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Local conformational fluctuations can modulate
the coupling between proton binding and
global structural transitions in proteins
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Local conformational fluctuations in proteins can affect the cou-
pling between ligand binding and global structural transitions. This
finding was established by monitoring quantitatively how the
population distribution in the ensemble of microstates of staphy-
lococcal nuclease was affected by proton binding. Analysis of acid
unfolding and proton-binding data with an ensemble-based model
suggests that local fluctuations: (i) can be effective modulators of
ligand-binding affinities, (/i) are important determinants of the
cooperativity of ligand-driven global structural transitions, and (iii)
are well represented thermodynamically as local unfolding pro-
cesses. These studies illustrate how an ensemble-based description
of proteins can be used to describe quantitatively the interdepen-
dence of local conformational fluctuations, ligand-binding pro-
cesses, and global structural transitions. This level of understand-
ing of the relationship between conformation, energy, and
dynamics is required for a detailed mechanistic understanding of
allostery, cooperativity, and other complex functional and regula-
tory properties of macromolecules.
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he native states of proteins are conformationally heteroge-
neous (1-8). This characteristic is primarily the result of local
structural fluctuations that are thought to contribute to stability
and to function (9-11). As a consequence of these spontaneous
conformational fluctuations, proteins in solution exist as ensem-
bles of closely related, transient, and interconverting conforma-
tional microstates that, when averaged, describe the conforma-
tional state represented by the crystal structure. NMR
spectroscopy can be used to study the very fast motions of
proteins (9-11). Nevertheless, the probability and structural
character of the full spectrum of microstates sampled by proteins
is not yet known (12, 13). The sensitivity of the ensemble of
microstates to changes in environmental conditions (i.e., pH,
temperature, pressure, ligand binding, and concentrations of
osmolytes and denaturants) is also not well understood, and
neither is the manner in which local fluctuations are coupled to
larger, more global structural transitions. Here, we introduce an
ensemble-based description of proteins that accounts for the
complex interplay between local conformational fluctuations,
global stability, and ligand binding. This ensemble view of
proteins can contribute innovative mechanistic insight into the
evolution of enzymatic and regulatory functions of proteins.
To investigate the coupling between ligand binding, confor-
mational fluctuations, and global stability, the proton-binding
properties of staphylococcal nuclease (SNase) were studied.
Proton-binding processes are particularly useful for this purpose
because they are experimentally measurable and because the
pK. values of ionizable groups are exquisitely sensitive to their
local microenvironments (14-27). Each proton-binding site acts
as a site-specific probe of local conformation.
Proton-binding processes are also of special interest because
many proteins have evolved to harness small differences in pH
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to trigger physiologically important conformational changes.
The regulation of the oxygen affinity by hemoglobin (28), the
activation of bacterial toxins (29), and key steps in the infectivity
cycles of viruses as diverse as polio (30), influenza (31-33), and
HIV (34) are examples of physiologically relevant processes in
which function is regulated through proton-linked structural
transitions. Understanding the relationship between local con-
formational fluctuations, ligand (i.e., H) binding, and global
structural transformations in these proteins is necessary to
elucidate the physical basis of their function.

Molecular dynamics (MD) simulations and other all-atom
approaches have been useful for describing the character and
consequences of local conformational fluctuations (35-39), as
well as providing significant functional insight (40). However, in
the relatively short time scales that can be accessed routinely by
MD methods, local backbone relaxations, and other slow relax-
ation events likely to be relevant to biological and equilibrium
thermodynamic processes (12, 13) are not sampled sufficiently.
The alternative approach that is described in this work focuses
on the quantitative description of the instantaneous ensemble
constituted by the different microstates populated by the native
states of proteins in solution (41). If the structures of the
different microstates can be sampled adequately, and a reliable
energy function can be used to calculate the energy of each
microstate, then a Boltzmann-weighted scheme (41) can be used
to calculate global solution properties of the protein as a sum of
contributions by individual microstates. Here, we show how this
simple ensemble-based approach can be used to describe com-
plex processes, such as the acid-driven unfolding of a protein.
The ensemble-based approach enables a detailed description of
the pH-driven shift in the character of the instantaneous en-
semble wherein the coupling between ligand binding, local
conformational fluctuations, and global structural transitions is
described explicitly.

