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Abstract: Protein complexes are classified and have been charted in several large-scale
screening studies in prokaryotes. These complexes are organized in a factory-like fashion
to optimize protein production and metabolism. Central components are conserved
between different prokaryotes; major complexes involve carbohydrate, amino acid, fatty
acid and nucleotide metabolism. Metabolic adaptation changes protein complexes
according to environmental conditions. Protein modification depends on specific
modifying enzymes. Proteins such as trigger enzymes display condition-dependent
adaptation to different functions by participating in several complexes. Several bacterial
pathogens adapt rapidly to intracellular survival with concomitant changes in protein
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complexes in central metabolism and optimize utilization of their favorite available
nutrient source. Regulation optimizes protein costs. Master regulators lead to up- and
downregulation in specific subnetworks and all involved complexes. Long protein half-life
and low level expression detaches protein levels from gene expression levels. However,
under optimal growth conditions, metabolite fluxes through central carbohydrate pathways
correlate well with gene expression. In a system-wide view, major metabolic changes lead
to rapid adaptation of complexes and feedback or feedforward regulation. Finally,
prokaryotic enzyme complexes are involved in crowding and substrate channeling. This
depends on detailed structural interactions and is verified for specific effects by
experiments and simulations.
Keywords: metabolites; protein complexes; prokaryotes; crowding; channeling;
S. aureus; E. coli

1. Introduction
In cells, proteins often occur together with other proteins in protein complexes. The proteins in
these complexes often interact to fulfill their function. In this review, the aim is to explore how
complexes interact from the aspect of systems biology, how they adapt to changes in the environment
and how this is connected to metabolism and its regulation, including crowding and channeling effects.
In general, for a comprehensive view on protein complexes, a large amount of data, integrated
models and comparative biology on various species is required [1–7]. This is now possible as, for the
first time, there is sufficient data for a comprehensive systems-level view on how metabolic adaptation
is accomplished [1]. In this review, we illustrate how protein complexes help to establish order and
improve adaptation in the prokaryotic cell, particularly in regards to metabolism.
Large-scale data are critical for a comprehensive view on protein complexes and metabolic
adaptation, hence we first provide a view on different large-scale screening studies on protein
complexes in prokaryotes [3–7]. Each of these studies brought up new complexes and there are
certainly more surprises in stock. These studies classified protein complexes and are also a useful
pointer to detailed catalogs of prokaryotic proteins, interactions and protein complexes and
connections to metabolism. An interesting insight are super-complexes connecting complexes. They
organize the cell in a factory-like fashion to optimize protein production and metabolism [4]. Here,
central components are conserved between different prokaryotes [8].
We then look at the connections between metabolic adaptation and protein complexes. Proteins
such as trigger enzymes display in a condition-dependent fashion two (or more) different functions by
participating in several complexes [9]. Intracellular pathogens utilize different metabolites in their
respective niche with rapid adaptation of metabolism and involved protein complexes [1]. Prokaryotic
regulatory strategies ensure optimal mRNA and protein half-life as well as optimal growth under
different environmental and niche conditions [10].
A system-wide, global view on prokaryotic protein complexes shows rapid adaptation supported by
system shifts promoted by protein switches (e.g., central transcription regulators) and feedforward and
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Structural considerations for the network topology include consideration of network centrality.
Thus, general metabolic pathways are connected by short pathways and currency metabolites are well
buffered to achieve optimal balancing of the network. Whether such networks are truly “small
world”—like [12] or not [13] is still a matter of debate. Small world-like behavior often reflects
agglomeration, and evolutionary forces drive such processes (e.g., pathway duplication, pathway
recruitment etc., [14]), thereby enhancing exactly this growth type, including metabolic enzyme
complexes. There is also the concept of a large central component with several smaller bystander
networks and a comparatively high number of singletons [15]. This is again a typical finding from
interactomics [16], but partly reflects true effects of evolutionary forces at work. However, partly also
natural limitations of knowledge (most data instances can be connected, so we get a large central
component, and similar reasoning for other subnetworks) becomes a problem.
Selection optimizes metabolic networks in bacteria further. For instance, metabolic pathways in
bacteria are organized to be optimally switched by central transcription factors and, in this respect,
there is certainly a selection for optimal control. Controllability in different types of networks is
currently a hot topic of research [17].
Regarding large-scale studies on prokaryotic complexes, focusing on one of the smallest bacteria
known and profiting from its compact genome, Kühner et al. [4] used tandem affinity purification-mass
spectrometry (TAP-MS) on the small Gram-positive bacterium M. pneumoniae. This revealed 62
homomultimeric and 116 heteromultimeric soluble protein complexes which are partly conserved
across bacteria, including many novel ones. Interestingly, a third of the complexes are involved in
higher levels of proteome organization. These larger multi-protein complex entities link successive
steps in biological processes like a conveyor belt involving shared multifunctional components. This
interesting finding of a factory-like arrangement of bacterial protein complexes churning out a
maximum of proteins and processed metabolites was supported by structural analysis on 484 proteins
(single particle electron microscopy, cellular electron tomograms and bioinformatical models). Thus,
Kühner et al. [4] show details of the factory and interlinked protein complexes, including detailed
structure prediction. Regarding time-dependent nuclear complexes, they found multiple regulators and
regulatory interactions per prokaryotic gene, such as new noncoding transcripts. For instance, there are
89 of them in antisense configuration to known genes in M. pneumoniae [3]. With similar techniques,
Butland et al. [18] analyzed E. coli complexes using affinity tagged proteins of 1,000 open reading
frames (nearly a quarter of the genome). 648 were homogeneously purified and analyzed by mass
spectrometry. The direct experimental approach revealed new interactions, as well as interactions
predicted previously based on bioinformatic approaches from genome sequence or genetic data.
Furthermore, looking in detail at both data sets ([3,18]) shows that many important interactions are
conserved in both bacteria.
The question of conservation of prokaryotic protein complexes and their interactions was also
analyzed by Parrish et al. [8] in the food-borne pathogen Campylobacter jejuni (NCTC11168). Yeast
two-hybrid screens identified 11,687 interactions with 80% of all bioinformatically predicted proteins
participating. Furthermore, this study places a large number of poorly characterized proteins into
networks with hints about their functions. Interestingly, a number of their subnetworks are not only
conserved compared to E. coli, but also to S. cerevisiae. Furthermore, biochemical pathways can be
mapped on protein interaction networks. This has been shown in this study for the chemotaxis pathway
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of C. jejuni. As an application aspect, a large subnetwork of putative essential genes suggests new
antimicrobial drug targets for C. jejuni and related organisms. In summary, this landmark study [8]
nearly doubled the binary interactions described for prokaryotes at that time, and showed that many of
the identified complexes are conserved in their central components between various prokaryotic organisms.
Figure 2 shows a number of complexes available from these studies and found either in E. coli or
Staphylococcus aureus or both as well as their connection to metabolism.
Figure 2. Protein complexes and their connection with metabolism. A number of central
complexes are shown, giving the situation in E. coli, as well as implied and connected
central metabolic pathways. In S. aureus, details of several complexes differ (E. coli-specific
complexes not present in S. aureus are labeled with E (in green), S. aureus-specific
complexes not present in E. coli are labeled with S in yellow, see text). For details see text.
Abbreviations: Ac-Coa, acetyl-CoA; Fru-1,6, fructose-1,6-bisphosphate, Fru-6P, fructose
6-phosphate; Glu, glucose; Glu-6P, glucose 6-phosphate; Gnt-6P, 6-phospho gluconate;
PEP, phosphoenolpyruvate; PPP, pentose phosphate pathway; PTS, phosphotransferase
system; Pyr, pyruvate; TCA, tricarboxylic acid; TriP, triose phosphate.

