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\Abstract 

The treatment of many diseases may require drugs that are capable to attack multiple targets 

simultaneously. Obviously, the virtual screening of multi-target drug candidates is much more 

time consuming compared to the single-target case. This, in particular, concerns the last step of 

virtual screening where the binding free energy is computed by conventional molecular 

dynamics simulation. To overcome this difficulty we propose a simple protocol which is relied 

on the fast steered molecular dynamics simulation and on available experimental data on binding 

affinity of reference ligand to a given target. Namely, first we compute non-equilibrium works 

generated during pulling ligands from the binding site using the steered molecular dynamics 

method.  Then as top leads we choose only those compounds that have the non-equilibrium work 

larger than that of a reference compound for which the binding free energy has been already 

known from experiment. 

Despite many efforts no cures for AD (Alzheimer’s disease) have been found. One of possible 

reasons for this failure is that drug candidates were developed for a single target, while there are 

exist many possible pathways to AD. Applying our new protocol to five targets including 

amyloid beta fibril, peroxisome proliferator-activated receptor γ, retinoic X receptor α, β- and γ-

secretases, we have found two potential drugs (CID 16040294 and CID 9998128) for AD from 

the large PubChem database. We have also shown that these two ligands can interfere with the 

activity of popular Acetylcholinesterase target through strong binding towards it. 

 

Key words Multi-target drug design, Steered molecular dynamics, Alzheimer’s disease, 

Amyloid beta peptide, β-secretase, PPARγ, LXRα 
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Introduction 

Nowadays, the computer is often used for identifying drug candidates. The computer-aided drug 

design  involves multiple steps such as the application of Lipinski’s rule [1], molecular docking 

and molecular dynamics simulation to estimate the receptor-ligand binding free energy (ΔGbind). 

The last step is the most time consuming.  For estimation of ΔGbind one can used different 

methods  [2-5] including the MM/PBSA (molecular mechanics Poisson-Boltzmann surface area) 

method [6] which are more reliable than the existing docking methods but, in return, are very 

time consuming. Recently it has been recognized that the steered molecular dynamics (SMD) 

method [7-9] is as accurate as the MM/PBSA method in estimating relative ΔGbind but CPU 

much less demanding [10-12]. In SMD the binding affinity is characterized either by rupture 

force Fmax occurring in the force-time/extension curve or by non-equilibrium work Wpull,  

generated during ligand escape from the binding pocket. Note that, compared to Fmax, Wpull was 

shown to have a better correlation with experimental inhibition constant (Ki) [13]. Therefore it 

will be used throughout this paper. 

Because the multi-target drug design requests more computation time than the single-target case 

we propose to apply the SMD instead of MD simulation in the last step of virtual screening. 

However, the SMD is able to predict relative but not absolute binding affinities making the 

choice of top compounds uncertain. To handle with this difficulty we offer a simple trick which 

combines SMD results with available experimental data on the inhibition constant of a reference 

compound which is a good binder to a given target. Namely we choose only those compounds 

that have Fmax or Wpull larger than that of the reference compound. For illustration   new approach 

will be applied to seek potential drugs that can attack several targets of the Alzheimer’s disease 

(AD). 

AD was first identified as a main culprit causing  death of people with mental illness [14]. AD 

patient suffers from the cognitive decline associated with the neurons loss [15]. The etiology of 

this disease remains obscure  and there are dozens hypotheses about its  causes that are roughly 

grouped into three major categories [16]: cellular, genetic, and molecular imbalances.  

Consequently, various potential drugs have been developed based on distinct hypotheses.  

According to the oldest cholinergic hypothesis [17] AD occurs due to a reduced level of 

neurotransmitter acetylcholine. Currently available on market drugs are AChE 

(acetylcholinesterase) inhibitors, which have been developed basing on this hypothesis.  

However, recent experimental evidences strongly support the so called amyloid cascade 

hypothesis [15] (molecular imbalance) positing that the AD etiology is associated with self-

assembly of amyloid beta (Aβ) peptides inside the brain. A lot of works have been done on 

designing inhibitors for either Aβ aggregation or clearance of Aβ fibrils/oligomers as potential 

drugs [18-20].  Note that transient oligomers are probably more toxic than mature fibrils [21, 22], 

although the relationship between toxic and other Aβ forms remains obscure [23]. Another 
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possible Aβ therapy is based on preventing Aβ production. Because Aβ peptides are products of 

proteolytic cleavage of APP (amyloid precursor protein) by β-secretases (BACE-1) and γ-

secretases, different compounds inhibiting  BACE-1 [24] and γ-secretase [25] activity have been 

developed .  

In terms of genetic imbalance, many genes were shown to level up AD risk, but the gene of 

Apolipoprotein E (APOE) [26, 27], which was expressed by  nuclear receptor proteins [28], is 

one of the most important. In humans APOE has 3 allelic variants APOE2, APOE3, and APOE4, 

but only  APOE4 is considerably overexpressed in AD patients [29]. Peroxisome proliferator 

activated receptors have three types [28] (alpha, beta and delta) are denoted as PPARα, PPARβ 

and PPARγ . Among them PPARγ is overexpressed in the AD patient brain [30] and is 

appreciated to have ability to modulate inflammation response [31] in animal model of AD. 

PPARγ agonist reduced not only Aβ  plaque  burden, but also inflammation [32, 33]. Thus 

PPARγ has emerged as therapeutic targets for AD [34].  

LXR (the liver X receptor), which has two isoforms LXRα and LXRβ, is in close relation with 

PPARs. Treatment with LXRα agonist T090131, for instance,  reduced Aβ production in an AD 

mouse model [35]. However, T090131 was found to enhance plasma as well as liver 

triglycerides, suggesting that this compound is not a good drug candidate.  From this perspective 

the development of prominent LXR agonists with no side effects is of clinical importance. Thus 

we will consider LXRα as a target for AD therapy [34].  

Because of existing various mechanisms and multifactorial progression of AD, multi-target drug 

design has occurred as an innovative therapeutic approach for AD [36, 37]. This novel strategy 

has been recently focused on bi-target cases [38-41].  A number of  carbazole compounds, which 

bind to AChE and exhibit modest Aβ fibril formation but display low affinities for BACE-1, 

were developed [42].  

