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nalysis of hot spots and binding
mechanism in the PD-1/PD-L1 interaction†

Dading Huang,a Wei Wen,a Xiao Liu,a Yang Lia and John Z. H. Zhang *abcd

Programmed cell death protein-1 (PD-1) is an important immunological checkpoint and plays a vital role in

maintaining the peripheral tolerance of the human body by interacting with its ligand PD-L1. The

overexpression of PD-L1 in tumor cells induces local immune suppression and helps the tumor cells to evade

the endogenous anti-tumor immunity. Developing monoclonal antibodies against the PD-1/PD-L1 protein–

protein interaction to block the PD-1/PD-L1 signaling pathway has demonstrated superior anti-tumor efficacy

in a variety of solid tumors and has made a profound impact on the field of cancer immunotherapy in recent

years. Although the X-ray crystal structure of the PD-1/PD-L1 complex has been solved, the detailed binding

mechanism of the PD-1/PD-L1 interaction is not fully understood from a theoretical point of view. In this

study, we performed computational alanine scanning on the PD-1/PD-L1 complex to quantitatively identify

the hot spots in the PD-1/PD-L1 interaction and characterize its binding mechanisms at the atomic level. To

the best of our knowledge, this is the first time that theoretical calculations have been used to systematically

and quantitatively predict the hot spots in the PD-1/PD-L1 interaction. We hope that the predicted hot spots

and the energy profile of the PD-1/PD-L1 interaction presented in this work can provide guidance for the

design of peptide and small molecule drugs targeting PD-1 or PD-L1.
1. Introduction

Protein–protein interactions (PPIs) play vital roles in many bio-
logical processes, including gene expression control, signal trans-
duction and immunoregulation.1–3 Thus they are associated with
many human diseases including cancer.4–6By studying the detailed
and specic interactions of PPIs at the atomic level, we can
understand their fundamental binding mechanisms and develop
effective therapeutic treatments to control and cure related
diseases.7Generally, only a fraction of PPI interface residues, called
“hot spots”, contribute signicantly to the binding free energy of
PPI while the area of the contact surface can be relatively large.8–10

Mutation of the hot spots in PPI could dramatically decrease their
binding affinity or even disrupt the protein–protein association
directly. For many diseases caused by disordered PPIs (e.g. over-
expression of proteins and gain-of-function mutations), pocket or
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part of the surface composed of hot spots could be targeted to
regulate the abnormal PPIs in drug design.11 Therefore, predicting
the hot spots in PPIs becomes an important step in the many
designs of drugs that block abnormal PPIs.

Experimentally, alanine scanning mutagenesis is widely
used to identify hot spots in PPIs.12 This method comprises
multiple steps involving expressing the corresponding wild-type
and alanine mutant proteins, measuring their binding affini-
ties, and calculating their binding energy differences. Generally,
if the binding free energy difference of the alanine mutation of
a residue is greater than 2 kcal mol�1, the residue is then
identied as a hot spot.10 Although this technique is well-
developed, large-scale experimental alanine scanning is still
costly and time-consuming.13 Thus, the available experimental
data are fairly limited and diverse efficient computational hot
spot detectionmethods have been developed. Currently, various
theoretical hot spot detection methods can be roughly classied
into molecular dynamics simulation-based methods (MD-based
methods),14–21 knowledge-based methods,22–29 empirical
formula-based methods,30–34 and network topology-based
methods.35–38 Among them, the MD-based computational
alanine scanning is more quantitative and its result can be
compared with experimental data directly.14,15,17–19

Immunologic checkpoint receptors, such as the cytotoxic T-
lymphocyte-associated protein 4 (CTLA-4) and programmed
cell death protein 1 (PD-1), are brakes of the human immune
system that prevent the over-activation of T cells which could
cause autoimmunity such as inammation.39–42 Some tumor
This journal is © The Royal Society of Chemistry 2019
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cells utilize this characteristic of the immune system through
the expression of immune checkpoint ligands to induce local
immune suppression. By attenuating and exhausting the
activity of T cells, tumor cell can evade the endogenous anti-
tumor immunity.43–45 For example, programmed cell death 1
ligand 1 (PD-L1), a member of the B7 family, is widely overex-
pressed in many types of tumors such as lung cancer, breast
cancer, glioblastoma, ovarian, and bladder cancers.46,47 The
engagement of PD-1 and PD-L1 results in the activation of the
inhibitory function of PD-1 in T cells.48

Some antibodies have been developed to block the PD-1/PD-
L1 signaling pathway by targeting PD-1 (nivolumab, pem-
brolizumab, etc.) or PD-L1 (atezolizumab, avelumab, durvalu-
mab, etc.) and yield unprecedented efficacy for some types of
cancer (melanoma, non-small cell lung cancer, renal cell
cancer, etc.) in clinical trials.49–53 By inhibiting the activity of
inhibitory molecules in the PD-1/PD-L1 axis, immune check-
point inhibitors release the immune brake of T cells in the
tumor microenvironment, thereby achieve anti-tumor
effects.54,55 Small-molecule inhibitors that target PD-1 or PD-
L1 are also feasible and some have been applied for patents.56–59

Recently, the crystal structure of the extracellular part of the
human PD-1/PD-L1 complex has been solved by Zak et al. and it
provides valuable information about the binding mechanism of
the PD-1/PD-L1 interaction (Fig. 1).60 According to the crystal
structure, PD-1 and PD-L1 primarily interact through a large
interface formed by the b-sheets of PD-1 and PD-L1. Comparing to
the crystal structures of apo-proteins (apo-PD-1 and apo-PD-L1),
the CC0 loop of PD-1 is relatively exible and shows signicant
conformational changes along with the PD-L1 binding, while PD-
L1 is more rigid and shows less conformational differences.61–63

However, it is still unclear which interfacial residues on PD-1
and PD-L1 are hot spots that are critical for their binding even if
Fig. 1 Crystal structure of the PD-1/PD-L1 complex (PDB ID: 4ZQK).
PD-1 and PD-L1 are shown in cartoon and colored in orange and cyan,
respectively.

