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ABSTRACT: Histone proteins are essential for the organization, expression,
and inheritance of genetic material for eukaryotic cells. A centromere-specific
H3 histone variant, centromere protein A (CENP-A), shares about 50% amino
acid sequence identity with H3. CENP-A is required for packaging the
centromere and for the proper separation of chromosomes during mitosis.
Despite their distinct biological functions, previously reported crystal
structures of the CENP-A/H4 and H3/H4 dimers reveal a high degree of
similarity. In this work, we characterize the structural dynamics of CENP-A/
H4 and H3/H4 dimers based on a dual-resolution approach, using both
microsecond-scale explicit-solvent all-atom and coarse-grained (CG) molecular dynamics (MD) simulations. Our data show that
the H4 histone is significantly more rigid compared with the H3 histone and its variant CENP-A, hence, serving as a reinforcing
structural element within the histone core. We report that the CENP-A/H4 dimer is significantly more dynamic than its
canonical counterpart H3/H4, and our results provide a physical explanation for this flexibility. Further, we observe that the
centromere-specific chaperone Holliday Junction Recognition Protein (HJURP) stabilizes the CENP-A/H4 dimer by forming a
specific electrostatic interaction network. Finally, replacing CENP-A S68 with E68 disrupts the binding interface between CENP-
A and HJURP in all-atom MD simulation, and consistently, in vivo experiments demonstrate that replacing CENP-A S68 with
E68 disrupts CENP-A’s localization to the centromere. Based on all our results, we propose that, during the CENP-A/H4
deposition process, the chaperone HJURP protects various substructures of the dimer, serving both as a folding and binding
chaperone.

■ INTRODUCTION
In eukaryotes, genomic DNA associates with histone proteins,
assembling into arrays of nucleosomes. The canonical
nucleosome contains 147 base pairs of DNA, wrapped around
the histone octamer core with two copies each of the histones
H2A, H2B, H3, and H4.1 These core histones are among the
most conserved proteins in eukaryotes, and all feature the same
structural motif, known as the “histone-fold.”2 However, recent
studies revealed that variant histones have evolved for diverse
and specific functions.3−7 Extensive studies in cell biology,
biochemistry, and biophysics have interrogated the relation-
ships between the sequence, structure, and function of histone
variants in various biological contexts.3−9 Indeed, variation in
histone primary sequence serves as the foundation of genomic
regulation in vivo by leading to functional changes in chromatin
structure and dynamics.10,11 In contrast to all the other core
histones, there are no reported variants of H4.12 Whether the
absence of histone variants for H4 reflects greater structural
integrity remains unknown, and addressing this question may
shed light on the structural foundation of genetic inheritance.
Within the H3 family, the variant CENP-A (CenH3)

specifies the unique location of the centromere required for
proper chromosome segregation during cell division. In

particular, CENP-A is reported to be overexpressed and
mislocalized into noncentromeric chromosome regions in
aggressive cancer cells.13,14 Interestingly, the crystal structures
of CENP-A and canonical H3 are nearly identical, except for
minor differences in CENP-A’s αN helix, and loop 1
regions.15,16 However, in vivo CENP-A-containing nucleosomes
have been shown to occupy a multitude of structures.17−34 Our
recent all-atom molecular dynamics (MD) study revealed that
the octameric CENP-A nucleosome displays more structural
heterogeneity on a local and global scale than its H3
counterpart,35 a result that has since been experimentally
validated by FRET assays demonstrating that CENP-A
octameric nucleosomes in vitro are highly flexible,36 in contrast
to previous reports that the CENP-A nucleosome is
rigidified25,37 in vitro. Since the CENP-A dimer is the key
component distinguishing the CENP-A nucleosome from the
canonical H3 nucleosome, we were curious whether, in
isolation or coupled to its chaperone Holliday junction
recognition protein (HJURP), the CENP-A/H4 dimer displays
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dynamics distinct from that of H3/H4, which might, in turn
contribute to its unique biology in vivo.
Investigating the dynamics of histone variant deposition into

and eviction from nucleosomes is fundamentally important,
with chaperones like HJURP playing a key role in facilitating
and regulating histone delivery, exchange, and removal.38,39

The chaperone HJURP has been demonstrated to be required
for the deposition of CENP-A into the kinetochore,40−42 but
precisely how HJURP dynamically interacts with CENP-A/H4
and how HJURP mediates CENP-A’s deposition through these
interactions remain unclear.
To address the questions above, one could rely on molecular

simulations of the CENP-A/H4 and H3/H4 dimers and also
the ternary complexes with HJURP. Usually, either atomistic or
coarse-grained simulations are chosen for such studies, where
the former provides finer resolution but samples less conforma-
tional space, raising issues of convergence for systems of this
size. Coarse-grained simulations, on the other hand, quickly
achieve equilibration, however, detailed atom-by-atom struc-
tural interactions are averaged over. In this work, we studied the
same systems employing a novel dual-resolution approach,
using both coarse-grained AWSEM43 (CG-AWSEM) and all-
atom molecular dynamics (MD) simulations. These two
techniques complement each other: CG-AWSEM MD (i.e.,
three beads per amino acid residue) in implicit solvent samples
more conformational space and explores more global properties
of the histone dimers, whereas all-atom MD in explicit solvent
probes specific interactions and native-state dynamics at high
resolution. One of the overarching goals of our work was to
cross-validate the conclusions obtained from these two
independent methods, analyzing consistent findings or
discrepancies in some detail.
Both CG-AWSEM and all-atom results indicate that histone

H4 adopts configurations closer to the native state than either
CENP-A or H3, demonstrating the structural resilience that is

predicted from its high sequence conservation and the absence
of variants. The CENP-A/H4 dimer is more structurally
variable than the canonical H3/H4 dimer in CG-AWSEM
simulations, wherein the dimer interface of CENP-A/H4, in
particular, exhibits greater conformational heterogeneity. A key
component that distinguishes the dynamics of CENP-A/H4
from H3/H4 is the longer and more acidic C-terminal residues
of CENP-A, which, in our simulation results, is surprisingly
regulated by its chaperone HJURP. In all-atom MD
simulations, we observe that HJURP facilitates the formation
of a structure-inducing electrostatic network with the C-termini
of CENP-A and H4 and that the N-terminal portion of CENP-
A containing S68 forms key interactions with a hydrophobic
pocket of HJURP. To test the hypothesis that CENP-A S68 is
required for binding with HJURP, we performed in vivo
experiments and all-atom simulations mutating this residue.
Finally, we discuss the implications of our findings on the
recruitment of other centromeric proteins, such as CENP-C,
and propose a model in which HJURP may play dual roles in
guiding CENP-A’s deposition, serving both as a folding and a
binding chaperone.

■ RESULTS
In this work, we performed microsecond-scale coarse-grained
and explicit-solvent atomistic MD simulations for the following
systems: (1) the H3/H4 dimer; (2) the CENP-A/H4 dimer;
(3) the CENP-A/H4/HJURP complex; (4) the H3/H4 dimer
with HJURP. Initial conformations are based on the crystal
structures of the canonical nucleosome (PDB ID: 1AOI)1 and
of the CENP-A/H4 dimer with chaperone HJURP (PDB ID:
3R45).16 In the Supporting Information, we present the same
analysis of coarse-grained MD simulations based on the dimer
subdomain of the octameric CENP-A nucleosome (PDB ID:
3AN2).15 Currently, the CENP-A/H4/HJURP structure is the
only one that includes the final six residues of CENP-A.

Figure 1. H4 adopts conformations closer to the native state than CENP-A or H3 in CG-AWSEM simulations. Qmonomer characterizes a monomer’s
structural resemblance to its native state, defined by the corresponding monomeric conformations found in the crystal structures for H3/H4 (PDB
ID: 1AOI)1 and CENP-A/H4 (PDB ID: 3R45).16 Probability distributions of monomer Q are plotted for either H3 vs H4 or CENP-A vs H4 in (A)
the H3/H4 dimer, (B) the CENP-A/H4 dimer, (C) H3/H4 in the presence of HJURP, and (D) the CENP-A/H4/HJURP complex. For each
system, the average monomer Q value for H4 (blue) is greater than the average for CENP-A or H3 (red). Matching the CG-AWSEM results, H4 is
structurally consistent in all-atom MD simulations (Figure S2).
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Distinguishing its structure from canonical H3, the C-terminal
region of CENP-A is noted for its rapid evolution12,44 and
functionally required for binding to CENP-C.45 Therefore,
much of our analysis focuses on the C-terminal end of CENP-
A.
Coarse-grained and all-atom results are presented separately

in the following two sections. CG-AWSEM results characterize
global features of CENP-A and H3 dimers, examining how the
histone monomers contribute separately to dimer stability,
comparing the structural variability of CENP-A/H4 and H3/
H4, and investigating the effect of chaperone HJURP on the
CENP-A/H4 dimer. Further, contacts analyses based on all-
atom MD simulations in explicit solvent provide a detailed
physical description of how HJURP interacts with the CENP-A
dimer, mapping key contacts between HJURP and the C- and
N-terminal portions of CENP-A.46 Lastly, in vivo experiments
investigate the role of CENP-A S68, testing the hypotheses
derived from all-atom MD contact map analysis. We have
found that both simulation methods reach the same overall
consensus qualitatively when performing the same analyses.
Global measures from all-atom simulations are presented in the
Supporting Information.
CG-AWSEM MD Results. H4 Adopts More Native-Like

