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Abstract: Metal ions play an essential role in stabilizing protein structures and contributing to
protein function. lons such as zinc have well-defined coordination geometries, but it has not been
easy to take advantage of this knowledge in protein structure prediction efforts. Here, we present
a computational method to predict structures of zinc-binding proteins given knowledge of the
positions of zinc-coordinating residues in the amino acid sequence. The method takes advantage
of the “atom-tree” representation of molecular systems and modular architecture of the Rosetta3
software suite to incorporate explicit metal ion coordination geometry into previously developed de
novo prediction and loop modeling protocols. Zinc cofactors are tethered to their interacting
residues based on coordination geometries observed in natural zinc-binding proteins. The
incorporation of explicit zinc atoms and their coordination geometry in both de novo structure
prediction and loop modeling significantly improves sampling near the native conformation. The
method can be readily extended to predict protein structures bound to other metal and/or small
chemical cofactors with well-defined coordination or ligation geometry.
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Introduction

Zinc is one of the most abundant and important
metal ions in biology, playing an indispensable role
in a broad range of cellular processes, such as DNA
replication and transcription,® cell apoptosis,? and
metabolism.? Catalytically, zinc acts as the critical
electrophile in many hydrolases* and structurally,
zinc stabilizes many protein domains, for example,
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“zinc-finger” proteins.® Genome analysis studies
have revealed thousands of potential zinc-binding
protein sequences®; however, only a small percentage
of them have been structurally characterized.”
Therefore, it is of substantial interest to develop
computational structure prediction methods that are
able to generate three-dimensional structural models
of zinc-binding proteins from their sequences with
accuracy in terms of both overall topology and
atomic details around zinc-binding site.

Many previous studies have reviewed and classi-
fied the coordination geometry and amino acid prefer-
ences in zinc-binding sites in known zinc-binding pro-
teins.81° Patel et al. estimated that a majority (82%)
of zinc ions in proteins are tetrahedrally coordinated
with the rest pentahedrally or hexahedrally coordi-
nated.’® For a structural zinc-binding site, cysteine
(Cys) and histidine (His) are the preferred coordinat-
ing residues and wusually there are no water
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molecules in the primary coordination sphere.® In a
recent comprehensive survey of zinc-binding proteins,
Grishin and coworkers structurally classified zinc fin-
ger domains into eight distinct fold groups with three
dominant categories: C2H2-like finger, treble clef fin-
ger, and zinc ribbon.!* Torrance et al. studied the evo-
lutionary divergence of metal-binding sites in pro-
teins and identified two “archetypal” zinc-binding site
structures — Cys-Cys-Cys-Cys and His-Cys-Cys-Cys,
each of which appears to have evolved independently
multiple times.'? These sequence and structural pat-
terns have led to development of methodologies to
predict potential zinc-binding sites from either pro-
tein primary sequences or structural information.
Hovmoller and coworkers combined support vector
machine and homology-based approaches to predict
zinc-coordinating Cys and His from protein sequences
with a success rate of 86%.'> METSITE developed by
Sodhi et al. uses neural network classifiers to distin-
guish metal-binding sites from nonsites in protein
structure models with moderate quality with a mean
accuracy of 94.5%.* The empirical force field Fold-X
developed by Serrano and coworkers is able to predict
from the high-resolution crystal structures the posi-
tions of single-atom ligand including zinc with an
overall deviation less than 1.0 A.'? Recently, it was
shown by the Montelione group that zinc-coordinat-
ing cysteine residues can also be identified based on
NMR !¥C, and ISC[; chemical shift data.'® Despite
this progress, information on likely zinc-binding sites
has not generally been incorporated into protein terti-
ary structure prediction methods to generate models
for zinc-binding proteins. Previous studies have
included zinc in docking metalloprotein—ligand com-
plexes!” and modeling active site of metalloenzymes
by molecular dynamics (MD) simulations'®'®; how-
ever, modeling in these cases starts from existing pro-
tein structures, and only a narrow range of protein
conformational space is searched.

The two key components of computational pro-
tein structure prediction methods are the procedure
for carrying out the conformational search (sam-
pling) and the free energy function used for evaluat-
ing possible conformations (scoring).?° Challenges in
both areas have hindered modeling metal binding
explicitly in protein structure prediction. First, con-
formational sampling is generally limited to the pro-
tein backbone and sidechain torsional degrees of
freedom, and it is difficult to simultaneously sample
the rigid-body degrees of freedom of the metal ion
during folding. Second, to reduce computational
complexity, nonbonded physical interactions among
multiple atoms are simplified by treating the total
energy as the sum of pairwise additive distance-
dependent interactions. However, this two-body
approximation does not suffice to model metal—pro-
tein interactions because metal coordination geome-
tries around the favored coordination sphere have
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angular and multibody dependencies. In the exam-
ple of zinc, the tetrahedral coordination of the four
liganding residues requires distances, angles, and
dihedrals among multiple atoms to be satisfied
simultaneously. New algorithms must be developed
to address such challenges to model metal-binding
sites explicitly in protein structure prediction.