This journal is © The Royal Society of Chemistry 2019
the crystal structure of the complex has been revealed. In this
study, we use the recently developed MM/GBSA/IE method to
quantitatively identify the hot spots in the PD-1/PD-L1 interac-
tion.64–67 Our result shows that a hydrophobic core and
a surrounding hydrogen bond network formed by the hot spots of
PD-1 and PD-L1 dominate their binding. These predicted hot spots
and their energy information should be helpful to the rational
design of inhibitors targeting the PD-1/PD-L1 signal pathway.
2. Theoretical methods
2.1. Molecular dynamics simulation of the PD-1/PD-L1
complex

The X-ray crystal structure of the PD-1/PD-L1 complex (PDB ID:
4ZQK) was downloaded from the Protein Data Bank (PDB) data-
base and the missing residues (residues 85–92) of PD-1 were
modeled by the SWISS-MODEL server.60,68 The tleap module in
the AMBER14 suite was used to add hydrogen atoms to the
complex and solvate the complex by the TIP3P water in a trun-
cated octahedral box with a buffer distance of 12.0 Å.69,70 Chlorine
and sodium counter ions were added to the box to neutralize the
charge of the system. The system was parameterized using the
AMBER ff14SB force eld.71 Periodic boundary condition (PBC)
was imposed on the system to eliminate the boundary effect. A
cutoff distance of 10.0 Å was set for non-bonded interactions and
the long-range electrostatic interactions were treated by the
Particle Mesh Ewald (PME)method.72 SHAKE algorithmwas used
to constrain the covalent bonds involving hydrogen atoms and
the time step was set to 2 fs.73 The temperature was controlled by
the Langevin thermostat with a collision frequency of 5.0 ps�1

and the Berendsen barostat was used to control the pressure at
1.0 atm.74,75 Pmemd.cuda implemented in AMBER14 was used to
perform MD simulations.

In the energy minimization step, the system was rstly
minimized with the PD-1/PD-L1 complex constrained, then
minimized with the backbone of the PD-1/PD-L1 complex con-
strained and lastly without any constraints. Aer the energy
minimization, the system was heated to 300 K with harmonic
constraints on the backbone atoms of the PD-1/PD-L1 complex
within 200 ps and equilibrated in NVT and NPT ensembles at
300 K for 25 ns. The RMSD of the backbone atoms of the PD-1/
PD-L1 complex was monitored until it reached a steady state in
the equilibration stage. Finally, we performed 5 independent 2
ns production runs (trajectories) to generate ensembles for
further analysis. A total of 10 000 congurations with an
interval of 0.2 ps were extracted from each production MD
trajectory and used for computational alanine scanning.
2.2. Computational alanine scanning

There are basically two approaches to generating the alanine
mutant trajectory, single- and multiple-trajectory approaches,
in the MD-based computational alanine scanning.14 In the
single-trajectory approach, the alanine mutant trajectory is
simply generated from the wild-type trajectory by truncating the
side chain of the residue to be mutated while the Cb atom and
its linking hydrogen atoms are retained. The truncated X
RSC Adv., 2019, 9, 14944–14956 | 14945
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atom(s) is replaced by a hydrogen atom in the same direction as
that of the Cb–X bond and the length of the new Cb–H bond is
set to the default value according to the molecular model that
used. The single-trajectory approach benets from error
cancellation and can partially offset the problem of insufficient
sampling of conformational space. Previous studies have shown
that the single-trajectory approach is more efficient and accu-
rate than the multiple-trajectory approach.14,15,17,18 In this work,
we chose the single-trajectory approach to generate the alanine
mutant trajectory for the above reasons.
2.3. Binding free energy difference

In order to calculate the binding free energy difference
(DDGx/a

bind ) between the wild-type and alanine mutant PPI
complexes, we need to calculate the binding free energies of the
wild-type (DGx

bind) and alanine mutant (DGa
bind), and then obtain

their difference:64,65,76,77

DDGx/a
bind ¼ DGa

bind � DGx
bind

¼
�
DGa

gas þ DGa
sol

�
�
�
DGx

gas þ DGx
sol

�

¼
�
DGa

gas � DGx
gas

�
þ �

DGa
sol � DGx

sol

�
¼ DDGx/a

gas þ DDGx/a
sol (1)

Here, DGbind, DGgas and DGsol represent the total binding
free energy, the gas-phase component and the solvation free
energy component of the total binding free energy, respectively.
The superscript “x/ a” represents that a specic residue “x” of
the Ax protein mutates to alanine “a”, and the superscripts “x”
and “a” denote the wild-type (Ax–B) and the mutant (Aa–B),
respectively.