Conformations Than H3 and CENP-A. All core histones share
the “histone-fold” structural motif, three helices connected by
two loops, yet the number of sequence variants for each differs
widely. This difference has important implications for histone
evolution12 and nucleosome assembly dynamics. For instance,
several variants exist for the canonical histone H3 (i.e., H3.1)
including H3.2/H3.3/CENP-A,6 while there are no variants for
histone H4 reported thus far. From CG-AWSEM simulations,
we first investigated how histone monomers H4 and H3, or H4
and CENP-A, contribute separately to dimer structural
dynamics by calculating Q value, a normalized measure that

compares the pairwise contacts in one structure to those in
another (see Methods). A higher Q value (that can vary
between 0 and 1) indicates greater structural similarity between
the two structures. Here, we calculated the Q value between the
simulation snapshots and the corresponding crystal structures
for H3/H4 (PDB ID: 1AOI)1 and CENP-A/H4 (PBD ID:
3R45).16

Interestingly, for all the systems studied, the conformations
of H4 remain highly native-like, with an average Q value
considerably greater than QH3 or QCENP‑A. The probability
distributions of Q value for H4 are centered at ∼0.8 (Figure
1A−D), corresponding to root-mean-squared deviations
(RMSD) ranging from 1.7 to 2.1 Å, whereas Q value for H3
at 0.7 corresponds to a RMSD range from 2.0 to 2.6 Å and for
CENP-A Q at 0.7 corresponds to a RMSD from 2.0 to 2.9 Å.
H4 is consistently stable in both H3/H4 and CENP-A/H4
dimers, with and without the presence of chaperone HJURP;
even though CENP-A displays large conformational variety in
the CENP-A/H4 dimer, indicated by the broad distribution in
P(Q) (Figure 1C), H4 maintains native-like conformations for
most of the simulation trajectories. When performing this
analysis based instead on the CENP-A/H4 dimer found in the
octameric CENP-A nucleosome crystal structure (PDB ID:
3AN2),15 we reach the same conclusion (Figure S3). Histone
H4 consistently maintains native-like stability, providing a
strongly reinforcing structural framework for histone dimers
and higher order structures, such as the histone octamer. The
intrinsic stability of H4 is independent of its dimer partner,
CENP-A or H3, or the presence of chaperone HJURP.

CENP-A/H4 Exhibits Greater Structural Variability than
H3/H4. We then examined the structural variability of the
CENP-A/H4 and canonical H3/H4 dimers in CG-AWSEM
simulations by calculating the RMSD of Cα atoms with respect
to the corresponding crystal structures. Replacing canonical H3

Figure 2. CENP-A/H4 displays greater structural variability than H3/H4 in CG-AWSEM simulations. (A) Structural alignment of CENP-A/H4 and
H3/H4 highlights the two main structural differences between CENP-A and H3: the longer loop 1 and C-terminal regions of CENP-A (labeled by
dashed circles). (B) Probability distribution functions of the Cα RMSD reveal that replacing H3 with CENP-A leads to greater structural variability
in the dimer. (C) Probability distribution functions of the distance between the centers-of-mass (COM) of H3 (or CENP-A) and H4 show that
CENP-A/H4 exhibits much more conformational heterogeneity. (D) Probability distribution functions of the Qinterface with respect to the crystal
structures of CENP-A/H4 (PDB ID: 3R45) and H3/H4 (PDB ID: 1AOI) for the CG-AWSEM simulation trajectories indicate that CENP-A/H4
has a more heterogeneous binding interface than H3/H4. Structure figure rendered in Pymol.
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with CENP-A in the heterodimer leads to a greater RMSD, on
average, for both CG (Figure 2) and all-atom MD simulations
(Figure S4). In the context of CG simulations, CENP-A/H4
(4.1 ± 0.5 Å) exhibits greater RMSD on average than H3/H4
(3.4 ± 0.4 Å) (Figure 2B). As expected, the two-residue longer
loop 1 in CENP-A displays enhanced fluctuations (Figure S7).
The spontaneous variability of CENP-A/H4 dimer in CG

simulations is not only due to its flexible loop 1. The distance
between the centers-of-mass (COM) of CENP-A and H4
occupies a much broader distribution than H3 and H4 (Figure
2C), indicating that the interface between CENP-A and H4 is
more globally flexible. We analyzed the binding interface by
calculating Qinterface, a normalized measure comparing the
interface contacts in the CG simulation snapshots to those in
the crystal structures (PDB IDs 1AOI for H3/H4 and 3R45 for
CENP-A/H4). As shown in Figure 2D, the distribution of the
CENP-A dimer Qinterface is shifted considerably to the left of the
same distribution for the H3 dimer, demonstrating that
substituting canonical H3 with CENP-A leads to less native-
like interfaces and increases the conformational heterogeneity
of the dimer binding interface. Additionally, we calculated the
pairwise Q value between any two conformations within one
simulation trajectory. As shown in Figure S6, the pairwise Q is
greater on average for H3/H4 (0.81 ± 0.04) than for CENP-A/
H4 (0.73 ± 0.08) in CG simulation, implying that the higher
heterogeneity of CENP-A/H4 is intrinsic and spontaneous.
Overall, the isolated CENP-A/H4 dimer is more structurally
variable than H3/H4 in both CG-AWSEM and all-atom
simulations. These data are consistent with the greater
heterogeneity seen in the CENP-A nucleosome compared to
its canonical H3 counterpart in silico, in vitro, and in vivo.29,35,36

HJURP Alters the Shape of the CENP-A/H4 Dimer. The data
above demonstrate that, in isolation, the CENP-A/H4 dimer is
structurally more variable than H3/H4 in CG simulations,

which leads to the question of whether its chaperone HJURP
influences the structural features of CENP-A/H4. Upon the
introduction of HJURP, the RMSD distribution of the CENP-A
dimer becomes tighter and shifts to the left (Figure 3B),
centered at 3.3 Å, which is comparable to the RMSD of H3/H4
in isolation (Figure 2C). Moreover, the distance between
CENP-A and H4 shows much less deviation when HJURP is
present (Figure 3C). Therefore, in agreement with its
documented role as a bonafide chaperone, HJURP stabilizes
and restrains the conformational variability of the CENP-A/H4
dimer on a global scale.
Among the three major helices of each core histone, α2 is the

longest helix and provides the main supportive frame for the
histone-fold structure. Thus, the shape of the CENP-A/H4
dimer can be characterized on a coarse level by the angle
between the α2 helices of CENP-A and H4. Introducing the
CENP-A-specific chaperone HJURP reduces the average angle
between the α2 helices of CENP-A and H4 by 6° (Figure 3D).
The presence of HJURP tightens this distribution and brings its
center closer to the reference value calculated from the crystal
structure. As shown in the representative snapshot (Figure 3A),
HJURP modifies the orientation of CENP-A with respect to
H4, bringing the CENP-A dimer’s structure closer to that found
in its octameric nucleosome. When performing the same
analysis for all-atom MD simulations, we observe that the
introduction of HJURP slightly reduces the average RMSD
(Figure S8A). However, the distance between histone
monomers and the angle between α2 helices remain unchanged
(Figure S8B,C). While CG-AWSEM MD simulations can
explore conformational space widely, all-atom MD mainly
probes dynamics near the native state, keeping global
preferences relatively constant. Taken together, these results
indicate that HJURP stabilizes the conformational ensemble of
the CENP-A dimer and modifies the overall shape of CENP-A/

Figure 3. HJURP stabilizes the overall shape of the CENP-A/H4 dimer in CG-AWSEM simulations. (A) Representative simulation snapshots of
CENP-A/H4 (green) and CENP-A/H4 in conjunction with HJURP (orange) illustrate how HJURP adjusts the overall shape of the dimer. Only the
α2 helices of CENP-A and H4, as well as HJURP, are displayed. Introducing the CENP-A-specific chaperone HJURP (B) reduces the CENP-A/H4
RMSD, on average, with respect to the crystal structure and (C) reduces the average distance between the COMs of CENP-A and H3, focusing the
distribution and making the CENP-A/H4 dimer more compact and stable. (D) HJURP modifies the overall shape of the CENP-A/H4 dimer by
reducing the angle between the α2 helices of CENP-A and H4. The reference angle from the crystal structure (40°) is illustrated by the dashed line.
Structure figures rendered in Pymol. Similar analyses for the all-atom simulations can be found in Figure S8.
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H4, priming the CENP-A/H4 dimer for its deposition into the
nucleosome and, ultimately, into the centromere.
HJURP Regulates the CENP-A/H4 Dimer through Stabiliz-

ing the C-Terminal Helix of CENP-A. After investigating how
the introduction of HJURP influences the CENP-A dimer
structure globally, we turn our focus to how HJURP specifically
modifies the conformational preferences of the CENP-A
monomer. The CENP-A α3 helix includes the final six residues
at the C-terminus (i.e., LEEGLG in the human CENP-A
sequence, Figure S1), which are currently thought to play an
important role in CENP-A’s interaction with the chaperone
HJURP16 and kinetochore protein CENP-C.45,47 Presently,
only the CENP-A/H4/HJURP complex includes an ordered
CENP-A C-terminus in its crystal structure. Therefore, to
better understand how HJURP dynamically affects the α3 helix
of CENP-A, we measured the angles between the CENP-A α1
and α2 helices and between CENP-A α3 and α2 (Figure 4B).
The α3−α2 angle of CENP-A is broadly distributed, with a

primary peak and a shoulder, at ∼68° and ∼82° respectively
(Figure 4A), corresponding to two populated states of CENP-A
conformations when HJURP is absent (Figure 4C,D).
However, in the presence of HJURP, this angular distribution
becomes tightened exclusively around the 82° peak (Figure
4A,E). The preceding Qmonomer analysis (Figure 1C,D) also
illustrates the change of QCENP‑A from two populated states to
one upon the introduction of HJURP. We observe the same