The annotation and validation of all the implied prokaryotic interaction data and protein complexes
is nontrivial. One important way to achieve this is to make them accessible by a Wiki, for instance, the
“SubtiWiki” or the “WikiPathways”. These Wikis provide a knowledgebase for the Gram-positive
model bacterium Bacillus subtilis [19], or pathways in general [20]. The SubtiWiki includes the
companion databases SubtiPathways [21] and SubtInteract with graphical presentations of metabolism,
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its regulation, as well as protein–protein interactions and complexes, and is highly recommended as an
exemplary resource to study systems biology of protein complexes in bacteria.
Moreover, protein modifications have to be charted. They influence protein complex formation, and
removing or adding a protein modification allows corresponding protein complexes to change with
time. An important mechanism is phosphorylation. Interacting proteins may specifically bind to these
protein modifications or only bind if these modifications are absent. Thus, Van Noort et al. [22]
compared this mechanism with other posttranscriptional regulatory mechanisms in M. pneumoniae.
This organism is particularly suited for such studies because it encodes only two protein kinases and
one protein phosphatase. This fact allows an elegant identification of the protein-specific effects on the
phosphorylation network using specific deletion mutants. Van Noort and co-workers also considered
changes in protein abundance and lysine acetylation [22]. Introduction of the mutations did not alter
the transcriptional response, but deletion of the two putative N-acetyltransferases affected protein
phosphorylation, which demonstrates the cross-talk between the two posttranslational modification
systems. Phosphoproteome studies were also reported for B. subtilis. Jers et al. [23] identified nine
previously unknown tyrosine-phosphorylated proteins in B. subtilis, and the majority of these were at
least in vitro PtkA substrates.
2.2. Metabolic Adaptation and Protein Complexes
For growth, intracellular model pathogens rely on different metabolic resources and exploit suitable
protein complexes for their utilization and thus regulate metabolism accordingly. Therefore,
comparing the wild-type S. aureus strain 8325 and the isogenic deletion mutants (either lacking the
eukaryotic-like protein serine/threonine kinase PknB or the phosphatase Stp, [24]) remarkable
differences were found. Those differences were in nucleotide metabolism and cell wall precursor
metabolites, such as peptidoglycan and cell wall teichoic acid biosynthesis in S. aureus. This
phosphatase and the kinase are also antagonistic players in central metabolism, affecting enolase,
triose phosphate isomerase, fructose biphosphate aldolase, pyruvate dehydrogenase, phosphate acetyl
transferase, and others.
Similarly, S. aureus pathogenicity potential depends on the iron status of the host [25]. Combining
difference in-gel electrophoresis and mass spectrometry with multivariate statistical analyses,
Friedman et al. [25] revealed clusters of cellular proteins responding to distinct iron-exposure
conditions (iron chelation, hemin treatment), as well as genetic changes (∆fur). 120 proteins representing
several coordinated biochemical pathways and regulons were affected by changes in iron-exposure status,
for instance the heme-regulated transport system (hrtAB), a novel transport system. During iron
starvation, pH decreased and acidic end-products accumulated so that iron was released from the host
iron-carrier protein transferrin.
Complexes may thus rapidly assemble and disassemble according to the metabolic situation. To
achieve this efficiently, “moonlighting” enzymes have a hidden second function only apparent in the
“moonlight”, i.e., an alternative metabolic condition revealing its nonstandard function. Aconitase is a
good example; with sufficient iron content, its iron-sulfur cluster is present and the enzyme catalyzes
isomerization of citrate to isocitrate. However, under low iron, a hidden second activity is apparent:
without an iron-sulfur cluster the enzyme binds iron-responsive elements in RNA to block translation.
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Such enzymes are thus found in two different complexes (e.g., metabolic complex or RNA-binding
complex) and change their life from metabolism to control of gene expression in response to the
availability of their substrates (“trigger enzymes”; [9]). Other enzymes have acquired a DNA-binding
domain. They act as direct transcription repressors by binding DNA in the absence of substrate.
Furthermore, sugar permeases of the phosphotransferase system control transcription activity by
phosphorylating regulators in the absence of a specific substrate [26]. Finally, regulatory enzymes may
control transcription factors by inhibitory protein–protein interactions. Duplication and subsequent
functional specialization, a general motor of enzyme evolution, is also a major evolutionary pattern
found here.
2.2.1. Metabolic Adaptation in Intracellular Model Pathogens
In Lysteria monocytogenes the transcriptional regulator PrfA controls levels of pathogenicity
factors and influences protein complexes and metabolic pathways, but also allows adaptation to the
nutrient-poor, low-glucose environment of the cytoplasm of the host [27]. The metabolism of host and
pathogen is intertwined and L. monocytogenes is well adapted to this nutrient-poor environment, not
disturbing the balance of the host too much. Overexpressed PrfA strongly influences the synthesis of
some amino acids, such as branched amino acids (Val, Ile and Leu). Degradation of glucose occurs via
the pentose phosphate pathway. The citrate cycle is incomplete (lack of 2-oxoglutarate dehydrogenase).
Oxaloacetate is formed by carboxylation of pyruvate. Furthermore, growth of L. monocytogenes on
brain–heart infusion medium resulted in a substantial upregulation of all genes and protein complexes
involved in facilitated glycerol uptake (glpF) and catabolism of glycerol, such as glycerol kinase
(glpK), glycerol-3-phosphate (glycerol-3P)-dehydrogenase (glpD), and dihydroxyacetone kinase
subunit K (dhaK). In contrast, genes encoding the permeases of the PEP-dependent phosphotransferase
system (PTS) are not upregulated. In fact, there is downregulation of glycolysis genes and upregulation
of gluconeogenesis. Glycerol may be a major carbon source for carbon metabolism in intracellular
bacteria. Glucose-6P may serve as an additional carbon source whereas glucose is probably not a
major substrate for intracellular Listeria. Important for intracellular survival and virulence is the
ATP-dependent pyruvate carboxylase (PycA). Furthermore, only some amino acids are synthesized de
novo (Ala > Asp > Glu > Ser > Thr > Val > Gly) [28]. Cofactors such as riboflavin, thiamine, biotin
and lipoate are directly imported from the host cell.
For comparison, in Shigella flexneri, glucose uptake is downregulated and glycerol utilized in
cytosolic growth within macrophages. Gluconeogenesis (fbp and pps) is upregulated. Under these
conditions, Shigellae synthesize aromatic amino acids, GMP and thymidine, and the corresponding
enzyme complexes.
In contrast, pathogenic E. coli strains (EIEC) utilize glucose for survival inside the host cell [1].
However, similar to the Shigaellae, EIEC are also more anabolically active in their intracytoplasmatic
lifestyle than Listeria, as EIEC synthesize their own amino acids.
Intracellular Salmonella enterica subsp. enterica serovar Typhimurium use glucose, glucose-6P and
gluconate (glycolysis and Entner-Doudoroff pathway are upregulated, TCA is downregulated). In the
Salmonella containing vacuole, glucose is preferred over glucose-6P as carbon substrate. In
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systemically infected mice, bacterial growth depends on a complete TCA cycle [29] and the glyoxylate
shunt is less important. Ser, Gly, Ala, Val, Asp and Glu are de novo synthesized efficiently.
Finally, M. tuberculosis grown in resting and activated bone-marrow-derived macrophages show
substantial upregulation of the type II citrate synthase gene (gltA), the isocitrate lyase gene (aceA1),
the PEP carboxykinase gene (pckA) and the malate dehydrogenase gene (mez) implying corresponding
protein partner complexes. There is good evidence that fatty acids, and possibly glycerol or glycerol-3P,
are the preferred carbon sources (β-oxidation is important for virulence), as there is not much amino
acid synthesis, and glucose utilization may be confined to early states of infection [1].
2.2.2. Regulatory Strategies and Prokaryotic Protein Complexes
Environmental perturbations, nutrient change or shortage, stress responses and density of
individuals all have impact on metabolism. Furthermore, several levels of regulation (transcription,
translation, protein stability, enzyme regulation) ensure that the response is optimal. Regarding
regulation of RNA and protein complex half-life, experimentally determined mRNA and protein
half-lives were measured by Maier et al. [30] under different environmental conditions for M. pneumoniae.
Gene expression was not well correlated with protein dynamics. The translation efficiency was more
important for protein abundance than protein turnover. Combining stochastic simulations and in vivo
data the authors showed that low translation efficiency and long protein half-lives “effectively reduce
biological noise in gene expression” [30]. Protein abundances were found to be regulated in functional
units and according to cellular state. This included protein complexes and pathways.
Considering regulatory input is far more challenging. A first observation is from Jozefczuk et al. [6],