In this work, we use the recently developed MM/GBSA/IE
method which combines the MM/GBSA and IE methods to
calculate the gas-phase and the solvation components in eqn
(1). In the MM/GBSA/IE method, the gas-phase component is
calculated as follows:64,65

DDGx/a
gas ¼ DGa

gas � DGx
gas

zDGa�B
gas � DGx�B

gas (2)

where DGa–B
gasand DGx–B

gas are the gas-phase binding free energy of
the a–B and x–B residue–protein interactions, respectively. In
the MM/GBSA method, the gas-phase interaction energy is
dened as the sum of molecular mechanics interaction energy
and entropy contribution. Thus they can be calculated by the
following equations:14,66

DGx�B
gas ¼ �

Ex�B
int

�þ KT ln
�
exp

�
bDEx�B

int

��

¼ �
Ex�B

int

�� TDSx�B (3)

and

DGa�B
gas ¼ �

Ea�B
int

�þ KT ln
�
exp

�
bDEa�B

int

��

¼ �
Ea�B

int

�� TDSa�B (4)
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Here IE is dened as

�TDS ¼ KT lnhexp(bDEint)i, (5)

where DEint ¼ Eint � hEinti is the uctuation of interaction
energy around the average. The relevant ensemble averages in
the above equations can be evaluated by averaging over an MD
simulation,

hEinti ¼ 1

T

ðT
0

EintðtÞdt ¼ 1

N

XN
i¼1

EintðtiÞ (6)

and

hexpðbDEintÞi ¼ 1

N

XN
i¼1

expðbDEintðtiÞÞ (7)

For the solvation component ðDDGx/a
sol Þ, it can be expanded

as follows

DDGx/a
sol ¼ DGa

sol � DGx
sol

¼ �
GAaB

sol � GAa

sol � GB
sol

�� �
GAxB

sol � GAx

sol � GB
sol

�
¼ �

GAaB
sol � GAxB

sol

�� �
GAa

sol � GAx

sol

�
(8)

where GAx

sol, G
Aa

sol, G
B
sol, GAxB

sol and GAaB
sol are the solvation free ener-

gies of the Ax protein, the Aa protein, the B protein, the AxB
protein–protein complex, and the AaB protein–protein complex,
respectively. Thus the solvation free energy of B (DGB

sol) is
canceled and the last four solvation free energy terms need to be
calculated to obtain DDGx/a

sol . In the MM/GBSA approach, the
solvation free energy of a system is dened as the sum of two
terms:

Gsol ¼ Ggb + Gnp, (9)

where Ggb and Gnp are the electrostatic solvation free energy and
the nonpolar solvation free energy terms, respectively. The
nonpolar component Gnp is obtained using an empirical
solvent-accessible surface area (SASA) formula:

Gnp ¼ gSASA + b (10)

The g and b values we used here are the standard values of
0.00542 kcal (mol�1 Å2) and 0.92 kcal mol�1.

In this work, we run 5 trajectories for statistical averaging.
For each trajectory, an interval of 10 ps was used to calculate
the average of the interaction energy and the corresponding
energy uctuations. A total of 10 000 congurations with an
interval of 0.2 ps were extracted from each 2 ns production
trajectory for the IE calculation. This results in calculating
a total of 2000 averages with 50 energy points for every average
in the calculation of the uctuation of the interaction energy
for each trajectory. For MM/GBSA, a total of 100 frames equally
distributed among the 10 000 congurations are used. The
MM/PB(GB)SA method implemented in the AMBER14 package
is applied for the MM/GBSA calculations.69 Other detailed
settings for the MM/GBSA/IE calculations are the same as in
ref. 64.
This journal is © The Royal Society of Chemistry 2019



Fig. 3 RMSF of the Ca atoms calculated from the last 20 ns MD
trajectory. The hot and warm spots predicted by the MM/GBSA/IE
method are labeled.
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3. Results and discussion
3.1. Stability of the PD-1/PD-L1complex in MD simulations

The root mean square deviation (RMSD) of the atomic positions
from that of the crystal structure is usually considered to be an
indicator of the stability of the system during MD simulations.
Thus, we calculated the RMSDs of the heavy and Ca atoms of the
complex with reference to the initial crystal structure and
plotted them in Fig. 2. The RMSDs shown in Fig. 2 indicate that
the complex is relatively stable with nominal uctuations near
the equilibrium state during the last 20 ns MD simulation. The
average values of the RMSDs of the heavy atoms and Ca atoms
are 2.11 and 1.59 Å with the standard deviations of 0.13 and 0.16
Å, respectively. This result shows the complex is similar to the
crystal structure and does not have large deviations during the
MD simulation.

The root mean square uctuations (RMSFs) of the residues
in the PD-1/PD-L1 complex are also calculated and plotted in
Fig. 3. The RMSF curve of PD-1 shown in Fig. 3 is similar to that
obtained from a 200 ns MD simulation by Shi et al.78 The C’D
loop (residues 85–95), which was not determined in the crystal
structure and was model by the SWISS-MODEL server in this
work, is the most exible region of the liganded PD-1. Other
regions of PD-1 are relatively rigid while some loops (such as BC
and CC0 loops) show relatively minor uctuations. For PD-L1 in
the complex, the most exible region is the BC loop (residues
41–54). This is consistent with the recent nding of the prin-
cipal component analysis (PCA) of all the crystal structures that
contain the IgV domain of PD-L1.79 The PD-1/PD-L1 complex
structure obtained from the PDB database with missing resi-
dues added by the SWISS-MODEL server is stable during theMD
simulations and should be reliable for further analysis.

