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Inter-residue proximity constraints obtained in such experiments as cross-linking/mass spectrometry are
important sources of information for protein structure determination. A central question in structure
determination using these constraints is, What is the minimal number of inter-residue constraints needed to
determine the fold of a protein? It is also unknown how the different structural aspects of constraints differentiate
their ability in determining the native fold and whether there is a rational strategy for selecting constraints
that feature higher fidelity in structure determination. To shed light on these questions, we study the fidelity
of protein fold determination using theoretical inter-residue proximity constraints derived from protein native
structures and the effect of various subsets of such constraints on fold determination. We show that
approximately 70% randomly selected constraints are sufficient for determining the fold of a domain (with
an average root-mean-square deviation ofe3.4 Å from their native structures). We find that random constraint
selection often outperforms the rational strategy that predominantly favors the constraints representing global
structural features. To uncover a strategy for constraint selection for the optimal structure determination, we
study the role of the topological properties of these constraints. Interestingly, we do not observe any correlation
between various simple topological properties of the selected constraints, emphasizing differentglobal and
local structural features, and the performance of these constraints, suggesting that accurate protein structure
determination relies on a composite ofglobal and local structural information.

Introduction

Structure determination of a protein is traditionally ac-
complished by X-ray crystallography or nuclear magnetic
resonance (NMR) based on inter-proton nuclear Overhauser
enhancement (NOE). At the cost of months or years of laborious
work, these methods can produce high-resolution structures at
the atomic level. The structures of many proteins or protein
complexes cannot be determined using these methods because
of the specific physical and chemical properties of these proteins
or complexes. On the other hand, the knowledge of these protein
structures is very important to elucidate their biological functions
due to the close relationship between structure and function.
Therefore, there is a pressing need for developing new methods
to both increase the speed and broaden the target spectrum of
protein structure determination with the rapid growth of the
number of the identified proteins from genomic1,2 and proteomic
studies.3

Emerging experimental methods, such as intramolecular
cross-linking4,5 coupled with mass spectrometry (MS),6-9

fluorescence resonance energy transfer (FRET),10,11 electron
paramagnetic resonance (EPR),12,13and paramagnetic relaxation
enhancement (PRE)14,15 allow for the determination of inter-
residue proximity constraints, i.e., the typical distance separation
range between two residues. These constraints have been used
for fold identification,16,17 as well as structure determination
when other information is combined.18,19 With as few as 18

intramolecular constraints derived from cross-linking and MS
experiments, Young et al.17 identified the fold of the bovine
basic fibroblast growth factor (FGF)-2 by selecting the structures
consistent with the constraints from a pool of models generated
by threading program. With the constraints obtained by PRE19

and the known secondary structure constraints obtained from
analysis of the nuclear Overhauser enhancement spectroscopy
(NOSEY) data, the barnase structure was calculated with
backbone root-mean-square-deviation (rmsd) less than 3 Å from
the crystal structure.

In practice, the number of inter-residue proximity constraints
is often limited. Therefore, an important question is, What is
the minimal number of inter-residue constraints needed to
determine the fold of a protein? Both analytical20 and compu-
tational21 efforts have been devoted to addressing related
problems in early studies in the context of general polymer
theory and lattice protein models. The simplifications of
polymer/protein models used in these studies are not directly
extendable to real proteins. Several other studies22-24 used more
realistic protein models and offered significant insights into the
relationship between protein structure and geometric constraints.
However,a priori known secondary structures of protein were
assumed in these studies, and this assumption significantly
limited their applications. More recent studies pioneered the
combination ofde noVo structure prediction methods utilizing
knowledge-based force field with limited NMR constraints to
facilitate protein structure determination.25-28 These studies
exemplified that the combination of a well-developed knowledge-
based force field and experimental constraints is able to greatly
improve the efficiency of structure determination. Here, we aim
to offer a more general insight into the problem regarding a
minimal number of inter-residue constraints required for deter-
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mining protein fold. First, we treat all distance constraints
equally, irrespective of the secondary or tertiary constraints and,
therefore, have noa priori assumption about the constraints sets.
Second, other than the distance constraints, bonded terms for
chain connectivity, and steric exclusions between atoms, we do
not apply any external force field when determining protein
structure, thereby ensuring the independence of the results on
any specific force field. Therefore, we are able to obtain general
insights into this problem with these minimal assumptions.

