be determined.
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that show reduced inhibition towards PDE4D 
compared with other PDE4 sub-families in the 
hope of reducing emesis. Burgin et al.4 debunk 
this notion. Indeed, exploiting their structural 
insights, they actually set out to make highly 
PDE4D-selective inhibitors. Intriguingly, their 
lead compounds not only were brain-penetrant, 
and so potentially can access the emesis centre 
in the area postrema, but actually exhibited a 
greatly reduced emesis propensity coupled with 
excellent cognition-enhancing properties. With 
these results the authors chart a course for devel-
oping safer PDE4-selective inhibitors.
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of the UCR2-capped configuration by an inter-
action between a conserved Arg close to the 
UCR2 gating sequence and the Ser that ERK 
phosphorylates in the catalytic unit.

Burgin et al.4 have revealed an exquisite dual-
gating regulatory mechanism for PDE4 in which 
access to the catalytic pocket can be controlled 
by either the UCR2 helix or by a C-terminal helix 
that forms part of the core catalytic unit. This 
model provides key insights into how members 
of this critically important multi-enzyme fam-
ily are regulated and provides a firm structural 
basis for future functional studies. Indeed, we 
can deduce from this model that the functioning 
of PDE4, the outcome of phosphorylation and 
its sensitivity to inhibition are likely to be fine-
tuned by the binding of diverse protein partners 
to the N- and C-terminal regions.

Despite huge investment from the phar-
maceutical industry over the last decade and 
extremely promising pre-clinical data, clinical 
deployment of current generations of PDE4 
inhibitors has been severely compromised by 
nausea and emesis side-effects, which limit the 
effective therapeutic window3. On the basis of 
the proposal that the emesis side effect is related 
to brain PDE4D inhibition12, the recent focus 
of endeavour has been to generate compounds 

Phe-containing gating sequence of PDE4D to 
develop inhibitors selective for PDE4D isoforms. 
This allowed them to generate compounds 
showing >10,000-fold preference for the UCR2-
capped PDE4D dimeric state coupled with novel 
allosteric inhibition kinetics that imply negative 
cooperativity between the two catalytic units. 
The authors’ model envisages this new type of 
inhibitor binding to one subunit in the UCR2-
capped state and inducing a conformational 
change that leads to substantially lower inhibitor 
affinity together with reduced catalytic activity 
in the second, uncapped subunit (Fig. 1b). This 
yields partial competitive inhibition kinetics, as 
previously noted for PDE4A when ‘converted’ 
into a high-affinity rolipram-binding confor-
mation through interaction with SRC family 
protein kinases, a phenomenon that was depen-
dent upon interaction of their SH3 domain with 
LR2, the linking region between UCR2 and the 
PDE4 catalytic unit9.

Previous studies have shown that binding of 
proteins and antisera to UCR2 can markedly 
decrease or increase PDE4 activity. The results 
of Burgin et al.4 now put this into perspective 
as such protein-protein interactions can be 
expected to either enhance or disrupt the abil-
ity of UCR2 to dock onto the catalytic unit and 
thereby influence activity. Importantly for drug 
design, their study shows, for the first time, that 
active-site directed inhibitors can influence the 
conformational state of PDE4. Thus, inhibitors 
such as rolipram that have an intrinsic capac-
ity to stabilize UCR2 docking will tip the bal-
ance in favor of the UCR2-capped state (Fig. 
1b). In effect, protein association and inhibitor 
binding cooperate to promote UCR2 docking, 
altering sensitivity to inhibitors in the pro-
cess. Remarkably, a regulatory sequence at the 
C-terminal end of the catalytic unit (Fig. 1), 
which provides one of the two binding sites 
involved in the association of β-arrestin and 
RACK1 scaffold proteins with the PDE4D5 iso-
form10, was also found to be able to occupy the 
gate position in place of UCR2. This highlights a 
further means to regulate PDE4 by protein asso-
ciations. The linkage between inhibitor binding 
and protein association suggests that inhibitors 
that perturb the equilibria between capped and 
uncapped states may exert functional effects 
beyond simply elevating cAMP levels through 
PDE4 inhibition. Indeed, they may influence 
cAMP signalling more subtly by affecting PDE4 
targeting within cells, as has been shown for the 
action of rolipram on PDE4A4 distribution11.