studying E. coli metabolism and regulatory response after different types of challenges comparing
metabolome and transcriptome. The responses to different stimuli vary. However, there is a general
strategy of energy conservation. Central carbon metabolism intermediates go down fast if cell growth
stops. Summing up the various scenarios, Jozefczuk et al. [6] found a condition-dependent association
between metabolites and transcripts. Thus, also in E. coli, a direct correlation between gene expression
and metabolites is only possible for the central carbohydrate pathways glycolysis, pentose phosphate
cycle and citric acid cycle [31], otherwise the condition-specific regulation has to be
considered (Figure 2).
Using a combination of computational tools including elementary mode analysis, as well as a new
technique involving metabolic flux patterns [32], methods from network inference and dynamic
optimization, Wessely et al. [33] showed for E. coli that transcriptional regulation of pathways reflects
the protein investment into these pathways. As an evolutionary optimal strategy, protein-expensive
pathways are tightly controlled by many interactions, whereas metabolic cheap ones are not.
Furthermore, niche and species-specific regulatory strategies allow model pathogens for
intracellular infections to be optimally adapted to their own niche in the host. Each pathogen uses few
specific transcription factors to adapt, which then bind to the promoters together with polymerase and
sigma factors leading to transcriptional protein complexes for all the genes they control during the
adaptation process [1]: PrfA in Listeria is used only for adaptation to nutrient-poor conditions on
specific media or in the host. Transcriptional regulators VirF, VirB and MxiE are used in Shigella. In
contrast pathogenic Salmonellae have a more elaborate regulation of their intracellular adaptation
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exploiting pathogenicity islands and as regulatory components the transcription activator HilA and the
SsrAB two-component system. Specific virulence genes are not so clear in M. tuberculosis. However,
each of the four mce operons, which are essential for virulence, is repressed by a specific
transcriptional repressor under various nutrient rich cultivation conditions. This repression is
presumably relieved when nutrient conditions are sufficiently poor (host cell, macrophage, persistence).
For comparison, S. aureus adaptation to glucose limitation and other environmental challenges
involves regulatory switches, again both on the transcriptional level, as well as regarding metabolism
(e.g., pyruvate dehydrogenase complex; Figure 2). During the aerobic/anaerobic shift, Rex- (redox
sensing) regulators are involved both in redox sensing and in regulation of anaerobic gene expression [34]
using a highly conserved binding sequence to repress genes downstream. This improves anaerobic
reduction of NAD+ to NADH (lactate, format and ethanol formation), nitrate respiration and
ATP synthesis.
A tight connection of metabolism, regulation and coordinated shifts in protein complexes and
system states is also observed in other fast growing organisms, such as yeast [35].
2.2.3. A System-Wide, Global View on Prokaryotic Protein Complexes
Given the fact that adaptation of metabolic networks happens in concert involving many pathways
and that regulators are rather highly interconnected, an alternative to model bacterial adaptation are
more global views. Thus, it is interesting to compare how metabolic changes are coupled to a response.
Whereas eukaryotes in general rely more on sensing (external and internal) the environment [36], for
bacteria, there is a tighter connection to metabolism [7,33] in order to always achieve optimal the
growth rate, including just-in-time ribosome synthesis [37]. Whether this can already be called
“adaptive prediction of environmental changes” [38] is a matter of preference. However, these overall
strategies clearly differ between prokaryotes and even growth-oriented eukaryotic organisms such as
yeast. As a general rule, there is a much higher investment in control and sensing in eukaryotes,
whereas metabolic adaptation of bacteria exploits direct regulation and coupling to metabolism. This is
supported by data from Kotte et al. [7] and Jocefzuk et al. [6], as well as a number of specific building
blocks included in adaptive structures and complexes such as riboswitches [39,40] and the
aforementioned trigger enzymes with their double role to switch from metabolic function (often as
members of an enzyme complex) to a direct regulatory function (binary complex, often involving
nucleic acids) when substrate levels are low [9].
There are a number of coordinated adaptation scenarios for S. aureus with detailed, coordinated
changes in metabolic enzymes, regulation and dynamics of protein complexes.
Integration of different data sets facilitates a detailed comparison of how mRNA, protein and
metabolite flux correlate. Examples of aerobic glucose limitation of S. aureus [41], but also for data
from Listeria [41], show that central carbohydrate pathways (glycolysis, TCA, pentose phosphate
cycle) are strongly turned on during this transition and that gene expression, protein levels and
metabolite flux correlate well in general. However, exceptions far away from the correlation line point
to selected up- or downregulated enzymes, imply changes in enzyme complexes, too. In contrast, for
amino acid metabolism, a linear relation at least between gene expression and metabolite flux provides
only a lower bound. In such cases, the enzymes are not operating with maximal activity and thus
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higher mRNA expression than the theoretically calculated minimal level is observed [41]. A number of
broader investigations on correlations tend to support such conclusions [31]. In E. coli, enzymes of
central metabolism are strongly active and thus the corresponding mRNA level is a good indicator of
their activity and correlates well with the strengths of the actual metabolic flux through the enzyme.
The building blocks of system-switching states are different protein complexes in bacteria, and, on
the next, the pathway level; a number of pathways change (exactly those concerned with the adaptation
as evolution made sure). This is often achieved by development of highly selective transcriptional
activation by transcriptional regulators or polymerase subunits if a broader response is necessary, e.g.,
prokaryotic stress response and specific sigma factors. However, the system perspective is interesting:
If such a system change comes about, system stability and self-stabilizing feedback loops have to be
taken over. Instead, the new system state has to enhance itself (by positive feedback loops) and once it
took over (a tipping point has been reached, the system is committed to change), stable regulation
involves further negative feedback loops (a simple example is that the biological oscillations are
controlled accordingly; the basic type is the Van der Pol oscillator; [42]). The switch from aerobic to
anaerobic growth in S. aureus seems in fact to follow that regime under glucose limitation. One can
clearly make out central involved protein complexes (Figure 2) which change, concerted pathway
adaptations (e.g., all TCA enzymes and respiration is switched off under anaerobic condition) and
initial positive feed-back loops (e.g., when the glycolytic enzymes are activated by glucose and low
ATP concentrations) with later supporting negative feedback loops (which stop fast metabolization and
lead to the stationary phase, including triggering stress response, suitable sigma factor changes in the
transcription complexes and binding to a number of different promotor sequences to coordinate stress
responses and connected protein complexes to prevent starvation).
There are more biochemical details to such adaptations, see e.g., Liang [41] for S. aureus glucose
limitation experiments under aerobic conditions. Thus, when glucose levels are low in E.coli, a
phosphorylated form of EIIA (phosphotranferase system enzyme) accumulates. This then activates the
enzyme adenylyl cyclase. If levels of cAMP increase, the cAMP will bind catabolite activator protein
and both together bind to a promotor sequence on the lac operon. Each of these steps leads to
concomitant changes in protein complexes, starting from the phosphotransfer system to carbohydrate
metabolizing enzyme complexes. However, as these two examples already show, the sequence of
changes depends on the succession of concentration changes, the last example would refer well to a
situation where there are high concentrations of glucose and, in the end, there is some lactose available
to profit from the switch. The prokaryotic response to changing metabolic conditions is thus condition
dependent (see e.g., Jozefcuk [6] for data on E. coli). However, our overall current understanding of
the involved, fine-tuned regulation and feedback, as well as feedforward, loops is limited. More studies
to elucidate the details of such physiological changes in protein complexes and bacterial responses to
metabolic changes are clearly needed.
In fact, system switching states occur often fast in bacteria. Whole cascades or even larger networks
are rapidly reorganized as the whole network is controlled often by one master regulator. A good
example is the pathogenicity switch by the PrfA protein of Listeria which simultaneously
accomplishes (i) adaptation of a number of virulence pathways, and (ii) reorganization of nutrient
utilization, thus facilitating adaptation of L. monocytogenes from a more saprophytic to an intracellular
lifestyle. Also in Staphylococci (and many other bacterial species), such major system changes in

