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On Monomeric and Multimeric Structures-Based
Protein-Ligand Interactions
Yajun Dai, Yang Li, Liping Wang, Zhenling Peng, and Jianyi Yang

Abstract—Many ligands simultaneously interact with multiple protein chains in quaternary structure (QS). However, a significant
number of previous studies on template-based modeling of protein-ligand interactions were based on monomeric structure (MS), which
may suffer from incomplete binding information. The defects of using MS rather than QS have not been systematically studied before.
In this work, based on molecular docking experiments and binding free energy estimations, we performed a large-scale comparison of
the protein-ligand interactions in both forms of structures. We found that 1) about 18.6 percent biologically relevant ligands bind multiple
chains in QS simultaneously. 2) For more than 95 percent complexes with multiple chains involved in the interactions, the binding free
energy is lower for the QS form than the MS form. 3) For over 70 percent complexes with multi-chain binding pockets, docking with QS
yields more accurate ligand conformations than with MS. While for about 1.82 percent complexes, accurate docking conformations
were obtained by MS. Based on this work, it is encouraged to make use of QS rather than MS in future studies on protein-ligand
interactions.
Index Terms—Biological unit, monomer, oligomer, molecular docking, protein-ligand interactions
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INTRODUCTION

N the hierarchy of protein structure classification, there
are two important levels: i.e., tertiary structure and quaternary structure (QS), which usually correspond to monomeric structure (MS) and multimeric structure, respectively.
QS is believed to be the functional form of a protein but is
difficult to obtain by experiments. In the Protein Data Bank
(PDB) [1], most QSs were generated from the cystography
data based on manual investigation and/or automated
computational algorithms, such as PISA [2].
However, rather than using QS, many previous computational studies on protein-ligand interactions [3], [4], [5],
[6], [7] were based on MS. This is because the existence of
errors in PDB’s QSs; and the difficulty in aligning multimeric structures. However, the protein-ligand interactions
may be incomplete in MS, which inevitably affects the
development and performance of corresponding algorithms. It remains largely unexplored about the influence of
incomplete binding information to the studies of proteinligand interactions.
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In a recent analysis of the protein-ligand binding data in
BioLiP [8], structures with different biological unit (BU)
and asymmetric unit (AU) were skipped [9]. It was
reported that about 20 percent homomers have multi-chain
binding sites [9]. Abrus
an and Marsh found that multichain binding sites and single-chain binding sites show different characteristics, which may affect the function evolution [9], the allosteric pathways [10], and the folding of
protein complexes [11].
In this work, we collected a large set of highly reliable
QSs from PDB and carried out a large-scale comparison of
protein-ligand interactions under the forms of both structures. We aim to answer the following questions. 1) How
common are multi-chain protein-ligand interactions? 2)
What is the advantage of using QS over MS? 3) When is it
acceptable to use MS?

2

METHODS AND MATERIALS

2.1 Raw Set
It remains an unsolved problem of inferring QS from cystography data. Many efforts have been made to solve this
problem, such as PISA [2], PiQSi [12], protCID [13], EPPIC3
[14] and QSbio [15]. A comprehensive description of these
resources can be found in [16]. A random forest model was
used to predict the biologically relevance of protein-protein
interface (PPI) and a database of druggable cavities in PPIs
was constructed in [17].
In this work, in order to reduce the impact of the incorrectness occurred in the generation of QS, we constructed our
dataset based on the most recent work of QSbio [15], which
predicts the reliability of each QS in PDB based on a combination of sequence homology and structure alignment. QSbio
provides five confidence levels for the reliability of each QS in
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PDB: very high, high, medium, low, and very low. Here we only
selected the QSs with the highest confidence level, i.e., very
high. For the 110,097 QS entries in QSbio, 51,050 are marked as
very high confidence. When multiple very high-confidence
QSs are available for a PDB structure, only the first one was
kept. After removing obsolete QSbio entries (as PDB is
updated weekly), we obtained 32,417 QSs which are used as
the starting structures in this work. Note that the QSs used in
this study are all homomers, because QSbio contains annotations for homomers only.
For each ligand in a QS, the ligand-binding residues were
obtained based on the distance between the ligand and the
residues’ atoms in the structure. A residue is defined as a
binding residue if one of the atomic distance between this residue and the ligand is smaller than a specified distance cutoff,
i.e., the sum of the Van der Waal’s radius of the two atoms


plus 0.5 A, which is usually in the range of [3.5, 4.5] A. The

value 0.5 A is a tolerance distance proposed in the assessment
of ligand-binding site prediction methods in the CASP9
experiment [18], which was also adopted in the literature [4],
[6], [7], [8]. Based on this calculation we obtained 0.2 million
ligand-binding pockets, in which 1.5 million residues are
involved in ligand binding. Note that the above definition of
binding residues is purely based on distance and does not
take into consideration of other interactions, such as electrostatic interaction and hydrogen bond. Further consideration
of other types of interactions may result in different sets of
binding residues, which is worthy of investigating in future.