PDE4 phosphorylation by ERK confers cross-
talk between two pivotal signalling pathways1,2. 
The new structures provide striking insights into 
the structural basis for this control and, in par-
ticular, for its dependence on UCR2 (ref. 2). This 
can now be explained as arising from stabilization  
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Quantitative proteomics using mass spec-
trometry (MS) is increasingly finding appli-
cation in areas ranging from systems biology 
to the identification of clinical biomarkers. 
But accurate quantification of large numbers 
of proteins in label-free shotgun experiments 
remains challenging. In this issue, Griffin et 
al.1 cleverly incorporate three types of infor-
mation commonly generated in MS exper-
iments—unique peptide number, spectral 
count and fragment-ion intensity—to create 
a scoring function that facilitates quantitative 
analysis. Robust analysis of data using this 
approach should enable more reliable quanti-

tative comparisons of label-free MS data both 
within and across laboratories.

The traditional approach for obtaining 
quantitative proteomics data involves com-
paring samples differentially labeled with light 
and heavy isotopes in a single MS run2. More 
recently, the relative abundances of proteins 
in mixtures have been determined without 
labeling2.  Label-free methods permit com-
parison of multiple data sets without the 
cost and inconvenience of isotopic labeling. 
In both isotope-based and label-free experi-
ments, quantification is achieved by analyzing 
either of two sources of information.  In one 
approach, protein abundance is determined 
from the shape of peaks of eluting peptides 
using the area under the curve, or the summed 
intensity of each peak corresponding to a 
peptide2. A second approach, called spectrum 
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counting, involves summing the total number 
of tandem mass spectra that are detected and 
identified for a given protein2. 

In the new method of Griffin et al.1, the 
abundance of proteins in a mixture is deter-
mined by combining spectrum counting with 
another type of information: the fragment ion 
intensities from tandem mass spectra for each 
spectral count of a protein (Fig. 1). Spectrum 
counts and fragment ion intensities are inte-
grated into an equation termed the normalized 
spectral index, or SIN, that takes into account 
both protein length and the number of unique 
peptides per protein.  For a given protein in a 
sample, the SIN is defined as the sum of frag-
ment ion intensities for all spectra counted 
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Figure 1  The normalized spectral index (SiN) leverages unique peptide numbers, spectral counts and 
fragment ion-intensities to determine protein abundances. For a hypothetical protein with two unique 
peptides, the SiN takes into account the fragment ion intensities for all spectra counted for each 
identified peptide derived from that protein. By contrast, conventional spectrum counting involves 
summing the number of tandem mass spectra detected for a given protein. (a) A protein of length L 
yields two unique peptides (blue and green) and these two peptides are detected and identified using 
tandem mass spectrometry and database searching out of thousands of peptides from a complex 
protein mixture. (b) The blue peptide yields six spectral counts and the green peptide yields four 
spectral counts. (c) After each of the spectra in b are interpreted with database searching and all ions 
(blue and red) are matched to peptides, the SiN equation sums the intensities of the matched ion in 
any given spectrum and quantifies the protein of interest by normalizing this against the sum of ion 
intensities for all detected proteins and the length of the protein of interest.

for a protein (SI) normalized by the sum of 
SI over all proteins (n) and by the length of 
the protein (L):

SI
N
 = Σ
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pn

Σ
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i
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(

k

[ [

[ [ Σ
j=1

n

SI
j
 L

where sc is the spectrum count for a peptide 
k, i is the fragment ion intensity of peptide k, 
and pn is the total number of unique peptides 
of the protein. Although several methods rely 
solely on spectral counts, which represent the 
number of times the spectra are assigned to 
the same peptide, the SIN approach first evalu-
ates each individual spectrum and then sums 
the fragment ion intensity in an individual 
spectrum to form the spectral index. As the 
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spectra generated for any peptide differ in the 
same mass spectrometer run, the weighted 
approach of the spectral index improves quan-
titative analysis.

The authors tested the ability of the SIN 
and methods that use spectrum counts or the 
area under the curve to quantify each of sev-
eral proteins spiked into a solution of bovine 
serum albumin. The SIN approach proved 
more robust for calculating protein abundance 
and also minimized the variation of technical 
replicates and the effects of different sample 
loads.  Finally, using protein samples from 
lung tissue, the authors found a strong corre-
lation between quantification estimated using 
the SIN and that using western blot analysis. 