Other important questions are how the distinct structural
features of constraints differentiate their ability in determining
the native fold and whether there is a rational strategy to select
the inter-residue constraints that feature higher fidelity in
structure determination. In such approaches as cross-linking/
MS, FRET, EPR, and PRE, one can in principle choose various
sets of constraints by engineering the chemically active residues
into different positions in the protein. Thus, if such a strategy
for constraint selection exists, it can help decide what constraints
best determine the protein structure.

We perform discrete molecular dynamics (DMD)29-32 of
eleven structurally diverse protein domains subject to various
sets of inter-residue proximity constraints and generate the
corresponding structural ensembles. The typical inter-residue
constraints obtained from experiments only contain the informa-
tion of the upper bound within which two atoms are distant
from each other. Within the upper distance bound, the exact
distance between two atoms is undetermined. In different types
of experiments, this upper distance bound can vary between
∼3 Å and >20 Å. Here, we do not consider the constraints
with a large upper distance bound (>10 Å), since such
constraints are subject to larger uncertainties than more proximal
constraints, and, consequently, without additional more precise
structural information, these large separation constraints are not
useful in structure determination. For simplicity, we focus on
the inter-residue constraints with a uniform upper distance bound
7.5 Å between Câ atoms (CR for Gly). This upper distance bound
is usually used to define the contact map of a protein structure,
from which the native structure can be faithfully determined.29

We study the dependencies of rmsd (from the native structure)
of constructed structural ensembles on varying numbers of
randomly selected constraints. We also attempt to identify
rational strategies for selecting the constraints that result in
higher fidelity in structure determination. A feasible rational
strategy requires a quantitative measure that can distinguish the
performance of constraints in structure determination. Thus, we
calculate several topological properties of the selected constraints
and test whether these properties dictate the performance of these
constraints.

Methods

DMD Simulation and Four-Bead Protein Model. We
perform DMD30-33 simulations using a four-bead protein
model,34 in which each residue is represented by three backbone
beads N, C, CR, and one side-chain bead Câ (only CR for Gly).
The detailed implementation of the covalent bonds and con-
straints that maintain the correct geometry of each residue and
the peptide connectivity is described by Ding et al.34

Clustering Methods. Clustering is the procedure that cat-
egorizes or groups similar entities together on the basis of
quantitative distance (similarity) measures. To perform clustering
of structures in the present study, we define the distance between
two structures as their mutual rmsd. The smaller the rmsd from
each other, the higher the similarity there is between two
structures. We perform hierarchical agglomerative clustering35

by first finding the two entities that have the minimal distance
between them. After joining those two entities into a cluster,
the method then searches for the minimal distance between two
entities, but taking those entities that have already been clustered
as a single unit. This process is repeated until there are no more
entities to cluster. The process of the hierarchical agglomerative
clustering is summarized in a treelike diagram, called a
dendrogram.35 The root of the dendrogram, which is at the top
(zeroth) level, is one cluster containing all the entities (struc-
tures). The leaf nodes at the bottom level of the dendrogram
correspond to isolated entities before clustering. From the top
to the bottom level of the dendrogram, the number of emerging
clusters increases. There are three different hierarchical ag-
glomerative clustering methods applied: single linkage, com-
plete linkage, and average linkage. In single linkage, the minimal
distance between members of the two clusters is taken as the
cluster distance. In complete linkage, the maximal distance
between members of clusters is taken. In average linkage, the
average distance between members in the clusters is taken. All
the clustering in this work is performed using the program OC.36

Selection of Constraints from Contact Map. A protein
contact map is a set of contacts defined as follows: if the
distance between Câ atoms (CR for Gly) from two residuesi
andj in the native structure is within 7.5 Å, residuesi andj are
considered to form a native contact. Here, an inter-residue
proximity constraint corresponds to a native contact in the
contact map. We will use native contacts and constraints
interchangeably hereafter. For each native contact between
residuesi and j, the contact distance is defined as|i - j|. We
exclude the constraints with the contact distance|i - j| e2,
since these constraints are mainly defined by polypeptide
connectivity.

The contact order37 of a set of constraints is defined as the
average |i - j| taken over all constraints in the set. In
simulations, we use different strategies for selecting constraints
from the contact map. In the random selection procedure, the
constraints are randomly selected from the contact map. In the
contact order ranked (COR) method, the constraints are selected
from the contact map sequentially according to the descending
order of the corresponding|i - j| values (i, j ) 1, 2, ...,N).