Methods

Generation of the Ensemble. The crystal structure of SNase (Pro-
tein Data Bank ID code 1STN; ref. 42) was used as a template
to generate a model of the ensemble by using the COREX
algorithm described in refs. 41 and 43-46. In the COREX calcu-
lations, the structure for each microstate is generated by treating
local fluctuations as local folding-unfolding reactions that occur
in an otherwise folded and native-like protein (Fig. 14). In the
present study, >10° different conformational microstates were
generated by systematically varying the number and location of
fluctuating (locally unfolded) residues. The probability of each
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Fig. 1. Schematic representation of the SNase ensemble calculated for the
corex/BesT algorithm. (A) Nine of the most probable conformational states (of
~106) of the SNase ensemble, modeled as described in ref. 47. Each microstate
exhibits dual structural character and consists of a mixture of regions that are
considered to be native-like (red) and regions that are treated thermodynam-
ically as unfolded (yellow). Molecular diagrams in this figure were made by
using the program pymoL (65). (B) Ensemble model used to describe quantita-
tively the coupling between local unfolding energetics and the energetics of
proton binding. Depicted are the proton titration properties of a hypothetical
protein (gray circle) that has only three titratable groups (dots) and whose
conformational ensemble contains only four microstates: a fully folded, two
partially folded, and a fully unfolded state. Unfolded segments of the protein
are depicted as randomly curved lines. The small dots represent the individual
titratable groups of the protein: sites 1, 2, and 3. Each individual proton-
binding site can reside in a folded (F) or an unfolded (NF) region, and they can
be exposed to solvent (E) or protected from solvent (P). The pKj, value of each
titratable group in each state was assigned according to the degree of solvent
exposure of the titratable atoms. Groups that were protected from solvent
were assigned the pK, values calculated with Poisson-Boltzmann continuum
electrostatics method (pK,rp). Groups that were exposed to solvent were
assigned pK, values identical to those observed in unfolded polypeptides
(pKa,nf)-

microstate (P;) was estimated by using a structure-based calcu-
lation with a parameterized energy function that has been
calibrated previously and tested extensively (47-55). This prob-
ability can be described by the Boltzmann relationship,

Pi= S [1]

where the statistical weight of each state (K;) is determined by
the relative Gibbs free energy of that state (K; = e A%/RT where
R is the gas constant and 7 is absolute temperature), and the
summation is over all states in the ensemble.

pH Dependence of the Ensemble. To account for proton effects on

the probability of each state generated by COREX, we introduce
the BEST (Biology using Ensemble-based Structural Thermody-
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namics) algorithm. In this algorithm, the statistical formula to
calculate probability (Eq. 1) was expanded to account for
proton-binding energies,

K[ [(1 + 100Keii=pH)

P(pH), = : , 2]

S| K] (1 + 10@KepiD)

i J

where pK,;; is the pK, value of residue j in microstate i. For each
microstate of the ensemble, each ionizable group can have one
of two pK, values: the pK, value in the native conformation
(pKarp) or that of the unfolded state (pK, nf). For this reason,
the distribution of microstates is pH-dependent. The set of rules
summarized in Fig. 1B was used to assign pK, values to each
ionizable group in each of the different microstates of the
ensemble. The set of pK,. values used are those of model
compounds in water (56, 57). The pK, rp values that were used
were calculated by using the native-state structure and contin-
uum electrostatic methods based on the numerical solution of
the linearized Poisson-Boltzmann equation with the method of
finite differences (58). The ionizable groups in the N- and
C-terminal regions of the protein, which are not resolved in any
known crystal structure of SN, were assigned pK, ¢ values.

Individual groups were assigned pK, values based on the
criteria of solvent accessibility. When the averaged solvent
accessibility of the ionizable atoms of a titratable group was
<31% (for Glu, Asp, Tyr, Lys, and Arg) or 45% (for His), these
groups were assigned pK,pp values; all other groups were
assigned pK, ¢ values. This cutoff maximized the agreement
between the calculated and measured overall proton-binding
curve of SNase (discussed below). Use of such a seemingly
arbitrary cutoff was validated by the ability of the ensemble
calculations thus performed to correctly identify the subset of
ionizable groups that were shown experimentally to govern the
acid unfolding reaction.