The novelty of the SIN approach is the use 
of fragment-ion intensities for every spec-
tral count (Fig. 1).  The intensity features of 
tandem mass spectra have been previously 
shown to be valuable for improved database 
matching3 and quantitative proteomic analysis 
using a specialized MS setup4. In contrast, the 
information required to determine the SIN is 
readily available and can be implemented with 
standard proteomics pipelines

It is worth emphasizing that all of the 
data used by Griffin et al.1 were generated by 
ion-traps with lower resolution than state-
of-the-art mass spectrometers. With these 
instruments it is difficult to integrate the inten-
sity of the area under the curve for an eluting 
peptide because it is challenging to determine 

where a peak begins and ends.  More expensive 
instrumentation systems with higher resolu-
tion and high mass accuracy should permit 
more accurate determination of the intensity 
of the area under the curve5.  It remains to 
be seen how effectively the SIN strategy can 
be adapted to mass spectrometers other than 
ion-trap systems. 

The work by Griffin et al.1 reinforces the 
importance of normalizing quantitative pro-
teomics data sets1,6,7. Taking into account pro-
tein length and the total intensity of a data set 
improves the use of spectrum counts alone (as 
in the normalized spectral abundance factor7).  
Consideration of protein length is important 
as longer proteins typically yield more spec-
tral counts than shorter proteins in proteomics 
analyses7.  Normalizing to the total ion inten-
sity accounts for the variation in signal inten-
sity across the proteomics experiment.

When these concepts are applied to other 
methods for quantitative proteomics, addi-
tional improvements are likely to be achieved.  
In particular, the impact of normalization 
approaches on labeled quantitative proteom-
ics analysis should be investigated.  Griffin et 
al.1 provide some evidence that the SIN can be 
used to estimate the abundance of proteins in a 
complex cellular lysate1. This is similar to prior 
work in which spectral counting was proposed 
to estimate the absolute protein expression of 
Saccharomyces cerevisiae and Escherichia coli 
proteins6. Further research linking label-free 

quantitative proteomic data sets and abso-
lute protein expression levels is needed to 
explore the tantalizing possibility that the 
SIN approach might find broad application in 
quantifying proteins in complex mixtures.

An area where the work of Griffin et al.1 
could have an immediate impact involves the 
quantitative analysis of protein interaction 
networks.  Several large-scale projects cur-
rently underway aim to assemble thousands 
of human protein complexes into an interac-
tion network8,9. For reasons of cost and sim-
plified experimental pipelines, these studies 
have so far been conducted using label-free 
approaches8,9.  The development of improved 
label-free quantitative proteomic analysis 
tools, like the SIN equation, should advance 
both network assembly and retroactive analy-
sis of existing protein interaction network data 
sets. 
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Even for the simplest organisms 
that can be grown in laboratory 
media, such as bacteria of 
the mycoplasma family, we 
are far from understanding all 
of the design principles and 
essential functions needed 
to sustain life. For instance, 
more than a quarter of the 370 
essential protein-coding genes 
of Mycoplasma genitalium have 

no known function1.  Three 
recent papers in Science2–4, 
by a consortium of research 
groups led by Peer Bork, Luis 
Serrano and Anne-Claude 
Gavin, illustrate the complexity 
of Mycoplasma pneumoniae 
through comprehensive 
analyses of its transcriptome2, 
proteome3 and metabolome4. 
M. pneumoniae has one of the 

smallest known 
genomes of a 
self-replicating 
bacterium, 
comprising  
816 kb and 
encoding just 689 
proteins, only 8 of 
which are predicted 
to be transcription 
factors.  The 
observation that 
89 of the 117 

new transcripts identified are 
antisense to annotated genes 
reveals a hitherto unappreciated 
level of gene regulation2. 
Moreover, many genes were 
found to produce more than one 
transcript2. Proteome analysis 
showed that at least 90% of 
the proteins studied are part of 
at least one of the 178 protein 
complexes identified3. More 
than half of these complexes had 
not been described previously.  
Reconstruction of the metabolic 
network revealed that many 
redundancies and branched 
pathways common to other 
organisms are not present in M. 
pneumoniae4. However, despite 
its low number of metabolic 
enzymes and transcriptional 
regulators, the bacterium is 
able to perform a large variety 
of metabolic reactions and to 
adapt quickly to changes in 
the environment. The former 

