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Abstract : 

 

Aim: Molecular dynamics simulations and normal mode analysis are well-established approaches to 

generate receptor conformational ensembles (RCEs) for ligand docking and virtual screening. Here, 

we report new fast molecular dynamics-based and normal mode analysis-based protocols combined 

with conformational pocket classifications to efficiently generate RCEs. Materials & methods: We 

assessed our protocols on two well-characterized protein targets showing local active site flexibility, 

dihydrofolate reductase and large collective movements, CDK2. The performance of the RCEs was 

validated by distinguishing known ligands of dihydrofolate reductase and CDK2 among a dataset of 

diverse chemical decoys. Results & discussion: Our results show that different simulation protocols 

can be efficient for generation of RCEs depending on different kind of protein flexibility. 
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Introduction 

Proteins are inherently flexible macromolecules and they undergo various conformational 

changes in a wide range of amplitudes and timescales to exert their functions.  This is of 

particular importance for protein – ligand interactions [1,2]. The flexibility and 

conformational changes of both the ligand and the receptor occurring upon binding must be 

taken into account to correctly estimate the thermodynamics of the binding reaction [3]. 

Following the complexity to consider the conformational changes of bound and unbound 

states of the system, structure-based drug design studies often neglect these phenomena by 

using a static representation of the protein target. In order to overcome this important 

drawback protein flexibility has been integrated into ligand docking and structure-based 

virtual screening [4,5] in various ways, including side-chain flexibility [6,7] soft docking, 

induced fit [8,9] or conformational ensemble-based docking [10,11]. A correct incorporation 

of protein dynamics for drug design is still a difficult task. It has been shown that in many 

cases including protein flexibility may lead to higher rates of false positives as a large number 

of putative ligands can be accommodated into different conformations of the binding pocket 

[12-14]. 

 

Protein conformational ensembles are frequently used to include protein flexibility in current 

ligand docking and structure-based virtual screening approaches. It corresponds to our 

modern understanding that proteins exist in an ensemble of conformational substates [15,16]. 

In fact, extensive experimental and computational knowledge have been acquired [17,18] 

demonstrating that the protein conformational population shift scenario is regularly valid for 

ligand recognition [19,20] while induced fit is dominating in cases of extremely high ligand 

concentration [21]. These observations justify the widely used in silico approaches generating 

protein conformational ensembles prior to docking and allowing to probe small-ligands 

binding into different protein conformations individually [22,23]. However, the success of 

such exercise strongly depends on the quality of sampling. Experimental protein structures 

determined by X-ray crystallography or NMR can be used as receptor structures for docking 

or virtual screening (VS) [24,25 ,26-29]. In some cases, available experimental conformations 

may not be sufficient to represent various ligandable conformations of the binding site for 

correct prediction of accommodation of new ligands. Further, efficient generation of suitable 

ensemble of modeled receptor conformations to be used prior to docking is still challenging 

despite the various modeling techniques that have been employed [30,31]. 
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Critical reviews on current approaches for generation of receptor conformational ensemble 

(RCE) have been reported [32,33]. Usually protein receptor conformations are identified 

using MD simulations [34-40]. McCammon and co-workers pioneered the Relaxed Complex 

Scheme (RCS), which is based on MD simulations to account for protein flexibility prior to 

ligand docking and VS [41,42]. Another MD-based approach, Limoc, aims at sampling RCE 

appropriate for accommodating ligands, which are chemically and structurally diverse and 

thus unbiased toward a particular class of ligands [43]. Recently we performed successful 

ligand profiling of drug metabolizing enzymes sulfotransferases by employing docking to 

RCE generated by MD simulations combined with hierarchical conformational clustering of 

different binding site conformations [44]. 

 

Another promising approach is to explore collective movements-based conformational 

changes [45,46].  Previously, we generated RCE via normal-mode analysis (NMA) and 

elaborated rules for the selection of several receptor conformations suitable for docking/VS 

by discarding the extremely altered binding site conformations while retaining diverse binding 

pockets [47]. Recently Leis and Zacharias studied receptor flexibility using an efficient 

potential grid representation of the receptor deformed in selected collective movements from 

NMA in order to consider global structural changes upon ligand binding [48]. In the same 

line, Abagyan and co-workers reported the original approach LiBERO relying on the use of 

ligand information for selecting the best performing RCE derived from NMA or Monte Carlo 

simulations [14]. However, taking into consideration a large number of modeled 

conformations may lead to less predictive VS results than the best performing crystal or NMR 

structures due to generation of non-native protein-ligand conformations [13,14,33,49-51]. 