Proton Titration Properties of the Ensemble. In an ensemble-based
calculation, any measurable solution property of a protein can be
calculated as the probability-weighted sum of the individual
contribution of all conformational states present in solution
under a given set of conditions. In the case of proton titrations,
the average degree of protonation at each pH, (Z), is calculated
as the sum of the titrated protons, Z;, in each microscopic state,
(Z) = Z; (ZyP;), where P; is the pH-dependent probability of state
i calculated with Eq. 2.

Results and Discussion

Modulation of the Ensemble by pH. To determine how the character
of the ensemble of a protein is affected by changes in pH, the
distribution of microstates in the ensemble of SNase was deter-
mined at different pH values. The effect of pH on the probability
of the different microstates arises from the assignment of either
pKant or pK, pp values to each ionizable group in the different
microstates. This effect, in turn, depends on whether the titrat-
able atom exists in a native-like or unfolded microenvironment.

The pH sensitivity of the ensemble of microstates for SNase
is shown in Fig. 2, where the free energies of the ~10° mi-
crostates are shown at three different pH values. Under condi-
tions of low pH, the microstates with a higher affinity for protons
(those with titratable groups with more normal pK, values) are
stabilized preferentially over the microstates with lower proton-
binding affinity. However, at pH 7 the most probable (i.e., lowest
energy) microstates in the ensemble are mostly native, with some
locally unfolded sections (i.e., high degrees of fraction native; see
Fig. 2). Interestingly, at pH 7 the SNase ensemble is populated
mainly by microstates that have at least some fraction of the
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Fig. 2. Relative stability (Gibbs free energy, AG) of each of the ~10°
microstates plotted as a function of the fraction native (number of residues in
folded segments/total number of residues) at three different pH values (pH 7,
4, and 3). Each point corresponds to a particular microstate, and the AG values
were calculated relative the fully folded state (i.e., the stability of the fully
folded state in the ensemble is 0 at all pH values). To highlight the changing
character of the ensemble induced by pH, all states with AG of <10 kcal/mol
are shown in red, and those states with AG of >10 kcal/mol are shown in
green.

molecule unfolded (Figs. 2 and 34). Although the stability of
each of these partially unfolded states is predicted to be com-
parable to the stability of the fully folded state, the aggregate
probability of these partially unfolded states actually dominates
the conformational ensemble at neutral pH.

The pH sensitivity of the conformational character of the
ensemble is of particular significance. States with a lower
fraction native become favored as pH is decreased (Figs. 2 and
34). However, this shift does not occur in a gradual, noncoop-
erative fashion. Instead, as the pH is lowered from 7.0 to 4.0, the
ensemble transforms in a highly cooperative fashion from one
that is dominated by native-like microstates into one consisting
of microstates that are largely unfolded (Fig. 34). Under no
conditions of pH are states with intermediate values of fraction
native (i.e., 0.2 < x < 0.8) populated to a significant extent.
Inspection of Fig. 3B reveals that the cooperativity (i.e., the
steepness of the acid unfolding transition, which is related to the
number of protons bound preferentially by the acid unfolded
state relative to the native state) and the midpoint of the acid

4284 | www.pnas.org/cgi/doi/10.1073/pnas.0407499102

A
1 E
- 0.8 | 80% or more
o Unfolded
Z 06
o
8 04
[=]
a 02
0
All other
B 1.2
=z
1F 1.9
A 3
S o8] 08
"
1] 1]
- o
= 06| 0.6 -
o 9
LT o
S 04} 04 §
b= [}
Y 02 0.2 &
0. ; §
0} 0
0 2 4 6 8 10

pH

Fig. 3. pH-induced modulation of the SNase ensemble. (A) Calculated pH
dependence of the summed probability of all partially folded states in which
20% or fewer of the residues are unfolded (black), the summed probability of
all states in which 80% or more of the residues are unfolded (blue), the
probability of the fully folded state (red), and the summed probability of all
other states of the ensemble (green). (B) Experimental acid unfolding of
wild-type (WT) SNase monitored by pH titration of the intrinsic fluorescence
of Trp-140 (24). The lines overlaid on the experimental data represent the
ensemble-calculated pH-dependent unfolding of the protein. The relative
extent of folding of the ensemble was calculated by (Fraction Native) = Z;
Fraction Native}P(pH);. Also shown is the predicted acid unfolding transition
based on pKj, values calculated with Poisson-Boltzmann electrostatics (58).
Regions shaded gray in A and B indicate conditions wherein the conforma-
tional excursions are dominated by local fluctuations.

unfolding transition monitored experimentally by intrinsic flu-
orescence are reproduced quantitatively by the ensemble-based
calculations.