The de novo structure prediction and homology
modeling methods in Rosetta software suite use a
Monte Carlo strategy to assemble short fragments of
known protein structures into compact conforma-
tions followed by gradient-based refinement with
respect to all backbone and sidechain torsional
angles in a detailed all-atom force field.???2 The
power of the methods has been demonstrated by the
generation of structural models with atomic accu-
racy for a handful of benchmark and blind predic-
tion protein targets in the last few years.2>2°
Recently, a “fold-tree” representation®® of the molecu-
lar system has been developed in Rosetta that can
seamlessly integrate the torsional degrees of free-
dom and rigid-body degrees of freedom, which has
allowed explicit treatment of backbone flexibility in
protein—protein docking?” and protein-ligand dock-
ing.?® Taking advantage of this new capability, we
developed an approach for predicting the structure
of proteins with ion-binding sites with known coordi-
nation geometries. In this new method, zinc ions are
explicitly represented and are tethered to their
liganding residues with naturally observed geome-
tries to maintain the integrity of the zinc-binding
site and drive the folding of the protein chain. We
show that in both de novo structure predictions and
loop modeling, the explicit incorporation of zinc ions
significantly improves sampling toward native pro-
tein conformation, and we expect that this method
can be readily extended to predict protein structures
bound with other metal ions and other ligands/cofac-
tors with known coordination geometries.

Results

Incorporation of zinc into the molecular system
for protein structure prediction

It has been well established that the majority of the
structural zinc-binding sites are arranged in a tetra-
hedral coordination, and the most preferred zinc-
liganding residues in these sites are cysteines and
histidines.>!° To capture this coordination geometry,
zinc is represented as a ligand with five atoms form-
ing the center and vertices of a tetrahedron. The
actual zinc atom is centered in the tetrahedron and
each of the four virtual atoms occupies a vertex. The
distance between zinc and a virtual atom, 2.20 A
[Fig. 1(A)], is given by the average bond lengths of
Zn-S, of Cys and Zn-Ny/N, of His in a set of struc-
tural zinc-binding sites. The four virtual atoms
defined in the zinc residue serve to (1) set a
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Figure 1. Incorporation of zinc coordination geometry into structure prediction. (A) Zinc is modeled as a tetrahedral ligand
with four virtual atoms on the vertexes and one zinc atom in the center. The distance between the zinc atom and each of the
virtual atoms is 2.20 A. (B) Rigid-body transformation (RT) from zinc-coordinating residue Cys (left) and His (right) to zinc.
Coordinate frames are defined by N, Ca, C in protein backbone and Zn, V1, V2 in the zinc. The spatial relationship between
the sidechain and zinc can be described by six internal coordinate parameters (Table I), which can have a range of possible
values (Table I). Combination of these possibilities with different possible sidechain rotamer conformations results in a
discrete set of rigid-body transformations (a “jump” library) that can be used to sample the rigid-body degrees of freedom of
the zinc during structure prediction. (C) Low-resolution de novo structure prediction. The fold tree is setup so that backbone
conformational changes are propagated from protein N-terminal to C-terminal upon changes in the backbone torsion angles
by fragment insertion, while a through-space transform (curly arrow) is established from one zinc-coordinating residue to the
zinc ligand that samples alternative rigid-body transforms from the “jump” library created in (B). Distance constraints (single
dash) tether the C atoms of the remaining zinc-coordinating residues to the zinc atom. (D) High-resolution refinement. The
fold tree is unchanged but with all atoms represented, more precise constraints (double dash, see Materials and Methods) are
defined to maintain the integrity of the zinc-coordination site. Virtual atoms are included in the constraints definition to enforce
tetrahedral coordination arrangements, which would otherwise be very complicated to realize with the single zinc atom alone.

reference frame for calculating the internal rigid-
body transformation from the protein to the zinc,
and (2) define constraints consistent with the coordi-
nation geometry between the zinc and the coordinat-
ing residues. A related “dummy-atom” approach was
implemented in a MD study of zinc-bound
farnesyltranserase.?’