Metabolites 2012, 2

950

metabolism (stress response or growth behavior) are mediated with tight control just by the activation
of transcription factors (including repressors such as the Rex family). Other switching states include
diauxic shift, glucose limitation under aerobic or anaerobic conditions, differentiation (e.g., biofilm
formation) or amino acid limitation.
In a full “on” state for pathways and networks (e.g., growth on full medium and central
carbohydrate metabolism) correlation between gene expression and metabolite flux is high. For
not-so-central pathways, gene expression data may provide a lower limit as the metabolite flux can still
become higher when enzymes are regulated to be more active. However, for such a system-switching
state the correlation in activity for the pathways changed simultaneously is high, as seen both for
S. aureus [41], as well as in other organisms (e.g., Jozefcuk [6] for E. coli). Besides the high
correlation between the concerned pathways, there are structural changes in complexes such as
pyruvate dehydrogenase complex, central for carbohydrate metabolism to accompany such system
changes (see examples above).
However, the involvement for transcription and regulatory factors, changes in the respective protein
complexes, correlated pathway changes and correlation between different data sets also apply to other
major system changes such as bacterial differentiation (sporulation, apoptosis) and adaptation in
general. All these different system states are clearly emergent behavior, which only can come about in
the complete bacterium and as a consequence of the full network of interactions, complexes and
super-complexes. Further studies of the exact conditions under which bacterial system states change
will not only provide insight into complex systems and emergence in general, but is also at the very
root of a better understanding of microbial life. Better insights into the links between metabolism and
virulence may also help to treat bacterial infections with new vigor.
2.3. Crowding and Substrate Channeling for Metabolic Complexes
On a biophysical level, dynamics of metabolic protein complexes involve also molecular
channeling of metabolites, as well as molecular crowding effects (Figure 3).
Substrate channeling directly transfers a product to an adjacent cascade enzyme without mixing
with the bulk phase, which is again most easily achieved in a static or transient multienzyme complex
(Figure 3a). Besides enhanced reaction rates, unstable substrates are protected and metabolic fluxes
regulated. Furthermore, this avoids unfavorable equilibria, toxic metabolite inhibition, substrate
competition or kinetics [43]. Substrate channeling has also biotechnological potential for metabolic
engineering, and cell-free synthetic pathway biotransformation.
Substrate channeling is an old field, started by the Cori’s in the 1950s [44]. Paul Srere coined the
concept of “metabolon” to describe improved channeling of substrates in the citric acid cycle [45],
encapsulating the concept of what is described here. To study channeling became quite popular in the
‘80s’ (see Tombes and Shapiro [46] on phosphorylcreatinine shuttling; Yang et al. [47] on
β-oxidation) and ‘90s’ (see Kholodenko et al. [48]; Miziorko et al. [49] for cholesterol synthesis;
Welch and Easterby [50] review a number of different metabolic examples). There is also previous
modeling work that shows dynamic channeling is capable of decreasing the metabolite pool sizes (but
also able to increase them) [51,52].
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Figure 3. (a) Substrate channeling. Originally a conveyor belt concept was invoked (left):
Substrate (arrows) is passed from one enzyme to the next (squares in different grey
shades). A more modern view (right) considers complexes central for channeling and
places the protein complex in the middle, substrates change and are passed around
(arrows), furthermore, super-complexes (grey ellipsoid in the background) unite different
complexes for even more efficient channeling; (b) Molecular crowding. A large molecule
(long shape, left) cannot freely move if some obstacles are present (proteins shown as
spheres). The effect becomes more pronounced (right) with diverse and more protein
species present (different spheres and shades).