2.2 Selected Set
A subset of complex structures was selected from the raw
set for further analysis as follows. Among the binding pockets in the raw set, those consisting of multiple chains were
kept to compare the difference between MS and QS. The following steps were applied. 1) The following ligands were
excluded: ligands with too few atoms (<10), peptides,
nucleic acids and biologically irrelevant ligands [8]. From
this filtering, the number of binding pockets was reduced to
48,503. 2) QSs with binding residues from only one chain or
only a single binding residue in one chain were excluded,
resulting to 9,022 binding pockets. This means that about
18.6 percent ( ¼ 9,022/48,503) of the biologically relevant
protein-ligand interactions have multiple chains involved.
3) QSs containing too many protein chains (>24) were
excluded because most of them represent virus particles.
We got 8,932 binding pockets after this step. 4) Redundancy
was further removed at 90 percent sequence identity
(defined at chain level) for the remaining data. Finally, a set
of 5,356 ligand-binding pockets was obtained, which consists of 1,916 unique proteins and 797 unique ligands. To
mimic the previous studies in protein-ligand interactions
that used single-chain based structure [3], [4], [5], [6], [7],
the MS-based binding pocket was obtained by selecting the
QS chain with the most number of binding residues.
2.3 Molecular Docking
There are many molecular docking software [19]. Here one of
the most popular molecular docking software AutoDock Vina
[20] was used to carry out the docking experiments. Besides
AutoDock Vina, other docking software such as DOCK6 [21]

TABLE 1
The Meanings of the Major Notations in This Work
Notation

Meaning

QS

Multimeric quaternary structure, which
corresponds to the biological unit in PDB.
MS
Monomeric structure extracted from the
QS. It contains single chain that has the
most number of ligand-binding residues.
N conformation The native conformation of the ligand in a
complex structure.
Q conformation The ligand conformation from self-docking
with the native ligand structure against the
QS.
M conformation The ligand conformation from self-docking
with the native ligand structure against the
MS.
N-QS
A protein-ligand complex structure
consisting of N conformation and QS.
N-MS
A protein-ligand complex structure
consisting of N conformation and MS.
Q-QS
A protein-ligand complex structure
consisting of Q conformation and QS.
M-MS
A protein-ligand complex structure
consisting of M conformation and MS.
N/Q-chain
A single chain-based protein-ligand
complex structure consisting of the ligand
in N/Q conformation and the selected
chain from QS.

and MDock [22] can be also used. For each structure, selfdocking was performed in the forms of both MS and QS.
When running AutoDock Vina, the search box was defined as

151515 A3. The center of the search box was defined as the
arithmetic mean of the coordinates of all the atoms in the binding residues. For other parameters in the program, the default
values were used. For each complex, three ligand conformations were obtained. The first is the native conformation (N
conformation) obtained from biological unit. The other two
were generated based on docking with the input of MS (M
conformation) and QS (Q conformation), respectively. Note
that only the top conformation (ranked by the docking score
in AutoDock Vina) was generated. Table 1 summarizes the
notations used in this work.

2.4 Metrics
Two major metrics, binding free energy and ligand RMSD,
are used to compare the above conformations. For binding
free energy estimation, we used the scoring function XScore [23], which was shown to be competitive and stable
[24]. Many other scoring functions, such as ITScore [25] and
DSX [26] can be used as well. The ligand RMSD was computed based on the software fconv [27]. Because errors happened during running one of the above programs for 526
structures, only 4,830 binding pockets (from 1,766 PDB
entries) were used in the following analysis. The docking
results and related structure files are available at http://
yanglab.nankai.edu.cn/download/PL.
Note that BU rather than AU was used in our analysis. In
general, there are three possible cases: BU is identical to AU;
BU is a subset of AU; AU is a subset of BU. The first two cases
suggest direct experimental support for QS and thus are
more reliable. For the 1,766 PDB entries, 842 (mapped to
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Fig. 2. Binding free energy comparisons between different ligand-protein
complexes. (A) Comparison between the docked poses with MS and QS.
(B) Comparison between the docked pose and the native pose in QS. (C)
Comparison between the docked pose and the native pose in MS.