Rosetta’s “fold-tree” representation of the molec-
ular system integrates torsional degrees of freedom
with rigid-body degrees of freedom together so they
can be optimized simultaneously.?®?” In the fold
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tree, the zinc ligand is attached to one of its coordi-
nating protein residues via a through-space connec-
tion (Yump”) and protein backbone conformational
changes propagate through this rigid-body jump to
determine the new position of the zinc ligand [Fig.
1(C,D)]. While protein backbone torsion degrees of
freedom are sampled through inserting short frag-
ments from known protein structures, the rigid-body
degrees of freedom of the jump are also sampled
using a precomputed library of sidechain—zinc trans-

forms. To generate this library, the rigid-body
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Table I. The Six Internal Coordinate Parameters Defining Local Interactions Between Cys/His Sidechains

and Zinc

Residue-Zn d 01 0o (0N Dy [O2P

Cys-Zn SY'ZI}, Cp-S,-Zn S,-Zn-V, C,-Cp-S,-Zn Cp-S,-Zn-V, S,-Zn-V1-Vy
2.20 A 112.0° 109.5° —180°:180°:30° —180°:180°:30° 120.0°

His(D)-Zn NM-Z{l C’\{-N51-Zn Ngl-Zn-Vl C[;-C.,-Nél-Zn CY-Ngl-Zn-Vl N51-ZH-V1-V2
2.20 A 120.0° 109.5° 0.0° —180°:180°:30° 120.0°

His(E)-Zn N£2-Z£1 C52-Ng2-Zn NE2-ZH-V1 C«(-Csz-Ngz-Zn 052-N82-ZH-V1 NEQ-ZH-VFVQ
2.20 A 120.0° 109.5° 180.0° —180°:180°:30° 120.0°

The parameters consist of one bond length (d), two bond angles (6; and 65), and three torsion angles (®;, 5, and ®,5), and
their defining atoms are listed. For each parameter, the sampling range is indicated, for example, ®; in Cys-Zn is sampled
every 30° in a full rotatable manner, but the same torsion in His-Zn is fixed at either 0 or 180° to keep zinc aligned in the
plane of the imidazole ring as observed in natural zinc-binding sites. These parameters are used in combination with side-
chain rotamers to create a set of rigid-body transformations from residue backbone to the zinc ligand [Fig. 1(B)]. They also
serve as a reference for all-atom constraints, which enforce optimal zinc-coordination geometries.

relationships between Cys and His sidechain atoms
and zinc were first characterized in structures of
proteins with natural zinc-binding sites. Based on
this analysis, allowed ranges for each of the six
rigid-body degrees of freedom [d, 6;, 05, ®;, @3, and
@5 in Fig. 1(B)] relating the sidechain and the zinc
were defined (Table I). Combining these possible
sidechain—zinc interactions with all Cys and His
sidechain rotamers (y; and y2) yields a set of rigid-
body transformations from the backbone “N-C,-C”
triplet in the zinc-coordinating residue to the “Zn-
V1-Vy” triplet in the zinc ligand [Fig. 1(B), Table IJ.
Our library contains about 1300 different transfor-
mations (jumps) from the backbone of Cys residues
to zinc and 2000 jumps from the backbone of His
residues to zinc.

The rigid-body jump described in the previous
paragraph anchors the zinc to the protein. Con-
straints between the zinc and the other three zinc-
coordinating residues are included during folding to
maintain the integrity of zinc-binding site. In the
low-resolution search stage in which protein side-
chain atoms are approximated by centroids,?! a dis-
tance constraint term defined from the zinc atom to
the Cy atom of each of the remaining zinc-coordinat-
ing residues favors the formation of a protein topol-
ogy that can accommodate a zinc-binding site [Fig.
1(C)]. In the subsequent high-resolution refinement
stage in which all atoms are represented, the
Rosetta all-atom energy function is supplemented
with distance, angular, and dihedral constraints
derived from structures of zinc-binding sites to
ensure that low-energy models are generated that
contain a zinc coordination site with correct geome-
try [Fig. 1(D)]. The distance constraints are defined
between a protein zinc-coordinating atom and a vir-
tual atom with a target distance of zero (see Materi-
als and Methods), which enforces the overall tetra-
hedral coordination geometry around the zinc
because in the creation of the zinc ligand, the four
virtual atoms occupy the four vertexes of the tetra-
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hedron centered at the zinc atom [Fig. 1(A)]. Such
treatment allows generation of correct zinc coordina-
tion geometries without complicated computation of
nonpair-additive interactions between zinc-liganding
residues.

With incorporation of zinc into the fold-tree
framework of the molecular system by (1) defining a
zinc ligand residue with virtual atoms, (2) creating a
jump library sampling rigid-body transformations
from protein to zinc, and (3) adding constraint
energy terms maintaining the geometry of zinc coor-
dination, previously developed Rosetta structure pre-
diction methods can be seamlessly adapted to per-
form various tasks to generate structure models for
zinc-binding proteins. In the next sections, we pres-
ent results from implementing this new method in
de novo structure prediction and loop modeling of
zinc-binding proteins.

