
INTRODUCTION

In the present work the possibilities of molecular

dynamics approach and of the Pafnucy artificial neural

network [1] for examining regularities in the complexa�

tion of the mannose (Man) receptor of

macrophages (Mϕ) with carbohydrate ligands are studied

that is necessary for constructing drug carriers targeted to

mannose receptors (MR) of macrophages.

For creating effective treatment approaches for vari�

ous diseases, including respiratory diseases, it is impor�

tant not only to develop new pharmaceuticals, but also

their targeted delivery to the affected tissues and cells [2].

Mϕ can serve as targets, which play an important role in

the immune response due to recognition and killing

pathogens [3]. However, Mϕ can also be a reservoir for

growth and reproduction of bacteria and viruses that sig�

nificantly limits efficiency of antibiotics and of antiviral
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Abstract—Computer modeling of complexation of mono� and oligosaccharide ligands with the main (fourth) carbohydrate�

binding domain of the mannose receptor CD206 (CRD4), as well as with the model receptor concanavalin A (ConA), was

carried out for the first time, using methods of molecular dynamics and neural network analysis. ConA was shown to be a

relevant model of CD206 (CRD4) due to similarity of the structural organization of the binding sites and high correlation

of the values of free energies of complexation between the literature data and computer modeling (r > 0.9). Role of the main

factors affecting affinity of the ligand–receptor interactions is discussed: the number and nature of carbohydrate residues,

presence of Me�group in the O1 position, type of the glycoside bond in dimannose. Complexation of ConA and CD206 with

ligands is shown to be energetically caused by electrostatic interactions (E) of the charged residues (Asn, Asp, Arg) with oxy�

gen and hydrogen atoms in carbohydrates; contributions of hydrophobic and van der Waals components is lower. Possibility

of the additional stabilization of complexes due to the CH–π stacking interactions of Tyr with the Man plane is discussed.

The role of calcium and manganese ions in binding ligands has been studied. The values of free energies of complexation

calculated in the course of molecular dynamics simulation correlate with experimental data (published for the model

ConA): correlation coefficient r = 0.68. The Pafnucy neural network was trained based on the set of PDBbind2020 lig�

and–receptor complexes, which significantly increased accuracy of the energy predictions to r = 0.8 and 0.82 for CD206

and ConA receptors, respectively. A model of normalization of the complexation energy values for calculating the relevant

values of ΔGbind, Kd is proposed. Based on the developed technique, values of the dissociation constants of a series of CD206

complexes with nine carbohydrate ligands of different structures were determined, which were not previously known. The

obtained data open up possibilities for using computer modeling for the development of optimal drug carriers capable of

active macrophage targeting, and also determine the limits of applicability of using ConA as a relevant model for studying

parameters of the CD206 binding to various carbohydrate ligands.
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therapy [4, 5]. The antigen�presenting cells, including

Mϕ, are major contributors to creation of the immuno�

suppressive microenvironment of tumors and concur�

rently decrease immune response [6]. Repolarization of

the immunosuppressive tumor�associated macrophages

(M2) to proinflammatory cells (M1) it is a promising

pathway for solving this problem [7]. However, the exces�

sive pro�inflammatory activity of macrophages is the

cause of autoimmune diseases (rheumatoid arthritis,

osteoarthritis, multiple sclerosis). It is thought that spe�

cific activation of macrophages can be an effective

approach for therapy of neurodegenerative diseases [8].

Based on the above�mentioned knowledge, the targeted

delivery of antibacterial preparations or substances capa�

ble of regulating the activation of macrophages to

macrophages depending on the treatment purpose [9]

seems to be a promising approach for increasing effec�

tiveness of therapeutics in various diseases.

Potentially, it is possible to affect macrophages by

binding bioactive molecules with pattern recognition

receptors, which include toll�like receptors (binding gly�

colipids, lipopolysaccharides, lipoteichoic acids, pepti�

doglycans), complement receptors (recognizing the

opsonizing fragments C3b, iC3b, and C3dg), scavenger

receptors (recognizing glyco� and lipoproteins), and

lectin receptors [3]. Influencing lectin receptors during

macrophage targeting makes it possible to activate the

targeted branches of T�helper lymphocytes: Th1, Th2, or

Th17 [10, 11].

It should be noted that targeting Mϕ through man�

nose receptors recognizing Man�, Fuc�, and GlcNAc�

residues of the cell wall oligosaccharides of pathogenic

microorganisms [12] has some advantages in comparison

with the strategy of targeting other receptors: only the dis�

ease�causing macrophages are affected, the risk of resist�

ance and complications is reduced, and effectiveness is

increased (https://www.macrophagetx.com). The major

mannose receptor of Mϕ is CD206 – a C�type lectin,

which is a 175 kDa transmembrane protein. The C�ter�

minal part of CD206 contains a short cytoplasmic part of

45 amino acids (aa) [3]. Carbohydrates of MR are bound

due to the C�type lectin�like region consisting of eight

domains. However, only the fourth carbohydrate�recog�

nizing domain (CRD4) was shown to have an ability to

bind carbohydrates without binding other compo�

nents [13, 14]. Therefore, the CRD4 was used in the pres�

ent work for modeling MR features and identifying the

most specific mannose ligands. It should be noted that

according to the experimental data [15] parameters of

oligosaccharide binding by the pair of CRD domains (4�

5) are mostly the same as those for the whole mannose

receptor of CD206, which was exemplified with the

Man23 oligosaccharide (23 mannose residues in the mol�

ecule).

However, since the MRs themselves are difficult to

access and experimental data on the CD206 complexes

are extremely scarce, model receptor proteins are often

used for determination of main trends in binding man�

nose ligands. It is believed that CD206 should be very

similar to concanavalin A (ConA) in the regularities of

binding carbohydrates [3]. Thus, one of the purposes of

the present work was to compare these receptors for

detecting the limits of applicability of ConA as a model of

MR. ConA consists of four subunits (each of 26.5 kDa,

237 aa), is strongly glycated, binds carbohydrates in the

presence of metal cations (usually Mn2+ and Ca2+)

[16, 17]. Ca2+ cation coordinates amino acid residues and

“prepares” the receptor for recognizing carbohydrates,

which is different from concanavalin A as Ca2+ in CD206

participates in the direct complexation with ligands. In

the ConA binding site there is another cation, Mn2+ in

this case (sometimes this cation is replaced by Co2+, Ni2+,

Zn2+), which fixes the position of Ca2+ decreasing mobil�

ity of amino acid residues in the binding site. Presence of

both cations in ConA is necessary for enabling binding

ability of the protein [18, 19].