Fig. 1. Distributions of the protein-ligand binding data at chain and residue levels. (A)/(B) is for the chain distribution in the raw/selected set.
(C)/(D) is for the residue distribution in the raw/selected set.

1,840 pockets) are from the first two cases and 924 (mapped
to 2,990 pockets) are from the last cases. The average ligand

RMSD for the QS from first two cases is 3.7 A, which is

slightly lower than that (i.e., 3.9 A) for the QS from the last
case, suggesting the importance of using more reliable QS in
molecular docking studies.

3
3.1

RESULTS AND DISCUSSIONS

Binding Pockets Consisting of Multiple Chains
are Common
In the raw set, 91.2 percent binding pockets are comprised of
residues from only one chain and the remaining 8.8 percent
from multiple chains (Fig. 1A). This is mainly because the
biologically irrelevant ligands, such as lipid, glycerol, acidic
group and so on, are used as additives to facilitate crystallization experiments. These ligands tend to locate on the
surface of the protein structure and have few contacts
with the protein. For example, Figure S1, which can be found
on the Computer Society Digital Library at http://doi.
ieeecomputersociety.org/10.1109/TCBB.2020.3002776,
shows the QS of a membrane protein, which contains 30 lipids located on the surface of the structure and bound one
chain only. These ligands may not perform biological function in the structure and are thus removed from the raw set
to generate the selected set.
After removing peptides, nucleic acids and biologically
irrelevant ligands, the ratio of multi-chain binding pockets
increases to 18.6 percent. This means that 81.4 percent of the
filtered ligands bind one chain only. For these structures, it
is reasonable to use MS in the study of protein-ligand interactions [3], [4], [5], [6], [7]. However, there are still a notable
portion of multi-chain binding pockets. These structures are
not appropriate for MS-based algorithms, which may suffer
from incomplete binding information and deserve a systematic investigation. In addition, we find that for the 285 structures in the core set of the PDBbind (v.2016) [28], about
35 percent of them contains more than one chain and about
14 percent binding pockets are formed by residues from
multiple chains. This also suggests that binding pockets
consisting of multiple chains are common.

For the multi-chain binding pockets in the selected set,
most of them (90.3 percent) consist of two chains (Fig. 1B). For
example, Figure S2, which can be found in the Computer Society Digital Library at http://doi.ieeecomputersociety.org/
10.1109/TCBB.2020.3002776, presents the QS of a homodimer,
in which the ligand locates at the interface between two chains
(PDB ID: 4H82). In this structure, the ligand (compound 2b–
2b) was designed by linking two ligands together chemically
to control the crystal packing [29]. As the ligand binds to 15
residues of each chain, the MS form can be obtained by selecting any one of the two chains.
At the residue level, binding pockets with 3 (17.70 percent)
or 4 residues (15.78 percent) are the most common in the
raw set. About half of the binding pockets contain no more
than 5 residues (Fig. 1C). This distribution seems to be
unusual as a ligand (with the exception of ions and ion-like
ligands) should be in contact with more residues to make
the interaction stable. This is probably because many ligands
(i.e., glycerol) are frequently used for structure determination and thus are not biologically relevant. Most of such
ligands do not have strong interaction with the protein and
some are even far away from the surface of the protein
structure (14). No filtering of ligands was done in the raw
set, which may lead to the unusual distribution in Fig. 1C.
Thanks to the filtering process, more residues are involved in
the ligand binding in the selected set than the raw set
(13.9 versus 7.4 on average). The distribution for the number
of binding residues in Fig. 1D resembles a normal distribution and the largest category is for pockets with 13 residues
(8.46 percent).

3.2 Docking Using the Quaternary Structure is
Favorable in General
For each complex in the selected set, the X-Score program
[23] was used to compute the ligand-protein binding free
energy. X-Score is an empirical scoring function which
assumes that the binding free energy is determined by an
additive functional form of four energy terms, i.e., Van de
Waals interaction; hydrogen bond; deformation effect; and
hydrophobic effect. A lower value of free energy usually
indicates stronger binding affinity.
First, we compared the binding energy of the Q-QS and
M-MS complexes. Fig. 2A shows for most of complexes
(95 percent), the Q-QS complex has lower binding free
energy than the M-MS complex, which can be explained by
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Fig. 4. Comparisons of the binding free energies of the ligand conformations for the 88 complexes. chain_1: the chain with the largest number of
ligand-binding residues; chain_2: the chain with the biggest difference in
binding free energy between the N and Q conformations.