Generation of Coarse-Grained Structural Ensembles
Satisfying a Given Set of Constraints.We incorporate a given
set of inter-residue constraints into the simulations as effective
interactions between Câ atoms (CR for Gly) of corresponding
residues

wherea0 is the hard core diameter, anda1 is the upper bound
of distance constraints, which is 7.5 Å. Allr i and r j are the
Cartesian coordinates of Câ atom (CR for Gly) of ith and jth
residue, respectively.|∆ij| is a matrix with elements∆ij ) 1 if
there is a constraint between residuei and j, and ∆ij ) 0
otherwise. For each set of constraints, prior to the production
simulations, we perform simulations from the fully extended
protein state at temperatureT ) 2.0 toT ) 0.1 (in units of the
inverse Boltzmann constantkB

-1). Then, we perform production
simulations atT ) 0.1 for 105 time units. We choose five
trajectories starting from different initial conditions in which
all given constraints are satisfied and there is no “mirror
structure”sa structure that satisfies all given constraints, but
the transformation that superimposes it with the native structure
is an improper rotation.38 The trajectories of mirror structures

Uij ) {+∞, |r i - r j| e a0

-∆ij, a0 < |r i - r j| e a1

0, |ri - rj| > a1

(1)

Protein Structure Reconstruction J. Phys. Chem. B, Vol. 111, No. 25, 20077433



are automatically eliminated by clustering the structures from
trajectories that satisfy all the given constraints (clustering
methods). Regardless of the different clustering methods applied,
the “mirror structures” always appear as a distinct cluster at
the first level of dendrograms35 (clustering methods). In coarse-
grained representation, the “mirror structures” have the same
energy as the native ones, since they satisfy the same set of
constraints. By contrast, we found that the energies of the
reconstructed all-atom models of the “mirror structures” tend
to be higher than the native ones that satisfy the same set of
constraints. The details of the all-atom reconstruction and the
energy function used for calculation is described in a recent
work by Ding and Dokholyan.39 Therefore, we can recognize
“mirror structures” withouta priori knowledge of the native
structure.

Topological Properties of Constraints in the Contact Map
Graph. We construct the contact map graph by representing
each residue as a node and each constraint in the contact map
as an edge. Each set of constraints represents a subgraph of the
contact map graph. There are four topological properties of
constraint sets in the graph inspected in the current study.

The shortest path40 between two nodesi andj in the network
are defined as the paths traversing a minimal number of edges
among all paths connectingi and j. The shortest path length
between two nodes is the number of edges traversed by the
shortest paths. The shortest path length of a set of constraints
is the average of shortest path lengths between all nodes in the
set.

The betweenness centralityCB(l) of a node or an edgel in
the network is defined as follows:41

whereσst is the total number of shortest paths connecting node
s and t; σst(l) is the number of shortest paths connecting node
s and t that pass through the node/edgel. The betweenness
centrality of a set of constraints is the average of betweenness
centrality taken over the set.

The clustering coefficient of a node42,43 i in the network is
defined as the ratio between the numberEi of edges that actually
exist between allki nodes directly connected to nodei, and the
maximal possible numberki(ki - 1)/2 of edges between these
ki nodes

The clustering coefficient of a set of constraints is the average
of clustering coefficients taken over all nodes in the set.

The degree of a nodei40 in the network is defined as total
number of nodes having edges directly connected to it. The

degree of a set of constraints is the average of degrees taken
over all nodes in the set.

Results and Discussion

We study nine protein domains chosen from the CATH
protein structure classification database.44 The CATH database
is a hierarchical domain classification of protein structures in
the PDB. There are four major “top to bottom” levels of
classification of protein structures in the CATH database, which
are class, architecture, topology, and homologous superfamilies.
For the broad coverage of the structural space of all proteins,
we choose nine protein domains representing all categories:
mainly-R, mainly-â, R-â, and few secondary structures (Table
1) at the top level class in CATH. To minimize the length
dependence of the result, all protein domains are chosen to be
approximately 60 residues long. For each protein domain, we
first determine the contact map based on its native structure
(Methods section). The contact map contains all inter-residue
proximity constraints with a cutoff distance of 7.5 Å between
Câ atoms (CR for Gly). For each fraction of constraints, 10%,
30%, 50%, 70%, and 90%, we then generate six constraint sets
with the corresponding number of constraints selected from the
contact map. One set is generated by the COR method, and the
other five are by a random selection (Methods section). Then,
we perform DMD simulations of the simplified protein model
(Methods section) to generate the coarse-grained conformational
ensembles satisfying these constraint sets.