overall trend in the all-atom MD results: The addition of
HJURP stabilizes the angle between CENP-A α helices 2 and 3
(Figure S9A) without having a significant effect on the angle
between CENP-A α1 and α2 (Figure S9B), in part because
CENP-A α3 becomes partially unraveled in the absence of
HJURP (Figure S9C).
The CENP-A α3 helix is much more structurally dynamic

than α1 in the CG simulations, since the CENP-A α1−α2 angle
occupies only one focused peak and remains unchanged upon
the introduction of HJURP (Figure 4A). Further analysis
reveals that the flexible CENP-A α3 helix could disrupt the
stability of H4 α3 (Figure S11), which is consistent with all-
atom contact maps (Figure 5). These results are also consistent
with the experimentally determined B-factor data (Figure S10),
which describes the uncertainty about the actual atom positions
in X-ray crystallography. Moreover, these data provide a
physical explanation of a key result from our previous CENP-A
nucleosome work35the shearing motion of the CENP-A
nucleosome dimerization interfacewherein the interface,
called the “four-helix bundle”, is exactly defined by two copies
of the CENP-A α3 and α2 helices. Altogether, our CG-
AWSEM simulations demonstrate that HJURP regulates the
CENP-A/H4 dimer through stabilizing the α3 helix of CENP-
A.

All-Atom MD Results. HJURP Facilitates the Formation
of a Structure-Inducing Electrostatic Network with the C-

Figure 4. HJURP stabilizes CENP-A α3 in CG-AWSEM simulations. (A) Probability distributions of the angles between CENP-A α2 and α3 and
between α1 and α2, demonstrate that the introduction of the chaperone HJURP stabilizes the motion of CENP-A α3 with respect to CENP-A α2.
(B) The CENP-A/H4/HJURP crystal structure is shown. Helices used for the angle measurements are labeled in red. Conformations (C) and (D)
correspond to the primary peak and shoulder in the distribution of the angle between α2 and α3 of CENP-A in the absence of HJURP. (E) A
representative structure illustrates the most common angle between CENP-A α2 and α3 upon the introduction of HJURP. (F) In the absence of
HJURP, the C-terminal end of α3 of CENP-A becomes partially unwound. Colors identify CENP-A (red) and HJURP (green). H4 is removed from
the representative structures to facilitate easier observation. Structure figures rendered in VMD. Related CG trajectories can be found in the
Supporting Information (Movies S1 and S2). We observe the same overall trend when analyzing the angles between α2 and α3 and between α1 and
α2 of CENP-A in the all-atom MD simulations (Figure S9).
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Termini of CENP-A and H4. After analyzing global conforma-
tional features in CG-AWSEM simulations, we examined finer
details of the interactions between CENP-A and H4, and those
between HJURP and CENP-A, in all-atom simulations. First,
we mapped the contacts between the C-termini of CENP-A
and H4 in the absence and presence of HJURP (Figure 5A,B).
In the absence of HJURP, ∼40% of the time, a contact forms
between the oppositely charged H4 R95 and CENP-A E137
(Figure 5A), and the α3 regions of CENP-A and H4 become
partially unraveled. The C-terminal tail of CENP-A (the final 6
residues: 135−140) is ∼4% helical on average in the all-atom
MD trajectory. The introduction of HJURP facilitates the
formation of an electrostatic network between the C-termini of
CENP-A and H4 and the α helix of HJURP, the contact
between H4 R95 and CENP-A E137 increases to ∼70% (Figure
5B), and the α3 regions of CENP-A and H4 retain their helical
structure. The C-terminal tail of CENP-A increases to ∼35%
helical on average in the presence of HJURP. Therefore,
HJURP regulates the electrostatic interactions and drives the
helicity in the CENP-A C-terminus. These results are
consistent with the crystallographic information; except for
the CENP-A/H4/HJURP complex, all other CENP-A-included
crystal structures published thus far do not include the final six
residues of CENP-A, because these residues remain disordered
in these structures.15,25,48

The C-terminal tail of CENP-A (-LEEGLG) carries an
overall net charge of −2e and is three residues longer than the
corresponding neutral tail of H3 (-ERA). The increased acidity
and length of the CENP-A C-terminal tail compared to H3
could play an important role in differentiating assembly

chaperones and binding partners for these two histones.
Indeed, as can be seen in the contact maps analysis, several
charged residues, including HJURP R23, R26, CENP-A E136,
E137, and H4 R95, form a network of interactions at the
interface between the C-terminus of CENP-A, the C-terminus
of H4, and the α helix of HJURP (Figure 6B). In contrast, H3/
H4 does not form analogous interactions upon the introduction
of HJURP (Figure 6A). Thus, the neighboring acidic residues
near the C-terminus of CENP-A (E136 and E137) allow
CENP-A to form key electrostatic interactions with basic
residues of H4 (R95) and HJURP (R23 and R26).

CENP-A Forms Key Interactions with the Hydrophobic β
Domain of HJURP. On the other side, the N-terminal portion
of the CENP-A histone-fold interacts with the hydrophobic β
domain of HJURP. Previous experimental studies have focused
on the role of CENP-A S68 in HJURP recognition, which has
been challenged.16,49,50 Here, we performed contact map
analysis of the CENP-A/H4/HJURP all-atom simulations to
examine the contribution of CENP-A S68 in atomistic detail.
These analyses reveal that CENP-A S68 inserts well into the
hydrophobic pocket formed by the β domain of HJURP (V50,
M52, L55, and W66) (Figure 7B). On the contrary, H3 Q68
almost exclusively interacts with HJURP W66, leading to a
closed hydrophobic pocket (Figure 7A). While CENP-A S68
and L91 both form contacts with the hydrophobic pocket, there
are virtually no interactions between these two CENP-A
residues (only ∼2%). However, H3 Q68 interacts significantly
with H3 V89 (∼20%), which is the H3 analogue of CENP-A
L91. The data suggest that the shorter side chain of CENP-A
S68 cannot reach CENP-A L91, whereas H3 Q68 is long

Figure 5. The presence of HJURP rearranges interactions between the C-termini of CENP-A and H4. Contact maps between the C-termini of
CENP-A and H4, and representative simulation snapshots, in (A) the CENP-A/H4 dimer and in (B) the CENP-A/H4 dimer in conjunction with
CENP-A specific chaperone HJURP illustrate that HJURP facilitates electrostatic interactions that introduce greater helical structure to the C-
terminus of CENP-A. The solid yellow circle highlights a potentially critical salt-bridge between CENP-A and H4.
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Figure 6. HJURP forms electrostatic interactions with the C-termini of CENP-A/H4, but not H3/H4. (A) The H3 C-terminus does not form
significant interactions with the H4 C-terminus and α helix of HJURP in the H3/H4/HJURP all-atom trajectory. (B) Contact maps of the C-
terminal region of CENP-A with the C-terminus of H4 and the α helix of HJURP in the all-atom simulation of CENP-A/H4/HJURP identify key
electrostatic interactions. Solid white circles highlight specific salt-bridges, and dashed circles represent the lack thereof.

Figure 7. CENP-A forms key interactions with the hydrophobic pocket of HJURP. Contact maps between the hydrophobic pocket of HJURP (i.e.,
V50, M52, L55, and W66; in purple tubes) and key residues of (A) canonical H3, (B) CENP-A, and (C) CENP-A, where S68 is replaced with E68
display different types of interactions. H3 Q68 almost exclusively interacts with HJURP W66, and HJURP’s pocket becomes closed. CENP-A S68
forms contacts with multiple residues of the hydrophobic pocket, which remains open. When replacing CENP-A S68, E68 (shown in red tubes)
disrupts the interactions between CENP-A and the hydrophobic pocket of HJURP. Colors identify H3 (blue), CENP-A (green), and HJURP
(orange). Structure figures rendered in VMD.
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enough to form contacts with H3 V89. Furthermore, since H3
Q68 and H3 V89 interact with each other, they cannot both
insert simultaneously into the HJURP hydrophobic pocket
(Figure 7A). Between CENP-A S68 and CENP-A L91, S68 is
more dominant in binding to HJURP: CENP-A S68 forms a
contact with HJURP W66 85% of the time, while the contact
between CENP-A L91 and HJURP W66 is only present ∼35%
of the time (Figure 7B). Together, due to side chain lengths
and strong to moderate hydrophobicities, CENP-A S68 and
L91 permit CENP-A to form stronger interactions with HJURP
than H3 Q68 alone.
To test our hypothesis that CENP-A S68 is required to bind

with HJURP due to both the short length and some
hydrophobicity (and electric neutrality) of its side chain, we
performed in vivo experiments and all-atom simulations
mutating this residue. Alanine (A), which is short and
hydrophobic, and glutamic acid (E), which is long and
negatively charged, served as valuable replacement residues,
denoted CENP-A S68A and S68E, respectively. In the
experiment, we aimed to determine whether the S68-mutated
CENP-A could still be functionally deposited to the
centromeric region by its chaperone HJURP in vivo. Successful
binding with HJURP drives CENP-A deposition exclusively to
the centromeres, whereas disrupted binding with HJURP is
predicted to lead to the ectopic deposition of CENP-A. Site-
directed mutagenesis experiments were conducted for CENP-A
S68A and CENP-A S68E. These GFP-tagged CENP-A S68
mutants were co-expressed with mCh-tagged wild-type (WT)
CENP-A under the control of a constitutive promoter, and the
mutants’ ability to localize to either the centromere or at the
ectopic regions was determined. Comparing the localization of
mutated and WT CENP-A (Figure 8), it can be seen that the
mutant CENP-A S68A results in robust centromeric local-
ization, while the mutant CENP-A S68E is not localized to the
centromeres but displays ectopic incorporation.
To gain more biochemical insight into the specific role of

S68, we performed all-atom simulations of CENP-A/H4/
HJURP replacing CENP-A serine 68 with glutamic acid. The
CENP-A S68E mutant disrupts the interactions between
CENP-A and the hydrophobic pocket of HJURP (Figure

7C). The longer side chain of E68 sterically clashes with
HJURP’s hydrophobic pocket, pushing it away from the CENP-
A α1 helix. Once pushed away, the hydrophobic pocket
becomes disrupted and loses its structural integrity. This
explains why S68E CENP-A cannot successfully be recognized
and loaded by chaperone HJURP in our in vivo experiments.
Overall, our all-atom MD simulations and in vivo experiments
demonstrate that CENP-A S68 is necessary to maintain the
unique binding interface between CENP-A and the hydro-
phobic β domain of HJURP. All-atom simulation results
indicate that the short length of S68’s side chain is essential for
CENP-A’s recognition by the hydrophobic β domain of
HJURP.