De novo structure prediction

Starting from the amino acid sequence only, Rosetta
de novo structure prediction and high-resolution
refinement have generated structure models with
atomic-level accuracy for a handful of benchmark
and blind prediction cases.?®?® In this study, a
benchmark set of nine zinc-binding proteins was
constructed to test the performance of the new
method with explicit modeling of zinc (Table II). The
set represents six of the eight fold groups of zinc fin-
gers as defined by Grishin and coworkers,'! includ-
ing two targets from each of the three major zinc-
finger fold groups — classical C2H2-like zinc finger,
treble clef finger, and zinc ribbon. Models were gen-
erated for each protein using the Rosetta de novo
structure prediction method without and with zinc
incorporation. Energy versus RMSD plots are shown
for low-energy (5%) predictions in Figure 2(A). For
six of nine cases (1co4, 1d0q, lef4, 1fv5, 1ncs, and
2b9d), improved sampling toward near-native confor-
mations is observed. For four cases (lef4, 1fv5, 1wjb,
and 2b9d), the overall “energy-funnel” character was
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Table II. Benchmark Sets of Zinc-Binding Proteins from Various Fold Groups for Testing De Novo Structure

Prediction
BL5

PDB Length Structural classification Ligands Control Zinc
1co4 1-34 Zn2/Cysb6-like finger C11, C14, C23, H25 6.25 6.14
1d0q 2-103 Zinc ribbon C40, H43, C61, C64 11.99 5.20
1dsv 54-84 Gag knuckle C58, C61, H66, C71 6.33 7.31
lef4 1-55 Treble clef C6, C9, C43, C44 4.06 3.71
1fvs 10-33 C2H2-like finger C11, C14, H27, C32 3.82 0.70
lirn 1-53 Zinc ribbon C6, C9, C39, C42 5.90 7.35
1ncs 21-60 C2H2-like finger C34, C39, H52, H56 8.54 1.59
1wjb 1-46 TAZ2 domain-like H12, H16, C40, C43 2.89 2.07
2b9d 42-93 Treble clef C52, C55, C85, C88 6.46 3.04

The lowest RMSD of the lowest energy five models (BL5) is reported for the test without zinc (control) and the test with

zinc (zinc).

improved when zinc is explicitly incorporated in the
process of structure prediction. In both cases of the
classical C2H2-like zinc finger proteins (1fv5 and
Incs), near-native models (<2 A backbone RMSD)
were identified among the five best energy-ranked

A De novo structure prediction without zinc

predictions [Fig. 2(A), Table II]. Accurately predicted
models of 1fv5, 2b9d, and 1wjb are shown in Figure
2(B); for 1fv5 the prediction has atomic level accu-
racy with backbone RMSD less than 1.0 A and all-
atom RMSD less than 2.0 A.

De nove structure prediction with zinc
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Figure 2. De novo prediction of the structures of zinc-binding proteins. (A) Energy (y-axis) versus RMSD (x-axis) plots of the
lowest energy 5% of models generated without (left) and with (right) explicit zinc modeling. The red line in each plot indicates
the lowest RMSD value of the lowest energy five models (“BL5” in Table ll). (B) Accurate predictions of 1fv5 (left, 0.7 A
RMSD), 2b9d (middle, 3.04 A RMSD), and 1wijb (right, 2.07 A RMSD) from low-energy models with zinc incorporated. The
predicted model (pink) is superimposed onto the native structure (green). Backbone traces are drawn in cartoon, zinc ions are
drawn in spheres, and zinc-coordinating sidechains are drawn in sticks.
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De novo structure prediction using NMR
chemical shift information

It was demonstrated recently that the robustness of
Rosetta de novo structure prediction method can be
improved by using a fragment library generated
with NMR chemical shift data (CS-fragment).3%3!
For metal-binding proteins, chemical shift informa-
tion can further provide valuable insights on struc-
ture features such as metal ligation. Montelione and
coworkers recently showed that overlapped ISCB
chemical shift distributions of zinc-liganding and
nonmetal-liganding cysteine residues are largely
resolved by the inclusion of the corresponding 3C,
chemical shift information.'® Here, we take the nine
proteins in that study whose chemical shift data
were used to identify their zinc-liganding cysteines®
and generate models using Rosetta de novo structure
prediction and refinement protocols. Four protocols
including with/without zinc and with/without CS-
fragments were tested, and the results are summar-
ized in Figure 3(A) and Table III. Compared to the
control protocol (black curve, without zinc and with-
out CS-fragments), the new protocol (blue curve,
with explicit zinc and with CS-fragments) has
RMSD distributions shifted toward near-native con-
formations in seven of nine cases [Fig. 3(A)], and the
energy-based ranking of modeled structures is
improved for six cases (Table III). Incorporating zinc
and using a chemical shift-based fragment library
produce different levels of improvement for different
protein targets. In 1lv3 and 1r9p, improvements
mainly come from incorporating zinc, whereas in
1m3v and liym, CS-fragments play a more impor-
tant role in creating near-native models. In lexk,
including both zinc and CS-fragments have a syner-
gistic impact. Significantly improved results are
obtained for both 1r9p (with one zinc-binding site)
and 1m3v (with two zinc-binding sites) with predic-
tions of 2.21 and 2.66 A backbone RMSD identified
in the best five energy-ranked models. As illustrated
in Figure 3(B), both overall protein topology and
zinc positions are predicted accurately.