3.2. Quantitative prediction of residue-specic binding
energies

The recently developed computational alanine scanning
approach based on the MM/GBSA/IE method is used to identify
the hot spots in the interface of the PD-1/PD-1 interaction. The
interface residues of PD-1 and PD-L1 are scanned if their
Fig. 2 RMSDs of the heavy atoms (red) and Ca atoms (black) of the
PD-1/PD-L1 complex relative to the initial crystal structure as a func-
tion of time during the last 20 ns MD simulation.

This journal is © The Royal Society of Chemistry 2019
nearest atom-pair distance is less than 5.0 Å. A total of 22 and 20
interfacial residues of PD-1 and PD-L1 are scanned and the
detailed results are ranked according to the computed DDG
values (Table S1†). Examination of the residue types of the hot
spots in the PD-1/PD-L1 interaction shows that the hot spots are
primarily formed by nonpolar and polar residues while some
basic residues are also hot spots (Table 1). This means that both
nonpolar and polar interactions are important for the PD-1/PD-
L1 binding.

For PD-1, there are 8 hot spots (PD-1Q75, PD-1I134, PD-1I126,

PD-1E84, PD-1K78, PD-1Y68, PD-1L128, and PD-1N66) with the DDG
values greater than 2 kcal mol�1 and 1 warm spot (PD-1K131)
with the DDG between 1-2 kcal mol�1 (Fig. 4). For PD-L1, there
are 6 hot spots (PD-L1Y123, PD-L1Y56, PD-L1R125, PD-L1M115,

PD-L1R113, and PD-L1Q66) and 2 warm spots (PD-L1I54 and

PD-L1K124) (Fig. 4). Hence the number of the hot and warm spots
on PD-L1 is close to that on PD-1. The energy components of the
hot and warm spots on PD-1 and PD-L1 are shown in Table 2
Table 1 Summary of the residue types of the hot and warm spots in
the PD-1/PD-L1 interaction predicted by the MM/GBSA/IE method

Protein Nonpolar Polar Basic Acidic

Hot spots
PD-1 PD-1I134 PD-1Q75 PD-1K78 PD-1E84

PD-1I126 PD-1Y68
PD-1L128 PD-1N66

PD-L1 PD-L1M115 PD-L1Y123 PD-L1R125
PD-L1Y56 PD-L1R113
PD-L1Q66

Warm spots
PD-1 PD-L1I54 PD-1K131
PD-L1 PD-L1K124

RSC Adv., 2019, 9, 14944–14956 | 14947



Fig. 4 Hot andwarm spots in the PD-1/PD-L1 interaction predicted by
the MM/GBSA/IE method.

Fig. 5 Close-up view of the hot and warm spots in the PD-1/PD-L1
interaction that predicted by the MM/GBSA/IE method. The hot spots
of PD-1 (blue cartoon) and PD-L1 (green cartoon) are shown in sticks
with carbon atoms colored in green and orange, respectively.

RSC Advances Paper
and plotted in Fig. S2.† As shown in Fig. S2,† the hot spots on
PD-1 and PD-L1 are mostly dominated by van der Waals (VDW)
interactions except for PD-1E84, PD-1Y68, and PD-1N66 which are
dominated by polar and nonpolar interactions.

A close-up analysis of the predicted hot spots in the interface
of the complex indicates a hydrophobic core formed by PD-1I134,

PD-1I126, and PD-1L128 of PD-1 and PD-L1Y123, PD-L1Y56,

PD-L1M115, PD-L1R113, and PD-L1I54 of PD-L1 (Fig. 5 and 6). The
hot spot PD-1I134 is an important residue of PD-1, its side chain
interacts directly with the side chains of PD-L1Y123, PD-L1R113,
Table 2 Hot and warm spots in the PD-1/PD-L1 interaction predicted b

Mutation DDEvdW DDEele DDGgb DDGnp

(A) PD-1
Q75A 4.14 10.77 �8.48 0.34
I134A 5.91 �0.29 �0.80 0.12
I126A 4.53 �0.01 �0.41 �0.08
E84A 2.03 11.58 �8.62 0.09
K78A 2.98 4.33 �2.93 0.07
Y68A 1.80 5.23 �3.74 �0.08
L128A 3.56 �0.38 �0.67 0.14
N66A 1.39 3.15 �2.06 �0.06
K131A 1.69 7.31 �7.43 0.19

(B) PD-L1
Y123A 7.14 3.96 �3.98 0.49
Y56A 5.24 0.50 �0.68 0.04
R125A 4.64 �2.21 1.50 0.55
M115A 3.93 �0.96 �0.03 0.06
R113A 2.59 0.48 0.62 0.30
Q66A 2.25 3.16 �2.92 0.04
I54A 1.88 �0.08 �0.38 0.13
K124A 3.02 3.21 �3.56 0.34

a Standard deviation of DDH. b Standard deviation of DDIE. c Standard de

14948 | RSC Adv., 2019, 9, 14944–14956
PD-L1M115, and PD-L1Y56 by van der Waals interactions
(Fig. S2†). The PD-1I134A mutation leads to the loss of about
4 kcal mol�1 of the binding free energy (Table 2A), highlighting
the importance of these hydrophobic interactions. The hot
spots PD-1I126, PD-1L128, and PD-1I134, together with PD-1A132,
form a hydrophobic pocket to accommodate PD-L1M115 (named
M115 pocket) (Fig. 6A). The PD-1I126A and PD-1L128A mutations
lead to a decrease of about 3 kcal mol�1 and 2 kcal mol�1 of the
binding free energy, respectively. Indicating that PD-1I126 and
y the MM/GBSA/IE method