Approximately 70% of all proximity constraints derived
from the native structures are sufficient to determine the protein
folds within an average rmsd of 3.4 Å. We determine the
average and standard deviation of rmsd of the structural
ensembles, subject to five randomly selected constraint sets, as
the function of the fraction of constraints applied (Figure 1).
For each fraction of constraints, 10%, 30%, 50%, 70%, and
90%, in Figure 1 we only show the largest and the smallest
average rmsd with their corresponding standard deviations. We
observe a sharp decrease of the average rmsd as the fraction of
constraints increases. Although the exact fraction at which this
cooperative transition occurs varies for different domains, this
transition typically occurs at less than∼30% fraction of
constraints. For the protein domains under study, the 30%
fraction of constraints corresponds to 0.65( 0.05 constraints
per residue (the number of constraints applied per length of a
domain). In addition, we find that 70% fraction of all proximity
constraints derived from the native structure are sufficient to
determine the fold of a domain with an average rmsd ofe3.4
Å. The 70% fraction of constraints corresponds to∼90
constraints for a 60 residue protein and 1.51( 0.11 constraints
per residue. Noticeably, for different folds, the minimal fraction
of constraints required to determine the native fold varies
significantly (Figure 1), reflecting unique topological charac-
teristics of distinct folds. For example, for protein domains
1GO3 (mainly-R), 1NXB (mainly-â), 1VIE (mainly-â), 1BXY

TABLE 1: Nine Protein Domains

length PDB code CATH name CATH code class(C)

60 1GO3(48:107) DNA-directed RNA polymerase subunit f 1.10.150.80 mainly-R
49 1DD3(1:49) 50s ribosomal protein 17/112 1.20.58.20 mainly-R
62 1NXB(1:62) neurotoxin b 2.10.60.10 mainly-â
60 1VIE(19:78) dihydrofolate reductase 2.30.30.60 mainly-â
60 1JDC(358:417) 1,4-R maltotetrahydrolase 2.60.40.1180 mainly-â
61 1IGD(1:61) protein g 3.10.20.10 R-â
60 1BXY(1:60) ribosomal protein 130 3.30.70.700 R-â
65 1E4F(237:301) cell division protein ftsa 3.90.640.10 R-â
60 1D0D (1:60) anticoagulant protein 4.10.410.10 few secondary structures

CB(l) ) ∑
s*t∈V

σst(l)

σst

(2)

Ci )
2Ei

ki(ki - 1)
(3)
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(R-â), and 1E4F (R-â), 50% fraction constraints are sufficient
to determine the structural ensembles within an average rmsd
of 4 Å from the native structures, while it is not the case for
other domains. Therefore, 70% is only a conservative estimate.

According to the theoretical work by Reva et al.45 and
others,46 the rmsd distribution for a∼60 residue protein with
randomly selected/constructed globular proteinlike structure is
Gaussian with the average value of 11 Å and the standard
deviation of 2 Å. Therefore, the probability of observing a
structure within 3.4 Å rmsd from the native structure by chance
is less than 7× 10-5. It is statistically significant to conclude
that a structural ensemble satisfying 70% native contacts is close
to the native structure.

The current study focuses on the relatively small domains as
test cases. For larger domains, the total number of the constraints
required for determining the native fold will increase accord-
ingly. To see whether the current results can be extrapolated to
larger domains, we study two other domains with the length of
approximately 105 residues (Supporting Information). We find
that, for these two domains, 70% randomly selected native
contacts are also sufficient to determine the native folds
(Supporting Information). Therefore, we expect that our results
will also hold for larger single-domain proteins. However, it
remains to uncover in future studies to what extent our result
can be extended to the case of multidomain proteins.

Here, we do not study how the cutoff distance, which is used
to define constraints, affects the quality of the determined
structure. This question is of practical importance, because in
cross-linking/mass spectrometry experiments, cross-linkers of
various lengths47,48 may be used in protein structure determi-
nation. An early computational study by Vendruscolo et al.49

suggested that the quality of the determined structure is
significantly degraded if the cutoff distance used to define
constraints is below a certain threshold. Therefore, in cross-
linking/mass spectrometry experiments, both the number of
constraints and the length of cross-linkers used in protein
structure determination have a significant impact on the quality
of the determined structure.