Loop modeling

One of the important goals of computational struc-
ture biology is to model protein structures accurately
from homologues of known structures. A critical step
in this process is the modeling of structurally diver-
gent regions using “loop modeling” methods. Several
loop modeling methods have been developed in
Rosetta®?”2 and have been applied in CASP blind
predictions to create accurate models.?42° In the cur-
rent test, 16 crystal structures of zinc-binding pro-
teins were selected, which have at least two zinc-
coordinating residues residing in one or more loop
regions (Table IV). These loop regions were built
using a previously published protocol?” coupling
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cyclic coordinate descent (CCD) algorithm®? with
Monte Carlo energy minimization.®* For each test
case, 6000 models were generated with or without
the explicit incorporation of zinc. Distributions of
the global loop RMSD values from the 300 lowest
energy models are plotted in Figure 4(A), and the
best global loop RMSD value from the five lowest
energy models (BL5) is reported in Table IV. When
loops are modeled in the presence of zinc, 7 of 16
cases show improved results, while the performance
for the rest of the cases does not become signifi-
cantly worse. For 1d0q, 2ayd, 2ioi, and 2orw, the
accuracies of modeled loop conformations and the
energetic discrimination between near-native and
incorrect models are dramatically improved as evi-
denced by both a substantial RMSD distribution
shift toward the native loop conformation [Fig. 4(A)]
and the significantly lower RMSD values among the
five lowest energy models (Table IV). For 2ayd, two
loops containing all four zinc-coordinating residues
are modeled simultaneously with a RMSD of 1.34 A,
whereas for 2orw, a 15-residue long loop accommo-
dating two zinc-coordinating residues is predicted
with an RMSD of 1.29 A. In both cases, as illus-
trated in Figure 4(B), accurate predictions are
achieved not only for loop backbone conformations
but also for the sidechain conformations of the zinc-
coordinating residues as well as the zinc position,
which would not be possible without explicit incorpo-
ration of the zinc into the modeling process.

Discussion

Metal ions are essential to maintain the function,
structure, and stability of proteins and, as the sec-
ond abundant metal ion found in eukaryotic organ-
isms, zinc plays important roles in many biological
processes. About 10% of the structures deposited in
the Protein Data Bank have zinc listed as a ligand
in their structure records.” Despite the flourishing
development of computational tools to generate pro-
tein structure models either from sequence alone or
from structures of close homologues, few methods
take the binding of metal cofactors into account ex-
plicitly. The method presented in this article is a
step toward overcoming this limitation.

The development of the current method has
greatly benefited from both the representation of the
molecular system by a “fold tree”®® and the recent
effort to reshape Rosetta software with a modular
object-oriented design (Leaver-Fay A, Baker D, and
Bradley P, unpublished). The fold tree lays out a
general kinematic framework for a wide spectrum of
structure modeling tasks in which torsional degrees
of freedom and rigid-body degrees of freedom can be
integrated seamlessly and optimized simultaneously.
The power and generality of this framework is illus-
trated by predictions of the structures of 1m3v (pro-
tein folding with two zinc ions) and 2ayd (two loops
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Figure 3. Prediction of the structures of zinc-binding proteins using NMR chemical shift information. (A) Comparison of
RMSD distribution of low-energy models generated with and without explicit zinc modeling. Backbone heavy-atom RMSD
values of the lowest energy 5% of models for each of nine NMR protein structures were grouped into 0.5 A bins. Histograms
are shown for calculations without zinc using standard fragments (black), without zinc using CS-fragments (green), with zinc
using standard fragments (red), and with zinc using CS-fragments (blue). (B) Accurate predictions of 1r9p (left, 2.08 A RMSD)
and 1m3v (right, 2.66 A RMSD, two zinc-binding sites) from low-energy models predicted with zinc incorporated. The
predicted model (pink) is superimposed onto the native structure (green). Backbone traces are drawn in cartoon and zinc ions
are drawn in spheres.
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Table III. Benchmark Set of Zinc-Binding Proteins for Testing Structure Prediction Using Chemical Shift