DDH SD1a DDIE SD2b DDG SDc

6.78 0.27 �1.48 0.28 5.30 0.54
4.95 0.22 �0.87 0.26 4.09 0.46
4.03 0.12 �0.60 0.03 3.42 0.10
5.08 0.14 �2.08 0.18 3.01 0.24
4.46 0.17 �1.58 0.07 2.88 0.21
3.22 0.23 �0.84 0.07 2.38 0.27
2.65 0.10 �0.38 0.03 2.27 0.12
2.42 0.04 �0.38 0.03 2.04 0.07
1.76 0.08 �0.58 0.06 1.18 0.09

7.60 0.50 �1.69 0.11 5.92 0.46
5.10 0.28 �0.52 0.04 4.59 0.27
4.48 0.38 �1.39 0.10 3.09 0.41
2.99 0.12 �0.47 0.04 2.52 0.10
3.99 0.72 �1.84 0.10 2.15 0.65
2.53 0.03 �0.43 0.04 2.11 0.04
1.55 0.05 �0.14 0.00 1.41 0.04
3.01 0.11 �1.78 0.52 1.23 0.59

viation of DDG.

This journal is © The Royal Society of Chemistry 2019



Fig. 6 Surface representation of the hydrophobic core that formed by the hot and warm spots in the PD-1/PD-L1 interaction. The hot and warm
spots that compose the hydrophobic core are colored surface and labeled in green font.
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PD-1L128 contribute less than PD-1I134 for the PD-1/PD-L1
binding. For PD-L1, the hot spot PD-L1M115 binds to the
center of the hydrophobic pocket that formed by the hot spots
on PD-1 (Fig. 5). Our calculation shows that the PD-L1M115A
mutation leads to a decrease of over 2 kcal mol�1 of the binding
free energy (Table 2B). This's less than the binding free energy
differences of the PD-L1Y123A, PD-L1Y56A, and PD-L1R125A
mutations. The PD-L1Y123A mutation results in a loss of DDG
Fig. 7 Stable hydrogen bonds in the interface of the PD-1/PD-L1 comple
PD-L1 (green cartoon) are shown in sticks with carbon atoms colored in

This journal is © The Royal Society of Chemistry 2019
greater than 5 kcal mol�1. The side chain of PD-L1Y123 interacts
with the side chain of PD-1I134 and forms a p–p interaction with

PD-1Y68 (Fig. 5). Moreover, the hydroxyl group of the side chain
of PD-L1Y123 forms a stable hydrogen bond with the side chain
of PD-1E136 (see below). These various interactions formed by
the side chain of PD-L1Y123 and the high DDG value of the

PD-L1Y123A mutation demonstrate that PD-L1Y123 is a signicant
residue in the PD-1/PD-L1 interaction.
x during the MD simulations. The hot spots of PD-1 (blue cartoon) and
green and orange, respectively.

RSC Adv., 2019, 9, 14944–14956 | 14949



Table 3 Stable hydrogen bonds (and salt bridges) between PD-1 and
PD-L1 in the PD-1/PD-L1 interaction. Hot-spot acceptor and hot-spot
donor (A); hot-spot acceptor and null-spot donor (B); null-spot
acceptor and hot-spot donor (C); null-spot acceptor and null-spot
donor (D)

Acceptora Donor Occupancyb

(A) H–H
PD-L1R125@O PD-1Q75@NE2 0.90
PD-1Q75@OE1 PD-L1R125@N 0.51

(B) H–NH
PD-1E84@OE PD-L1F19@N 0.69
PD-1E84@OE PD-L1G120@N 0.64

(C) NH–H
PD-L1D122@OD PD-1Y68@OH 0.98
*PD-1E136@OE PD-L1R113@NH 0.94
PD-L1F19@O PD-1K78@NZ 0.87
PD-L1A121@O PD-1K78@NZ 0.80
PD-1E136@OE PD-L1Y123@OH 0.79
PD-L1D26@OD PD-1Q75@NE2 0.78
PD-L1A121@O PD-1N66@ND2 0.68

(D) NH–NH
PD-L1D26@OD PD-1S73@OG 0.57

a The salt bridge is labeled with *. b The hydrogen bonds are
determined by the default criteria (angle of acceptor hydrogen donor
atoms greater than 135� and distance of acceptor donor atoms less
than 3.0 Å) in the CPPTRAJ module of the AMBER14 package. Only
hydrogen bonds with occupancy $ 0.50 are listed.