Because the physical properties and the energy of each state
in the ensemble is determined from a consistent set of principles
(Fig. 1B and ref. 41), the predicted cooperativity is not an artifact
imposed by a bias in the ensemble calculations. Instead, it
indicates that, although the individual microscopic states and the
associated proton-binding properties calculated with the ensem-
ble method use simple principles, they nonetheless provide an
accurate estimate of the average physical character as well as the
average proton-binding properties of the dominant states in the
native-state ensemble.

Coupling of Proton Binding to Local Fluctuations. The agreement
between the proton-binding behavior calculated with the en-
semble-based method and the behavior measured experimen-
tally (Fig. 4) is consistent with a significant coupling between
proton-binding reactions and local fluctuations. Note in Fig. 44
that in the neutral range of pH, the ensemble-averaged proton-
binding properties of SNase resemble the binding properties of
the fully folded state. At low pH, the ensemble-calculated proton
titration properties correspond to those of a fully unfolded state.

Whitten et al.
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Fig. 4. Proton-binding properties of the SNase ensemble. (A) Calculated
proton titration of the ensemble (black lines), the fully native state (red), and
the fully unfolded state (blue) for SNase (solid lines). The proton-binding
curves were all zeroed at pH 9.0 to facilitate comparison of the different
curves. The vertical line describes the midpoint of the pH-induced transition
measured experimentally (Fig. 3B). (B) Experimental and calculated preferen-
tial proton binding of the fully unfolded state relative to the fully native state
and to the ensemble of SNase. The difference in proton binding between
GdnHCl unfolded protein (measured in 6 M GdnHCI/100 mM KCl at 20°C) and
native protein (100 mM KCI at 20°C) is shown by the dashed lines (24). The
curve marked “’Static Model” reflects the difference between proton binding
of the fully unfolded state achieved in 6 M GdnHCl and the fully native state,
calculated with the pK, values obtained with continuum electrostatic meth-
ods (FDPB) applied to the x-ray structure (Protein Data Bank ID code 1STN). The
curve marked ““Ensemble Model” represents the difference in proton binding
between the fully unfolded state and the ensemble. Gray shading is as
described in Fig. 3.

At intermediate pH values, however, the calculated proton
titration curve of the pH-modulated ensemble is between the
titration curves of the fully folded and the fully unfolded states
(Fig. 44). The proton titration properties of the pH-modulated
ensemble monitor the same proton-linked global structural
transition that is monitored experimentally (Fig. 3B). To appre-
ciate the significance of the agreement between the experimen-
tally determined number of protons bound upon acid unfolding
and the value calculated with the ensemble-based approach (Fig.
4B), note that in contrast, the proton uptake upon acid unfolding
that was calculated by using the pK, values obtained from Finite
Difference Poisson—-Boltzmann (FDPB) methods applied to only
the static crystal structure of the fully native state (58) signifi-
cantly overestimates the number of protons that are bound upon
acid unfolding (Fig. 4B), as well as the midpoint of the pH-
induced structural transition (Fig. 3B).

Microscopic Origins of pH Sensitivity. According to the structure-
based pK, calculations with FDPB methods, 16 of the 17
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structurally resolved carboxylic residues in SNase titrate with
depressed pK, values, owing to the existence of a large number
of relatively weak, medium- to long-range Coulomb interactions
between carboxylic residues and the many basic residues on the
surface of SNase (C. A. Fitch, S.T.W., VJ.H,, and B.G.-M.E,,
unpublished results). We note that this behavior is not a subtle
feature of the FDPB calculation [i.e., even in calculations where
the protein is treated artificially with the high dielectric constant
of 80 for water, the pK, values of nearly all Glu and Asp residues
are depressed to some degree (C. A. Fitch, S. T. Whitten, and
B.G.-M.E., unpublished results)]. Clearly, such a result is diffi-
cult to reconcile with the experimental proton-binding experi-
ments (Fig. 4B), which indicate that a subset of the carboxylic
residues must titrate with more normal pK, values. The ensem-
ble approach described here provides a means of explicitly
considering the impact of conformational fluctuations on the
titration behavior, and the resulting picture of the ensemble can
be experimentally validated on a site-specific basis by determin-
ing the coupling between the titration of each residue and the
global structural transition, as shown below.