■ DISCUSSION
In this report, coarse-grained and all-atom MD simulations
provide a dual-resolution perspective of the effects of HJURP
and CENP-A on histone dimer dynamics. These data reveal
that the replacement of canonical H3 with CENP-A translates
into increased conformational heterogeneity in histone dimer
dynamics (Figure 2). Furthermore, the chaperone HJURP plays
a stabilizing role for the CENP-A/H4 dimer and modifies the
CENP-A dimer’s overall shape (Figure 3) as a potentially
priming step in advance of the CENP-A loading. H4 remains
stable and adopts native-like conformations in both CENP-A/
H4 and H3/H4 (Figure 1). This intriguing distinction is
consistent with the fact that H4 remains conserved throughout
eukaryotic evolution, whereas distinct variants of H3 exist for
special roles in transcription and chromosome segregation.
Thus, H4 could provide a consistent reinforcing structural
framework for histone dimers, while the H3 family, including
canonical H3 and the centromere-specific variant CENP-A,
provides variability to the structure and function.
Our overarching aim is to investigate the fundamental

dynamics of the histone dimers H3/H4 and CENP-A/H4.
Therefore, only the histone-fold domains were previously
considered, excluding the H3 (CENP-A) N-terminal helix and
histone tails, based on the fact that those regions are primarily
involved in the interactions with DNA or other histones, such
as H2A/H2B (Figure S14). Nevertheless, in the nucleosome

Figure 8. CENP-A S68A localizes to the centromere, whereas CENP-A S68E does not. Residue S68 in CENP-A is mutated to alanine or glutamic
acid, respectively. Mutants are GFP-tagged and co-expressed with mCh-tagged WT CENP-A to assess co-localization. Co-localized foci appear as
white dots in the co-localized column. Merge column shows the DAPI-stained DNA within the nucleus.
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structure, the H4 C-terminal tail forms a few hydrophobic
interactions with H3 (CENP-A) α2 and H4 α3, suggesting the
possibility that the H4 C-terminal tail stabilizes histone dimers
(Figure S14). In CG simulations, the angle between CENP-A
α2 and H4 α3 is mostly stable in the absence of the H4 C-
terminal tail (Figure S11). Further CG simulations demonstrate
that including the H4 C-terminal tail increases the structural
flexibility of the CENP-A/H4 dimer, compared to when the H4
C-tail is excluded (Figures S3B,D and S15B,D). It is feasible
that H2A/H2B, together with H3(CENP-A) α2 and H4 α3,
stabilizes the H4 C-terminal tail, as can be seen in the
nucleosome crystal structure: β strands form between the H4
C-terminal tail (H4 T96 and Y98) and H2A T101 (Figure
S14). Interestingly, even with the H4 C-terminal tail included,
H4 still adopts more native-like conformations than CENP-A
(Figures S3C and S15C). Investigating the precise role of
histone tails in the CENP-A/H4/HJURP complex and the
structural dynamics comparison between CENP-A/H4 and
H3/H4 homotypic or heterotypic histone tetramers are
important future directions.
The variability of CENP-A is due, in part, to its longer C-

terminal residues (six in CENP-A versus three in H3), which
maintain helical structural integrity only when in a complex
with HJURP (Figure 5). The increased acidity of the CENP-A
C-terminus (−2e) compared to the neutral charge of the
corresponding C-terminus in H3 could contribute to HJURP’s
specificity to CENP-A.45 The coarse-grained MD results
demonstrate that HJURP reduces the conformational hetero-
geneity of the CENP-A/H4 dimer by modifying the dimer’s
overall shape and stabilizing the CENP-A α3 helix (Figures 3
and 4). Furthermore, all-atom MD simulations illustrate that
HJURP forms a structure-inducing electrostatic network with
the C-termini of CENP-A and H4 but not with H3/H4
(Figures 5 and 6). The two-residue-longer loop 1 region of
CENP-A is subject to less fluctuations upon the introduction of
HJURP (Figure S7), which indicates that HJURP stabilizes
loop 1 region of CENP-A indirectly. Debate continues over the
role of CENP-A S6816,49,51 and its post-translational
modification46 in CENP-A’s interaction with HJURP and
deposition into the nucleosome. Replacing CENP-A S68 with
E68 in vivo and in all-atom MD simulations mimics S68
phosphorylation by elongating the side chain and introducing a
negative charge. Recent studies suggest that phosphorylating
S68 is sufficient to disrupt CENP-A−HJURP binding. In our
experiments (Figure 8), mutating this residue to glutamic acid
resulted in ectopic CENP-A deposition in vivo. All-atom
simulations provide a physical explanation of how S68
phosphorylation could disrupt the binding interface between
CENP-A and HJURP: when replacing CENP-A S68, the longer
E68 side chain sterically clashes with HJURP’s hydrophobic
pocket, pushing it away from the CENP-A α1 helix and
disrupting the pocket’s overall shape. Together, in vivo and all-
atom simulation results support the previously proposed model
in which CENP-A S68 phosphorylation (S68ph) must be
tightly regulated, and the eviction of CENP-A’s chaperone
HJURP must be orchestrated within a small window of the cell
cycle in order to minimize the risk of ectopic CENP-A
incorporation.46

Further analysis reveals that the introduction of HJURP to
H3/H4 significantly disrupts the binding interface between H3
and H4 (Figure S12B) and leads to a slightly larger average
RMSD in CG-AWSEM simulations (Figure S12A), compared
to the H3/H4 dimer in isolation. In all-atom simulations of the

same system, the introduction of HJURP destabilizes a key
electrostatic interaction between the C-termini of H3 and H4
(Figure S13). These results may provide a partial explanation
for experimental evidence suggesting that H3/H4 cannot bind
HJURP in vitro.38,41,49

Based on our observations above, it is possible that a
currently under-appreciated role for chaperone HJURP may
also be its ability to “lock” the C-terminus of CENP-A before it
encounters another kinetochore protein. HJURP may work as a
switch, turning on and off the binding availability of the CENP-
A C-terminal tail. The presence of HJURP stabilizes the C-
terminus of CENP-A before CENP-A’s deposition, and after
CENP-A is deposited, HJURP must release the intrinsically
disordered C-terminal tail of CENP-A, in order for it to become
available to bind with another kinetochore protein, most
critically, CENP-C.36,45 The structural alignment of CENP-A
from different molecular contexts clearly shows the “on” and
“off” states of its C-terminal tail (Figure S16). Plus, recent
research by Tachiwana et al. illustrates that CENP-C
recruitment requires direct interaction between CENP-C and
HJURP.52 Consequently, HJURP may be unique in that it
functions as a protein-folding chaperone for CENP-A,
stabilizing the CENP-A/H4 dimer, and also as a protein-
binding chaperone for CENP-C and CENP-A, mediating
CENP-C’s recruitment to the CENP-A nucleosome. A related
work previously reported on the interaction between the
chaperone Chz1 and the H2A.Z/H2B dimer, wherein the
chaperone Chz1 undergoes a disorder-to-order transition upon
binding to H2A.Z/H2B,9 suggesting such transitions might be
conserved in the structure-inducing mechanisms employed by
histone chaperones.53−55

The dual-resolution nature of this study provides a unique
opportunity to directly compare and cross-validate the same
results from both CG and all-atom simulations. Therefore, for
each of the main CG results (monomer flexibility; dimer
variability; global shape; and HJURP’s effect on the angle
between helices), we performed the same analysis on the all-
atom MD trajectories, including the resulting figures in Figures
S2, S4, S8, and S9. Overall, all-atom and CG methods reach the
same consensus qualitatively. However, how the results of these
two techniques differ is important to our work as well. When
examining global properties including pairwise Q, interface Q,
and the distances between histones, the results based on all-
atom MD simulations remain close to the native state, and
these properties do not vary much across different systems. On
the other hand, the analysis of CG simulations reveals
significant differences in the global properties of the systems
studied, clearly illustrating the value added by including CG
simulations. The strength of all-atom MD lies in its ability to
probe specific interactions and native-state dynamics at high
resolution. For example, when replacing CENP-A S68 with E68
in all-atom simulations, the glutamic acid sterically clashes with
HJURP’s hydrophobic pocket, pushing the pocket away from
the CENP-A α1 helix (Figure 7). This detailed effect is not
observed in CG-AWSEM MD simulations because it is mainly
due to the long length of the glutamic acid side chain, a difficult
property to capture in a three-bead per amino acid model.
Altogether, CG explores greater conformational space at a more
global level, and all-atom MD investigates finer details close to
the native state.
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■ CONCLUSION
Our dual-resolution MD simulations shed light on the
differences between the structural dynamics of the CENP-A/
H4 and H3/H4 dimers, providing insight into how HJURP
primes the CENP-A/H4 dimer for deposition. Our results
indicate that HJURP, while potentially acting as a disruptive
force for H3/H4, serves as a protein-folding chaperone for the
CENP-A dimer and a protein-binding chaperone for CENP-C
and the CENP-A dimer. Finally, this study makes predictions
about the key histone−histone and CENP-A-HJURP inter-
actions, one of which is confirmed by in vivo experiments and
provides new dynamic insights into the underlying mechanisms
governing the HJURP-mediated assembly of CENP-A
nucleosomes in vivo.