(a)

(b)
Hence, channeling speeds up prokaryote metabolism and involved enzymes. It has already been
probed and even changes have been indirectly monitored for carbohydrate metabolism combining a
variety of methods: Bauler et al. [53] modeled in this way a two-step reaction, using a simple spherical
approximation for the enzymes and substrate particles. These authors applied Brownian dynamics to
show that spatial proximity and channeling is helpful. Closely aligned active sites are the most
effective reaction pathway in their results, but they must not be too close so that the ability of the
substrate to react with the first enzyme is not hindered. Protein interaction data comparing E. coli,
yeast and humans support [54] that indirect protein interactions between related enzymes achieve
metabolic channeling. Interestingly, protein complexes include nonenzymatic mediator proteins,
sometimes related to signal transduction, to form channeling modules. In E. coli reactions, possessing
such interactions show higher flux. Channeling could lead to more cross-talk. However,
Pérez-Bercoff et al. [54] find that scaffolding proteins limit this, keeping protein complexes in separate
places. Furthermore, there are interesting differences in the channeling of glucose towards gluconate
and other catabolic end-products like pyruvate and acetate, with respect to phosphate status for
different Pseudomonas strains (Pseudomonas aeruginosa versus P. fluorescens) [55]. Enzyme
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activities including glucose dehydrogenase, glucose-6-phosphate dehydrogenase and pyruvate
carboxylase change in a coordinated fashion in response to changes in growth, glucose utilization or
gluconic acid secretion. This includes a shift of glucose towards a direct oxidative pathway under
phosphate deficiency which may perhaps also be implied in the different abilities of the two strains to
produce gluconic acid. Comparison of enzyme–enzyme interactions in metabolic networks of E. coli
and S. cerevisiae shows evidence for direct metabolic channeling [56]. Enzyme–enzyme interactions
occur more often for pathway neighbors with at least one shared metabolite. Non-neighbouring
interactions are often regulatory.
Molecular crowding: Crowding effects do change prokaryotic enzymes, metabolism and promote
protein complexes in prokaryotes. Where metabolic channeling is a specific effect between metabolic
proteins (enzymes and protein mediators) in a complex, molecular crowding is instead a more general,
unspecific effect by the combined variety of biomolecules (Figure 3b), including nucleic acids,
proteins, polysaccharides, as well as other soluble and insoluble components and metabolites (total
concentration 400 g/L). The reason for the crowding effect is thus that together these biomolecules
occupy a significant proportion (20–40%) of the total cellular volume in cytoplasm and nucleus,
respectively [57]. Biophysical effects from crowding differ thus in different compartments of cells.
Many nuclear processes such as gene transcription, hnRNA splicing and DNA replication, assemble
large protein–nucleic acid complexes. Macromolecular crowding provides a cooperative momentum
for these [58], boosting functionally important nuclear activities. In cell membranes, membrane
proteins occupy approximately 30% of the total surface area leading to crowding effects on the surface
as well as unique effects for the even more movement restricted integral membrane [58]. Thus
Wang et al. [59] directly monitored the effect of strong crowding on pressure-induced reduction of
unfolding of a protein (staphylococcal nuclease) by tryptophan fluorescence.
Besides such unspecific crowding effects, there are also complex-promoting activities from proteins
from the milieu. Thus, in NMR studies, it was observed that high molecular weight glycoproteins are
efficient molecular seeds for protein aggregation [60]. Such additional effects were also invoked by
McGuffee and Elcock [61], using a simulation model which successfully describes the relative
thermodynamic stabilities of proteins measured in E. coli, modeling 50 highly abundant
macromolecule types at experimentally measured concentrations. Morelli et al. [62] show a simple
way to model the effects of macromolecular crowding on biochemical networks. To succeed, they had
to scale bimolecular association and dissociation rates correctly. They used kinetic Monte Carlo
simulations and looked at crowding effects, comparing a constitutively expressed gene, a repressed
gene, and a model for the bacteriophage λ genetic switch. Each molecular assembly was modeled both
with and without nonspecific binding of transcription factors to genomic DNA. Furthermore, crowding
effects shifted association–dissociation equilibria rather than slowing down protein diffusion, which
sometimes had unexpected effects on biochemical network performance. Norris and Malys [63] show
even changes of Michaelis-Menten kinetic constant Km, and rate constant kcat for the enzyme
glucose-6-phosphate dehydrogenase under crowding. kcat increased at very low concentrations of
crowding agent or at high crowded concentrations during heating (45 °C), adding PEG. Simulations
applying the Arrhenius equation agree with these observations.
More subtle effects of how enzymes are influenced by crowding are apparent in simulations and
only partly supported by experimental data: Adenylate kinase was coarse grain modeled by Echeverria
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and Kapral [64], showing large-scale hinge motions during enzymatic cycles. Multiparticle collision
dynamics included effects due to hydrodynamic interactions. A stationary random array of hard
spherical objects provided crowding in the simulation. Adenylate kinase prefers a closed conformation
for high volume fractions (smaller obstacle radius and tighter packing). Average enzymatic cycle time
and characteristic times of internal conformational motions of the protein change, as do the transport
properties. Under crowding, diffusive motion becomes up to ten times slower with longer orientational
relaxation time. In general, and according to simulations on seven different proteins, those
experiencing the strongest crowding effects have larger conformational changes between open and closed
states [65]. In Brownian dynamic simulations, Ando and Skolnick [66] modeled a simplified E. coli
cytoplasm with 15 different macromolecule types at physiological concentrations and sphere
representations using a soft repulsive potential. These authors compare their data with the experiment;
at cellular concentrations, the calculated diffusion constant of GFP was shape independent and much
larger than in the experiments. However, including hydrodynamic interactions using the equivalent
sphere system reproduced the in vivo experimental GFP diffusion constant without further parameter
adjustment. Nonspecific attractive interactions reduced strongly diffusivity of the largest
macromolecules [66]. The authors observed attractive clusters around these, but not if hydrodynamic
interactions dominated. The latter led also to size-independent intermolecular dynamic correlations.
Both models are interesting, and the noted differences between both models should now be directly
compared to further experimental data. Even the change in the binding free energy due to crowding
could be quantitatively described by the scaled particle theory model without any fitting parameters [67].
Crowders of different sizes were predicted by the same model with an additive setup. Crowding
increased the fraction of specific complexes and nonspecific transient encounter complexes were
reduced in a crowded environment as the nonspecific complexes had greater excluded volume [67].
However, more experimental data are needed to confirm these detailed predictions.
3. Conclusions
Metabolic adaptation in prokaryotes is efficient and involves a number of different protein
complexes, many of them changing rapidly as metabolic conditions change. Our description of protein
complexes and metabolism combines large-scale studies with bioinformatics approaches and
individual experiments. Conditions in the prokaryotic cell correspond to a tightly packed
hyper-complex and it has become clear that a biophysics dominated by metabolite channeling and
crowding is important to understand prokaryotic metabolism and efficiency of involved protein
complexes and enzyme ensembles. Overall knowledge on protein complexes is good for several model
organisms. However, regarding specific complexes and their changes, many details are still to be
discovered. This includes more insights on trigger enzymes, super-complexes, as well as links between
regulation, adaptor proteins and enzyme chains. A systems biology perspective helps to integrate these
different aspects on protein complexes into the context of metabolic adaptation in prokaryotes.
Acknowledgments
We thank Ulrike Rapp-Galmiche for native language corrections and German Research Society for
funding (main grant TR34, A8; co-authors had also funds from TR34, Z1, Da 208/12-1; Da 208/13-1).