High affinity ligand–receptor interactions can be

searched using different physico�chemical approach�

es [20]: isothermal titration calorimetry [21, 22], fluores�

cent methods [23, 24], Fourier infrared spectroscopy

[25], Landsteiner’s inhibition method [26]. To determine

expression of Mϕ antigens and pathways of their activa�

tion flow cytometry is also used [27]; confocal

microscopy is used for visualizing cellular absorption of

drug carriers [28]. Computer simulation is an approach,

which is being actively developed. Molecular dynam�

ics (MD) and artificial neural networks (NNs) make it

possible to model various chemical processes, including

ligand–receptor interactions. The in silico methods make

it possible to study a wide range of compounds with vari�

able structure and spatial organization, synthesis of which

in laboratory is laborious, time�consuming and frequent�

ly cannot be realized.

MD allows researchers to study interaction mecha�

nisms of receptor proteins with ligands: pathways [29�31]

and kinetics of complex dissociation [32], as well as bind�

ing of ligands with receptors [33�35]. MD makes it possi�

ble to evaluate complexation parameters: free energy of

interaction, contribution of hydrogen bonds, van der

Waals (vdW) and E, energy of solvation and desolva�

tion [33, 36, 37]. MD is a good approach for studying and

refinement of crystal structures of proteins and their com�

plexes, namely: simulations reveal essential ligand–

receptor interactions, which are absent in the crystal [34].

MD reveals interrelation between the hydrophobicity and

hydrophilicity of a ligand, its shape (elongated, T�shaped,

curved), complex stability, and kinetics of the bind�

ing [38]. However, the MD approach requires significant

computational power and long simulation time, which

could be reasonable in the cases when it is important to

detect mechanism of interaction of molecules under

study. At the same time, an artificial neural network is a
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complementary method (or a replacement of MD) for

high throughput screening of many ligands for evaluating

their affinity for a receptor.

Several neural networks predicting dissociation

(association) constants of ligand–receptor complexes or

of inhibition constant based on the PDBbind database

(SE�OnionNet [39], Pafnucy [1], Nnscore 2.0 [40]) are

known. The main advantage of neural network approach

in comparison with MD is a short computation time

(several minutes as compared to days or weeks in the MD

simulation), and also the alternative principle of NN

functioning, i.e., the “comparison” of the given lig�

and–receptor pair with the ones known from the litera�

ture (PDBbind) in a set of parameters (19 in the present

work), including types of constituent atoms, valences,

hybridizations, charges. Accuracy of the affinity predic�

tion depends on the “training” of the network, number

of layers and neurons in the network, and the algorithm

complexity. It should be noted that the computational

methods are being actively improved that opens

prospects for using MD and NNs as important tools in

biochemistry.

Recently, a number of works appeared in the litera�

ture clearly demonstrating high potential of neural net�

works. Thus, in the work of Lahey and Rowley [41] sta�

bility of molecular conformations was predicted using

NNs with accuracy comparable to the quantum chemical

calculations, but with a significantly decreased computa�

tional costs of the simulation of ligand–receptor interac�

tions (for instance, phosphodiesterase 5A with tadalafil).

NNs was able to predict the receptor and ligand positions

during binding, as well as the value of Gibbs energy (with

good correlation with experimental data) for some bio�

molecules, e.g., biotin carboxylase, dehydrofolate reduc�

tase [42]. Using NNs and artificial intelligence technolo�

gies facilitated the search of potential drugs among the

substances used in medicine or tested in clinical trials:

faldaprevir – in hepatitis C, the immunodepressant

cyclosporin, remdecevir, mefuparib, etc. These therapeu�

tic agents can be repurposed for reducing the viral load,

relieving symptoms of COVID�19, and effective treat�

ment of viral infection [43].

However, in silico methods, including the neural net�

work technology, only begin to be used by researchers for

direct study of biosystems. Nevertheless, a significant

potential of computer simulation has been demonstrated

already in some works [44�46]. That is why one purpose

of the present work was to demonstrate the prospects of

using NNs and also of MD for investigation of

ligand–receptor interactions of mono� and oligosaccha�

rides with the CRD4 of the CD206 mannose receptor, as

well as with the model lectin concanavalin A. For some

ConA–ligand complexes, experimental constants have

been reported in the literature, and this allowed us to val�

idate and optimize on this basis simulation methods and

to study interactions of a series of ligands with the fourth

carbohydrate�binding domain (CRD4) of the mannose

receptor of CD206, for which the experimental parame�

ters were not described previously.

MATERIALS AND METHODS

Structures of complexes. Spatial structures of the

ConA receptor molecules and of 15 carbohydrate ligands

were reconstructed using crystallographic PDB data

(table). Structures and spatial organization of the

ligands 1�15 were varied: the carbohydrate residue type,

the number of Man� and GlcNAc�residues in the carbo�

hydrate (from 1 to 5), the Me�group presence in the O1�

position of the carbohydrates, the glycoside bond type

(α1→2, 1→3, 1→6). Four protein subunits consisting

each of 237 aa, Ca2+ and Mn2+ cations in the binding sites

of ligands, crystallographic water were considered.

Structure of the fourth carbohydrate�binding domain of

the mannose receptor of CD206 was constructed on the

basis of the PDB crystallographic data (Acc. No. 7JUF).

The receptor consists of 135 aa and Ca2+ cation. For Ca2+

and Mn2+ ions the unbound model 12�6�4 of

Lennard–Jones potential was used. Structures of the

CD206 ligands were generated and brought up to the

binding site manually using a visualization tool PyMol

(https://pymol.org/2/) (table).