Random constraint selectionoften outperforms rational
contact order-based selection strategy. For each fraction of
constraints, 10%, 30%, 50%, 70%, and 90%, we find that the
structural ensembles subject to six constraint sets (five randomly
selected sets and one selected by the COR method) have distinct
rmsd from the native structure. For example, in the case of the
protein domain 1E4F (237-301) (Figure 1h), the structural
ensembles, subject to various constraint sets utilizing 10% of
the constraints, have an average rmsd ranging from 7 to 12 Å.
In 1E4F (237-301), 10% of the constraints corresponds to
thirteen constraints. These results indicate that, using a sparse
number of constraints (∼13), it is possible to reconstruct a
structural ensemble with an average rmsd of 7 Å. When other
information, such as homology or secondary structure informa-
tion, is incorporated, it is not surprising that the structure
ensembles can be determined with higher accuracy.17,19 The
large performance variation of different constraint sets also
suggests that proper selections of constraints can significantly
improve the efficiency of structure determination.

The constraint sets that have large values of contact order
(i.e., have more long-range constraints) offer more information
about global rather than local structural properties. Correspond-
ingly, the constraint sets that have small values of the contact
order offer more information about local rather than global
structural protein properties. Intuitively, global structural infor-
mation plays a major role in determining protein folds. Hence,
we speculate that the constraint sets containing more long-range
constraints lead to structural ensembles with smaller rmsd from
the native structure. Since the separation of residues in the
constraint sets can be quantified by contact order (Methods
section), we develop a rational strategy, COR method (Methods
section), for constraint selection to predominantly favor long-
range constraints. Surprisingly, we find that the conformational
ensembles, corresponding to the constraint sets selected by the
COR method, often have larger rmsd than those ensembles
corresponding to the constraint sets selected randomly (Figure
2). Clearly, randomly selected sets have a broader distribution
of contact distance than the sets selected by the COR method

Figure 1. The average and the standard deviation of rmsd of the structural ensembles subject to 10%, 30%, 50%, 70%, and 90% randomly selected
constraints for nine domains: (a) 1GO3 (48-107), (b) 1DD3 (1-49), (c) 1NXB (1-62), (d) 1VIE (19-78), (e) 1JDC (358-417), (f) 1IGD
(1-61), (g) 1BXY (1-60), (h) 1E4F (237-301), (i) 1D0D (1-60). For each fraction of constraints, we only show the largest (]) and smallest (9)
average rmsd and their corresponding standard deviations (out of five ensembles).
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(Figure 3), which is because random selection tends to include
a mixture of short-range and long-range constraints, while the
COR method favors long-range constraints. The observed
difference of the performance between random selection and
the COR method suggests that accurate structure determination
depends on a blend of global and local structural information
rather than global structural information alone.

Simple topological properties of the selected constraints
do not correlate with the performance of these constraints in
structure determination. To explore other potential factors of
structure determination performance, we examine several to-
pological properties of constraint sets in the contact map graph
(Methods section), where each residue is represented as a node
and each constraint is represented as an edge. The spatial
relationships between the residues in the protein structure are
mapped to the connections between the nodes in the contact

map graph. Each set of selected constraints represents a subgraph
of the contact map graph. First, we study the correlation between
the edge betweenness centrality (Methods section) of a constraint
set and the performance of this set in structure determination.
The betweenness centrality of an edge measures how often this
edge lies on the shortest path between all node pairs in the graph
and indicates its significance in the connectivity in the whole
graph.41 The higher betweenness centrality value an edge has,
the more important it is in connecting the whole graph. We
expect that the constraints with larger betweenness centrality
contain more structural information on the spatial connection
between different elements of the protein structure and, thus,
have more prominent effects on protein structure determination.
Although the betweenness centrality is a sensitive measure of
network topology,50 we do not observe a correlation between
the edge betweenness centrality and the performance of a
constraint set (Table 2). For example, in the case of domain
1NXB (1-62) a constraint set with a larger average edge
betweenness centrality leads to an ensemble with smaller
average rmsd, while in the case of domain 1IGD (1-61) (Table
2), a constraint set with a larger average edge betweenness
centrality leads to an ensemble with larger average rmsd.