Recently, Prati  et al [43] have provided a summary  on development of AD multi-target   drug 

candidates using  framework combination [44] and fragment-based drug discovery (FBDD) 

strategies for novel MTDL candidates against AD. Memantine-Galantamine hybrid, for example, 

can simultaneously bind to AChE (IC50 = 1.16 nM) and N-methyl-D-aspartate receptor (IC50 = 

4.6 µM). The FBDD strategy become popular among researchers as an optimal starting point for 

multi-target drug design [45, 46]. This strategy yielded 6-amino-4-phenyl-3,4-dihydro-1,3,5-

triazin-2(1H) compound , which inhibited BACE-1 and glycogen synthase kinase-3 (GSK-3β) 

enzymes [47]. 

No attempt, however, has been made to design compounds that can hit Aβ cascade hypothesis 

targets as well as targets related to genetic imbalance. Here we try to solve the multi-target 

problem by seeking AD potential drugs, which would have good binding affinity to 5 targets 

including amyloid beta fibril, β-secretase, γ-secretase, PPARγ and LXRα. Contrary to prior 

works, where novel candidates were designed by combining structures of relevant single-target 



5 

 

leads, we searched drug candidates from PubChem database (see 

https://pubchem.ncbi.nlm.nih.gov/) which contains more than 1.4 million compounds. In the 

multi-step virtual screening we have employed the Lipinski’s rule, docking simulations and 

PreADMET to obtain top compounds that can easily cross the BBB (blood brain barrier). Finally 

our novel approach, which combines SMD with experimental data on binding affinity of 

reference compounds, was used to reveal multi-target leads. We predict that two compounds CID 

16040294 and CID 9998128 are the best candidates for five mentioned above targets of AD. In 

addition, using the MMPB-SA method we have shown that these compounds also have good 

binding affinity towards AChE. 

Material and methods  

Ligands and Lipinski’s rules 

Around 1.4 million compounds were taken from the PubChem [47]. We used Lipinski’s 

rule  [48] to filter drug-like compounds.  From the whole set we obtained only 5372 ligands (Fig. 

1) for further study. 

Multiple targets (receptors) 

There are several experimental structures of Aβ protofibrils that can be used for AD drug 

design [49], but we have chosen the crystal structure, obtained by solid state NMR for  fragment 

Aβ11-42 with PDB code 2MXU [50]. The rationale for our choice is that this structure is likely 

reliable containing two turns in each chain [51]. The experimentally resolved structure of 

PPARγ, which is available in PDB under code 4EMA [52], has the ligand binding domain at 

residues 235-505. The PDB structure 4K6I [53] of retinoic X receptor alpha (RXRα) was used 

for simulation. 

The structure of the intramembrane protease γ-secretase was resolved  experimentally  [54], but 

its binding site has not been determined yet. Therefore, for studying ligand binding to γ-secretase 

we employed the structure of complex structure of presenilin homologue (PSH) which has the 

PDB ID 4Y6K  [55]. We have made this choice because (i) PSH share high structural similarity 

with component presenilin PS1 of γ-secretase  [55, 56]; (ii) PSH and human γ-secretase exhibit 

similar cleavage propensities towards APP C99  [54] and (iii) the Aβ42:Aβ40 ratio of  cleavage  

by PSH is almost the same as that by  γ-secretase [55]. 

For β-secretase, the structure with PDB ID 1M4H [57] was used for simulation. To test the 

binding affinity of predicted top leads to AChE the PDB structure 1H22 was taken. The 

structures of six receptors are shown in SI (Supporting Information) (Figure S1). 
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Figure 1. Multi-step screening procedure. Our new step involves the application of SMD to seek 

for compounds that have the non-equilibrium work larger than that of the reference compound 

for a given target. 

Reference compounds 

In our new approach top hits are selected by comparing the non-equilibrium works with that of a 

reference compound for which the experimental data on inhibition constant are available. Table 1 

shows the list of reference compounds for six targets with their binding free energy measured 

experimentally and ΔEbind calculated by the docking method. Their 2D chemical structures of 

reference compound are shown in Figure S2 in SI. 
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Table 1. Experimental inhibition constants of reference compounds for six targets. The binding 

free energy was estimated using the formula ΔGexp = RTln(Ki), where R=1.987×10
-3

 kcal/mol, 

T=300 K, and Ki is measured in M. The binding energy obtained by the docking simulation is 

also displayed for comparison. 

Target Ligand 
Ki 

(nM) 

ΔGexp 

(kcal/mol) 

docking ΔEbind 

(kcal/mol)  
Ref. 

Aβ protofibril 

 (2MXU) 
Curcumin 0.2 -13.3 -7.2 F.S. Yang et al [58] 

β-secretase 

 (1M4H) 
71548079 0.03 -14.4 -8.9 

A.F. Abdel-

Magid [59] 

γ-secretase 

 (4Y6K) 
44354431 0.49 -12.7 -8.5 A.P. Owens [60] 

PPARγ 

 (4EMA) 
18944089 0.4 -12.9 -8.3 D.R.Buckle [61] 

RXRα 

 (4K6I) 
Bexarotene 14 -10.8 -12.6 L.J. Farmer et al [62] 

AChE 

 (1H22) 
10107976 0.03 -14.4 -9.5 P. Camps et al [63] 

 

Docking method 

As in the single target case, we have prepared PDBQT file using Autodock Tool 1.5.4 [64]. The 

docking simulation has been carried out by Autodock Vina version 1.1 [65]. To achieve reliable 

results in global search we set exhaustiveness parameter equal 600. Because the binding pocket 

of Aβ42 fibril is not known to cover the whole fibril the 7.4x4.6x5.6 nm box was chosen to cover 

the entire protofibril. For other targets whose binding sites were known from experiment, the 

boxes were chosen to cover just the binding sites with grid dimensions 4.0x4.0x4.0 nm (1M4H), 

1.6x1.6x1.4 nm (4Y6K), 2.0x1.6x1.6 nm (4K6I), and 1.6x1.8x2.0 nm (4EMA). In docking 
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simulation the receptor dynamics was omitted. The scoring function is the binding (lowest) 

energy ΔEbind obtained in the best docking mode. 