The structures were prepared using tLeaP from

AmberTools20, 21 [47]: missing hydrogen atoms were

added as well as Na+ ions for neutralizing total charge of

the complex. The system was solvated with water mole�

cules TIP3P [48] with the minimal distance between the

cell border and the protein 10 Å. On average, the cell size

with ConA tetramer was 90 × 95×90 Å3 with the domain

CD206 60×65×60 Å3. Force fields Amber ff14SBonlysc,

GLYCAM_06j�1 were used for describing atom interac�

tions.

Carrying out molecular dynamics. Simulation was

carried out using the molecular dynamics Amber20 pack�

age. Initially, the systems (receptor–ligand complexes) in

aqueous solution were minimized using 5000 steps of the

steepest descent algorithm followed by 5000 steps of the

conjugated gradient algorithm. The system was heated

from 0 to 300 K for 0.1 ns according to the Langevin’s

model using the collision frequency of 2.0 ps−1 and under

periodic boundary conditions of constant volume. Then

simulation was performed for 100 ps with the constant

pressure of 1 atm. Then the system was equilibrated with�

in 100 ps and directly MD was performed (production).

For each model, three independent cycles were carried

out with the temperature maintained at 300 K with a

Langevin thermostat (ntt = 3). In the case of ConA

tetramer, MD were performed for 10 ns (cut�off 8 Å, the

step of 2 fs). The fourth domain of MR of CD206 was

simulated for 50�250 ns (cut�off 8 Å, 2�fs steps). Increase

in the duration of modeling for the mannose receptor was
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caused by inaccuracy of the initial coordinates; in some

cases, the step was decreased to 0.5�1.0 fs to avoid techni�

cal errors. All bonds containing hydrogen atoms were

constrained by the algorithm SHAKE [49].

Analysis of trajectories and topological files of the
complexes. Trajectories were analyzed using MMPBSA.py

[50] and cpptraj [51]. Complexation energies were calcu�

lated based on the equilibrium (final) part of the trajecto�

ry within 3�5 ns at the salt concentration of 1.0 M for

minimization of nonspecific E using the GB and PB

methods.

Neural network analysis of complexes. The

Pafnucy [1] neural network was chosen because of its

leading position in the rating of algorithms predicting

receptor–ligand affinities (CASF�2016). All spatial struc�

tures of the receptor–ligand complexes obtained after the

MD were analyzed using the Pafnucy NNs. Structures

averaged over 30 frames of the final part of the trajectory

Dissociation constants of complexes of ConA and the CRD4 domain of the mannose receptor CD206 with carbohy�

drate ligands

Kd (ConA�ligand), μM
Number

1

2

3

4

5

6

7

8

9

10

11

12

13

14

15

literature
data

1100

160

7

24

30

71

75

120

2

3

0.7

560

500

1350

–

neural
network

360

190

60

190

56

78

145

80

70

40

30

200

370

150

170

molecular
dynamics

3450

2900

1700

2290

1800

1600

2400

1500

1080

780

480

>6000*

>6000*

2400

2300

neural
network

3700

2360

20

1700

2860

1800

1600

1500

2860

650

1000

>6000*

>6000*

4200

1400

Ligand name, code of PDB complex with
ConA, and corresponding Fig. number

α�mannopyranose [5CNA]; Fig. 5 and
Fig. S5 in the Supplement

Me�mannopyranoside [5CNA]; Figs. 5,
7, and Figs. S3, S5 in the Supplement

Me�α(1→2)�dimannopyranoside
[1BXH]; Fig. 4

α (1→2)�dimannopyranoside [1BXH];
Fig. S4 in the Supplement

Me�α(1→3)�dimannopyranoside
[1QDO/C]; Fig. 4

α (1→3)�dimannopyranoside; Fig. S4 in
the Supplement

α (1→6)�dimannopyranoside; Figs. S4,
S7 in the Supplement

Me�α(1→6)�dimannopyranoside; Fig. 4,
Fig. S2 in the Supplement

Me�3,6�di�O�(mannopyranosyl)�α�
mannopyranoside [1ONA]

3,6�di�O�(mannopyranosyl)�α�mannopy�
ranose; Fig. 2

3,6�di�O�(β(1→2)�N�acetylglucosamino�
mannopyranosyl)�α�mannopyranose
[1TEI]; Fig. S6 in the Supplement

Me�α�glucopyranoside [1GIC]; Fig. S2
in the Supplement

Me�α�galactopyranoside [1GIC]; Fig. 3,
Fig. S2 in the Supplement

Me�GlcNAc

Fuc�α(1→3)�GlcNAc

molecular
dynamics

1450

600

30

43

14

16

35

27

6

16

2

590

70

11

3

literature
data

–

2400

–

1280

–

2290

1010

–

–

–

–

>6000*

>6000*

5300

–

*Kd (CD206 CRD4–ligand), μM

Note. The values are calculated using computer simulation, in comparison with the literature data of isothermal calorimetry [21] and Landsteiner’s

inhibition [26], as well as with data calculated from the shifts in NMR spectra [52, 53] and competitive binding [13]. T = 300 K. pH = 7.

Concentration of NaCl is 1 M.

* Nonspecific interaction.
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(ConA), as well as unique structures from the trajectory,

minimized using 10,000 steps of the steepest descent

algorithm followed by 10,000 steps of the conjugated gra�

dient algorithm (CD206) were used as input files. A set of

30 complexes (15 per receptor) was prepared in the

hdf format using prepare.py.

Two configurations of the Pafnucy neural network

were used: (i) the initial NN, trained on the basis of

PDBbind2016 [https://gitlab.com/cheminfIBB/pafnucy;

http://www.pdbbind.org.cn/index.php]; (ii) the neural

network based on the 1, with the training set on the basis

of PDBbind2020, including 14,107 complexes in the gen�

eral set, 5109 – validation, 226 – core set; it was prepared

by the authors of this article using the pdbbind data.ipynb

and scripts split_dataset.py, training.py. The training was

performed with the default parameters, except for the

number of cycles (epochs) equal to 25 (Fig. S1, Table S1

in the Supplement). The validation error decreased

approximately to the fifth epoch, further the accuracy was

optimized only for the training set.