Information
BL5

PDB Length Ligands Control Control-CS Zinc Zinc-CS

lexk 13-75 C14, C17, C67, C70 13.25 11.38 11.66 11.96
C31, C34, C53, C56

162 1-48 C3, C6, H26, C29 7.06 7.67 4.07 4.86
C18, C21, C44, C47

1g47 8-66 C10, C13, H32, C35 6.78 5.97 9.53 5.04
C38, C41, C59, H61

liym 133-179 C134, C137, H158, C161 2.85 4.73 3.95 3.71

C153, H155, C172, C175

11lv3 5-40 C9, C12, C28, C32 5.85 6.80 5.42 7.11

1m3v 7-67 C8, C11, H29, C32 8.80 6.88 8.88 2.66
C35, C38, C58, D61

1nku 1-184 C4, H17, H175, C179 14.68 11.45 14.79 11.37

1r9p 26-122 C37, C63, H105, C106 7.04 6.70 1.93 2.08

1t3k 1-132 H39, C120, C122, C127 15.04 15.11 6.33 14.86

The best RMSD value of the lowest energy five models (BL5) is reported for tests without zinc using normal fragments
(control), tests without zinc using CS-fragments (control-CS), tests with zinc using normal fragments (zinc), and tests with

zinc using CS-fragments (zinc-CS).

built to coordinate the zinc ion) presented here. The
new modular architecture allows easy integration
into protein structure prediction and design calcula-
tions of nonprotein molecules with well-defined coor-
dination geometries, such as metal ions and clusters,
water molecules, and other small molecules with
well-defined hydrogen bond acceptors and donors.
Once the coordination/ligation geometry is specified,
the Rosetta3 framework enables fast and efficient
development of modeling methodologies with these

compounds based on existing protocols (e.g., de novo
structure prediction and loop modeling).

In conventional protein structure prediction
methods, interactions among protein atoms are often
approximated using pair-additive distance-depend-
ent potentials. This approach is problematic for mod-
eling metal-protein interactions because formation
of correct metal coordination geometries requires si-
multaneous satisfaction of distance, angle, and dihe-
dral geometric constraints from multiple protein

Table IV. Benchmark Set of Zinc-Binding Proteins for Testing Loop Modeling

BL5
PDB Length Ligands Loops Nres Control Zinc
1d0q 2-103 C40, H43, C61, C64 38-49 4 3.86 1.56
61-70

lee8 1-266 C238, C241, C258, C261 238-242 4 1.21 1.12
257-264

1kk1 6-198 C60, C62, C72, C75 60-80 4 8.48 8.43

loqj 90-179 C113, H170, C174, C178 107-120 3 3.31 3.73
162-177

1v33 1-346 C106, H108, C114, C117 97-115 3 5.42 3.27

lvsr 23-156 C66, H71, C73, C117 64-82 4 4.33 3.79
115-127

1zin 1-217 C130, C133, C150, C153 130-134 4 8.78 6.96
138-165

2ayd 293-368 C332, C337, H361, H363 332-340 4 1.75 1.34
358-366

2d5b 1-287 C127, C130, C144, H147 127-152 4 4.35 6.12

2gmw 24-205 C112, H114, C127, C129 112-135 4 7.69 6.83

2ioi 1097-1283 C1173, H1176, C1235, C1239 1233-1248 2 3.12 0.88

2j6a 1-136 C11, C16, C112, C115 8-33 4 5.30 5.29
112-116

20lm 3-135 C29, C32, C49, C52 22-50 3 6.47 6.00

2orw 2-181 C140, C143, C173, C176 135-149 2 7.89 1.29

2pqg8 177-305 C210, C213, H226, C230 210-214 3 2.10 2.49
229-238

2znr 270-436 H362, C402, H408, H410 401-431 3 5.79 3.93

The number of zinc-coordinating residues residing in the defined loop regions (Nres) is indicated. The lowest RMSD of the
lowest energy five models ranked by energy (BL5) is reported for tests without zinc (control) and tests with zinc (zinc).
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Figure 4. Loop modeling near zinc-binding sites. (A) Comparison of RMSD distribution of low-energy models generated with
and without explicit zinc modeling. Histograms of loop backbone heavy-atom RMSD of the lowest energy 5% of models are
shown for tests without zinc (black) and with zinc (red). (B) Accurate predictions of 2orw (left, 1.29 A RMSD) and 2ayd (1.34 A
RMSD) from low-energy models with zinc incorporated. The predicted model (pink) is superimposed onto the native structure
(green). Backbone traces are drawn in cartoon, zinc ions are drawn in spheres, and zinc-coordinating sidechains are drawn in
sticks.

atoms surrounding the ion. Our method addresses the actual zinc atom is positioned at the center and
this challenge by representing the zinc ion with a  the four virtual atoms occupy the vertexes of the tet-
tetrahedron-shaped residue. In this pseudo-residue,  rahedron, mimicking zinc coordination spheres in
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native protein structures. By enforcing distance con-
straints between zinc-coordinating atoms from pro-
teins and these virtual atoms, as well as angular/di-
hedral  constraints, correct zinc-coordinating
geometries are favored by the energy function with-
out incurring the complexity of computing multibody
interactions.