Molecular Dynamic (MD) Simulation 

The MD simulation was performed  using the force field AMBER-f99SB-ILDN  [66] combined 

with TIP3P [67].  Force field parameters for small compounds were calculated using 

Antechamber [68] and Acpype [69] basing on the General Amber Force Field (GAFF) [70].  The 

AM1-BCC [71] charge model was used to calculate the atomic point charges. Parameters used 

for simulation of top hit compounds  9998128 and 16040294 are shown listed in files 

9998128.doc and 16040294.doc in SI. 

For calculating van der Waals (vdW) forces the cutoff of 1.4 nm was adopted, while the particle-

mesh Ewald (PME) summation method [72] was employed to compute the electrostatic energy.  

The leapfrog algorithm [73] was employed to solve the corresponding Langevin equations. 

Every 10 fs we updated the pair-list for long-range interactions using the cutoff of 1.0 nm. To 

neutralize the system 12, 9, 8, 1, 6 and 5 Na
+
 ions were, respectively, added to 2MXU, 1M4H, 

4EMA, 4Y6K, 4K6I and 1H22.  

After energy minimization with the steepest descent method [74], we performed position-

restrained simulations for 500 ps allowing water molecules to get into the binding site. The 

Berendsen algorithm [75] and damping coefficient 0.1 ps were used to keep temperature 300 K 

constant during 500 ps NVT simulation. For production NPT runs at 300K and 1 atm the 

Parrinello-Rahman coupling [76] was employed with damping coefficient  0.5 ps. 

Steered molecular dynamics (SMD) 

SMD is an useful tool to study single biomolecules using the external force as an additional 

variable  [8, 9]. It can be also employed to probe the binding affinity  by pulling ligand  from  the 

binding site of receptor  [7]. It was recognized that the accuracy of SMD is compatible with that 

of the MM-PBSA method but its computational speed is much higher  [10, 11, 13]. For the 

simulation setup in this paper SMD is about 133-fold faster than MM-PBSA (see a more detailed 

discussion in SI). Therefore, SMD can be used to refine docking results in virtual screening.  

In SMD the ligand is attached to a dummy atom via a spring with spring constant k and the 

dummy atom is moved with a constant velocity v along the direction allowing a smooth exit from 

the binding site. Thus, during pulling the force, exerted by the dummy atom on the ligand, is  F 

= k(∆x − vt), where  ∆x is a displacement of pulled atom from the initial position. 

Following AFM experiment [77] we chose k = 600 kJ/(mol.nm
2
) and v = 5 nm/ns  which was 

used previously  [10, 11, 13]. To prevent the receptor from drifting together with the ligand 

during pulling we restrained all its Cα-atoms but maintaining flexibility of side chain.  
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Possible pathways for ligand to escape from the binding pocket were determined using CAVER 

3.0 [78], a plugin of Pymol . The easiest or optimum  path with the lowest rupture force has been 

chosen  [12]. It should be aware that in general the ligand changes direction during exit from the 

binding site. Therefor the drawback of SMD with a single pulling direction is that it does not 

take into account multi-directional movement . Motivated by this  challenge Yang et al.  [79] and 

Gu et al.  [80] have proposed a SMD method with adaptive direction adjustments where the 

optimum path of ligand  is navigated by minimizing the pulling force automatically during the 

simulation. For the cytochrome P450 3A4-metyrapone complex the multidirectional pulling 

provided the pathway with smaller rupture force than that predicted by the standard SMD  [79]. 

The self-adaptive SMD also yielded a good correlation between the rupture forces and 

experimentally measured binding free energies for two sets of protein-ligand complexes  [80].  

Because the correlation level provided by the standard SMD  [13]  is compatible with that of 

self-adaptive SMD we have chosen SMD with a single pulling direction which is implemented in 

Gromacs. 

 Receptor-ligand complexes were solvated in boxes fulfilled by water. The box sizes of all 

targets are displayed in Table S1 in SI. After equilibration 500 ns SMD simulations were 

performed in the NPT mode. These runs are long enough to completely get the ligand out from 

the active site. To obtain good statistics five independent runs were carried out starting from the 

same initial conformation but with different velocity distributions.  

In SMD one can choose either rupture force Fmax or non-equilibrium work Wpull as a scoring 

function to rank binding affinities. However, we will use the latter as it is more reliable [13]. 

Wpull is defined as follows  

       ∫   ⃗⃗  
    

 
   ⃗⃗⃗⃗   ∑

(       )

 
(       )

     
  ,    (1) 

where Nstep is the total number of steps used in simulation. Thus instead of integral the 

summation by the trapezoidal rule  is used for estimating  the non-equilibrium work performed 

on the system. 

MM-PBSA method 

According this method [6] the binding free energy ΔGbind has the following terms (more details 

on this method may be found elsewhere [81, 82]): 

∆Gbind = ∆Eelec+ ∆EvdW+ ∆Gsur + ∆GPB- T∆S,        (2) 

where ∆Eelec and ∆EvdW are electrostatic and vdW interaction energies. ΔGPB and ∆Gsur are polar 

and nonpolar solvation energies. The entropy change ∆S was computed by the  interaction 

entropy method proposed recently by Duan et al.  [83].  

Definition of relevant quantities  
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RMSD (root mean square deviation) is defined as the deviation of receptor backbone from its 

starting structure. HB (hydrogen bond) occurs if D (donor)-A (acceptor) A ≤ 3.5 Å, H-A distance 

2.7 ≤ Å and D-H-A angle ≥ 135
 
degrees. If the distance between centers of mass of ligand and 

some receptor residue is within 0.65 nm then we assume that a non-bonded contact is formed. 