can be explained by the large 
fraction of multifunctional 
enzymes, whereas the latter 
suggests a level of regulation 
different from that of bacteria 
with larger genomes. Taken 
together, the papers highlight the 
complexity of even the simplest 
bacteria and underscore the 
challenges in understanding 
and reconstructing minimal life 
forms. More information can be 
found in commentaries by venter 
and colleagues1  and Ochman 
and Raghavan5.
Markus Elsner
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combine to confound a simple bases-per-
dollar comparison.

So what can be said about the relative cost 
of this approach? Drmanac et al.1 sequenced 
three genomes at a coverage of 45–87× and at 
an average reagent cost of $4,400 per genome. 
By their estimates, one false-positive sequenc-
ing error occurred every 100,000 bases—an 
accuracy on par with, or better than, that 
of other popular sequencing platforms. 
Complete Genomics, the company associated 
with the study by Drmanac et al.1, has posi-
tioned itself as a service provider of full human 
genome sequences rather than as a vendor 
of sequencing instruments and reagents. Of 
course, the cost of reagents does not include 
equipment, labor and data-handling, and is 
not the same as the price charged to custom-
ers for a genome sequence. One appropri-
ate comparison is therefore with Illumina’s 
Personal Genome Sequencing Service, which 
delivers a full human genome sequence (on 
an iMac computer) for $48,000. Complete 
Genomics currently charges $20,000 for a 
sequence of similar accuracy1,4,7.

With time, it is certain that prices across 
all vendors will fall. Complete Genomics has 
a target price of $5,000 per genome for ‘bulk’ 
orders7, a substantial drop that is certainly 
possible in the near term. Reducing prices 
significantly beyond that will likely require 
further innovation. For instance, substantial 
increases in instrument throughput could be 
achieved by switching from CCD cameras to 
the much faster and cheaper complementary 
metal oxide semiconductor (CMOS) technol-
ogy. But CMOS is less sensitive, so the DNA 
nanoballs would have to be made brighter, 
which may require considerable research and 
development.

As Complete Genomics makes progress 
in process automation and robustness, they 
may be able to address applications beyond 
human genome sequencing, including gene 
expression analysis, chromatin immunopre-
cipitation and metagenomics. For these, part 
of the difficulty will be in the process scaling 
and multiplexing required to accommodate 
the ultra-high throughput of their machines. 
In addition, for quantitative applications, it 
will be important to ensure they can calibrate 
for biases introduced by the library- and 
nanoball-generation protocols.

performance because the submicron-sized 
DNA features are attached to its surface. So 
they devised a process to manufacture thin 
chambers and perfected a way to flow liquid 
through them, potentially enabling signifi-
cant cost savings over current systems with 
thicker flow-cells.

Second, throughput is driven both by the 
speed of the camera and by how many spots 
can be packed into a single image. The authors 
used the electron-multiplied charge-coupled 
device (CCD) present in several other sequenc-
ing systems2 (http://www.polonator.org/), 
which is faster and more sensitive than what 
is found in the most popular next-generation 
platforms on the market. They combined this 
camera with one of their key innovations, a 
patterned array of DNA nanoballs. These com-
pact chains of amplified DNA assemble into 
a densely packed grid of spots on the flow-
cell surface, maximizing the yield of useful 
sequenced bases from camera pixels. Nanoballs 
offer a higher array packing density than 
bridge amplification4, because they physically 
exclude other DNA molecules from their spot 
on the grid, and a much easier and cheaper 
workflow than emulsion PCR5, because they 
are prepared in a simple reaction that does 
not waste most of the amplification reagents 
on empty emulsion bubbles. The result is an 
instrument capable of maximal throughput, 
given today’s camera technology, and therefore 
minimal capital cost per base pair.