NNs predict the value of Kd or Ki based on the analy�

sis of 19 characteristics of the atoms: the atom type [B, C,

N, O, P, S, Se, a halogen, or metal (nine variants)],

hybridization and valence (three variants), bonds with

heavy atoms or with heteroatoms, additional parameters

(hydrophobicity, aromaticity, acceptor/donor properties,

being a component of the cycle), partial charge and affili�

ation of the atom to the receptor (–1) or to the ligand (1).

Mathematical processing the data. Free energy values

were calculated on the basis of three independent simula�

tion cycles by averaging; for the ConA�tetramer, the cal�

culations were carried out for four subunits and then aver�

aged. The obtained data were normalized to the experi�

mental data by the equation: ΔGbind = ΔGbind(init) k + b

(kcal/mol). In the case of ConA: k = 0.1125 and b = 2.07

(R2 = 0.71) based on the method of Poisson–Boltzmann

for MD; k = 2.1961 and b = –9.05 (R2 = 0.67) based on

optimization of the neural network. The following coeffi�

cients were used for CRD4 of CD206: k = 0.0137 and

b = 2.99 (R2 = 0.47) based on the method of

Poisson–Boltzmann for MD; k = 0.3855 and b = 1.33

(R2 = 0.78) based on NN. The higher correlation of the

NNs data on the ConA receptor was obtained using nor�

malization of not the energies, but the constants:

Kd = 8.24⋅Kd(init) + 10–5 (M).

RESULTS AND DISCUSSION

Energetic characteristics of ConA and CD206 domain
complexation with carbohydrate ligands. To identify

parameters of the ligands that increase affinity for the

mannose receptors, interaction of the carbohydrates con�

sisting of Man�, Gal�, Glc�, Fuc�, or GlcNAc�residues

was modeled (Fig. 1, table, Tables S2 and S3 in the

Supplement). Relevance of the values of constants and

free energies determined in the course of modeling was

validated by comparison with the literature data for ConA

obtained by isothermal calorimetry [21] and the data for

the MR domain of CD206 obtained from the shifts in the

NMR spectra [52, 53] and by competitive binding

(Fig. 1) [13]. As expected, the absolute values of the free

energies did not match, however, a rather high correlation

for in silico methods could be determined visually from

the likeness of the free energy dependences (Fig. 1).

Pearson’s correlation coefficients with the literature data

were for ConA r = 0.82 and for CD206 r = 0.58 that was

acceptable considering that the mannose receptor has

been only poorly studied. Note that the data nearest to

the experimental ones were the values obtained in the

course of the neural network analysis of the receptor–lig�

and complexes after MD. CD206 practically cannot be

produced in the form suitable for in vitro screening, thus,

computer methods are promising for such systems.

It should be noted that experimental data on the MR

complexation have been described in the literature only

for the limited number of ligands: the data obtained from

NMR�shifts and competitive binding [13, 52, 53] for four

out of 15 ligands considered in the present work.

Computer simulation of CD206 or of its carbohydrate�

binding domain was not performed earlier, except the

work of Asciutto et al. [54] in which CysRD�CTLD2/3 (a

part of MR) was studied (the domains, which do not play

an important role in binding carbohydrates [55]). For the

mannose receptor domain of CD206 (CRD4) we have

calculated nine values of constants, which were not pub�

lished earlier.

Role of MD in optimization of complex structures.
Although structures from PDB were used as initial coor�

dinates for nine ConA complexes and four CD206 com�

plexes with ligands, computer simulation even of such

systems makes it possible to significantly optimize spatial

arrangement of the receptor and the ligand. The complex

structures are experimentally determined using X�ray

crystallographic analysis of the crystal [56]. However, this

method has some limitations associated with the discrep�

ancy between the conditions of the protein crystallization

with the ligand and experiments on complexation, uncer�

tainty of the hydrogen atom positions [57], and difference

in the receptor structures in solution and in the crystal.

The MD method makes it possible to overcome these dis�

advantages and reveal significant ligand–receptor inter�

actions absent in the crystal [34]. The role of MD in opti�

mization of the protein–ligand complex structure is

demonstrated in Fig. 2 where the positions of trimanno�

side 10 in the complex with ConA by the X�ray crystal�

lography are compared with those after the 50�ns model�

ing. During receptor binding, trimannose 10 (Fig. 2)

interacts through the central Man�residue with Arg222

(three significant hydrogen bonds 1.8�2.3 Å). The left

(α1→6) Man�residue is coordinated by the higher num�

ber of amino acids, including Asn14, Gly221 due to gen�
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eration of the energy�rich hydrogen bonds of the atoms

O4,5,6 (1.7�2.7 Å). The right (α1→3) Man�residue is

approached to Thr15 by 0.3 Å and Asp. The more ener�

getically advantageous position of the ligand was shown in

the binding site with respect to the PDB

complex (1ONA) in the course of simulation.

ConA has motifs of the carbohydrate�binding

domain structure, which are similar to those of CD206.

Further, it is shown how the structural similarity is trans�

lated into the functional likeness. Mechanism of ligand

binding by the fourth domain of MR of CD206 will be

shown using the dimannose 8 interaction with the recep�

tor as an example (Fig. S2 in the Supplement). In the ini�

tial state, the ligand does form any hydrogen bonds with

amino acid residues. In the course of modeling, spatial

arrangement of dimannose is optimized: the mannose

residue α1 is approaching receptor, and binding occurs

with the Glu107, Asn121, Hie127 residues (Fig. S2 in the

Supplement). Concurrently, the residue α6 is rotated

around the glycosidic bond producing additional interac�

tions with MR. Note that when the receptor with the

manually supplied ligand is used as an initial position,

computational time should be increased as compared to

the case of the initial PDB�structure (from 10�30 ns to

50�250 ns). From Fig. S2 of the Supplement it follows

that 30 ns in the first case were insufficient for optimiza�

tion of the complex structure. Not less than 100 ns of MD

simulation were necessary.

Main regularities of binding of carbohydrate ligands
with CRD4 of CD206 and the model lectin ConA. Based

on the dissociation constants of the ligand–receptor

complexes calculated using MD and NNs (table,

Tables S2 and S3 in the Supplement) [58] and complexa�

tion mechanisms (Figs. 2�5 and Figs. S2�S8 in the

Supplement) the following regularities can be revealed.