Results and Discussion 

Novel protocol for efficient search in silico screening 

The major drawback of the SMD method is that it is capable to predict relative but not absolute 

binding free energies implying that based solely on its output one cannot justify about the 

strength of ligand binding. On the other hand, in SMD the larger is the non-equilibrium work 

Wpull the stronger is binding. Therefore, for a given target we propose to choose those compounds 

that have Wpull larger than that of a reference compound which has high binding affinity known 

from experiment. Only these prominent compounds will be further used for the multi-target 

design. This idea is illustrated as the last step highlighted in red in Figure 1.  For six studied 

targets the reference compounds have the inhibition constant in the nM range (Table 1). 

Simulation results 

Docking results 

The total number of  compounds from the PubChem [47] database is reduced to  5732 drug-like 

compounds after application of  Lipinski’s rule (Figure 1). Autodock Vina software has been 

used to dock ligands from the reduced set 5 targets involving 2MXU, 1M4H, 4EMA, 4K6I, and 

4Y6K. The distributions of docking binding energy ΔEbind of 5327 ligands are shown in Figure 

S3 in SI. The binding energies to 2MXU vary from -1.4 to -11.9 kcal/mol, whereas -1.2 ≤ ΔEbind 

≤ -11.3 kcal/mol (1M4H), -1.3 ≤ ΔEbind ≤ -9.8 kcal/mol (4Y6K), -1.4 ≤ ΔEbind ≤ -10.6 kcal/mol 

(4EMA), and -1.0 ≤ ΔEbind ≤ -10.6 kcal/mol (4K6I).            

The binding energies of  5327 compounds to the Aβ protofibril are correlated with those 

obtained for targets 1M4H (correlation level R=0.95) , 4EMA (R=0.80)  and 4Y6K (R=0.93),  

while the poor correlation was seen for 4K6I (R=0.40) (Fig. S4 in SI). Thus, as expected, binding 

affinities are sensitive to targets. 
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Figure 2. Position of the reference compound (red), CID 16040294 (blue), and CID 9998128 

(green) in the best docking mode. For fibril 2MXU we show all ten top hits (see below). 4EMA 

and  4Y6K have two chains A (brown) and B (green). The Aβ11-42 fibril (2MXU) contains 12 

peptides named by letters A-L. Except the Aβ fibril case the binding site is known from 

experiment for receptors. 

As seen below, compounds 16040294 and 998128 have been identified as the top leads, we show 

their position in the best docking mode of six targets together with the reference compounds 

(Figure 2). Because the Aβ fibril does not have the well-defined binding site [20], ligands are 

located at different positions but preferring to stay next to strongly hydrophobic residues like Ile, 

Val and Leu (Figures S5, S6 and S7). 
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The binding energies, obtained in docking simulation,  for  six reference compounds to their 

targets vary between -7.2 and -12.6 kcal/mol (Table 1). The correlation between ΔEbind and 

experimental binding free energies is relatively low, R=-0.63 (Fig. S8 in SI) implying that the 

docking method is not accurate enough due to crude approximations such as omission of receptor 

dynamics and limited number of trials for ligand position. 

The hydrogen bond (HB) and non-bonded contact networks formed by 16040294, 9998128 and 

reference compounds with six targets are presented in Figures S5, S6 and S7, respectively. These 

figures has been prepared using LigPlot+ version 1.4.4 [84]. Compound 16040294 forms  2, 3, 0, 

1, 2 , and 1  HBs with 2MXU, 4EMA, 4K6I, 1M4H, 4Y6K, and 1H22, respectively, while for 

non-bonded contacts the corresponding numbers are 13, 9, 18, 12, 8, and 11 (Figure S5). Thus 

HB network is much poorer than the non-bonded contact network implying that the hydrogen 

bonding plays a less important role in stabilization of receptor-ligand complexes compared to 

non-bonded bonds. This is also valid for 9998128 (Figure S6) and reference compounds (Figure 

S7) which have a few or none HBs with targets. Compound 9998128 forms 3 HBs with 1M4H 

only, while just one HB occurs in complexes of reference compound with targets 4EMA, 4K6I, 

and 1M4H. 

For 2MXU 16040294, 9998128  and reference compound Curcumin have 8 common non-

bonded contacts with  Val12(A), Val12(B), His14(B), Leu17(B), Leu17(D), Ile32 (B), Gly33(C), 

and Leu34(B) from peptides A, B, and C (Table S2 in SI). Compounds 16040294, 9998128 and 

the corresponding reference compound have 6, 7, 5, 7 and 9 common contacts with 4EMA, 

4K6I, 1M4H, 4Y6K, and 1H22, respectively.                

For further virtual screening we have chosen only those compounds, which have  ΔEbind < -8.0 

kcal/mol, because the binding energy ≈ -8 kcal/mol corresponds to experimental IC50 ~ μM. 

Then we obtained  792, 834, 1417, 540, and 121  compounds for 2MXU, 4K4I, 1M4H, 4EMA, 

and 4Y6K, respectively (Figure 1). From these sets we found only 36 compounds which are 

common for all five targets and they have been selected for the next step of top hit prediction.  

 

Blood brain barrier 

As AD drug candidates selected compounds should be able to travel to the brain or to overcome 

the BBB.  The capability of crossing the BBB of the 36 common compounds was probed using 

the server PreADMET (see https://preadmet.bmdrc.kr/adme/). Keeping only those compounds, 

which have log(BB) > 0, we have found 10 ligands (Figure 1) as top hits. Their ID and structures 

are shown in SI (Table S3). 

SMD results 

https://preadmet.bmdrc.kr/adme/
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Using Caver 3.0 software [78] we have found the optimal pulling direction for each complex. 

Some of them are shown in Figure S9 for targets 4K6I and 4Y6K, where the ligand is in the best 

docking mode with receptor. In order to obtain reliable result for Wpull  five SMD simulations 

were carried out and the non-equilibrium work was averaged over all runs.  

 

Figure 4. Typical force-position profiles for CID 9998128, CID 16040294 and the reference 

compounds (green curve) bound to multiple targets. 
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Shown in Figure 4 are typical force-position profiles for CID 9998128, CID 16040294 and the 

reference compounds bound to six targets. Clearly Fmax is sensible to both ligand and receptor. It 

also depends on SMD runs [12] (results not shown).  Force-time/position curves were used to 

estimate the non-equilibrium work given by Eq. (1) for ranking binding affinities. 