The approach to zinc incorporation in this arti-
cle can easily be extended to model protein struc-
tures bound with other metals, such as calcium,
iron, and magnesium. Metal ion coordination geome-
try and sidechain preferences have been extensively
studied,®® and once such information is encoded as
done here for zinc (creation of ligand residue, “jump”
library, and coordination constraints), these metals
(or more broadly, small chemical ligands) can be
readily incorporated into existing methods to predict
structures of other metalloproteins and/or dock met-
alloproteins with protein or ligand partners.

Our method currently relies on knowledge of
the locations of the zinc-coordinating residues in the
protein primary sequence. Such information may be
obtained from analysis of consensus metal-binding
sequence patterns in genome sequences,®® align-
ments with other known homologues,'! and experi-
mental data such as NMR chemical shifts'® or
mutagenesis around metal-binding sites. With the
incorporation of zinc-coordinating constraints in pre-
diction, the conformational space to be searched is
certainly reduced; however, we still have several test
cases (1dsv, 1t3k, 1nku, 2d5b, etc.) in which near-
native conformations are not sampled, highlighting
the importance of developing algorithms to better
search conformational space. Although the method
described in this article mainly focuses on structur-
ally bound zinc metals in proteins, the catalytic role
of zinc binding in many metalloenzymes should not
be overlooked. To model their structures, energy
functions need to be improved to monitor electro-
static interactions among cationic metals, protonated
waters, and more acidic residues in the active site
such as Asp and Glu.?®

Metal binding promotes protein stability and
catalytic activity, and attention has been increas-
ingly focused on designing interactions between pro-
tein and metal ions.>”3® Previous studies have
explored the introduction of zinc- and iron-binding
sites into static protein scaffolds®*3 such as four-
helix bundles, however, as suggested by recent work
on de novo protein structure design®** and enzyme
design,*® successful creation of metalloproteins with
novel structure and function will likely require itera-
tive rounds of design and prediction of protein scaf-
folds with structural and/or catalytic metal-binding
sites. The method described in this article can serve
to create an initial structure model for sequence
optimization and to refine designed sequences and
structures.

Wang et al.

Materials and Methods

Datasets

Nine protein targets were selected from Krishna et
al.'! representing six of the eight defined classes of
zinc-binding proteins to test the de novo structure
prediction protocol. Two targets were selected for
each of the three major fold groups: C2H2-like fin-
ger, treble clef finger, and zinc ribbon. The nine pro-
tein targets used to test structure prediction with
NMR chemical shift information were selected from
the set of Kornhaber et al.'® The first model in the
NMR ensemble was used as the native conformation
with the flexible terminal residues removed. To test
the loop modeling protocol, 16 crystal structures
with resolution better than 2.5 A were selected from
the Protein Data Bank,” which contain loop regions
with at least two zinc-coordinating residues. Infor-
mation on the four residues coordinating the zinc
was extracted from the structures and used to guide
de novo structure prediction and loop modeling.

De novo structure prediction

The Rosetta de novo structure prediction method
has been described in detail.2*6 Models are built
from fragments starting from an extended chain and
then subjected to all-atom refinement. Two sets of
torsional fragment libraries were tested, one created
with standard procedures based on local sequence
similarity?® and the other created with additional
chemical shift information®' retrieved from Biologi-
cal Magnetic Resonance Data Bank (BMRB, http:/
www.bmrb.wisc.edu/published/). When zinc is incor-
porated, it is treated as an additional ligand residue
and is attached to one coordinating residue (closest
to protein N-terminal) via a long-range connection
in the fold tree. A library of rigid-body transforma-
tions from the backbone of the coordinating residue
to the zinc ligand is generated by combining all pa-
rameters of freedom as listed in Table I. During the
course of fragment assembly, the “ump” fragment
from this library can be inserted and selected using
a Monte Carlo strategy to sample the rigid-body ori-
entation of zinc with respect to protein backbone. All
backbone and sidechain torsional degrees of freedom
and zinc rigid-body degrees of freedom are optimized
simultaneously in the all-atom refinement stage. In
both the low-resolution folding and high-resolution
stages, tethering constraints are implemented to
favor keeping zinc-coordination geometry (see the
section of “energy function”). For each protein,
50,000 models were generated and the first 2500
models (5%) ranked by energy were selected for fur-
ther analysis. With the incorporation of zinc, the
computational cost of Rosetta de novo structure pre-
diction generally increases by about 20-50% depend-
ing on the size of protein being modeled.
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Loop modeling

The loop modeling method used in this article and
the fold-tree setup were described in detail by Wang
et al.?" Tt couples CCD algorithm®® with Monte Carlo
energy minimization®® to build loops onto protein
template structures. The native loop conformations
were removed from template structures before mod-
eling. Multiple loops are constructed in the low-reso-
lution stage in a randomly selected order and then
optimized simultaneously in the high-resolution
refinement stage. The zinc ligand is allowed to be
freely moved in space, and its interactions with the
four coordinating residues are rewarded by con-
straint terms defined in energy function. Six thou-
sand models were generated for each test case, and
the first 300 models (5%) ranked by energy were
selected for further analysis.