According to the ensemble calculations, a subset of Glu and
Asp groups titrates with normal pK, values because they exist in
regions of the protein that are predicted to be inherently
unstable and therefore to be unfolded in many of the most
probable microstates in the ensemble. A detailed inspection of
the pH-dependent distribution of the conformational ensemble
shows that 7 of the 17 carboxylic residues (Fig. 54) titrate with
normal pK, values (i.e., above the midpoint of the acid unfolding
transition). In the ensemble calculations, the titration of these
seven groups is not coupled thermodynamically to the global
structural transition; thus, the calculations reproduce the exper-
imental proton uptake upon acid unfolding (Fig. 4B). Note that
for the case of acid unfolding at a pH value close to the normal
pH where carboxylic residues titrate, the results of the ensemble
calculations are fully independent of the set of pK,rp values
used, provided that they are depressed relative to the set of pKa nf
values.

To assess the validity of the predictions obtained with the
ensemble-based calculations, it was necessary to identify ex-
perimentally the 10 residues that are predicted by the ensemble
calculations to titrate concomitant with the global unfolding
transition. Because SNase unfolds in the pH range where
carboxylic residues normally titrate, it was not possible to
identify these groups by monitoring their pK, shifts with NMR
spectroscopy. Instead, these groups were identified by mea-
surement of the global unfolding properties of variants with
single Glu — Ala and Asp — Ala substitutions. If local
fluctuations allow a proton to be bound at pH values above the
range of global unfolding (i.e., the pK, value in the native
ensemble becomes normal), then the substitution with Ala
should not affect the global unfolding profile. Conversely, the
unfolding profile should be affected when a group whose
titration is coupled to the global unfolding is substituted with
Ala. The results of the mutational experiments shown in Fig.
5B indicate that the subset of residues identified by the
ensemble-based calculations as the residues that bind protons
concomitant with unfolding (Fig. 54) are indeed the sites
where the Ala substitutions were found experimentally to
affect the acid unfolding behavior. The ability of the ensemble-
based calculation to accurately model the macroscopic proton
uptake and acid unfolding transition, as well as to correctly
identify those titratable residues that are responsible for the
macroscopic behavior, validates the protocol used for the
ensemble calculations, which includes the energy function,
the representation of the microstates in the ensemble, and the
seemingly arbitrary cutoff criteria used to assign pK, values.
The results also illustrate an important role of local fluctua-
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Fig.5. Microscopicorigins of the pH-dependent stability of SNase. (A) Global
coupling parameters (GCP) were used to identify coupling between proton
binding and global conformational stability: GCP(pH); = |Z(pH)¢; — (Z(pH))| X
|Z(pH)ntj — (Z(pH)p|. The values Z(pH)¢; and Z(pH)rj are the pH-dependent
protonation states of residue j in the fully folded and fully unfolded states,
respectively. (Z(pH);) is the ensemble-weighted value, equal to Z;
Z(pH);-P(pH);. GCP of >0 identifies residues whose titration is affected by the
pH-dependent redistribution of the conformational ensemble (i.e., their ti-
tration is coupled to the acid unfolding). GCP = 0 identifies residues whose
titration is not affected by the pH-induced redistribution of the ensemble. The
high GCP values are concentrated near pHmiq because they arise when the
titration of a residue is coupled to the global shift in the equilibrium popu-
lation of the ensemble. Only a subset of all ionizable residues (E10, D19, D21,
E75, D77, D83, D95, E101, E129, and E135) show high GCP values. These
residues are in folded segments in the majority of the highly probable states
under native conditions, are predicted to govern the energetics of the acid-
unfolding reaction, and are responsible for the cooperative character of this
transition. (B) The effects of point mutations on the stability of SNase at pH 7
were measured by GdnHCl-induced unfolding (25). AAGy; describes the
difference in stability between the WT protein and the Glu — Ala or Asp — Ala
mutants. Also included in this plot are the four His — Ala point mutants. pHmig
refers to the pH at the midpoint of the acid-induced unfolding, monitored by
intrinsic fluorescence (25). The black curve describes the expected dependence
of pHmiqg on global stability, calculated as AG(pH) = fAv(pH)wrdpH. For variants
that fall on or close to the curve (blue), the substituted amino acid is not
coupled to the global unfolding transition. For variants that do not fall on this
line (red), titration at the substituted site is coupled to the global structural
transition. Comparison of A and B indicates that the substitutions that fall
away from the curve are also the ones that are calculated to contribute to AZ
in the WT ensemble (see Fig. 4B) and thus determine the pH-dependent
energetics of SNase.