RSC Advances Paper
The PD-L1Y56A mutation also leads to a large decrease of the
binding free energy (over 4 kcal mol�1) since PD-L1Y56 interacts
with PD-1I134 and PD-1A132 through the van der Waals interac-
tions of its side chain (Fig. S2†). Therefore, PD-L1Y123, PD-L1Y56,
and PD-L1M115 are the most important hot spots that constitute
the hydrophobic pocket on PD-L1 to accommodate PD-1I134
(named I134 pocket) (Fig. 6B). In addition, the hot spot

PD-L1R113 and warm spot PD-L1I54 interact directly with PD-1I134
and PD-1L128, respectively (Fig. 5). The computational alanine
scanning shows the PD-L1R113A and PD-L1I54A mutations lead to
smaller losses of the binding free energy (2.15 kcal mol�1 and
1.41 kcal mol�1). The warm spot PD-L1I54 is located at the edge
of the hydrophobic region of PD-L1 and interacts with the side
chain of PD-1L128 only (Fig. 5 and 6B). This can explain why the

PD-L1I54A mutation causes a less loss of the binding free energy.
Besides the hydrophobic core hot spots, PD-1Q75 and

PD-L1R125 interact through hydrogen bonds and side-chain van
der Waals interactions (Fig. 7A). The energy components of the

PD-1Q75A mutation indicate that both polar and nonpolar
interactions are signicant for its interaction with PD-L1 while
the energy components of the PD-L1R125A mutation indicate
that PD-L1R125 is dominated by nonpolar interactions (Fig. S2†).
Hydrogen bond analysis shows that the side chain amine of

PD-1Q75 forms a strong hydrogen bond with the backbone
oxygen atom of PD-L1R125 with an occupancy of 90% and the
side-chain carbonyl group of PD-1Q75 forms a relatively weaker
hydrogen bond with the backbone nitrogen atom of PD-L1R125
with an occupancy of 51% (Table 3A). This can explain why the
polar energy component is signicant in the PD-1Q75A
14950 | RSC Adv., 2019, 9, 14944–14956
mutation. These two hydrogen bonds that formed by the two
hot spots are stable during the MD simulations and the energy
components of their alanine mutations show that the van der
Waals interactions between their side chains are also signi-
cant. These results highlight the importance of PD-1Q75/PD-
L1R125 interaction for the PD-1/PD-L1 binding.

Recently, Liu et al. studied the binding mechanism of the
PD-1/PD-L1 interaction based on MD simulations.80 They found
that both the open and closed conformations exist in apo-PD-1,
and PD-L1 stabilizes the CC0 loop of PD-1 in the closed
conformation and induces the structural rearrangement of the
CC0 loop aer binding. These results suggest a binding mech-
anism that involves both conformational selection and induced
t. Here, we can see that this binding mechanism is mainly
controlled by the interaction between PD-1Q75 and PD-L1R125
because PD-1Q75 is located in the CC0 loop of PD-1 and is the
most important hot spot in PD-1 (Fig. 4). In addition, it's evident
that hot spots usually have smaller RMSF values (Fig. 3),
meaning they are more stable residues in the PD-1/PD-L1
interaction.
3.3. Hydrogen bond analysis

Except for the hot spots (hydrophobic core hot spots, PD-1Q75,
and PD-L1R125) that have been mentioned in the above section,
our alanine scanning calculation predicts that some other polar
and charged residues are also hot spots (PD-1E84, PD-1K78,

PD-1N66, and PD-L1Q66) (Fig. 4 and 5). In order to obtain more
information about their interactions, we performed an
exhaustive hydrogen bond analysis between PD-1 and PD-L1
(Table 3). As shown in Table 3 and Fig. 5, the most important
hydrogen bonds between PD-1 and PD-L1 are mainly formed by
the polar and charged hot spots that around the hydrophobic
core and some backbone atoms of null spots (DDG less than
1.00 kcal mol�1) are also involved in the hydrogen bonds
formation.

For PD-1, the side-chain carboxyl group of the hot spot PD-1E84
forms two hydrogen bonds with the backbone nitrogen
atoms of PD-L1F19 and PD-L1G120 (PD-1E84@OE/PD-L1F19@N;

PD-1E84@OE/PD-L1G120@N) (Fig. 7B), and the side-chain
amine group of the hot spot PD-1K78 forms two hydrogen bonds
with the backbone carbonyl oxygen atom of PD-L1F19 and PD-L1A121
(PD-L1F19@O/PD-1K78@NZ; PD-L1A121@O/PD-1K78@NZ)
(Fig. 7C). Additionally, the side-chain amine group of the hot spot

PD-1N66 forms a hydrogen bond with the backbone carbonyl
oxygen of PD-L1A121 (PD-L1A121@O/PD-1N66@ND2) (Table 3C).
These ve hydrogen bonds that formed by the side chains of the
hot spots of PD-1 and the backbones of the null spots of PD-L1 are
stable during the MD simulations (Table 3B and C). Indicating the
side chain of these hot spots (PD-1E84, PD-1K78, and PD-1N66) are
important for the stabilization of the PD-1/PD-L1 interaction.
Moreover, the side-chain hydroxyl group of the hot spot PD-1Y68
forms a hydrogen bond with the side-chain carboxyl group of

PD-L1D122 (PD-L1D122@OD/PD-1Y68@OH) (Fig. 7C and Table 3C).
This hydrogen bond can stabilize the orientation of the side chain
of PD-1Y68 while PD-1Y68 additionally takes part in a p–p interac-
tion with PD-L1Y123 (Fig. 5). Although the side chain of PD-L1D122
This journal is © The Royal Society of Chemistry 2019



Table 4 Hot spots in the PD-1/PD-L1 interaction predicted by four different methods. The x denotes that the residue is not calculated by the
method, 0 denotes the predicted null spot, and 1 denotes the predicted hot spot