■ METHODS
Structure Preparation for MD Simulations. Starting from the

crystal structures for canonical H3 nucleosome (PDB ID: 1AOI)1 and
the CENP-A/H4 heterodimer with chaperone HJURP (PDB ID:
3R45),16 we developed all-atom and CG-AWSEM models for four
systems: (1) the H3/H4 heterodimer; (2) the CENP-A/H4
heterodimer; (3) the H3/H4 heterodimer with the CENP-A specific
chaperone HJURP (as a control); and (4) the CENP-A/H4
heterodimer in a complex with the chaperone HJURP. Systems 1, 2,
and 4 are based directly on PDB structures, or subdomains thereof,
and we aligned the H3/H4 dimer to the CENP-A/H4 dimer of
CENP-A/H4/HJURP to construct a CG-AWSEM model for H3/H4
in conjunction with HJURP. Finally, for the all-atom model of H3/
H4/HJURP, we rotated the final three residues of H4 (-GRT) slightly
after alignment to the CENP-A dimer in order to prevent structural
overlaps between H4 and the newly placed HJURP. From these four
models, at two different resolutions, we performed all-atom and
coarse-grained MD simulations.
The CENP-A/H4/HJURP crystal (PDB: 3R45) does not include

the H4 C-terminal tail, but in the nucleosome structure, the H4 C-
terminal tail is resolved and forms a few hydrophobic interactions with
H3 (CENP-A) α2 and H4 α3 (Figure S14). Additional CG
simulations were performed for a mixed CENP-A/H4, where
CENP-A is provided from CENP-A/H4/HJURP (PDB: 3R45) and
H4 from the CENP-A nucleosome (PDB: 3AN2), and for a CENP-A/
H4 dimer derived solely from the CENP-A nucleosome structure
(Figures S3 and S15). Both simulations demonstrate that the H4 C-
terminal tail is intrinsically unstable. The results of these additional
runs are addressed in the Discussion section and presented in the
Supporting Information.
All-Atom MD Methods. We performed all-atom MD in explicit

solvent using the gromacs 4.5.7 MD software,56 the amber99SB*-
ILDN57,58 force field for proteins, the ions0859 force field for ions, and
the TIP3P water model. Using the pdb2gmx tool in Gromacs, we set
the Lys and Arg residues to +1e, the Asp and Glu residues to −1e, the
Gln residues to neutral, and protonated the His residues solely at NE2.
Each system was solvated in a cubic water box, ensuring a minimum
buffer length of 15 Å between the system and the edges of the box. We
introduced Na+ and Cl− ions to neutralize the charge and represent the
physiological 0.150 M NaCl environment. The systems were
minimized using steepest descent, until reaching a maximum force
<100 kJ/(mol nm). Periodic boundary conditions were employed
throughout all the simulations, and long-range electrostatics were
treated with the particle mesh Ewald method.60 Nonbonded Coulomb
and Lennard-Jones interactions were truncated at 10 Å, and all bonds
involving hydrogen were constrained using the LINCS61 algorithm.
After minimization, the systems were heated to 300 K by 500 ps of
protein-restrained NVT MD simulation followed by 500 ps of NVT
MD simulation without restraints. After reaching thermal equilibrium,
the systems were equilibrated at 300 K and 1.0 bar for 1.5 ns in the
NPT ensemble.
To characterize the structure and dynamics of the canonical and

CENP-A heterodimers with and without the chaperone HJURP, we

performed unrestrained production all-atom MD simulations in the
NPT ensemble at 1.0 bar and 300 K with a 2 fs time-step, saving
coordinates, velocities, and energies every 2 ps for further analysis. We
updated the list of nonbonded neighbors every 10 steps. For each
system, 1 μs of MD simulations was performed using the V-rescaled,
modified Berendsen thermostat62 with a 0.1 ps time-constant and the
Parrinello−Rahman barostat63 with a relaxation time of 2.0 ps. For
analysis, we only considered the final 600 ns of the trajectories to
account for further temperature and pressure equilibration. Con-
vergence of the all-atom simulations can be seen from the RMSD
(Figure S5) and root-mean-square-inner-product (RMSIP)64,65

analysis (Figure S17). A detailed explanation of the RMSIP calculation
is provided in the Supporting Information.

Coarse-Grained MD Methods. For coarse-grained MD, we used
associative memory, water-mediated, structure and energy model
(AWSEM)43 as the force field. In AWSEM, three beads, Cα, Cβ (H for
glycine), and O, represent one amino acid. Water-mediated
interactions66 are applied instead of other explicit or implicit water
models. Fragment memory, which is included in the associate memory
potential, is set as a single memory determined by the crystal structure
of the corresponding histone monomer. Fragments are nonoverlap-
ping and 12 (or fewer) residues long to ensure that it only provides a
local structural bias. The interface dynamics between two molecules is
purely determined by physics, not including any bioinformatics terms.
To prevent the division of one dimer into two monomers, we applied a
weak harmonic spring between the centers-of-mass of the two
monomers (k = 0.02 kcal/(mol Å2)). More details about AWSEM are
included in the original force field study.43

AWSEM coarse-grained MD simulations are run through the
LAMMPS package. Using the Nose−Hoover thermostat, we perform
200 ns NVT MD runs at 300 K with the initial velocities randomly
generated for every bead drawn from a Maxwell−Boltzmann
distribution. Five independent simulations with different random
seeds of velocity distributions are carried out for each system. For
analysis, we combine all five independent simulations after reaching
equilibrated states, by deleting the first 10 ns, which is considered as
the time required to reach equilibration (Figure S5). The trajectory is
saved every 1000 time steps, which is 2 ps in the coarse-grained time
scale. It is worth noting that the time scale in coarse-grained simulation
is different from the time scale in all-atom simulation. Due to the faster
diffusion, the same amount of CG-AWSEM simulation time samples
much more conformational phase space than all-atom simulation does.
CG simulations reach the convergence at around 10 ns, as shown in
the RMSD and RMSIP analysis (Figures S5 and S17). It is important
to note that while the time scale of atomistic simulations is absolute
and can be directly related to experimental time scales, 10 ns of CG
simulations cover several orders of magnitude longer real time scale
(microsecond-to-millisecond).

In Vivo Experiments: Cloning and Immunofluorescence.
Original GFP-CENP-A and mCh-CENP-A plasmids were a gift from
Stephan Diekmann. To generate the mutant serine 68, we performed
fusion PCR with mutant forward primers ATAAGGAAGCTGCCCT-
TC[GCA]CGC or ATAAGGAAGCTGCCCTTC[GAA]CGC with a
common reverse primer GAAGGGCAGCTTCCTTATCA for the
[alanine] or [glutamic acid], respectively. The whole mutant CENP-A
coding sequence after fusion PCR was cloned in-frame and
downstream of the EGFP and linker peptide. The plasmids were
cotransfected using Roche’s X-tremeGENE HP DNA transfection
reagent (cat. no. 06-366-546-001, lot no. 11062300) into HeLa cells
that were grown on poly-D-lysine coated coverslips. Three days after
transfection, the coverslips were cytospun at 800 rpm for 5 min to
reduce the number of Z-stacks during immunofluorescence. Coverslips
were then prefixed with 4% paraformaldehyde (PFA) for 1 min,
washed 3× with PEM (80 mM K-PIPES, pH: 6.8; 5 mM EGTA, pH:
7.0; 2 mM MgCl2), soluble proteins extracted with 0.5% Triton-X100
in CSK buffer (10 mM PIPES, pH: 6.8; 100 mM NaCl; 200 mM
sucrose; 3 mM MgCl2; 1 mM EGTA) for 5 min at 4 °C, washed once
with PEM and fixed with 1% PFA for 20 min at 4 °C. The coverslip
was then washed 3× with PEM, air-dried in the dark, and mounted
with Vectashield with DAPI (softset) and sealed along the edges with
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nail polish. Slides were stored in the dark at 4 °C until imaging with a
DeltaVision RT system fitted with a CoolSnap charge-coupled device
camera and mounted on an Olympus IX70.
Analysis for the MD Simulation Trajectories. We first

determined the RMSD of all the Cα atoms of the CENP-A/H4 and
H3/H4 dimers with respect to their corresponding crystal structures,
investigating overall structural variation. We analyzed inter-residue
contact preferences at the interface of CENP-A and H4, in the absence
and presence of HJURP. A contact was determined to exist when the
distance between two non-hydrogen atoms from different residues was
<3.6 Å. Contacts were calculated as fractions of time of their respective
entire trajectories. We used the STRIDE67 algorithm to assign
secondary structure to the all-atom simulation snapshots, considering
the final six residues of CENP-A assigned as either 310 or α to be
helical. The average helical percentage was determined for each
residue, and the average helicity of the CENP-A C-terminal tail was
calculated as the mean of the averages for the final six residues.
To analyze the data from a more global perspective, we calculated a

specific measure of structural similarity, Q,68 of all the simulation
snapshots to the experimentally determined crystal structures. A
widely used quantity in protein folding theory, Q is a normalized order
parameter, with higher values indicating greater structural resemblance
between the two structures being compared:

∑ σ
= −

−

< −

⎡
⎣
⎢⎢

⎤
⎦
⎥⎥Q

n
r r1 exp

( )

2i j

ij ij

ij2

native 2

2
(1)

where n is the total number of contacts, rij is the instantaneous distance
between the Cα atoms of residues i and j, rij

native is the same distance in
the native state obtained from experiment, and σij is a resolution
parameter where σij = (1 + |i − j|)0.15. We generated probability density
functions P(Q) of all the simulation snapshots, where the shape of this
distribution characterizes the structural heterogeneity of the related
conformational ensemble. We first applied this order parameter to
interface profiles of H3/H4 and CENP-A/H4. A pair of residues from
CENP-A or H3 and H4 was considered a native contact if their Cα
atoms are within 12 Å in the experimentally determined X-ray crystal
structure, and only native interface contacts are considered for Qinterface
calculation. Lastly, we applied this formula of structural similarity to
the native state to CENP-A or H3 and H4 histones separately, which
we refer to as Qmonomer.
The angle between two α helices was determined by calculating the

orientation vectors for selected helices. The assessment of convergence
was mainly through RMSD and RMSIP. RMSIP was calculated using
the first 10 eigenvectors of a given subspace. Detailed explanations of
the methods used to determine helix orientation vectors and to
calculate RMSIP values are provided in the Supporting Information.
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Abstract

We present an updated version of the Predicting Protein-Protein Interactions (PrePPI) webserver which
predicts PPIs on a proteome-wide scale. PrePPI combines structural and non-structural evidence within
a Bayesian framework to compute a likelihood ratio (LR) for essentially every possible pair of proteins in a
proteome; the current database is for the human interactome. The structural modeling (SM) component is
derived from template-based modeling and its application on a proteome-wide scale is enabled by a
unique scoring function used to evaluate a putative complex. The updated version of PrePPI leverages
AlphaFold structures that are parsed into individual domains. As has been demonstrated in earlier appli-
cations, PrePPI performs extremely well as measured by receiver operating characteristic curves derived
from testing on E. coli and human protein–protein interaction (PPI) databases. A PrePPI database of !1.3
million human PPIs can be queried with a webserver application that comprises multiple functionalities for
examining query proteins, template complexes, 3D models for predicted complexes, and related features
(https://honiglab.c2b2.columbia.edu/PrePPI). PrePPI is a state-of-the-art resource that offers an unprece-
dented structure-informed view of the human interactome.
! 2023 Published by Elsevier Ltd.

Introduction

The identification of proteins that interact with one
another is a challenging problem of central
importance in fundamental biology and in
medicine. Protein-protein interactions (PPIs) is a
widely used term which has multiple meanings.
Two proteins can interact with one another directly
either by forming a binary physical complex or by
being in physical contact in the context of a multi-
protein complex. Indirect interactions can include
two proteins that are part of a complex, but are

not in physical contact, or that are part of a
pathway or network that mediates their interaction.
Multiple experimental and computational tools are
available to detect or predict PPIs, and their
results are compiled in multiple databases. Here
we report a new version of our Predicting Protein-
Protein Interactions (PrePPI) database,1–2 describe
its unique features, and compare its performance to
that of other databases. We also place PrePPI’s
prediction algorithm in the context of recent
structure-based, co-evolution, and deep learning-
based developments in the prediction of PPIs.

Database

0022-2836/! 2023 Published by Elsevier Ltd. Journal of Molecular Biology 435 (2023) 168052

mailto:bh6@columbia.edu
mailto:bh6@columbia.edu
https://doi.org/10.1016/j.jmb.2023.168052
https://honiglab.c2b2.columbia.edu/PrePPI
https://doi.org/10.1016/j.jmb.2023.168052


The key element of the PrePPI algorithm, which is
summarized in Figure 1, is proteome-wide
template-based modeling of PPIs, both direct and
indirect. Not accounting for splice variants and
posttranslational modifications, there are !200

million possible non-redundant pairwise
combinations of human proteins. However, since
we consider full proteins as well as their individual
domains, we need to examine !4.55 billion
pairwise interactions and, since we make multiple

Figure 1. PrePPI’s structural modeling (SM) pipeline: Structures for query proteins, QA and QB, are taken from the
AlphaFold Protein Structure Database13 and parsed into domains with definitions from the Conserved Domain
Database (CDD) as MA and MB.22 Structural neighbors in the PDB3 for full length protein and domain structures with
definitions from the Evolutionary Classification of Protein Domains (ECOD) database are obtained from the ska
structural alignment program.31 If structural neighbors of two query proteins appear together in a PDB complex, this
structure defines a template, NA1:NB3, used to create a structure-based sequence alignment with which an interface
for the query proteins, MA:MB, is evaluated based on the overlap of the query and template residues.1 The interaction
is then scored based on a number of features1–2 and trained on the HINT HQ-LC database,10 as the positive set, and
a negative set described in Methods to produce a fully connected Bayesian network used to evaluate the model.
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interaction models for each pair, the number of
pairwise combinations evaluated is in the tens of
billions (see Methods). PrePPI’s ability to consider
such a large number of potential PPIs is enabled
by an efficient scoring function which is based on
the similarity of the modeled interface to the
interface of a known complex in the Protein Data
Bank (PDB).3 We highlight these points because it
is important to distinguish our goals from standard
template-based modeling. Furthermore, we are
not necessarily trying to produce an accurate model
of the complex as might be judged, for example, in
the CAPRI (Critical Assessment of PRediction of
Interactions) experiment4 – although obviously a
better model will produce a more reliable prediction.
Rather, our hypothesis is that, in the derivation of a
structural modeling score, our models are good
enough to provide evidence that two proteins form
a physical complex. Thus, a model that would score
poorly according to CAPRI metrics might be reliable
enough to provide a yes or no prediction as to
whether two proteins interact and, in addition, pro-
duce a low-resolution structural pose for the interac-
tion. As discussed below, PrePPI uses non-
structural information as well. For example, if two
proteins are co-expressed and have a good struc-
tural modeling (SM) score, the likelihood of an inter-
action, as given in PrePPI by a naı̈ve Bayesian
network, will increase. A PPI with low SM score
but high non-structural score suggests that the
interaction is indirect.
Testing and validating computational predictions

is a complicated challenge since experimental
databases themselves contain sources of
uncertainty and the degree of overlap between
them is still quite low in spite of the proliferation of
observations from high-throughput screens.
Moreover, they are often based on different
definitions of PPIs. Mass spectrometry-derived

databases (e.g. Bioplex 3.05) focus on multi-
protein complexes6 while Y2H-based databases
(e.g. HuRI7) focus on binary interactions. Among
derived databases, the widely used STRING
database8 has a category for physical interactions
but does not distinguish binary interactions from
those in multi-protein complexes whereas data-
bases such as APID9 and HINT10 include both
direct and indirect interactions and attempt to distin-
quish between the two. As depicted in Table 1,
overlap between these various databases is limited
(see Methods for a description of each database).
Of note, Interactome3D which contains PDB struc-
tures and high quality homology models is well-
represented in most of the databases, but the HINT
high-quality literature-curated database (HINT HQ-
LC) contains the highest percentage of Interac-
tome3D structures.
In earlier versions of PrePPI,1–2 training was done

on yeast PPIs and testing was done on human inter-
actions, with the true positive dataset comprising
PPIs with at least two literature references. No
attempt was made at the time to train on datasets
of binary physical interactions since PrePPI predicts
both direct and indirect interactions. Here we have
taken a more refined approach, training the struc-
tural modeling component of PrePPI on HINT HQ-
LC human PPIs.10

In order to evaluate PrePPI’s structure-based
algorithm, we have used Escherichia coli K-12
(here E. coli) as a test organism and compared
predictions from PrePPI’s structural modeling
component to predictions from the threading
component of Threpp.11 Technology closely related
to Threpp powers the PEPPI server12 which, like
PrePPI, uses Bayesian statistics to integrate struc-
tural and non-structural information. But in contrast
to the PrePPI, the PEPPI webserver allows a user
to input only two protein sequences at a time while,

Table 1 Overlap among PPI databases: The number of overlapping entries among the databases denoted (see
Methods) is listed for A. E. coli and B. Human.