Metabolites 2012, 2

954

Conflict of Interest
The authors declare no conflict of interest.
References
1.

Eisenreich, W.; Dandekar, T.; Heesemann, J.; Goebel, W. Carbon metabolism of intracellular

2.

bacterial pathogens and possible links to virulence. Nat. Rev. Microbiol. 2010, 8, 401–412.
Klitgord, N.; Segrè, D. Environments that induce synthetic microbial ecosystems. PLoS Comput.

3.

Biol. 2010, 18, 6.
Güell, M.; van Noort, V.; Yus, E.; Chen, W.H.; Leigh-Bell, J.; Michalodimitrakis, K.; Yamada, T.;
Arumugam, M.; Doerks, T.; Kühner, S.; et al. Transcriptome complexity in a genome-reduced

4.

bacterium. Science 2009, 27, 1268–1271.
Kühner, S.; van Noort, V.; Betts, M.J.; Leo-Macias, A.; Batisse, C.; Rode, M.; Yamada, T.; Maier,
T.; Bader, S.; Beltran-Alvarez, P.; et al. Proteome organization in a genome-reduced bacterium.

5.

Science 2009, 27, 1235–1240.
Yus, E.; Maier, T.; Michalodimitrakis, K.; van Noort, V.; Yamada, T.; Chen, W.H.; Wodke, J.A.;
Güell, M.; Martínez, S.; Bourgeois, R.; et al. Impact of genome reduction on bacterial metabolism

6.

and its regulation. Science 2009, 326, 1263–1268.
Jozefczuk, S.; Klie, S.; Catchpole, G.; Szymanski, J.; Cuadros-Inostroza, A.; Steinhauser, D.;
Selbig, J.; Willmitzer, L. Metabolomic and transcriptomic stress response of Escherichia coli. Mol.

7.
8.

9.

Syst. Biol. 2010, 6, 364.
Kotte, O.; Zaugg, J.B.; Heinemann, M. Bacterial adaptation through distributed sensing of
metabolic fluxes. Mol. Syst. Biol. 2010, 6, 355.
Parrish, J.R.; Yu, J.; Liu, G.; Hines, J.A.; Chan, J.E.; Mangiola, B.A.; Zhang, H.; Pacifico, S.;
Fotouhi, F.; DiRita, V.J.; Ideker, T.; Andrews, P.; Finley, R.L., Jr. A proteome-wide protein
interaction map for Campylobacter jejuni. Genome Biol. 2007, 8, R130.
Commichau, F.M.; Stülke, J. Trigger enzymes: bifunctional proteins active in metabolism and in

controlling gene expression. Mol. Microbiol. 2008, 67, 692–702.
10. Han, J.D.; Bertin, N.; Hao, T.; Goldberg, D.S.; Berriz, G.F.; Zhang, L.V.; Dupuy, D.; Walhout,
A.J.; Cusick, M.E.; Roth, F.P.; et al. Evidence for dynamically organized modularity in the yeast
protein–protein interaction network. Nature 2004, 430, 88–93.
11. Krause, R.; von Mering, C.; Bork, P.; Dandekar, T. Shared components of protein complexes—
Versatile building blocks or biochemical artefacts? BioEssays 2004, 26, 1333–1343.
12. Jeong, H.; Tombor, B.; Albert, R.; Oltvai, Z.N.; Barabási, A.L. The large-scale organization of
metabolic networks. Nature 2000, 407, 651–654.
13. Arita, M. The metabolic world of Escherichia coli is not small. Proc. Natl. Acad. Sci. USA 2004,
101, 1543–1547.
14. Schmidt, S.; Sunyaev, S.; Bork, P.; Dandekar, T. Metabolites: a helping hand for pathway
evolution? Trends Biochem. Sci. 2003, 28, 336–341.