Fig. 3. RMSD comparison between the docking conformations with
MS and QS. (A) is the RMSD distribution for the all the 4,830 complexes.
(B) is the curve for the percentages of complexes with RMSD lower than
the specified RMSD cutoffs.

the more residues participating in the interaction. Then, we
compared the binding free energy of the N-QS and Q-QS,
N-MS and M-MS in Figs. 2B and 2C, respectively. It is interesting to see that for the docking conformations (whether
QS or MS), there are more than 50 percent complexes of
docking conformations with even lower binding free energy
than the corresponding complexes of native conformations.
For each complex from the selected set, the RMSD of the
docking conformation to the native conformation is calculated.
The RMSDs of the M and Q conformations for the complexes
in the selected set are shown in Fig. 3. As shown in Fig. 3A, for
most complexes (72.73 percent), the Q conformations are of
lower RMSD than the M conformations. For each of the three

RMSD bins below 3 A, the percentage of the Q conformation
ligands is much higher than the M conformation ligands. For
example, for the very accurate ligand conformations with

RMSD less than 1 A, the percentage for Q conformation is
around 27 percent, much higher than that for the M conformation (15 percent). The mean RMSD of the Q conformations is


3.84 A with a standard deviation of 3.31 A while the mean

RMSD of the M conformations is 5.43 A with a standard devia
tion of 3.26 A. Moreover, we computed the percentage of complexes with RMSD lower than a specified cutoff and the
results are summarized in Fig. 3B. It shows there are more Q
conformations than M conformations at all cutoffs. For very

accurate conformations with RMSD  1.0 A, the percentages
of Q and M conformation are 26.97 and 10.22 percent, respec
tively; while for acceptable conformations with RMSD  2.0 A,
the percentages are 41.75 and 19.11 percent, respectively.
These data show that docking with QS in general can achieve
conformation with lower RMSD than using the MS.
On the one hand, we analyzed the correlation between
experimental binding affinity data and the free energy of different complex structures. The PDBbind database hosts a comprehensive set of experimental binding affinity data for proteinligand interactions. In the 2019 version of PDBbind, there are
17,679 protein-ligand complexes in total. A total of 233 samples
from our dataset have binding affinity data in PDBbind. These
data are used to measure the correlation between the binding
energies of the docked conformations and the experimental
binding affinities. The Pearson’s correlation coefficient is 0.44
for the QS-docked conformations. In comparison, the Pearson’s
correlation coefficient is lower for the MS-docked conformations (i.e., 0.39). This also suggests the importance of using

complete binding information for molecular docking, i.e., docking with complete QS is more acceptable.
On the other hand, Figure S3, available online presents a
comparison between the solvent accessible surface areas
(SASA) of ligands that were docked to QS and MS. It shows
that ligands docked to MSs mostly have higher SASAs than
those docked to QSs, suggesting the incompleteness of binding information in MS.
As show from Fig. 3, for > 70 percent complexes, the Q
conformation has a lower RMSD than the M conformation.
Especially, there are 1,181 complexes with Q conformation


RMSD  2.0 A while M conformation RMSD > 2.0 A. Figure
S4, available online shows an example where the Q conformation has a lower RMSD than the M conformation, which
is for the protein “6,7-dimethyl-8-ribityllumazine synthase”
(PDB ID: 1KYV). The QS is a homo pentamer and the ligand
RBF is located at the interface between the chain A in green
and the chain B in cyan (Figure S4A, available online). The
ligand binds 9 and 4 residues in chains A and B, respectively. According to the description of the structure in [30],
the residue His94 (lemon sticks in Figure S4B, available
online) is highly conserved, which directly determines the
interaction with the ligand by a stacking interaction. The
distance between the aromatic ring of RBF and the side

chain of this residue is 3.6 A in the N conformation (red

sticks in Figure S4B, available online), 3.5 A in the Q conformation (blue sticks in Figure S4C, available online) and 4.0

A in the M conformation (magenta sticks in Figure S4D,
available online). Figure S4E, available online shows that
docking using the QS results in a very accurate Q conforma
tion with 0.34 A RMSD (blue sticks), which are significantly
lower than that of the M conformation (magenta sticks)

from docking with the MS (RMSD ¼ 7.03 A).