Residue Robetta servera KFC server HotRegion database MM/GBSA/IE Percentageb

(A) PD-1
Y68 1 1 1 1 100
K78 1 1 1 1 100
I126 1 1 1 1 100
A132 x 1 1 x 100
I134 1 1 1 1 100
Q75 1 1 0 1 75
L128 1 0 1 1 75
N66 1 0 0 1 50
T76 0 1 1 0 50
G124 x 0 1 x 50
E84 0 0 x 1 33
V64 0 0 1 0 25

(B) PD-L1
M115 1 1 1 1 100
A121 x 1 1 x 100
Y123 1 1 1 1 100
Y56 1 1 0 1 75
R113 1 0 1 1 75
Q66 1 0 0 1 50
D122 0 1 1 0 50
K124 1 1 0 0 50
R125 0 0 1 1 50
E58 1 0 x 0 33
N63 1 0 x 0 33
F19 0 0 1 0 25
V23 0 0 1 0 25
I54 0 0 1 0 25

a For the Robetta server, the residue is a hot spot if DDG$ 1.0 kcal mol�1. b Percentage of hot spot predictions (%). Percentage¼HP/NP, where HP
is the number of hot spot predictions and NP is the number of predictions. Residues with the percentage greater than 0 are shown.
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participates in this hydrogen bond, it is a null spot and the DDG
value of its alanine mutation is 0.53 kcal mol�1 (Table S1†).

For PD-L1, the side chain guanidino group of the hot spot

PD-L1R113 forms a stable salt bridge with the side-chain carboxyl
group of PD-1E136 (*PD-1E136@OE/PD-L1R113@NH)
(Fig. 7D and Table 3C). Besides this salt bridge, the hot spot

PD-L1Y123 forms a relatively weak hydrogen bond with PD-1E136
(PD-1E136@OE/PD-L1Y123@OH) (Fig. 7D and Table 3C). Inter-
estingly, PD-1E136 is a null spot although its side-chain atoms
form a salt bridge and a hydrogen bond with the side chains of

PD-L1R113 and PD-L1Y123, respectively (Table S1†). This is
validated by some other hot spot detection methods (see
below). The computational alanine scanning result shows the

PD-1E136A mutation is favorable for the PD-1/PD-L1 interaction
due to the benets of van der Waals interactions and entropy
contribution (Table S1†). Except these stable salt bridge
and hydrogen bond interactions, many weaker hydrogen
bonds and salt bridges (such as PD-1E84@OE/PD-L1A18@N;
*PD-1E136@OE/PD-L1R113@NE; PD-L1Q66@OE1/PD-1A132@N;

PD-1T76@O/PD-L1K124@NZ and PD-L1Y123@O/PD-1T76@OG1)
(data not shown) that formed by the interface residues of PD-1
and PD-L1 should also contribute to the stabilization of the
PD-1/PD-L1 interaction.
This journal is © The Royal Society of Chemistry 2019
The hydrogen bond analysis shows that the polar and
charged hot spots play an important role in the PD-1/PD-L1
interaction. The hydrogen bonds and salt bridges between the
side chains of the hot spots and the backbones of the null spots
form a stable hydrogen bond network around the hydrophobic
core between PD-1 and PD-L1. These interactions, together with
the hydrophobic interactions of the hydrophobic core, are
responsible for the stable PD-1/PD-L1 interaction.

3.4. Hot spot detection using different methods

We have identied the hot spots in the PD-1/PD-L1 complex by
using the computational alanine scanning and obtained some
valuable information about their interactions. However, in silico
alanine scanning approaches for hot spot detections are not
perfect and false predictions may exist. To the best of our
knowledge, the experimental alanine scanning of the PD-1/PD-
L1 interaction has not been studied so far. Thus, there are no
systemic experimental results that can be used to compare with
our calculated results.

In order to validate our hot spot predictions, we compared
our predictions to those from some other hot spot detection
methods. Up to now, a number of in silico methods have been
developed and widely used to detect the hot spots in PPI
RSC Adv., 2019, 9, 14944–14956 | 14951



Fig. 8 Comparison of the hydrogen bonds of PD-1E84 in the PDB (A) and MD equilibrated (B) structures. The hydrogen bonds between PD-1E84
and the two residues of PD-L1 (PD-L1G120 and PD-L1F19) are shown in dotted lines and their distances are labeled in blue font.
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interface.16–18,21–28,31–35 In this work, we used three knowledge-
based methods (Robetta server, KFC server, and HotRegion
database) for comparison.16,23,28,29 These methods are generally
accurate for hot spot identication and relatively fast because
they use simple scoring functions and a single protein–protein
complex structure for hot spot prediction. However, they usually
Fig. 9 Comparison of the hot spots on PD-1 and PD-L1 that predicted by
server, KFC server, HotRegion database, and MM/GBSA/IE methods are

14952 | RSC Adv., 2019, 9, 14944–14956
do not predict the binding free energy difference quantitatively
like the MD-based computational alanine scanning methods.

The hot spots predicted by the four different methods are
summarized in Table 4. As shown in Table 4, there are 7
(PD-1Y68, PD-1K78, PD-1I126, PD-1A132, PD-1I134, PD-1Q75, and

PD-1L128) and 5 (PD-L1M115, PD-1A121, PD-L1Y56, PD-L1Y123, and
the four different methods. The hot spots that predicted by the Robetta
shown in red, yellow, green, and blue bars, respectively.