A Interactome3D HINT HQ-LC APID Level 2 STRING-Physical

Interactome3D 1,391

HINT HQ-LC 1,092 1,675

APID Level 2 381 363 3071

STRING-Physical 396 651 2,322 10,577

B Interactome3D HINT HQ-

LC

HINT HQ-

Binary

APID Level

2

STRING-

Physical

PrePPI-

2016

HURI BIOGRID-

MV

Interactome3D 15,629

HINT HQ-LC 8,639 15,598

HINT HQ-

Binary

11,761 15,598 119,526

APID Level 2 9,092 8,098 102,130 154,955

STRING-

Physical

9,519 9,888 29,761 40,161 272,361

PrePPI-2016 4,830 6,623 8,038 8,017 16,569 26,982

HURI 1,875 1,107 34,743 33,578 6,335 695 39,060

BIOGRID-MV 6,692 8,230 14,040 17,120 54,531 15,369 2,173 78,189
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as described below, the PrePPI database of human
PPIs contains about 200 million entries with the
highest confidence predictions (!1.3 M) appearing
in the online application that can be queried in mul-
tiple ways including, for example, inputting a single
protein and outputting all predicted binding
partners.
Compared to previous versions of PrePPI, in

addition to improved training, features of the
current version include the replacement of
homology models with models from the AlphaFold
Protein Structure Database13 leading to increased
structural coverage of the proteome, separate train-
ing of the structural modeling and non-structural
components, a refined definition of PDB template
complexes,3 the implementation of a more accurate
algorithm PredUs 2.0 for predicting interfacial
residues,14 and a website with expanded functional-
ity. PrePPI is a unique resource that generates
novel hypotheses for the existence of PPIs, both
direct and indirect. Moreover, given the ongoing
developments in the use of deep learning-based
approaches to predict the structure of binary com-
plexes, PrePPI predictions can be used as a start-
ing point for the construction of accurate structural
models.

Results

Testing on experimental databases

E. coli: We have chosen to test the SM score on
E. coli, in part for comparison with Threpp11 and in
part to assess the applicability of our human-
trained Bayesian network (see below) to another
organism. PrePPI for E. coli was trained on human
HINT HQ-LC10 (see Methods). Table 2A presents
area under the ROC curve (AUROC) values for
the structural modeling component of PrePPI
(PrePPI-SM) and the threading component of
Threpp (Threpp-Threading)11–12 for E. coli evalu-
ated on three datasets: HINT HQ-LC and Interac-
tome3D PPIs for E. coli, and GS-Threpp,15 the
gold standard data set of 763 PPIs on which Threpp
was previously tested.11 Both methods yield good
results when tested on HINT HQ-LC (AUROC val-
ues 0.88 and 0.81 for PrePPI-SM and Threpp-
Threading, respectively) and Interactome3D
(AUROC values 0.95 and 0.85) but performance

degrades (AUROC values 0.67 and 0.65) on GS-
Threpp. PrePPI-SM performs quite well on HINT
HQ-LC and performance improves on Interac-
tome3D which is comprised of PDB complexes or
close homologs.16 As can be seen in Table 1A,
HINT HQ-LC has a large intersection with Interac-
tome3D (65%). The slight difference in performance
may arise if some of the interactions in HINT HQ-LC
are not readily homology-modeled. Overall, the
PrePPI-SM results are somewhat better than those
obtained with Threpp-Threading but it is reassuring
that two different structure-based methods yield
very similar performance and, in particular, that a
proteome-wide method such as PrePPI is of com-
parable accuracy to a method that uses a more
complex and computationally intensive scoring
function to evaluate structural models.
Human: Table 2B presents AUROC values for

PrePPI-SM and PrePPI-Total, where the latter
corresponds to the predicted score with all
sources of evidence (Figure 1), with testing on
HINT HQ-LC and the high confidence set we
assembled in 2016, PrePPI-2016.2 PrePPI-SM per-
forms very well on HINT HQ-LC (AUC = 0.83) but
performance degrades on PrePPI-2016
(AUC = 0.73). We attribute the difference to the fact
that HINT HQ-LC was designed to encompass
experimentally observed direct PPIs and, thus,
has significant overlap (56%) with Interactome3D16

(Table 1B) while PrePPI-2016 contains many indi-
rect interactions (19% overlap with Interactome3D).
Consistent with this explanation, the difference in
performance between the use of just structural evi-
dence or the combination of structural and non-
structural evidence for testing on HINT HQ-LC
(AUROC = 0.83 for PrePPI-SM and 0.77 for
PrePPI-Total) is small, whereas the AUROC for
testing on the PrePPI-2016 set increases from
0.73 for PrePPI-SM to 0.89 for PrePPI-Total, indi-
cating that PrePPI-Total successfully captures both
structural and non-structural evidence.
Table S1 contains AUROC values for PrePPI-

Total tested on a number of PPI databases. The
values vary over a wide range which appears to
reflect underlying differences in the databases as
delineated in Table 1. As summarized in Methods,
HURI,7 HINT HQ-Binary10 and APID Level 29 con-
tain many Y2H results, STRING-Physical17 con-
tains many direct and indirect physical

Table 2 Area under ROC curve, AUROC, for different test sets. A. E coli. The performance of PrePPI-SM compared to
that of Threpp-Threading, both tested on Interactome3D, Hint HQ-LC and GS-Threpp. B. Human. The performance of
PrePPI-SM and PrePPI-total tested on Hint HQ-LC and the PrePPI 2016 high confidence set (PrePPI-2016).

A HINT HQ-LC Interactome3D GS-Threpp

PrePPI-SM 0.88 0.95 0.67

Threpp-Threading 0.81 0.85 0.65

B HINT HQ-LC PrePPI-2016

PrePPI-SM 0.83 0.73

PrePPI-Total 0.77 0.89
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interactions, and BioGRID-MV18 infers PPIs from a
large range of experimental methods. HINT HQ-LC
is derived from binary interactions that have at least
two literature references and, in that sense, is most
closely related to PrePPI-2016. Agreement
between PrePPI and HURI is quite limited (see Luck
et al.7 for a discussion of HURI’s overlap with other
databases). Of course, it is impossible to know how
many predicted PPIs that do not appear in any data-
base are actually true positives. Indeed PrePPI’s
goal is to discover PPIs that do not appear in known
databases. Based on experimental tests and appli-
cations summarized in the Discussion, PrePPI has
already proved to be a reliable source of novel PPIs.
To placePrePPI predictions in the context of deep

learning approaches, we compared PrePPI
performance to that of D-SCRIPT,19 a proteome-
wide method for predicting physical interactions
between two proteins given just their sequences.
Similar to PrePPI, D-SCRIPTwas trained on human
PPIs and predicts PPIs for both human and E. coli,
however training and testing were performed with
PPIs from the STRING database17 whereas PrePPI
used HINT HQ-LC10 (see comparisons in Table 1A
and B). In spite of the differences in training and
testing sets, the performance, as judged by AUROC
values, is similar for both E. coli (PrePPI-SM: 0.88,
D-SCRIPT: 0.86) and human (PrePPI-SM: 0.83, D-
SCRIPT: 0.83) PPIs. Given the low overlap
between the HINT HQ-LC and STRING-Physical
databases, the strong performance of bothmethods
suggests they are highly complementary, not only in
methodological terms but also in the type of infor-
mation they encompass.
The PrePPI database: The full PrePPI database

contains predictions for !200 million PPIs. Even
though interaction models are evaluated for a
protein and its constituent domains, only the
highest scoring interaction for a given protein pair
is included in the database. Hence, the set of 200
million non-redundant PPIs corresponds to near
total coverage of all possible interactions among
!20 K proteins. The online database contains
about 1.3 M human PPIs of which about 370 K
represent predictions of direct physical
interactons. PPIs that appear in the online
database either are associated with an
FPR < 0.005 (LR > 379) or have the maximum
value of LR(SM) or LR(protein-peptide) > 100. Our
experience has been that interactions that meet
this latter criterion constitute high-confidence
physical interactions and, indeed, are associated
with an FPR < 0.001 when tested on the
structure-rich HINT HQ-LC database.
PrePPI website (https://honiglab.c2b2.columbia.

edu/PrePPI/): When a user inputs a UniProt ID or
gene name for a query protein, the website
returns several features of the protein and its
predicted interactors: 1) the names and functional
information for the query protein derived from

UniProt; 2) the sequence of the full-length query
protein as well as its domains, all of which can be
viewed in a protein-centric structure viewer; 3) a
list of PrePPI-predicted interactors of the query
protein and associated scores for the features
incorporated in the PrePPI algorithm, and, if they
exist for a given PPI, links to external databases
that compile interactions based on experiments and
literature; 4) an interaction-centric structure viewer
that shows the 3D model for a given PPI and,
depending on selections by the user, the template
PDB complex and the structure superposition of
the query structures on the template (Figure 1); 5)
functional annotations for the query protein, derived
from gene set enrichment analysis of the protein’s
interactors ranked according to the PrePPI-Total
score2; 6) annotations of the full-length query protein
sequence for disordered regions20; and 7) annota-
tions of the full-length query protein sequence for
interfacial residues as predicted by PredUs 2.014 that
is used in the PrePPI-SM scoring function (Figure 1).