Table 3. Non-equilibrium works, obtained by SMD, for 10 compounds and the reference 

compound Curcumin (red) for target 2MXU. Results were averaged over 5 independent MD 

simulations. The binding free energy of Curcumin to Aβ fibril is -13.3 kcal/mol  [58]. ΔEbind 

(kcal/mol) obtained by docking simulation is also shown. The ranking in docking simulation is in 

brackets in the last column. 

No

. 
Ligand 

Work 

(kcal/mol) 

ΔEbind (kcal/mol) 

 docking 

1 16040294 82.0 ± 1.6 -8.3 (9) 

2 9549303 74.9 ± 3.7 -9.1 (4) 

3 11494412 71.9 ± 3.8 -8.5 (8) 

4 444746 68.2 ± 4.8 -8.6 (7) 

5 11545419 63.1 ± 2.3  -8.7 (5) 

6 9998128 61.7 ± 2.0 -9.7 (1) 

7 447767 60.5 ± 2.9 -9.5 (2) 

8 Curcumin 59.3 ± 2.8  -7.2 (11) 

9 6419766 58.5 ± 1.7 -9.3 (3) 

10 16122633 42.7 ± 1.9 -8.2 (10) 

11 11790 36.0 ± 1.9 -8.6 (6) 

 

For the Aβ target (2MXU), the SMD method predicts that compound CID 16040294 is champion 

having the largest Wpull of 82 kcal/mol (Table 3), while the reference compound Curcumin is 

ranked 8
th

. Therefore, 7 compounds with Wpull larger than that of Curcumin were selected as top-

hits for destroying Aβ fibril. Note that the docking-based ranking of binding affinities is different 
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from that predicted by SMD (Table 3).  The compound CID 9998128 is champion in docking but 

it runs seventh in SMD. Although CID 16040294 is the strongest in SMD, it is just ninth in 

docking.  

For PPARγ (4EMA) target, we have chosen 5 compounds, which  have Wpull larger than that of 

the reference compound CID 18944089  (Table S4 in SI), for the next screening step. Note that 

the inhibition constant of CID 18944089 is         nM [61] corresponding to ΔGexp ≈ -12.9 

kcal/mol. As in the Aβ case SMD and docking simulation provide different rankings for binding 

affinities (Table S4).  

The reference compound Bexarotene was experimentally shown to strongly bind to RXRα 

(4K6I) target [62]. The present SMD simulation revealed that among 11 studied compounds 

Bexarotene is ranked third being worse than compounds 9998128 and 6419766 (Table S5 in SI).  

Therefore, for RXRα we kept only these two compounds for multi-target screening. 

Similar to the RXRα case, for β-secretase (1M4H) we obtained two compounds that show 

stronger binding affinity than the reference compound 71548079 (Table S6). For γ- secretase 

(4Y6K) target, the reference compound 44354431 is at position 6 (Table S7) implying that 5 

compounds should be kept for the final step of screening. 

Prediction of top leads 

As follows from Table 3 and Tables S4-S7 only compound 9998128 has Wpull exceeding that of 

reference compounds in all 5 targets. Compound 16040294 is better than the reference 

compound for all targets except RXRα, where it stands just after Bexarotene (Table S5). 

Therefore, together with 9998128 we will consider 16040294 as top lead for five targets. Their 

chemical structures (Figure 5) are more complex than Curcumin and Bexarotene (Figure S2) but 

less complex than reference compounds of targets PPARγ, β- and γ-secretase. According to the 

standard strategy of designing multi-target leads, where structures of single-target leads are 

combined, structures of multi-target ligands should be more complicated compared to individual 

components. Overall, this is not consistent with our predictions based on searching drug 

candidates among big databases. 
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Figure 5. 2D chemical structures of top leads 9998128 and 16040294. 

In comparison with16040294, compound 9998128 displays a weaker binding affinity to 4EMA, 

2MXU and 4Y6K but an opposite situation takes place in the 4K6I case where it has remarkably 

larger non-equilibrium work (Table S8 in SI). The SMD simulation predicts that 16040294 binds 

to 1M4H as strong as 9998128 because they have nearly the same pulling works. 

Two top leads are as good as Bexarotene but much better than the rest of reference compounds in 

crossing BBB (Table S9 in SI). This prediction is based on the QSAR analysis and should be 

checked by experiment. 

The van der Walls (vdW) interaction drives binding of top leads towards multiple targets 

The time evolution of the vdW and electrostatic interaction energy between receptor and ligand 

during SMD simulation is depicted in Figure S10. Ligands remain in the binding pocket during 

the first ≈ 200 – 300 ps depending on complexes. Obviously, for this period the absolute value of 

the vdW interaction is higher than that of the electrostatic interaction and this valid for other 

studied systems (results not shown). Therefore, the vdW interaction is more important than the 

electrostatic interaction in binding of two top leads and reference compounds towards six targets. 

 High binding affinity of top hits to Acetylcholinesterase: SMD and MM-PBSA simulations 

Because AChE is a very popular target for designing AD drugs it is worthy to know whether hit 

compounds 9998128 and 16040294 are good binders to it. We first performed the SMD 

simulation to pull them and the reference compound 10107976 (Table 1) from the binding pocket 

of the PDB structure 1H22. Within error bars Wpull of 16040294 is compatible with the reference 

compound 10107976 (Table S10 in SI) suggesting that this lead strongly binds to AChE.  

Because the nonequilbrium work of 9998128 is below that of the reference compound (Table 

S10), which has high binding affinity (Ki = 0.03 nM, Table 1), it remains unclear about its 
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binding capability to 1H22. In order to clarify this issue we have computed ΔGbind using the 

MM-PBSA method. The 100 ns MD simulations were performed the force field AMBER-

f99SB-ILDN  [66] and TIP3P water model [67]. For each receptor-ligand complex four 

independent runs have been made starting from the same starting configuration (Figure 2), but 

with different seed numbers. To determine equilibration time teq, we considered the time 

dependence of Cα-RMSD (Figure S11 in SI). Defining teq as a time when RMSD reaches 

saturation, we see that it varies between about 40 -60 ns depending on the system and MD runs. 