According to the MD data, the lowest values of dissocia�

tion constants are observed for the complexes of receptors

with biantennary ligands 9�11 and 15: Kd (ConA –

(GlcNAc)2�triMan) = 2 μM, Kd (ConA – Fuc�α (1→3)�

GlcNAc) = 3 μM. Similarly, the mannose receptor

domain forms the most stable complexes with the lig�

ands 9�11 with Kd 1080, 780, and 480 μM, respectively.

Receptor specificity to the carbohydrate residue type.

According to data of the neural network analysis of the

complexes, affinity of the carbohydrate residues for ConA

increased in the row: (Gal≈Fuc) < (Glc≈Man) <

Fig. 1. Energy of complexation of ConA and of the CRD4 domain of the mannose receptor CD206 with carbohydrate ligands calculated using

computer simulation, in comparison with the literature data [13, 20, 21, 26, 52, 53]. For ConA, the average values between the subunits are

presented: T = 300 K, pH = 7. Concentration of NaCl is 1 M.
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GlcNAc, which correlated with the literature

data [20, 21]. A somewhat different trend was specific for

the fourth domain of MR of CD206; the affinity for lig�

ands increased in the following row: (Glc≈Gal) <
GlcNAc < (Fuc≈Man) (table). Note that the methylated

derivatives of α�D�glucose 12 and galactose 13 (Fig. 3)

interacted extremely weakly with MR, but associated with

ConA with higher affinity (Fig. S3 in the Supplement). In

the course of CD206 modeling, the ligand (12, 13) was

released from the binding site and then interacted non�

Fig. 2. Search for optimal position of the ligand using molecular dynamics. Complexes ConA–trimannoside 10 are shown that are obtained

from X�ray diffraction data (a) and after 50�ns molecular dynamics simulation (b). The green sphere is Ca2+.

Fig. 3. Nonspecific interaction of methyl�α�D�galactopyranoside 13 (white) with the domain of the CD206 mannose receptor. a) Initial

arrangement. b) Complex structure after 200�ns molecular dynamics simulation. Green sphere is Ca2+.
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specifically with the lateral amino acid residues (Fig. 3).

The other ligands under study bound specifically at the

carbohydrate recognition site.

Affinity of receptors for ligands depending on the num�

ber of Man�residues. Carbohydrates containing only one

mannopyranosyl ring (Fig. S4 in the Supplement), Man 1
and MeMan 2 (methyl�α�D�mannopyranoside) do not

demonstrate high affinity for ConA, and the larger num�

ber of the terminal Man/GlcNAc�residues in the clusters

are required. However, it follows from the data on calori�

metric titration [21] that the affinity for ConA of the gly�

copeptides Man7�9, which simulate oligosaccharides of

the cell wall of microorganisms, is virtually not higher

than the affinity of the ligand 11 (the triMan derivative –

trimannoside), i.e., there is an optimal number of carbo�

hydrate residues involved in the binding. In other words,

the model lectin ConA has the highest affinity for the

conserved nucleus of trimannoside, that is, the

ligand–receptor specificity limit is reached. Based on the

data obtained using MD and NNs, the affinity of ligands

for MR grows with increase in the number of available

Man�residues in the case of CRD4, but is less pro�

nounced. This also follows from the data obtained from

the competitive binding experiments in the work of

Feinberg et al. [13]: Man9 is more than the one magni�

tude order more specific than MeMan, whereas triman�

noside is only three times more specific than MeMan.

The affinity of MR for the mannose�containing ligands

increases in a series starting from the ligands containing

one�two residues and up to the large oligosaccharides and

polymers (for instance, Man23, mannan) [15].

Influence of the glycoside bond type in dimanno�

sides on the affinity to the receptor. The ConA receptor

recognizes dimannosides 3�8 (Fig. 4 and Fig. S2 in the

Supplement) with the affinity increasing in the row:

α1→2 < α1→6 < Me�α1→6 < α1→3 << Me�α1→3 ≈
Me�α1→2, in which conventional names of dimanno�

sides and their methylated derivatives are presented (neu�

ral network, table). Thus, the bond of Man�residues

through oxygen atoms is optimal in C1 and C2/3.

However, based on the complex structures, it may be con�

cluded that in the case of α1→2 and α1→6 glycoside

bond in α�D�mannopyranosyl�α�D�mannose (diMan)

the effect of a fork or biantennary is achieved, i.e., bind�

ing by a larger number of atoms (Fig. 4) and involvement

of two Man�residues. Common motifs in the diMan–

ConA complexes are as follows: 0MA residues (terminal

mannopyranosides) form hydrogen bonds with Leu99,

Tyr100, Asn14, Asp208, Arg228, which are conserved in

the majority of the complexes. Contribution of these

interactions to free energy is as follows: Leu and

Tyr – 3.95 and 2.45 kcal/mol (vdW, E, NP); Asn and

Asp – 3.0 and 4.62 (E); Arg – 3.79 (P); where vdW are

van der Waals and E are electrostatic interactions, P is

polar solvation, and NP is nonpolar solvation. However,

for the 2MA residue (Man with the α2 position for bind�

ing) there are differences in the complexes of dimannose

isomers with ConA. In particular, 2MA is virtually not

involved in the binding of the α1→3 isomer (Fig. 4). In

the other isomers, hydrogen bonds are formed with Tyr12

(3.5 kcal/mol; E, NP), Asn14 and Thr15 (5.6 and

3.8 kcal/mol; vdW, E, NP), Asp16 (7.0 kcal/mol; E).

Fig. 4. Influence of the glycoside bond type on the binding of dimannose (white) by ConA (green). a) Me�α1→2�dimannopyranoside 3 – sub�

unit A. b) Me�α1→3�dimannopyranoside 5 – subunit B. c) Me�α1→6�dimannopyranoside 8 – subunit A. Green sphere is Ca2+; 10�ns

molecular dynamics simulation.
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The most energetically advantageous interactions are

due to electrostatic attraction with the Asp and Asn

residues. Hence, the α1→6 glycoside bond in diMan

makes Man�residues accessible for the receptor and

increases affinity.