It is difficult to directly compare sequenc-
ing cost between different platforms. This is 
because, for genomic resequencing, cost is 
driven by the coverage required to achieve 
the desired accuracy. Different platforms may 
require different levels of coverage to achieve 
the same accuracy, so comparisons have to be 
made by fixing either coverage, to measure 
differences in cost and accuracy, or accu-
racy, to measure differences in coverage and 
cost6. There are other considerations as well. 
Different mutations (e.g., homozygous ver-
sus heterozygous substitutions, insertions or 
deletions) are generally sequenced with dif-
ferent accuracy. Moreover, the reference stan-
dard used to verify mutations must be more 
accurate than the sequence in question, and 
this is difficult to achieve with the genome-
wide single-nucleotide polymorphism chips 
that are often used. All of these factors  

The rapid pace of innovation in the field of 
genome sequencing continues with a recent 
publication in Science by Drmanac et al.1. 
The authors resequenced three full human 
genomes using a next-generation technol-
ogy that combines highly efficient imag-
ing on ordered arrays with an inexpensive 
ligation-based chemistry. These technologi-
cal improvements further reduce the cost of 
human genome sequencing.

Next-generation sequencing technologies 
generate up to billions of short reads in a run. 
All of these approaches use either polymerase 
or ligase to identify each base with a fluores-
cent signal that is read by a microscope and a 
digital camera. Development of these systems 
has focused on manipulating and arraying 
DNA such that it can be seen by the camera 
and sequenced, and on devising a sequenc-
ing chemistry with sufficient accuracy and 
read-length. For effective human genome 
sequencing, the individual DNA spots should 
be small (≤1 µm) and present at high den-
sity (approaching 1 million spots per mm2). 
Furthermore, the reads must be long enough 
(>30 bp) to allow unambiguous alignment to 
the reference sequence, which is the first step 
in identifying variants.

Drmanac et al.1 have met these goals with 
a platform that integrates several technolo-
gies: (i) a library-generation protocol that 
transforms fragments of genomic DNA into 
highly engineered molecules; (ii) a method 
for generating spots, called DNA nanoballs, 
and arraying them in highly dense grids for 
efficient imaging; and (iii) a nonprogressive 
chemistry (that is, errors do not accumu-
late because each base is read from a fresh 
sequencing primer) that uses ligation with 
partially degenerate sequencing primers1–3 
to yield accurate ~70-bp reads split across 
eight priming sites (Fig. 1).

What is most intriguing is how the plat-
form approaches several technical optima 
that in concert drive down cost. First, the 
amount of reagent used is dictated by the 
area and height of the instrument’s flow-cell 
chamber. Drmanac et al.1 recognized that the 
chamber’s height does not affect sequencing 

Genome sequencing on nanoballs
Gregory J Porreca

Advances in technology deliver cheaper human genome sequencing.
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Boston, MA. 
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In the span of a few short years, the mature 
technology of capillary sequencing has been 
supplanted by new sequencing approaches 
that offer tremendous increases in how much 
we can afford to sequence and how quickly we 
can do it. As the technology advances, focus 
will shift from the initial feats of sequencing 
single genomes to the ongoing challenge of 
producing lots of sequence accurately and 
efficiently. In this endeavour, the platform 
of Drmanac et al.1 is sure to remain in the 
mix.
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and false-negative calls (which generally can-
not be verified) are a source of diagnostic 
error. Thus, accuracy must be high, quantifi-
able and thoroughly measured in advance of 
releasing an assay into the clinic. What’s more, 
continual monitoring of assay performance 
and compliance with clinical laboratory best-
practices are imperative if a sequence is to be 
considered actionable medical advice.