It was found in protein folding studies that certain residues,
called key residues,29,51-53 are critical for forming protein folding
nucleus52 and play essential roles in folding kinetics. Given the
important roles of these residues in determining overall native
topology during protein folding, we test whether the constraints
between these key residues play more important roles in
structural determinations than other constraints for the case of
domain 1VIE (19-78). In comparison with other residues in a
protein, the key residues have larger node betweenness centrality
in the contact map graphs of both the native state and folding
transition state.51 Node betweenness centrality was shown to
predict key residues in transition states,51 because there are much
fewer nonkey residues that have a relatively high value of node
betweenness centrality in the transition state compared with the
native state. Thus, since there is no experimental structural
information on transition states of the proteins studied here, we
use node betweenness centrality of a residue in the native state
as a proxy of its importance in folding kinetics. We first rank
all residues in domain 1VIE (19-78) by their node betweenness
centrality values in descending order. We then choose constraints
between the residues with higher ranks and use the selected
constraints in simulations to determine the domain’s structural
ensemble. We find that this procedure has improved perfor-
mance than the COR method in structure determination, but it
has comparable performance to random selection strategy. We
use rmsd to measure the structural similarity between the
determined structures and the native state (Table 3). We also
employ an alternative measure, the Q-value (the fraction of
native contacts formed in a given structure),54 to evaluate how
structurally similar the determined structures are to the native
state: a larger Q-value54 suggest higher structural similarity to

Figure 2. Neurotoxin b (PDB code: 1NXB). The average and standard
deviation of rmsd of the structural ensembles subject to 10%, 30%,
50%, 70%, and 90% constraints selected by the contact order ranked
method and random strategy: triangle (2), the structural ensembles
subject to constraint sets selected by the contact order-ranked method
(CO); diamond (]), the highest average rmsd and corresponding
standard deviation of the structural ensembles subject to randomly
selected constraint sets; filled circle (B), the lowest average rmsd and
corresponding standard deviation of the structural ensembles subject
to randomly selected constraint sets.

Figure 3. Neurotoxin b (PDB code: 1NXB). The histograms of contact
distance (|i - j|) for (a) 30% constraints selected by random strategy
(gray) and the contact order ranked method (dot-dashed); (b) 50%
constraints selected by random strategy (gray) and the contact order
ranked method (dot-dashed).

TABLE 2: Differences in the Edge Betweenness Centrality
between the Constraint Sets Corresponding to the Ensembles
with the Largest Average Rmsd and the Constraint Sets
Corresponding to the Ensembles with the Smallest Average
Rmsd among the Randomly Selected Seta

constraint sets
(random)

1NX8
(10%)

1IGD
(10%)

1NX8
(30%)

1IGD
(30%)

largest average rmsd 18.86 26.58 24.50 24.72
smallest average rmsd 23.37 19.46 26.18 22.04

a For illustration, we only show the result of the constraint sets
containing 10% and 30% constraints for two domains (1NXB (1-62),
1IGD (1-61)), respectively.
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the native state. We find that the structures determined using
constraints between kinetically residues have larger Q-values
than the ones determined using the COR method (Table 3).
These results suggest that, although selecting constraints between
kinetically important residues is a better strategy than the COR
method, it does not show superior performance to random
constraint selection in structure determination.

In addition, we study the correlation between the performance
of a given constraint set and other topological properties, such
as the node degree, the clustering coefficient, and the shortest
path length55 (Methods section). However, similar to the case
of edge betweenness centrality, we do not observe any correla-
tion between any of these topological properties and the
performance of constraint sets (data not shown).

These findings indicate that the rmsd of a conformation to
the native structure is a multivariable function of different
topological properties of constraints. Therefore, the accurate
structure determination requires a combination of constraints
with composite structural features, which are not characterized
by any single topological property.

Conclusions

For eleven structurally diverse protein domains, we have
shown that approximately 70% of all proximity constraints
derived from their native structures are sufficient for determining
the fold of domains with an average rmsd ofe3.4 Å. This
finding by no means offers a comprehensive answer to the
question, what is the minimal number of inter-residue proximity
constraints needed to determine the fold of a protein? Rather,
it offers a theoretical estimation of the lower bound of this
minimal number. We believe that this estimation is an important
starting point for further studies. It is important to note that in
the current study we do not consider any experimental errors
of constraints in the simulations. It is expected that different
types of experimental errors can have distinct effects on the
determined protein structure, and these effects deserve further
study.

In addition, we find that randomly selected constraints often
outperform the constraints representing global structural features,
suggesting that both local and global structural features are
important in determining the fold of a protein. Further, we do
not observe any correlation between various topological proper-
ties of the selected constraints, emphasizing different structural
features and the performance of these constraints. Both these
findings indicate that a rational strategy based on a quantitative
measure that can distinguish the performance of constraints in
structure determination is yet to be developed. Due to the
significant complexity inherent in the mapping from constraints
to the protein structures, more work is needed to understand
how to build a minimum set of structure determining constraints.
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