Snapshots collected at equilibrium (after teq) have been used to estimate ΔGbind by Eq. (2).  

The nonpolar (∆Gsur ) and polar (∆GPB) solvation energies are not sensitive to ligands, while the 

contribution of entropic term is larger for 16040294 than for 9998128 (Table S11 in SI). In 

accord with the SMD simulation (Figure S10) the electrostatic interaction is less important than 

the vdW interaction one because the absolute value of ΔEvdW is much higher than ΔEelec. Because 

ΔGbind < -20 kcal/mol both top leads are expected to bind to AChE strongly. 

Conclusion 

We have proposed a simple approach to rank ligand binding affinities by comparing non-

equilibrium works with that of the reference compound whose inhibition constant was known 

from experiment. The main advantage of our trick is that the computation of Wpull is much less 

time consuming than ΔGbind and it can be used, therefore, as a power tool for computer-aided 

drug design for multi-target diseases. Having applied the multi-step screening procedure 

involving the new protocol at the last stage we have obtained two compounds 16040294 and 

9998128 as potential drugs to modulate distinctive pathways leading to AD.  We demonstrated 

that the vdW interaction is dominating over the electrostatic interaction in stabilizing their 

complex with all studied targets.  

It is interesting to note that CID 9998128, mentioned in US2014031547 patent [85],  inhibits 

activity casein kinase 1 delta (CK1 δ) and may be used in treatment of neurodegenerative 

disorders such as Alzheimer's disease. Nitrile-containing CID 16040294 is inhibitor of Aurora-2 

and GSK-3 and it is, therefore, a potential drug for cancer, diabetes and Alzheimer's disease [86]. 

We considered five targets related to molecular and genetic imbalances in AD patients and 

AChE target. The over-expression of AChE around Aβ plaques may be associated with a 

disturbance in  homeostasis of calcium [87] suggesting that AChE belongs to cellular imbalance. 

Thus, contrary to previous works, our study covers all categories of imbalances leading to AD. 

Because the top leads have been identified by in silico experiments it would be important to 

probe their activity by in vitro as well as by in vivo experiments. However, our major goal is to 

show, as a proof of concept, an efficient way to seek potential drugs combining SMD with 

available experimental data on reference compounds. 
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Appendix A. Supplementary Information  

Comparison of SMD efficiency with MM-PBSA is provided. The sizes boxes, used in SMD 

simulation are listed in Table S1. Table S2 provides the list of residues forming non-bonded 

contact with 16040294, 9998128 and reference compound for all targets. Table S3 presents the 

3D structures of 10 ligands that have log(BB) > 0 and ΔEbind < -8.0 kcal/mol to all 5 studied  

targets. Tables S4-S7 provide ranking of binding affinities in SMD and docking for target 4EMA 

(PPARγ), 4K6I (RXRα), 1M4H (β-secretase), and 4Y6K (γ-secretase), respectively. 

Nonequilibrium works to pull two drug candidates from six targets are shown in Table S8, while 

Table S9 provides log(BB) of two leads  and six reference compounds. Table S10 gives 

nonequilbrium works to pull two leads and the reference compound 10107976 from the 

Acetylcholinesterase (1H22). The binding free energy, estimated by the MM-PBSA method, for 

two best candidates for target 1H22 is shown in Table S11.Figure S1 shows 3D PDB structures 

of six targets 2MXU, 4EMA, 4K6I, 1M4H, 4Y6K, and 1H22, while 2D structures of six 

reference compounds are presented in Figure S2.  Figure S3 shows distributions of ΔEbind of 

5732 ligands to five receptors provided by the docking method. Relationship between docking 

binding energies to 2MXU and other receptors is shown in Figure S4. Networks of non-bonded 

contacts and HBs are shown in Figures S5 and S6 for lead compounds 16040294 and 9998128, 

while Figure S7 for the reference compounds. Correlation between docking binding energies and 

experimental free energies is given in Figure S8. Figure S9 shows representative pulling 

directions. Time evolution of vdW and electrostatic  interaction energies between receptor and 

ligand during SMD simulation for typical complexes is displayed in Figure S10. Figure S11 

presents the time dependences of RMSD of 1H22 in complex with CID 16040294 and CID 

9998128. Parameters used in MD simulation for compounds 16040294 and 9998128 are 

available in files 16040294.doc and 9998128.doc. 

Supplementary data associated with this article can be found, in the online version, at XXX 
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Comparison of SMD efficiency with MM-PBSA 

In SMD most of time is spent on SMD runs because calculation of  the non-equilibrium work 

takes very little time. In MM-PBSA, beside generating  MD trajectories  the additional time, 

needed for estimating the  binding free energy, depends on the way we compute the entropy 

term. If ΔS  is estimated by the expensive normal mode method then the computer time depends 

on system size and the number of selected snapshots but typically this time is comparable with 

that of MD run. In this work we used the method developed by Duan et al. (JACS 2016, 138, 

5722–5728) where the entropy term is calculated directly from MD simulation without any extra 

computational cost. Therefore with this new method most of time is spent on MD runs. Here we 

have carried out 5 runs of 600 ps SMD simulation (3 ns total) and 4 trajectories of 100 ns MD 

simulation  (400 ns total) and consequently SMD is 400/3 ≈ 133 times faster than MM-PBSA. 

Note that MD and SMD simulations basically consume the same amount of computer time for a 

given time interval. 
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Table S1. The sizes boxes, used in SMD simulation, for  all targets. 

Target Box size (nm
3
) 

Aβ protofibril (2MXU) 10.1x8.4x18.5 

β-secretase (1M4H) 4.6x8.4x15.4 

γ-secretase (4Y6K) 7.1x7.2x11.6 

PPARγ (4EMA) 7.7x6.7x11.1 

RXRα (4K6I) 6.7x6.8x10.7 

AChE (1H22) 8.3x7.5x12.1 
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Table S2. List of residues forming non-bonded contact with 16040294, 9998128 and reference 

compound (blue). For a given target three ligands have common residues (red). The number of 

common residues is shown in brackets next to the target name in the first column. 