Discussion

The PrePPI database was first reported in 20121

and updated in 2016.2 Its unique features include a
fast structure-based scoring function that enables
proteome-wide protein–protein interface evaluation
and the integration of structural and non-structural
evidence for an interaction. The current version of
PrePPI has been improved in a number of ways:
1) Most notably, our in-house homology model
database has been replaced with structures from
the AlphaFold Protein Structure Database13 for indi-
vidual proteins and their domains as annotated by
the Conserved Domain Database (CDD).21 As
explained in Methods, use of the AF/CDD database
requires the scoring tens of billions of interaction
models. This scoring takes about a day using
!2000 CPU processors. 2) The training of
structure-based versus non-structural evidence is
performed separately. Specifically, the structure-
informed predictions are trained with the HINT
HQ-LC database10 while non-structural features
are derived as implemented previously2 and trained
on databases with a predominance of non-
structural information. 3) The method to extract
non-crystallographic protein–protein interfaces
from the PDB has been revised. 4) A more accurate
algorithm, PredUs 2.0, was implemented for pre-
dicting interfacial residues on protein surfaces.14

5) New website features are as described above.
We are not aware of any structure-informed

database comparable in scope to PrePPI. Many of
its predictions have not been previously observed
since use of 3D structure information, especially in
matching protein structures to PPI template
complexes from the PDB, identifies many
interactions that would be undetectable with
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sequence-based methods. PrePPI performance is
comparable to that of high-throughput
experimental methods.1–2 Moreover, experimental
validation has already confirmed the reliability of
many novel predictions: 1) In the original PrePPI
paper,1 17 out of 21 predictions were confirmed with
co-IP assays; 2) In our study of virus/human interac-
tions with the P-HIPSTer database, which is based
on the PrePPI pipeline,22 PrePPI predictions
yielded a 76% precision as judged by co-IP experi-
ments; 3) PrePPI is a central feature in the OncoSig
algorithm that generated a lung cancer adenocarci-
noma (LUAD) signaling PPI network for KRAS that
recapitulated published KRAS biology and identi-
fied novel proteins synthetic lethal with an onco-
genic mutated form of KRAS that is constitutively
activated;18 of 21 were validated in 3D spheroid
models for LUAD.23 Thus, based on results in a
wide range of contexts, PrePPI predictions are
associated with a precision of !75–80%.
Of course, not all PrePPI predictions are correct

but, as highlighted in the previous paragraph, they
appear sufficiently accurate to generate
hypotheses that drive biological discovery.
Moreover, for direct binary PPIs, a model that
appears in the database can be used as a basis
for lower throughput approaches such as protein–
protein docking or deep learning algorithms such
as AlphaFold multimer24 which likely generate mod-
els that are more accurate than those in PrePPI.
PrePPI predictions for non-direct interactions also
provide valuable information by identifying pairs of
proteins that might be present in multi-protein com-
plexes and, moreover, PrePPI predictions can be
used to identify all proteins that are in physical con-
tact in such a complex.2 PrePPI predictions can also
be used in the construction of PPI networks that
comprise both direct and indirect interactions and,
when combined with features based on context-
specific gene expression or knockout screens, can
provide insight into dysregulation of cellular signal-
ing as demonstrated with the KRAS-centered
OncoSig network for LUAD.23

Given the continuous developments in structure
determination and sequence analysis, PrePPI will
continue to evolve and to incorporate new
technologies. One possibility is to leverage the
proteome-wide, complementary approaches of
PrePPI and D-SCRIPT19 and integrate the interface
predictions from both as features in an enhanced
PPI prediction algorithm. More computationally
intensive methods such as ECLAIR25 can be used
to filter PrePPI predictions thus improving their
accuracy. While such methodological advances
are in development, the current version of PrePPI
will be applied to multiple proteomes and to cross-
species interactions as implemented in our P-
HIPSTer database.22 In summary, we believe that
PrePPI constitutes a unique resource that will con-
tinue to find applications in multiple areas of
biomedical science.

Methods

Training the SM score

Extracting biological interfaces from the PDB: All
possible PDB complexes, regardless of source
organism, are considered. The quaternary
structure of a PDB file frequently does not
represent the biologically relevant quaternary
structure26 but will be represented by one of the “bi-
ological assemblies” contained in the PDB file. The
biological assemblies are specified in the
“REMARK 350” lines of the PDB file and contain a
set of geometric transformations (“BIOMT”
records). A given biological assembly is constructed
by applying the transformations defined for that
assembly to the set of chains in the PDB file. To
define template interface contacts, we construct
three-dimensional models of each biological
assembly using the associated transformations. A
contact between any pair of chains in a biological
assembly is defined when two heavy atoms across
the interface are within 6!A of each other. The union
of these contacts from all biological assemblies for
each pair of chains comprises the interface for
those chains and is used to evaluate structure-
based predictions as described in the following
sections. !200 K PDB structures, each of which
contain, on average, several bioassemblies, are
used to construct interfaces.
Model Building: Sequences for the human and

E. coli K12 proteomes are taken from the UniProt
defined reference proteomes with one
representative protein per gene (Proteome IDs
UP000005640 and UP000000625, respectively).27

As we recently described,28 each full-length
sequence is broken up into individual domains cor-
responding to those defined in the CDD.21 Three-
dimensional models for each full-length protein are
taken from the AlphaFold Protein Structure
Database13 with models for individual domains
extracted from the model of the full-length protein.
This generates models databases that structurally
represent 1) 20,251 human proteins with 20,251
full-length sequence models and 69,678 CDD
domain models, and 2) 4,463 E. coli proteins with
4,463 full-length sequence models and 7,713 CDD
domain models.
Interaction Model Construction: Sequences for

every protein chain in the PDB are downloaded
from the PDB web site.3 The sequences are clus-
tered at a sequence identity cutoff of 60% using
the program CD-HIT29 to form PDB sequence clus-
ters, and a representative for each cluster is defined
as the longest sequence in the cluster. The struc-
tures corresponding to a PDB sequence cluster
include the full-length PDB structures and their con-
stituent domains as defined by the Evolutionary
Classification of Domains (ECOD) database.31 For
a given query protein, the sequences for its associ-
ated models are matched to PDB sequence clus-
ters and the query models are structurally aligned
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to the PDB structure for the representative of the
corresponding cluster. The quality of the structure
alignment is scored using the Protein Structural Dis-
tance (PSD) calculated from the program ska.30 Of
note, in practice, ska alignments involve protein
structures with at least three secondary structure
elements so that, beyond PrePPI’s use of sequence
orthology as an evidence source, PrePPI typically
does not predict interactions involving a single a-
helix to a structured domain. If a query model aligns
with a PSD < 0.6 to the structure of the representa-
tive sequence of a PDB cluster or its domains as
defined by ECOD,31 the query model is further
aligned to all of the cluster structures. PDB struc-
tures with PSD < 0.6 are kept as structural neigh-
bors of the query model. Whenever the structures
for the structural neighbors of two query proteins
appear together in a PDB complex (as defined
above), we call this complex a “template” for an
interaction of the query proteins. In practice, we
never create a three-dimensional interaction model,
rather the structure-based sequence alignments
between the query protein models and the identified
interaction model template chains are used to
derive properties of the interaction: the quality of
the alignment itself; the extent that residues of the
query proteins align to interfacial residues in the
template; and the extent to which residues pre-
dicted to be interfacial in the query proteins align
to interfacial residues in the template.1 Predicted
interfacial residues are obtained from our program
PredUs 2.0.14 This scoring avoids the need to
explicitly calculate pairwise properties while pre-
serving context-specific information for the template
complex and enables rapid evaluation of interaction
models from among billions of possible pairwise
query combinations.
Given that the full length protein and multiple

domains are used for each protein and multiple
models are tested for each of the 90 K human
query sequences, tens of billions of interaction
models must be evaluated. Each model is
evaluated using a scoring function derived from a
Bayesian network based on features as
summarized above and reported previously.2 Train-
ing of the Bayesian network is based on training
sets as described below. For a given protein pair,
the highest scoring interaction, whether it is
between two full length proteins or between two
domains, is chosen for that PPI, leading to a non-
redundant set of about 200 million scored
predictions.
True positive data sets: Themost obvious training

set for direct interactions is the PDB3 but it contains
a relatively limited number of entries for complexes
in a given proteome and redundancies further limit
this number. Instead, we have preferred to use
the HINT high-quality literature-curated database,
HINT HQ-LC,10 which appears to be the best
source for direct physical interactions and currently
has 16 K entries for human and 1,753 for E. coli.

We have used a number of databases to
calculate ROC curves. The size of these databses
and the overlap between them appear in Table 1.
They include:
Interactome3D16: PDB structures and easily con-

structed homology models.
HINT high-quality literature-curated (HINT HQ-

LC)10: Experimentally observed binary PPIs with
at least two literature references.
APID Level 29: Interactions experimentally

observed by at least 1 binary method.
STRING-Physical8: Direct and indirect PPIs in the

same complex with experimental evidence.
BioGRID-MV18: PPIs curated from both high-

throughput datasets and individual focused studies
that are validated by multiple experiments.
HURI7: Binary PPIs validated by three variations

of the Y2H assay.
Overall, the lack of overlap among different

databases highlights questions about how they
are used/chosen in the training of computational
methods, especially for those focused on direct
interactions. Our decision to train the structural
component on a different true positive set than
that used for the non-structural component is an
attempt to address this issue. For both human and
E. coli, HINT HQ-LC has significant overlap with
Interactome3D consistent with its focus on direct
interactions.
True negative data set: The negative set used in

training and testing consists of all possible human
PPIs minus the union of PPIs that appear at any
level of confidence in the databases listed in the
previous section. The treatment of every
interaction for which there is no evidence as a true
negative obviously diminishes apparent
performance. But our experience has been that,
as opposed to precision/recall curves, ROC
curves are not significantly affected by the size of
the negative set. We have confirmed this behavior
by changing the size of the negative set to be 10
times the size of the positive set and found that
this has essentially no effect on the various ROC
curve statistics. Specifically, the values in
Table S1 are identical using either negative set. In
addition, Figure S2 shows complete overlap
between between ROC curves using both
negative sets as tested on two different data sets.

Training the non-structural score

As reported previously, in addition to structural
evidence, PrePPI uses a number of non-structural
features including partner redundancy, GO (gene
ontology) annotation, sequence orthology, and
phylogenetic profile. Details about the calculation
and training of non-structural contributions are
described in our 2016 publication2 and will not be
repeated here. Briefly, the true positive set was
taken from multiple databases with the requirement
that a PPI be identified in two independent literature
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references and no attempt was made to distinguish
direct physical from non-direct interactions.
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