tions in modulating the proton-linked global structural tran-
sition in SNase.
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Conclusions

Two important implications about the character of local
fluctuations and their impact on protein stability and function
emerge from these studies. First, the results are consistent with
the notion that the native-state ensemble of a protein is
populated primarily by states that display a dual character,
with some regions being compact and thermodynamically
native-like and other regions being highly solvated and dis-
playing the thermodynamic signature of unfolded-like regions
(Fig. 1A4). Interestingly, this dual character also has been
observed in recent NMR spectroscopy studies that used cold
denaturation to characterize structural features of the native-
state ensemble (59). In fact, the ensemble calculations de-
scribed here qualitatively reproduced both the structural and
thermodynamic features of the cold denaturation process (59).
The ability of this simple ensemble model to reproduce such
seemingly disparate processes as ligand-linked conformational
equilibria, hydrogen exchange, and cold denaturation suggests
that these different processes, and presumably many other
solution processes of proteins, are governed by properties of a
common set of structural/thermodynamic building blocks.

Second, these results explain mechanistically the manner in
which conformational fluctuations can affect the apparent
coupling between ligand binding and global structural transi-
tions. Wyman’s theory of linked functions (60) explains rig-
orously and quantitatively how the preferential binding of
ligands can affect the equilibrium between two macroscopic
conformational states of a protein that bind ligands with
different affinities (e.g., the T and R states of hemoglobin).
Linkage theory, however, does not contribute mechanistic
insight about how this coupling is established, nor about the
role of all but the most large-scale conformational changes.
The ensemble-based analyses described here demonstrate that
the effects of ligands on the conformational equilibrium
between two macroscopic thermodynamic states (i.e., the
native and acid unfolded states; see Fig. 34) also can be
exerted by differences in binding properties between micro-
scopic elements of the same macroscopic state. In effect, by
regulating the binding properties within the macroscopic
native state, the stability difference between the native and
denatured states can be effectively modulated.

This result has particularly important implications for the
design and evolution of proteins. It suggests that the ligand-
sensitive equilibria of proteins can be fine-tuned simply by
evolution of site-specific local stabilities within the protein. In
the context described here, the evolution of the pH sensitivity
of a macromolecule need not rely solely on the evolution of
Coulomb, polar, or hydration interactions to modulate pK,
values. Apparently, pH sensitivity also can be achieved by
tuning the local stability of the microenvironments surround-
ing ionizable residues, which is equivalent to tuning the
dielectric response of the protein (ref. 61 and C. A. Fitch,
S.T.W., VJ.H., and B.G.-M.E., unpublished results). In a more
general sense, the evolution of allosterism and of cooperativity
entails the evolution of a precise balance between the ener-
getics of local fluctuations, ligand-binding affinities, and
global stability (62).

Finally, we note that the parameterized energy function used
in these ensemble-based calculations (41, 43, 47-55) is ex-
tremely simplified and provides only a coarse representation of
the energy landscape accessible to each macroscopic state. It
might seem paradoxical that such a simple representation of
the energies of microstates could provide a unified phenom-
enological description of seemingly disparate equilibrium pro-
cesses of proteins (43-46, 59, 63). We interpret the success of
this simple approach as evidence of the following: (i) the
observed properties of a protein are a manifestation of the

Whitten et al.
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energetic hierarchy of states in the ensemble, and (i7) that this
hierarchy is a robust feature of each ensemble (i.e., not
particularly sensitive to the precise features of the energy
function) and therefore amenable to study with a coarse
energetic description.

The success of the ensemble calculations suggests that many
solution properties of proteins can be described quantitatively
without having to go past the level of average properties of
microstates and into the description of individual atoms and
bonds. In this respect, the ensemble view of proteins consti-
tutes a level of complexity intermediate between the unso-
phisticated treatment of proteins as strictly static structures
and the daunting complexity of their treatment with explicit
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