On the contrary, α1→2�dimannopyranoside became

biantennary on interaction with CRD4 of CD206

(Fig. S5 in the Supplement). In this case the receptor

binds the other Man�residue due to additional interaction

of Lys113 (3.3 kcal/mol; vdW, E, NP) and Glu111

(4.5 kcal/mol; E). Based on the NNs data (table), the

affinity of MR for dimannose 3 with α1→2 glycoside

bond is virtually two orders of magnitude higher than for

dimannoses 6�7 with α1→3 or α1→6.

The role of CH3�group at the O1�position. Based on the

MD data, methylation of OH�groups at O1�atoms of car�

bohydrates increases affinity for the ConA lectin (Fig. S6

in the Supplement): 2.4�fold in the case of mannose 1�2,

1.4�fold in the case of dimannose 3�4, 1.14�fold in the

case of dimannose 5�6, 1.3�fold in the case of diman�

nose 7�8, and 2.7�fold in the case of trimannosides 9�10.

A similar pattern is observed in the case of the CD206

domain (Fig. 5) for mannose and for α1→2 and α1→6

isomers of dimannose, however, methylation of the α1→3

isomer and of trimannose leads to the decrease in affinity.

Thus, methyl group in the oligosaccharides prevents

binding with CD206, which is in good agreement with the

absence of such group in glycans of microorganisms rec�

ognizable by MR.

There is an interesting mechanism of increase in the

monosaccharide affinity for MR due to introduction of a

hydrophobic group and prevention of formation of

hydrogen bonds with the O1�atom. The CH3�group is not

directly involved in the interaction with the receptor

(Fig. 5 and Fig. S6 in the Supplement), however, it

reduces the possibility of interactions of the O1H�group

with the receptor that leads to about 90° change in the

spatial orientation of the Man�residue and, respectively,

to optimization of the mannose binding by amino acid

residues of CD206, including Asn108, Asn88, and Glu94;

coordination by the calcium cation also changes.

Multivalent binding of trimannosides. Trimannoside is

a natural ligand of ConA, the conserved nucleus of

triMan in oligosaccharides has high affinity for the recep�

tor [20, 21]. Let us consider the binding of trimanno�

sides 9�11 (Fig. S2 in the Supplement) with ConA: two

planes of mannopyranosyl residues are perpendicular,

whereas the third plane is inclined approximately at 45°

angle to the central plane. In such case, the binding

occurs by an “improved mechanism”: on average, 15

hydrogen bonds are formed with five�nine of them medi�

ated additionally by water. The lectin site is enlarged: in

addition to the above�mentioned residues, the following

amino acid residues are involved: Asp16, Thr15, Pro13,

Tyr12, Asp208. This determines the strength of the com�

plexes with ConA.

Introduction of terminal GlcNAc�residues to

triMan leads to interaction with Thr226, Glu98, Arg228,

and Gly224 (Fig. S7 in the Supplement). The ligand 11
with two terminal GlcNAc residues attached through the

glycoside bond β(1→2) to the trimannoside conserved

nucleus, appears to be the most specific to ConA and

Fig. 5. Effect of the O1 atom methylation on mannose binding by the fourth domain of the CD206 mannose receptor. a) α�D�mannose 1.

b) Me�α�mannopyranoside 2. 200�ns molecular dynamics simulation.
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CD206 among the presented: Kd (ConA – the

ligand 11) = 2 μM; Kd (CRD4 – the ligand 11) = 480 μM.

Thermodynamic parameters of the receptor–ligand

complexation. Energy decomposition. As it has been con�

sidered above, the ligand affinity for ConA and CD206

increases with increase in the number of Man� or

GlcNAc�residues. Hydrogen bonds formed in the com�

plex between the amino acid residues of the protein and

the ligand are considered. The number of these bonds

correlates with the interaction affinity; however, this

parameter is not sufficient. It is necessary to take into

account additionally vdW and E interactions, P and NP.

A large number of aromatic residues (especially Tyr) in

the biding sites of carbohydrates seems to promote bind�

ing due to CH–π interactions [59], for instance, in the

cases of cellulose�synthase, β�galactosidase of

Escherichia coli (PDB 1JZ8) [60].

We have performed decomposition of the complexa�

tion free energy into four components indicated above for

amino acid residues involved in the binding (Fig. 6).

The largest contribution to the free energy of mono�

saccharide binding to ConA (Fig. 6a), is provided by elec�

trostatic interactions (70%) of H and O atoms of the pep�

tide bonds and the charged groups of Asp, Asn, Arg with

the ligand atoms. An additional stabilization of the

monosaccharide binding is due to the vdW�interactions

(18%) and NP (20%). The polar solvation is an interfer�

ing factor – 8% of the energy consumption.

During the complexation the stacking�interactions

(CH–π) can be realized between Tyr and the Man�

residue with a contribution of 1�2 kcal/mol to the free

energy. Thus, on transition from Man to diMan and

triMan, each new carbohydrate residue interacts with Tyr,

although with the lower thermodynamic advantage, how�

ever, the total value of the energy contribution increases

from 2.3 to 4.4 kcal/mol.

As in the case of MeMan, binding of dimannose

(Fig. 6b) occurs due to electrostatic interactions of the

charged groups of Asp, Asn, Arg, but with lower contri�

bution (47%), because of reduction of the total energy

due to repulsion of the second residue (2MA or 0MA).

Hydrophobic interactions with Tyr12, Tyr100 (including

the CH�π stacking with the Man�residue planes), Leu99

become more significant.

Complexation of the biantennary trimannoside

(Fig. 6c) is similar to dimannoside with regards of the

energy components. In particular, binding of the carbo�

hydrate ligands occurs essentially due to electrostatic

Fig. 6. Components of the free energy of interaction of ConA amino acid residues with the ligands MeMan 2 (a), diMan 4 (b), and

MetriMan 10 (c). The values are given in kcal/mol. For the ligands 4 and 10 the decomposition is shown into the constituent Man�residues:

0MA is the terminal residue; 2MA are Man with the α2�position for binding, VMA is the central Man�residue in the trimannoside.
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interactions [35], which is in agreement with the observed

reduced ability of ConA to bind carbohydrates at pH < 4.

However, hydrophobic residues, including aromatic ones,

play an important role in the increase of the affinity due

to CH–π�interactions.