Metabolites 2012, 2

955

15. Ma, H.W.; Zeng, A.P. The connectivity structure; Giant strong component and centrality of
metabolic networks. Bioinformatics 2003, 19, 1423–1430.
16. Lander, A.D. The edges of understanding. BMC Biol. 2010, 8, 40.
17. Liu, Y.Y.; Slotine, J.J.; Barabási, A.L. Controllability of complex networks. Nature 2011, 473,
167–173.
18. Butland, G.; Peregrín-Alvarez, J.M.; Li, J.; Yang, W.; Yang, X.; Canadien, V.; Starostine, A.;
Richards, D.; Beattie, B.; Krogan, N.; et al. Interaction network containing conserved and
essential protein complexes in Escherichia coli. Nature 2005, 3, 531–537.
19. Mäder, U.; Schmeisky, A.G.; Flórez, L.A.; Stülke, J. SubtiWiki—a comprehensive community
resource for the model organism Bacillus subtilis. Nucleic Acids Res. 2012, 40, D1278–D1287.
20. Kelder, T.; van Iersel, M.P.; Hanspers, K.; Kutmon, M.; Conklin, B.R.; Evelo, C.; Pico, A.R.
WikiPathways: Building research communities on biological pathways. Nucleic Acids Res. 2012,
40, D1301–D1307.
21. Lammers, C.R.; Flórez, L.A.; Schmeisky, A.G.; Roppel, S.F.; Mäder, U.; Hamoen, L.; Stülke, J.
Connecting parts with processes: SubtiWiki and SubtiPathways integrate gene and pathway
annotation for Bacillus subtilis. Microbiology 2010, 156, 849–859.
22. Van Noort, V.; Seebacher, J.; Bader, S.; Mohammed, S.; Vonkova, I.; Betts, M.J.; Kühner, S.;
Kumar, R.; Maier, T.; O'Flaherty, M.; et al. Cross-talk between phosphorylation and lysine
acetylation in a genome-reduced bacterium. Mol. Syst. Biol. 2012, 8, 571.
23. Jers, C.; Pedersen, M.M.; Paspaliari, D.K.; Schütz, W.; Johnsson, C.; Soufi, B.; Macek, B.; Jensen,
P.R.; Mijakovic, I. Bacillus subtilis BY-kinase PtkA controls enzyme activity and localization of
its protein substrates. Mol. Microbiol. 2010, 77, 287–299.
24. Liebeke, M.; Meyer, H.; Donat, S.; Ohlsen, K.; Lalk, M. A metabolomic view of Staphylococcus
aureus and its ser/thr kinase and phosphatase deletion mutants: Involvement in cell wall
biosynthesis. Chem. Biol. 2010, 17, 820–830.
25. Friedman, D.B.; Stauff, D.L.; Pishchany, G.; Whitwell, C.W.; Torres, V.J.; Skaar, E.P.
Staphylococcus aureus redirects central metabolism to increase iron availability. PLoS Pathogens
2006, 2, e87.
26. Stülke, J.; Hillen, W. Regulation of carbon catabolism in Bacillus species. Annu. Rev. Microbiol.
2000, 54, 849–880.
27. Eisenreich, W.; Slaghuis, J.; Laupitz, R.; Bussemer, J.; Stritzker, J.; Schwarz, C.; Schwarz, R.;
Dandekar, T.; Goebel, W.; Bacher, A. 13C isotopologue perturbation studies of Listeria
monocytogenes carbon metabolism and its modulation by the virulence regulator PrfA. Proc. Natl.
Acad. Sci. USA 2006, 103, 2040–2045.
28. Eylert, E.; Schär, J.; Mertins, S.; Stoll, R.; Bacher, A.; Goebel, W.; Eisenreich, W. Carbon
metabolism of Listeria monocytogenes growing inside macrophages. Mol. Microbiol. 2008, 69,
1008–1017.

Metabolites 2012, 2

956

29. Tchawa, Y.M.; Leatham, M.P.; Allen, J.H.; Laux, D.C.; Conway, T.; Cohen, P.S. Role of
gluconeogenesis and the tricarboxylic acid cycle in the virulence of Salmonella enterica serovar
Typhimurium in BALB/c mice. Infect. Immun. 2006, 74, 1130–1140.
30. Maier, T.; Schmidt, A.; Güell, M.; Kühner, S.; Gavin, A.C.; Aebersold, R.; Serrano, L.
Quantification of mRNA and protein and integration with protein turnover in a bacterium. Mol.
Syst. Biol. 2011, 7, 511.
31. Stelling, J.; Klamt, S.; Bettenbrock, K.; Schuster, S.; Gilles, E.D. Metabolic network structure
determines key aspects of functionality and regulation. Nature 2002, 420, 190–193.
32. Kaleta, C.; de Figueiredo, L.F.; Schuster, S. Can the whole be less than the sum of its parts?
Pathway analysis in genome-scale metabolic networks using elementary flux patterns. Genome
Res. 2009, 19, 1872–1883.
33. Wessely, F.; Bartl, M.; Guthke, R.; Li, P.; Schuster, S.; Kaleta, C. Optimal regulatory strategies
for metabolic pathways in Escherichia coli depending on protein costs. Mol. Syst. Biol. 2011, 7, 515.
34. Pagels, M.; Fuchs, S.; Pané-Farré, J.; Kohler, C.; Menschner, L.; Heckerm, M.; McNamarram,
P.J.; Bauer, M.C.; von Wachenfeldt, C.; Liebeke, M.; et al. Redox sensing by a Rex-family
repressor is involved in the regulation of anaerobic gene expression in Staphylococcus aureus.
Mol. Microbiol. 2010, 76, 1142–1161.
35. Lee, T.I.; Rinaldi, N.J.; Robert, F.; Odom, D.T.; Bar-Joseph, Z.; Gerber, G.K.; Hannett, N.M.;
Harbison, C.T.; Thompson, C.M.; Simon, I.; et al. Transcriptional regulatory networks in
Saccharomyces cerevisiae. Science 2002, 298, 799–804.
36. Zaman, S.; Lippman, S.I.; Zhao, X.; Broach, J.R. How Saccharomyces responds to nutrients.
Annu. Rev. Genet. 2008, 42, 27.
37. Tuller, T.; Carmi, A.; Vestsigian, K.; Navon, S.; Dorfan, Y.; Zaborske, J.; Pan, T.; Dahan, O.;
Furman, I.; Pilpel, Y. An evolutionarily conserved mechanism for controlling the efficiency of
protein translation. Cell 2010, 16, 344–354.
38. Mitchell, A.; Romano, G.H.; Groisman, B.; Yona, A.; Dekel, E.; Kupiec, M.; Dahan, O.; Pilpel, Y.
Adaptive prediction of environmental changes by microorganisms. Nature 2009, 460, 220.
39. Ames, T.D.; Rodionov, D.A.; Weinberg, Z.; Breaker, R.R. A Eubacterial Riboswitch Class That
Senses the Coenzyme Tetrahydrofolate. Chem. Biol. 2010, 17, 681–685.
40. Winkler, W.C.; Cohen-Chalamish, S.; Breaker, R.R. An mRNA structure that controls gene
expression by binding FMN. Proc. Natl. Acad. Sci. USA 2002, 99, 15908–15913.
41. Liang, C.; Liebeke, M.; Schwarz, R.; Zühlke, D.; Fuchs, S.; Menschner, L.; Engelmann, S.; Wolz, C.;
Jaglitz, S.; Bernhardt, J.; et al. Staphylococcus aureus physiological growth limitations: Insights
from flux calculations built on proteomics and external metabolite data. Proteomics 2011, 11,
1915–1935.
42. Van der Pol, B. On “relaxation-oscillations”. The London, Edinburgh, and Dublin Philosophical
Magazin and Journal of Science Series 7 1927, 2, 978–992.
43. Zhang, Y.H. Substrate channeling and enzyme complexes for biotechnological applications.
Biotechnol. Adv. 2011, 29, 715–725.