2MXU 

(8) 

16040294 Val12(A), Val12(B), His14(A), His14(B),Leu17(A), Leu17(B), Leu17(D), Ile32 (B), 

Ile32(C), Ile32(D), Gly33(C), Gly33(D), Leu34(B) 

9998128 Val12(A), Val12(B), His14(A), His14(B), His14(C), Leu17(B), Leu17(C),Leu17(D), 

Ile32(A), Ile32(B), Ile32(C), Gly33(A), Gly33(B), Gly33(C), Leu34(B) 

Curcumin Val12(A), Val12(B), His14(B), Leu17(B), Leu17(D), Ile32(A), Ile32(B), Ile32(D), 

Gly33(A), Gly33(C), Gly33(D), Leu34(A). Leu34(B), Leu34(C), Leu34(D) 

4EMA 

(6) 

16040294 Ile281, Phe287, Arg288, Ser289, Tyr327, Leu330,  Ile341, Met348, Met364 

9998128 Gly284, Cys285, Arg288, Ser289,  Ile326, Tyr327, Leu330, Val339, Ile341, Ser342,  

Met348, Leu353,  Met364 

18944089 Ile281, Phe282, Gly284, Cys285, Gln286, Arg288, Tyr327, Leu 330, Ile341, Ser342, 

Met348, Phe363, Met364, Lys367, His449, Leu469, Tyr473 

4K6I 

(7) 

16040294 Pro264, Val265, Ile268,  Ala272,  Gln275, Leu309,  Ile310, Ser312, Phe313, Arg316, 

Val332, Ala337,  Ala340, Val342, Ile345, Val349, Ile428, Cys432,  

9998128 Ile268, Cys269, Ala271, Ala272, Gln275, Trp305, Asn306, Leu309, Ile310, Phe313, 

Arg316, Leu326,  Ala327, Val342, Ile345, Cys432,  Leu436, Phe439 

Bexarotene Ile268, Ala271,  Ala272, Gln275,  Leu309,  Phe313, Arg316, Leu326,  Ile345, Val349, 

Cys432, Leu436, His435, Phe439 

1M4H 

(5) 

16040294 Asp32, Gly34, Pro70,  Tyr71, Thr72, Gln73,  Phe108, Ile118,  Tyr198, Asp228, 

Gly230, Asn233, 

9998128 Pro70, Tyr71, Thr72, Gln73, Phe108,  Ile110,Trp115, Gly230, Arg235 

71548079 Gly34, Pro70, Tyr71, Thr72, Gln73, Lys107, Ile110,  Asp228, Gly230, Thr231 

4Y6K 

(7) 

16040294 Phe57,   Leu158, Ala159, Asp162,  Val215, Met216, Met223, Leu275 

9998128 Leu54, Leu55, Phe57, Thr58, Leu158, Ala159, Tyr161, Asp162, Val215, Met216, 

Met223, Leu275 

44354431 Phe57, Phe79,  Leu158, Ala159, Tyr161, Val215, Met216, Gly219, Met223,  Leu275  

1H22 

(9) 

16040294 Tyr70, Asp72, Trp84, Gly117, Gly118,  Try121, Gly123, Tyr130, Phe330,  Phe331, 

Tyr334 

9998128 Tyr70, Asp72,  Trp84, Asn85,  Gly117,  Gly118, Tyr121, Ser122,  Tyr130, Glu199,  

Phe330, Phe331, Tyr334,  His440 

10107976 Tyr70, Asp72, Trp84, Gly118, Tyr121, Ser122,  Tyr130, Glu199, Tyr279, Phe290, 

Phe330, Phe331, Tyr334 
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Table S3. 3D structures of 10 ligands that have log(BB) > 0 and ΔEbind < -8.0 kcal/mol to 

all 5 targets. Two compounds in blue are top leads revealed by our new protocol. 

No. ID logBB 3D structure 

1 447767 0.89 

 

2 11545419 0.84 

 

3 9549303 0.53 

 

4 11790 0.46 

 

5 6419766 0.45 

 

6 11494412 0.40 

 



6 

 

7 16040294 0.33 

 

8 
9998128 

 
0.25 

 

9 444746 0.17 

 

10 16122633 0.07 
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Table S4. Ranking of  binding affinities in SMD and docking  for target 4EMA (PPARγ). The 

reference compound CID 18944089 (red)  has the experimental binding free energy ΔGexp = -

12.9 kcal/mol. 

No. Ligand 
Work 

(kcal/mol) 

ΔEbind (kcal/mol) 

(ranking in docking) 

1 9549303 130.5 ± 4.0 -9.3(2) 

2 16040294 118.5 ± 1.9 -8.1(11) 

3 444746 115.6 ± 9.2  -8.6(5) 

4 9998128 99.3 ± 3.4 -9.0(3) 

5 11545419 96.9 ± 4.8 -9.6(1) 

6 18944089 92.6 ± 4.5 -8.3(8) 

7 11494412 86.1 ± 3.9 -8.9(4) 

8 447767 82.3 ± 6.2 -8.5(6) 

9 6419766 77.4 ± 4.3 -8.2(10) 

10 16122633 60.9 ± 5.2 -8.3(7) 

11 11790 43.1 ± 1.8 -8.2(9) 
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Table S5. The same as in Table S1 but for target 4K6I (RXRα). The reference compound 

Bexarotene (red) has ΔGexp = -10.8 kcal/mol.  

No. Ligand 
Work 

(kcal/mol) 

ΔEbind (kcal/mol) 

(ranking in docking) 

1 9998128 132.3 ± 3.4 -8.2(10) 

2 6419766 120.7 ± 2.8 -8.2(8) 

3 Bexarotene 119.2 ± 6.9 -12.6(1) 

4 16040294 102.3 ± 3.2 -8.2(9) 

5 16122633 97.5 ± 3.4 -8.0(11) 

6 11494412 96.7 ± 5.3 -9.7(2) 

7 9549303 83.6 ± 4.4 -9.5(3) 

8 447767 83.0 ± 2.2 -8.2(7) 

9 11545419 81.2 ± 4.2 -9.4(4) 

10 444746 69.6 ± 3.4 -8.8(6) 

11 11790 67.4 ± 2.2 -9.3(5) 
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Table S6. The same as in Table S1 but for target 1M4H (β-secretase). The reference compound 

CID 71548079 (red) has ΔGexp = -14.4 kcal/mol.  