Displacement of water molecules. Moreover, it has

been shown using GIST [61, 62] that the interaction

energies of water molecules with the amino acid residues

of the receptor are unfavorable, Esw = –2 kcal/(mol·Å3)

near to the binding site of ConA and CRD4, whereas the

solvent–solvent energies are more advantageous energet�

ically, Eww = –18 kcal/(mol·Å3). Domain orientation

entropy of water decreases from 4.4 to 0.7 kcal/(mol·Å3)

in the course of complexation of trimannoside 9 with the

CD206 and position component increases from –139

to –102 kcal/(mol⋅Å3) due to redistribution of the solvent

molecules. Thus, displacement of water molecules by the

ligand in the course of complexation provides an addi�

tional stabilizing thermodynamic component [63, 64].

Comparison of the CD206 domain and ConA. One of

purposes of the present work was to determine the limits

of applicability of ConA as a model for mannose receptor.

Knowledge of the similarities and differences between the

receptors will make it possible to test drug delivery sys�

tems using available lectin and only after this the MRs

themselves, which will simplify significantly in vitro and

in vivo experiments [3, 20]. We have considered regimens

of complexation, structures of binding sites, mechanisms

of involvement of metal cations in the binding of carbo�

hydrates, values of complexation energies and dissocia�

tion constants of ligand–receptor complexes, as well as

the literature examples.

Similarity between the regularities of carbohydrate

binding by ConA and CD206 was most convincingly con�

firmed by the closeness of the relative changes in the dis�

sociation constants of the complexes (table). This makes

it reasonable to use the lectin model for optimization of

in vitro and in vivo experiments in order to be able to

examine a larger number of ligands and testing of poten�

tial drug carriers. In particular, correlation coefficient

between the free energy of complexation for the six com�

plexes of ligands (nos. 2, 4, 6, 7, 10, 14) with CD206 and

ConA described in the literature is 0.90. Rather relevant

energy values were obtained in the course of modeling,

moreover, high correlation between the complexes of

both receptors was observed: the MD data on the CRD4

complexation correlate with the data for the neural net�

work analysis of ConA with the coefficient r = 0.91. Thus,

the observed regularities of binding of mono� and

oligosaccharides have shown that ConA is a good model

of the mannose receptor.

Regimens of complexation of mannose�containing

ligands with receptor. ConA has a tetrameric structure,

and this is what mainly differentiate it from the CD206

domain. It has been believed that all subunits of ConA

interact similarly with the ligands [65], but this was called

into question in the course of modeling (Table S2 in the

Supplement). It may be caused by the possible interaction

of the ligand with various amino acid residues and not

only with the identified ones (for instance, Gly98 and

Leu99 located in the binding site instead of Arg228). Such

mobility of the ligands (especially of monosaccharides) is

observed during the modeling within the pico� and

nanosecond time scale; however, an averaged picture is

observed in the in vitro experiments.

In order to explain differences in the subunits, details

of the complexation mechanism should be considered.

Binding of Me�Man to four subunits seems similar

(Fig. S4 in the Supplement), however, in the subunits A

and B there is only one hydrogen bond mediated by

water, whereas in the subunit C O3 is not bound to

Arg228, but there is the O2–Leu99 bond. Moreover, dis�

tances in the subunit D are mostly higher than in the

other subunits, and the affinity is lower.

Differences in the mechanisms of complexation

indicate existence of several regimes of binding, which are

realized in the subunits A�D of ConA. The possibility of

variative binding of ligands by CRD4 of CD206 has not

been described in the literature, but could be likely man�

ifested through involvement of calcium cation and defi�

nite aa in the ligand binding. It is assumed that such vari�

ability could be especially noticeable when at least sever�

al carbohydrate�binding domains (CRD4�8) are partici�

pating in the process. In the literature, a similar phenom�

enon has been described for the mannose�specific lectin

ERGIC�53 [66] and also ConA [67]. Although all four

subunits in ConA have identical amino acid composition,

there are some differences in their structural organization

(relative arrangement of the chains) as a result of forma�

tion of the protein quaternary structure that is responsible

for the phenomena described above. Therefore, the most

correct parameters can be obtained by averaging the val�

ues of the binding energies for all four subunits, because

in practice all variants of binding are realized.

Comparison of structures of the CD206 domains and

ConA (Fig. S8 in the Supplement). The main similarities

of the structural organization of ConA and the CRD4

domain of CD206 are as follows: an approximately iden�

tical spatial arrangement of amino acids, similar amino

acid composition of the binding sites of carbohydrates

(two Tyr residues, Asn, Asp, Ala, Leu, Pro) that facilitates

binding via energy�rich electrostatic interactions of the

charged amino acids residues with additional stabilization

by hydrophobic and CH–π stacking interactions; pres�

ence of Ca2+ (green sphere) is required for formation of

the binding site.

Role of Ca2+ and Mn2+ cations in the binding site of the

ConA and CD206 receptors (Fig. 7S in the Supplement).

As it has been discussed above, presence of the metal

cation in the binding site is necessary for maintaining spa�

tial orientation of the receptor amino acid residues. In

ConA, this role is played by Ca2+, which fixes the residues
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Asp703, Asp712, and Asp895, Asn707, Tyr705, and water

(Fig. 7a). The coordinating polyhedron for calcium

cation is a distorted octahedron (coordination number is

6, ionic radius is 100 pm). Moreover, positions of the

amino acid residues and calcium are additionally stabi�

lized by the Mn2+ cation, which is positioned at a distance

of 4.2�4.4 Å of Ca2+. Mn2+ coordinates the residues

Glu701, Asp703, and Asp712, as well two molecules of

water (Fig. 7a). This facilitates formation of the high

affinity binding site for the conserved nucleus of triman�

noside [68�70].

Specificity of the CD206 mannose receptor to Man�,

Fuc�, and GlcNAc�residues in glycans is provided by the

mechanism similar to the considered above for ConA.