Metabolites 2012, 2

957

44. Cori, C.F.; Velick, S.F.; Cori, G.T. The combination of diphosphopyridine nucleotide with
glyceraldehyde phosphate dehydrogenase. Biochim. Biophys. Acta 1950, 4, 160–169.
45. Srere, P.A.; Sumegi, B.; Sherry, A.D. Organizational aspects of the citric acid cycle. Biochem.
Soc. Symp. 1987, 54, 173–178.
46. Tombes, R.M.; Shapiro, B.M. Metabolite channeling: a phosphorylcreatine shuttle to mediate
high energy phosphate transport between sperm mitochondrion and tail. Cell 1985, 41, 325–334.
47. Yang, S.Y.; Cuebas, D.; Schulz, H. Channeling of 3-hydroxy-4-trans-decenoyl coenzyme A on
the bifunctional beta-oxidation enzyme from rat liver peroxisomes and on the large subunit of the
fatty acid oxidation complex from Escherichia coli. J. Biol. Chem. 1986, 261, 15390–15395.
48. Kholodenko, B.N.; Westerhoff, H.V.; Cascante, M. Effect of channelling on the concentration of
bulk-phase intermediates as cytosolic proteins become more concentrated. Biochem. J. 1996, 313,
921–926.
49. Miziorko, H.M.; Laib, F.E.; Behnke, C.E. Evidence for substrate channeling in the early steps of
cholesterogenesis. J. Biol. Chem. 1990, 265, 9606–9609.
50. Welch, G.R.; Easterby, J.S. Metabolic channeling versus free diffusion: Transition-time analysis.
Trends Biochem. Sci. 1994, 19, 193–197.
51. Mendes, P.; Kell, D.B.; Westerhoff, H.V. Channelling can decrease pool size. Eur. J. Biochem.
1992, 204, 257–266.
52. Peuhkurinen, K.J.; Nuutinen, E.M.; Pietiläinen, E.P.; Hiltunen, J.K.; Hassinen, I.E. Role of
pyruvate carboxylation in the energy-linked regulation of pool sizes of tricarboxylic acid-cycle
intermediates in the myocardium. Biochem J. 1982, 208, 577–581.
53. Bauler, P.; Huber, G.; Leyh, T.; McCammon, J.A. Channeling by Proximity: The Catalytic
Advantages of Active Site Colocalization Using Brownian Dynamics. J. Phys. Chem. Lett. 2010,
1, 1332–1335.
54. Pérez-Bercoff, Å.; McLysaght, A.; Conant, G.C. Patterns of indirect protein interactions suggest a
spatial organization to metabolism. Mol. Biosyst. 2011, 7, 3056–3064.
55. Buch, A.; Archana, G.; Naresh, K.G. Metabolic channeling of glucose towards gluconate in
phosphate-solubilizing Pseudomonas aeruginosa P4 under phosphorus deficiency. Res. Microbiol.
2008, 159, 635–642.
56. Huthmacher, C.; Gille, C.; Holzhütter, H.G. A computational analysis of protein interactions in
metabolic networks reveals novel enzyme pairs potentially involved in metabolic channeling.
J. Theor. Biol. 2008, 252, 456–464.
57. Miyoshi, D.; Sugimoto, N. Molecular crowding effects on structure and stability of DNA.
Biochemie 2008, 90, 1040–1051.
58. Richter, K.; Nessling, M.; Lichter, P. Macromolecular crowding and its potential impact on
nuclear function. Biochim. Biophys. Acta 2008, 1783, 2100–2107.
59. Wang, S.; Tate, M.W.; Gruner, S.M. Protein crowding impedes pressure-induced unfolding of
staphylococcal nuclease. Biochim. Biophys. Acta 2012, 1820, 957–961.

Metabolites 2012, 2

958

60. Sanfelice, D.; Adrover, M.; Martorell, G.; Pastore, A.; Temussi, P.A. Crowding versus molecular
seeding: NMR studies of protein aggregation in hen egg white. J. Phys. Condens. Matter 2012,
24, 244107.
61. McGuffee, S.R.; Elcock, A.H. Diffusion, crowding and protein stability in a dynamic molecular
model of the bacterial cytoplasm. PLoS Comput. Biol. 2010, 6, e1000694.
62. Morelli, M.J.; Allen, R.J.; Wolde, P.R. Effects of macromolecular crowding on genetic networks.
Biophys. J. 2011, 101, 2882–2891.
63. Norris, M.G.; Malys, N. What is the true enzyme kinetics in the biological system? An
investigation of macromolecular crowding effect upon enzyme kinetics of glucose-6-phosphate
dehydrogenase. Biochem. Biophys. Res. Commun. 2011, 405, 388–392.
64. Echeverria, C.; Kapral, R. Molecular crowding and protein enzymatic dynamics. Phys. Chem.
Chem. Phys. 2012, 4, 6755–6763.
65. Dong, H.; Qin, S.; Zhou, H.X. Effects of macromolecular crowding on protein conformational
changes. PLoS Comput. Biol. 2010, 6, e1000833.
66. Ando, T.; Skolnick, J. Crowding and hydrodynamic interactions likely dominate in vivo
macromolecular motion. Proc. Natl. Acad. Sci. USA 2010, 107, 18457–18462.
67. Kim, Y.C.; Best, R.B.; Mittal, J. Macromolecular crowding effects on protein-protein binding
affinity and specificity. J. Chem. Phys. 2010, 133, 205101.
© 2012 by the authors; licensee MDPI, Basel, Switzerland. This article is an open access article
distributed under the terms and conditions of the Creative Commons Attribution license
(http://creativecommons.org/licenses/by/3.0/).