Energy function

Standard Rosetta low-resolution and all-atom energy
functions were used in generating and ranking mod-
els.21?2 The virtual atoms in the zinc ligand have no
physical interactions with other protein atoms, and
they are implemented only for the purpose of defin-
ing zinc-coordination constraints. The zinc atom is
treated as a backbone C, atom in the low-resolution
stage and in the all-atom stage, force field parame-
ters for zinc ion from CHARMM27*" were used to
model its interaction with the rest of protein. Addi-
tional constraints energies are defined to favor for-
mation of zinc-coordination sites with satisfying ge-
ometry. In the low-resolution stage, a distance
constraint is defined between the zinc atom and the
Cp atom of each zinc-coordinating residue with a
penalty function form of

2
)i d >
Ecst = 0 if lb < d <u, ,
2
(b59) i d<b

where d is the actual distance between zinc and Cg,
A is a constant of 0.2 A. up and [, are 2.8 and 3.8 A
for Cys-zinc coordination and 3.2 and 4.0 A for His-
zinc coordination. In the all-atom refinement stage,
the constraint energy for each zinc-residue coordina-
tion is composed of three terms:

Ecst = Edis +Eang +Edih
d—do\® [01—00\> (D) —Dp\*
_ o) (=0 (P 0 7
Ay Ao Ao
where 6,/0y and ®,/®, are the actual/optimal values
of bond angles and dihedral angles for zinc coordina-
tion as defined in Table I, respectively, with Ay and

A both equal to 20°. d is the distance between the
zinc-coordinating atom and one of the virtual atoms,
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dois 0.0 A and Aq 0.2 A. The purpose of defining the
distance constraints using virtual atoms instead of
the actual zinc atom is to explicitly favor tetrahedral
zinc coordination while keeping the coordination dis-
tance optimal. As virtual atoms are tethered to four
zinc-coordinating protein
sequence, the zinc atom essentially becomes a chiral
center with (A1/Vy, As/Vs, As/V3, and Ay/Vy) and (Ay/
Vi, As/Vy, As/V,, Ay/V3) corresponding to two differ-
ent zinc-coordination sites (Vi, Vs, V3, and V4 are

unique residues in

four virtual atoms in the zinc ligand and A, Ay, Ag,
and A, are the zinc-coordinating atoms from the
four residues ordered from N-terminal to C-termi-
nal). When the modeling process enters all-atom
refinement, both “chiral” constraints are provided
and one is randomly chosen to proceed to generate a
final model. All constraint penalties for each pair of
zinc-residue interaction are summed together and
added to the total energy of the model with a weight
of 0.01 and 0.1 for low-resolution and high-resolution
energy functions, respectively.

Evaluation of model accuracy

To evaluate model accuracy in the loop modeling
test, the RMSD is calculated over all backbone
heavy atoms in the loop region between the model
and the native structure after the backbones of non-
loop regions of the two proteins are superimposed.
To evaluate the accuracy of models generated in de
novo structure prediction tests, the RMSD is calcu-
lated over all backbone heavy atoms in the entire
protein chain after the model and native structure
are optimally superimposed.

Plots and figures

R (http://www.r-project.org/) was wused to make
energy versus RMSD plots and RMSD distributions,
and PYMOL (http:/www.pymol.org) was used to pro-
duce figures for protein models.

BOINC and Rosetta@Home

Rosetta@Home (http://boinc.bakerlab.org/rosetta/), a
distributed computing project running the Rosetta
software on personal computers of volunteers from
all over the world using the Berkley Open Infra-
structure for Network Computing (BOINC) technol-
ogy, was critical to the method development and
model production described in this article. This sub-
stantial computing resource allowed us to rapidly
test and improve the new methodology at a level not
possible with only in-house computing resources.

Software availability

The software described in this article is available
free for academic use at http://www.rosettacommons.
org/ as part of the Rosetta software suite release
3.1 (SVN#33180) or newer. The command line
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options used for this study are provided in the elec-
tronic Supporting Information available over the
internet as part of the Electronic Edition of Protein
Science.
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