3.3 Docking Using the Quaternary Structure is Not
Always the Best Choice
As shown in Fig. 4, there are some complexes that the
RMSDs of the M conformations are lower than the corresponding Q conformations. We are especially interested in
those complexes, for which the M conformation RMSD is 


2.0 A while the Q conformation RMSD is > 2.0 A. In total,
there are 88 (1.82 percent) such complexes.
For example, the QS (Figure S5A, available online, PDB
ID: 2WGU) for the “human adenovirus serotype 37 fibre
protein in complex binding with a sialic acid derivative” is
a homo trimer [31]. The binding pocket is formed by 4 residues from chain A (cyan structure in Figure S5A, available
online) and 3 residues from chain B (green structure in
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Figure S5A, available online). The Q conformation (blue
sticks in Figure S5B, available online) has a high RMSD

(5.53 A). In contrast, the M conformation (magenta sticks in

Figure S5B, available online) is very accurate with 0.73 A
RMSD, which was obtained by docking with the MS of
chain A. A closer inspection on the ‘bad’ Q conformation
suggests that it in fact has a strong interaction with the other
chain, showing good geometry complementarity with
the structure of chain B (Figure S5C, available online). The
binding free energy between the docking ligand and chain
B receptor in the Q conformation is even lower than the N
conformation (Figure S5D, available online) (-6.03 vs -5.86
kcal/mol). This explains that the ‘bad’ Q conformation was
generated due to more constraints have been considered for
chain B than chain A during the docking procedure.
The higher RMSD of the Q conformation for most of the
88 complexes can be explained similarly by the binding free
energy. Fig. 4 shows a detailed comparison of the binding
free energies of the ligand conformations for all the 88 complexes. We can see that the binding free energies of the QQS for 75 complexes (85 percent) are lower than the corresponding M-MS (Fig. 4A). This is due to the interaction
with multiple chains in the Q conformation. For each QS,
the chain with the largest number of ligand-binding residues is denoted by chain_1 (the same as the selection of
MS); and the chain with the biggest difference in binding
free energy between the N-chain and Q-chain complexes is
denoted by chain_2. Fig. 4B shows that for most complexes
(69 percent), the binding free energies of the Q conformations to chain_1 are higher than the corresponding N conformations. However, for 70 percent complexes, the binding
free energies of the Q conformations to chain_2 are significantly lower than the corresponding N conformations,
which explains the higher RMSDs of these Q conformations
are due to the optimization of the interaction between
chain_2 and the ligand. These conformations have the
potential to be ‘correct’ as the binding free energy is even
lower than the corresponding N conformation, which is just
a snapshot from many dynamic states.
The proportion of the number of binding residues from
chain_1 (over the total number of binding residues) was calculated. It suggests for 56 out of the 88 cases (64 percent),
the proportion values are higher than 70 percent, i.e., with
an uneven distribution of binding residues. On the contrary,
for the cases that QS yield more accurate docking conformations, only 39 percent of them are of uneven distributions.
This suggests that the evenness of binding residues distribution along receptor chains can influence the molecular
docking as well.
In addition, we compared the BUs and AUs for these
88 cases and found that 54 of them do not have experimental
QS. It is possible that such QSs may have errors or their native
ligands are not in energetically optimal position (as analyzed
above). In such case, it is reasonable to dock using MS.

3.4

The Answers to the Questions Raised in the
Introduction
Based on the experiments and analysis conducted above,
we should be able to answer the questions raised in the
Introduction now.

1.

2.

3.

4
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How common are multi-chain protein-ligand interactions? For biologically relevant protein-ligand
interactions, there are as high as 18.6 percent ligands
to bind multiple chains simultaneously in the QS.
Thus, it is very common for multi-chain proteinligand interactions.
What is the advantage of using QS over MS? The QS
is believed to be the functional form of the protein.
In our experiments, for over 70 percent complexes,
docking with QS yield more accurate ligand conformations than with MS. This is realized by optimizing
the ligand interaction to multiple chains in QS,
which is missed in MS.
When is it acceptable to use MS? Docking with QS is
preferred as shown in the above conclusion. However, MS may be better for docking when it is clear
that the protein’s functional form is in monomer
state, or there are obvious errors in the QS.

CONCLUSION

Based on molecular docking experiments and binding
affinity estimations, we performed a large-scale comparison of the protein-ligand interactions under the forms of
both MS and QS. We found 81.4 percent ligands interacts
with only one chain. For these structures, it is reasonable
to use MS in the study of protein-ligand interactions.
However, there are as high as 18.6 percent ligands binding multiple chains in QS simultaneously. We found that
for over 70 percent complexes with multi-chain binding
pockets, QS-based docking yields more accurate ligand
conformations than MS-based docking. It is thus highly
recommended to make use of QS for future studies in
protein-ligand interactions.
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