No. Ligand 
Work 

(kcal/mol) 

ΔEbind (kcal/mol) 

(ranking in docking) 

1 16040294 122.5 ± 4.2 -8.5(11) 

2 9998128 112.7 ± 7.2 -9.8(2) 

3 71548079 110.8 ± 3.1 -8.9(9) 

4 11545419 99.3 ± 5.7 -9.6(4) 

5 447767 98.4 ± 7.1 -10.5(1) 

6 6419766 79.6 ± 5.2 -9.4(6) 

7 16122633 73.5 ± 4.4 -9.0(8) 

8 444746 62.0 ± 3.4 -9.7(3) 

9 11494412 46.1 ± 2.0 -9.4(7) 

10 9549303 32.6 ± 3.3 -9.6(5) 

11 11790 32.1 ± 2.5 -8.8(10) 
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Table S7. The same as in Table S1 but for target 4Y6K (γ-secretase). The reference compound 

CID 44354431 (red)  has ΔGexp = -12.7 kcal/mol.  

No. Ligand 
Work 

(kcal/mol) 

ΔEbind (kcal/mol) 

(ranking in docking) 

1 16040294 89.8 ± 1.7 -8.1(10) 

2 9998128 85.8 ± 1.5 -8.3(5) 

3 444746 80.0 ± 4.7 -8.3(6) 

4 9549303 79.8 ± 4.0 -8.5(2) 

5 16122633 77.6 ± 3.2 -8.3(7) 

6 44354431 73.5 ± 5.0 -8.5(1) 

7 11494412 64.6 ± 1.8 -8.5(3) 

8 11545419 63.6 ± 3.7 -8.4(4) 

9 447767 62.7 ± 4.5 -8.2(8) 

10 6419766 61.6 ± 4.3 -8.1(9) 

11 11790 50.4 ± 2.3 -8.0(11) 

 

 

Table S8. Non-equilibrium works to pull two drug candidates from six targets. 

Leads 
Work (kcal/mol) 

4EMA 2MXU 1M4H 4K6I 4Y6K 1H22 

16040294 108.7 82.0 114.5 102.3 87.8 134.5 

9998128 91.7 61.7 112.7 147.3 77.3 110.3 
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Table S9. Log(BB) of two leads (blue) and six reference compounds. 

Compound Target Log(BB) 
Molecular Weight 

(g/mol) 

Curcumin Aβ11-42 -1.04 368.38 

Bexarotene  RXRα 0.27 348.48 

CID 18944089 PPARγ -0.13 432.47 

CID 71548079 β-secretase -1.09 415.51 

CID 44354431  γ- secretase -1.29 490.51 

CID 10107976  Acetylcholinesterase 0.12 284.78 

CID 16040294 All six targets 0.33 381.44 

CID 9998128 All six targets 0.25 352.40 

 

Table S10. Nonequilbrium works to pull two leads (blue)  and the reference compound 

10107976 (red) from the Acetylcholinesterase  (1H22). 

 

 

 

 

 

Table S11.  Binding free energy ΔGbind  (kcal/mol), estimated by the MM-PBSA method, for two 

best candidates for target 1H22. 

Compounds 

CID 

ΔEelec 

(kcal/mol) 

ΔEvdW 

(kcal/mol) 

ΔGPB 

(kcal/mol) 

ΔGsur 

(kcal/mol) 

-TΔS 

(kcal/mol) 

ΔGbind 

(kcal/mol) 

16040294 -16.43 -50.64 29.02 -6.55 18.04 -26.57 

9998128 -13.20 -44.18 28.59 -6.41 12.91 -22.30 

 

 

Ligand Work (kcal/mol) 

10107976 136.5 ± 3.5 

16040294 134.5 ± 6.4 

9998128 110.3 ± 3.3 
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Figure S1. 3D structures of six targets 2MXU, 4EMA, 4K6I, 1M4H, 4Y6K, and 1H22. 
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Figure S2. 2D structures of six reference compounds. The name of the 

corresponding target is also shown. 
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Figure S3. Distributions of ΔEbind of 5732 ligands to five receptors. Results have ben obtained 

by the docking method.   
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Figure S4. Relationship between binding energies to 2MXU and other receptors. 
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Figure S5. Networks of non-bonded contacts (arc) and HBs (green dashed line) of CID 

16040294 with six targets.  Results were provided by the docking simulation. The capital letter 

in the brackets refers to either monomer (Aβ fibril) or chain of proteins. The plot was prepared 

by LigPlot+ version 1.4.4. 
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Figure S6. The same as Figure 3 in the main text but for compound 9998128. 
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 Figure S7. Networks of non-bonded contacts (arc) and  hydrogen bonds (green dashed line) in 

the best docking mode. The capital letter in the brackets refers to either peptide (Aβ fibril) or 

chain of proteins. (A) 2MXU and curcumin, (B) 4EMA and CID 18944089, (C) 4K6I and 

bexarotence, (D) 1M4H and CID 71548079, (E) 4Y6K and CID 44354431, and (F) 1H22 and 

CID 10107976 
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Figure S8. Correlation between docking binding energies and experimental free 

energies. The correlation level R=0.63.  
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Figure S9. Pulling direction of CID 998128 from the binding site of 4K6I and 4Y6K was 

determined by  Caver 3.0, Pymol plugin. 
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Figure S10. Time evolution of vdW and electrostatic  interaction energies between receptor and 

ligand during SMD simulation for typical complexes. Arrows roughly refer to time when the 

ligand quits the binding site. 



22 

 

 

 

Figure S11. Time dependences of RMSD of 1H22 in complex with CID 16040294 and CID 

9998128. Arrows refer to time when the systems reach equilibrium in four independent MD runs. 