Ca2+ coordinates Asn88, Asn108, Asp109, and Glu86, but

contrary to the site in ConA, in the case of CD206 it has

Fig. 7. a) Coordination environment of Mn2+, Ca2+ in the binding site of ConA (subunit C) during binding trimannoside 9 (PDB

Acc. No. 1ONA) according to the data of 10�ns molecular dynamics simulation. b) Coordination environment of Ca2+ in the binding site of

the CD206 domain during binding methylmannoside 2 (PDB Acc. No. 7JUB). Comparison of the initial coordinates from PDB (cyan) and

the structure after 100�ns molecular dynamics simulation (purple).
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high coordination number of 8 and ionic radius of

112 pm. Moreover, Ca2+ cation in CRD4 plays an impor�

tant role in the direct binding of ligands. Interaction of

methylmannoside 2 with Ca2+ is shown in Fig. 7b.

Change of the calcium ion coordination by O2,3 atoms of

MeMan occurred during modeling of the binding based

on the initial coordinates from PDB to the average dis�

tance of 2.5 Å, which resulted in formation of the stable

square antiprism (Fig. 7b).

Literature data on similarity of CRD4 and ConA.

According to the literature data, CRD4 is highly similar

to the mannane�binding lectin A, which, in turn, resem�

bles ConA in the regularities of carbohydrate bind�

ing [71]. The following positive effects were observed in

the in vivo and in vitro experiments using mannose�con�

taining ligands highly specific to ConA and targeted to

MR for modification of vesicles for drug delivery to

macrophages [20]: absorption of the mannosylated parti�

cles by the cells [72, 73], increase in the circulation time

of the drug in the blood flow and increase of its concen�

tration in macrophages [3], biodistribution of mannosy�

lated liposomes mainly in the lungs [74]. All these data

show relevance of using ConA as a model of MR.

Present situation and prospects of using molecular
dynamics and neural network analysis methods. Values of

complexation energy and, respectively, of dissociation

constants of receptor–ligand complexes have been calcu�

lated for 15 ligands and two receptors, ConA and CRD4

of CD206. One of them for concanavalin A and nine for

the mannose receptor were not reported previously in the

literature. Reliability of the obtained data is demonstrat�

ed by comparing them to the literature data. Correlation

coefficients of the free energy values for ConA and CRD4

of CD206 obtained by the MD method (the mmpbsa.py

analysis) are 0.68 and 0.52, respectively, that may be con�

sidered a good result taking into account the number of

ligands studied and the fact that MR have not been inves�

tigated in sufficient detail.

It should be noted that the existing algorithms are far

from perfect, and computer simulation seldom correlates

with absolute values obtained by experimental methods.

However, with development of technologies, this problem

is being solved step�by�step. Neural networks are being

actively improved as is obvious from results of the

“CASF�2013 competitions” [75, 76]. We have chosen the

Pafnucy NN because of its leading position among the

algorithms for predicting the ligand–receptor affinity.

However, the initial algorithm trained by the developers

on the basis of PDBbind2016 displayed low accuracy

when applied to the systems under consideration.

Correlation coefficients of the free energy values for

ConA and CRD4 of CD206 (the neural network analysis

no. 1) were found to be no more than 0.50, which could

be associated with inappropriate weights in the NN layers

for the systems under consideration. That is why the

authors of the present work prepared a training set on the

basis of PDBbind2020, increasing the number of training

cycles to 25 and choosing suitable coefficients (see

“Materials and Methods” section, Fig. S1, and Table S1

in the Supplement). The neural network with the new

parameters displayed higher prediction accuracy, which

was better than the MD method: correlation coefficients

of the free energy values for ConA and CRD4 of CD206

(the neural network analysis no. 2) were 0.82 and 0.8,

respectively. On average, the achieved accuracy is the

same as for the algorithms described in the literature [77],

although, it can be increased further.

Prospects of in silico methods are wide.

Improvement of NN algorithms and preparation of train�

ing sets with larger amount of relevant data on complexes

will increase accuracy of the predictions as has been

shown above. Using molecular dynamics with the refined

force fields (amber) and increased simulation time makes

it possible to determine more accurately thermodynamic

values and structures of molecules, including

protein–ligand complexes, under conditions close to real

ones (solution, salt concentration, temperature).

Thus, the parameters of lectin–ligand interactions

have been determined using molecular dynamics and

artificial neural networks with consideration of model

optimization. Computer methods made it possible to

obtain spatial structures of ConA and CRD4 of CD206

complexes with carbohydrate ligands, majority of which

were not described earlier. Moreover, the mannose recep�

tor complexation has been studied that is very difficult to

do in vitro.

CONCLUSIONS

Targeting of the drug delivery vesicles to mannose

receptors of macrophages seems to be a promising strate�

gy for increasing effectiveness of treatment of various

dangerous diseases, including autoimmune, oncological,

and infectious diseases. Therefore, it is necessary to cre�

ate highly selective mannosylated drug carriers; optimal

configuration of such agents can be elucidated using

computer simulation. In the present work, computer sim�

ulation was performed of complexation of 15 carbohy�

drate ligands with the model tetramer ConA and the

fourth domain of CD206 mannose receptor (the highest

contributor to carbohydrate binding) using methods of

molecular dynamics and Pafnucy artificial neural net�

work. These ligands may be used as a targeting label on a

molecule for delivery to macrophages. Artificial neural

networks have been actively developing, but yet their

application in biological systems is not widespread. In the

present work it is shown that the neural network trained

on the PDBbind2020 basis, together with the molecular

dynamics simulation is an effective tool for studying

mechanisms of ligand–receptor interaction. In the

course of computer simulation, we have calculated disso�
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ciation constants of ligand–ConA complexes that corre�

late well with the literature data. Using the obtained

model, complexation of the mannose receptor of CD206

with ligands was studied for the first time, moreover, we

have calculated nine dissociation constants, which were

not reported earlier. Similarities between ConA and the

fourth domain of CD206 were shown manifested via reg�

ularities of carbohydrate binding, but some differences

were also detected. The ConA lectin is highly specific to

the nucleus of trimannoside and to its derivatives, where�

as MR more tightly binds with branched oligosaccharides

consisting of Man�residues resembling surface carbohy�

drates of the cell wall of microorganisms. This opens a

possibility to simulate complexation of the mannose

receptor of CD206 with oligo� and polymeric molecules

modified by the highest affinity ligands among those con�

sidered in this work, e.g., highly mannosylated cyclodex�

trins and chitosans, which are promising drug carriers

capable of targeting macrophages.
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