This journal is © The Royal Society of Chemistry 2019
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PD-L1R113) hot spots on PD-1 and PD-L1, respectively, if we use
the percentage value greater than 50% as the criterion of a hot
spot. All these hot spots are correctly predicted by the MM/
GBSA/IE method except the two alanine hot spots (PD-1A132
and PD-L1A121) which are not calculated by the MM/GBSA/IE
method.

The percentage value of PD-1N66 is 50%, both the Robetta
server and the MM/GBSA/IE method predict that it is a hot spot,
but the KFC server and the HotRegion database predict that it is
a null spot (Table 4). Thus, the status of PD-1N66 can't be
determined currently. The percentage value of PD-1E84 is 33%,
only the MM/GBSA/IE method predicts that it is a hot spot and
the HotRegion database doesn't give a prediction for this
residue. Actually, the distance of the two hydrogen bonds that
formed by the side chain of PD-1E84 and the residues of PD-L1
(PD-L1G120 and PD-L1F19) is smaller than that in the crystal
structure during the MD simulations (Fig. 8). This can explain
the different results between the MM/GBSA/IE method and the
other three methods because the MM/GBSA/IE method calcu-
lates DDG according to the snapshots of MD trajectories and the
other three methods identify hot spots based on a single X-ray
crystal structure. For PD-L1, the result of PD-L1Q66 is the same
as that of PD-1N66 (Table 4). Both the Robetta server and the
MM/GBSA/IE method predict that it is a hot spot while the KFC
server and the HotRegion database predict that it is a null spot.
For PD-L1R125, both the Hotregion database and the MM/GBSA/
IE method predict that it is a hot spot. But the Robetta server
and the KFC server predict that it is a null spot. However, the
guanidino group of the side chain of PD-L1R125 is missing in the
X-ray crystal structure. Thus, the predictions of this residue that
based on the crystal structure should be less reliable.

Hydrogen bond analysis in the above section identied
multiple hydrogen bonds stably formed by the side chain of

PD-1E136 and the residues on PD-L1, but the computational
alanine scanning based on the MM/GBSA/IE method identied

PD-1E136 as a null spot. Here, the other three methods also
predict that it is a null spot (it is not listed in Table 4 since its
percentage value equals to zero). The hot spots predicted by the
MM/GBSA/IE method are basically consistent with the other
three methods. Combining with the predicted results of the
other methods, we identied two additional hot spots (PD-1A132
and PD-L1A121) which could not be calculated by computational
alanine scanning approaches (Fig. S3†). Fig. 9 is added for
a direct comparison of the hot spots that predicted by these four
methods.

4. Conclusions

By using the MM/GBSA/IE method-based computational
alanine scanning, we have quantitatively identied the hot
spots in the PD-1/PD-L1 interaction. Briey, the results of the
computational alanine scanning revealed a shallow hydro-
phobic pocket on the surfaces of PD-1 and PD-L1, respectively.
The hydrophobic pocket on PD-1 (M115 pocket) is formed by
the hot spots PD-1I134, PD-1I126, and PD-1L128 which accommo-
dates the hot spot PD-L1M115. And the hydrophobic pocket on
PD-L1 (I134 pocket) is composed of the hot spots PD-L1Y123,
This journal is © The Royal Society of Chemistry 2019
PD-L1Y56, PD-L1M115, and PD-L1R113 which accommodates the
hot spot PD-1I134. The residues of the two pockets, together with

PD-1A132, PD-L1I54, and PD-L1A121, are tightly compacted to form
a hydrophobic core in the interface of the PD-1/PD-L1 complex.
The energy component analysis of the computational alanine
scanning shows the PD-1/PD-L1 interaction is dominated by the
van der Waals interactions of these hydrophobic hot spots.
Thus, these hydrophobic residues are potential targets for
designing inhibitors that disrupt the PD-1/PD-L1 interaction.
Moreover, our result shows PD-1Q75 and PD-L1R125 are hot spots
that have direct and stable hydrogen bonds and van der Waals
interactions, which means their interactions are important for
the PD-1/PD-L1 recognition and binding. This nding is
consistent with some recent works.78,80

In addition, the hydrogen bond analysis revealed a stable
hydrogen bond network between PD-1 and PD-L1. This unique
hydrogen bond network around the hydrophobic core is formed
by the side chains of polar and charged hot spots and the
backbone atoms of null spots. Rational design of inhibitors that
targeting both the hydrophobic and hydrophilic hot spots could
maximize the specicity and affinity to PD-1 or PD-L1. One
interesting thing that we have found is PD-1E136 is a null spot
even if its side chain forms multiple hydrogen bonds with PD-
L1.

Moreover, we compared the hot spots identied by the MM/
GBSA/IE method with other three hot spot detection methods.
The hot spots predicted by the four methods are basically in
agreement while some minor differences are discovered.
Specically, the different predictions of PD-1E84 between the
MM/GBSA/IE method and the other three methods reveal a gap
between the MD-based and crystal structure-based methods.
One should keep in mind that the MD-based methods are not
always more reliable. Because there are still many defects in the
present mainstream force elds, especially for polar and
charged residues which usually have signicant polarization
effects. By combing the results of different methods, we pre-
dicted the hot spots in the PD-1/PD-L1 interaction with more
condence and detected the alanine hot spots in the PD-1/PD-
L1 interaction.

In a word, the hot spots determined in this study help us
understand the complex binding mechanism of the PD-1/PD-L1
interaction. We hope that the current study provides useful
guidance for the rational design of novel drugs for immune
regulation.
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