As costs continue to drop, the use of 
sequencing in diagnostics is expected to 
increase dramatically. This large market 
imposes significant requirements on any 
technology it adopts. Costs must be very low 
to displace existing technologies, and accu-
racy must be extremely high. False-positive 
mutation calls drive up assay cost by requir-
ing expensive and time-intensive verification,  
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Previous approach2 Figure 1  Comparison of the sequencing process 
in Drmanac et al.1 (left) and in a previous 
sequencing-by-ligation method2 (right).  
(a) Genomic DNA is converted into library 
molecules. Each molecule contains four 
segments of genomic DNA (i–iv), flanked by 
priming sites (shown in purple). Each library 
molecule is converted into a linear concatemer 
of itself to become a DNA nanoball. (b) Billions 
of DNA nanoballs are added to a silicon slide 
that contains a grid-like pattern of binding sites, 
which causes the nanoballs to self-assemble 
into a dense grid of spots for sequencing, 
maximizing the number of useful sequenced 
bases in each image (see d). (c) Ligation-based 
sequencing chemistry is used to interrogate bases 
of genomic DNA in the library molecules. Each 
cycle of sequencing tags the DNA nanoballs 
with a fluorophore whose color identifies the 
base (A, C, T or G) present at a specific position. 
The chemistry allows 5–10 contiguous bases to 
be read from each of the eight priming sites in 
the library molecule. (d) Digital images of the 
patterned arrays are taken after each sequencing 
reaction. The images are computationally 
analyzed to generate billions of raw sequence 
reads. These reads are then processed with 
assembly and analysis software to accurately 
identify mutations.
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Corrigendum: Microdroplet-based PCR enrichment for large-scale targeted 
sequencing
Ryan Tewhey, Jason B Warner, Masakazu Nakano, Brian Libby, Martina Medkova, Patricia H David, Steve K Kotsopoulos, Michael L Samuels,  
J Brian Hutchison, Jonathan W Larson, Eric J Topol, Michael P Weiner, Olivier Harismendy, Jeff Olson, Darren R Link & Kelly A Frazer
Nat. Biotechnol. 27, 1025–1031 (2009); published online 1 November 2009; corrected after print 11 November 2009

In the version of this article initially published, the email address for K.A.F. should have been kafrazer@ucsd.edu. The error has been corrected in 
the HTML and PDF versions of the article.

Corrigendum: The valuation high ground
Jeffrey J Stewart & Ben Bonifant
Nat. Biotechnol. 27, 980–983 (2009); published online 24 September 2009; corrected online 6 November 2009; pdf corrected 5 February 2010

In the version of this article initially published, the email address for Ben Bonifant was incorrect. The email address is bbonifant@campbellalliance.
com. The error has been corrected in the HTML and PDF versions of the article.

Corrigendum: Receptor-binding specificity of pandemic influenza A (H1n1) 
2009 virus determined by carbohydrate microarray
Robert A Childs, Angelina S Palma, Steve Wharton, Tatyana Matrosovich, Yan Liu, Wengang Chai, Maria A Campanero-Rhodes,  
Yibing Zhang, Markus Eickmann, Makoto Kiso, Alan Hay, Mikhail Matrosovich & Ten Feizi
Nat. Biotechnol. 27, 797–799 (2009); published online 9 September 2009; corrected after print 5 February 2010

In the version of this article initially published, two acknowledgments were inadvertently omitted: NCI Alliance of Glycobiologists for Detection 
of Cancer and Cancer Risk; and Biotechnology and Biological Sciences Research Council. The error has been corrected in the HTML and PDF 
versions of the article. 

Corrigendum: small but not simple
Markus Elsner
Nat. Biotechnol. 28, 42 (2010); published online 8 January 2010; corrected after print 5 February 2010

In the version of this article initially published, the organisms in question were incorrectly identified as Mycobacterium pneumoniae and 
Mycobacterium genitalium. The correct names are Mycoplasma pneumoniae and Mycoplasma genitalium, respectively. The error has been cor-
rected in the HTML and PDF versions of the article.

erratum: A nuclear magnetic resonance technique for determining  
hybridoma cell concentration in hollow fiber bioreactors
Anthony Mancuso, Erik J. Fernandez, Harvey W. Blanch & Douglas S. Clark
Biotechnology 8, 1282–1285 (1990); corrected online 5 February 2010

In the version of this article initially published online, a graph published in print as Figure 2 was erroneously duplicated and appeared as both 
Figure 1 and Figure 2. The original Figure 1 has been restored in the online PDF version of the article.

erratum: Can web 2.0 reboot clinical trials?
Malorye Allison
Nat. Biotechnol. 27, 895–902 (2009); published online 8 October 2009; corrected after print 5 February 2010

In the version of this article initially published, Sharib Khan was incorrectly identified as the CEO of TrialX. He is cofounder. The error has been 
corrected in the HTML and PDF versions of the article.
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