Identifying the best performing RCEs is a complex task because usually frequently occurring 

protein conformations promote better binding conditions for different ligands while in some 

cases, rarely occurring protein conformation can be preferred for ligand binding [22]. 

 

Here, we focused on generating RCEs by using fast MD-based and NMA-based techniques 

combined with conformational pocket classifications. We assessed the performance of MD-

based and NMA-based sampling dependent on two different kind of protein flexibility:  local 

binding site flexibility and flexibility related to large collective protein motions. The two 

proteins studied here, DHFR and CDK2, are typical examples for such different flexibility of 

their binding sites. The druggability of the generated RCEs for the two proteins was analyzed 
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and the performance of the RCEs was validated by distinguishing known ligands of DHFR 

and CDK2 among a dataset of diverse chemicals decoys. Several modeled conformations of 

DHFR and CDK2 were found to perform better than the used X-ray structures. The proposed 

protocols based on short MD simulations in implicit solvent (compared to other protocols 

based on long MD [52]) or based on NMA can be used for fast and efficient generation of 

RCEs that can be practical for structure-based virtual screening. 

 

 

Methods 

 

Target preparation  

Dihydrofolate reductase (DHFR)  

The superposition of 40 X-ray human DHFR structures (the apo structure PDB ID: 1PDB and 

39 ligand-bound structures) show that the main-chain conformation of the active site is 

conserved, and only local conformational changes including side-chain re-orientations upon 

ligand binding are present (e.g. R28, F31, K68, R70). The methotrexate (MTX)–bound 

structure PDB ID 1U72 was chosen (X-ray resolution 1.9 Å) for MD simulations and NMA. 

The structure 1U72 is very similar to the apo structure 1PDB (X-ray resolution 2.2 Å), the 

two structures show RMSD between all atoms of 0.58 Å. Different positions have been found 

for the residues F31 and R70 of the binding pocket. We selected the X-ray structure PDB ID 

1U72 because of its best position of the key residue F31 for aromatic interactions (pi-pi or pi-

T stacking) with bound ligands. The co-crystalized ligand MTX was removed for MD 

simulations and NMA. 

 

CDK2  

The superposition of 9 X-ray structures of human CDK2 co-crystalized with ligands and two 

apo X-ray structures (PDB ID: 2jgz and 1w98) (the resolution of these X-ray structures is 

below 2.9 Å) suggested that 2C6T represents an intermediate structure among several holo 

and apo structures of CDK2 ((Supplementary Figure  S1), thus, it was appropriate as a starting 

point for MD simulations and NMA. The co-crystallized inhibitor triazolopyrimidine was 

removed for MD simulations and NMA. 

 

Although the apo form of a protein is usually used to generate RCE when no ligand-bound 
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conformation is available, it has been observed in our previous [44,53] and other studies [43] 

that virtual screening using RCE generated by MD simulations starting from a ligand-bound 

protein structure outperformed virtual screening to RCE generated by MD simulations on the 

apo-protein structure. In this work we generated RCE starting the MD simulations or NMA 

from a protein structure extracted from a ligand-bound structure. Hydrogen atoms were added 

to the two proteins using CHARMM v. c35b4 [54] following the protonation distribution 

predicted by the pKa calculations with the PROPKA program [55]. 

 

In order to calculate the pocket volumes of DHFR and CDK2 for the large number of protein 

conformations used for virtual screening, first we used the Protomol utility implemented in 

the software Surflex [56] (Version 2.1) to generate the binding pocket. The output file is then 

used to compute the volume (MSMS package implemented in Chimera [57]. We also 

analyzed the druggability of the best performing models and X-ray structures by calculating 

the pocket volume and Drug score using DoGSiteScorer [58]. DoGSite calculates several 

pockets descriptors and employs support vector machine method to return a score of 

druggability between 0 and 1 (0 – nondruggable, 1 - druggable). 

 

Molecular dynamics simulations 

MD simulations were performed following exactly the same protocol for DHFR and CDK2 

using CHARMM v. c35b4 version [54]. We used the all atoms PARAM27 force field [59] 

with CMAP correction. The solvation was taken into account by the Generalized Born 

implicit solvent function FACTS [60]. We employed MD simulations with implicit solvent as 

it has been recently demonstrated its reliability for protein modeling [61]. 

 

Non-bonded interactions were truncated in a cut-off distance of 12 Å with a shift function for 

electrostatics and a switch function for the van der Waals interactions. The protein structures 

were initially minimized using 500 steps of steepest descent (SD) algorithm followed by 500 

steps of conjugate gradient (CG) algorithm. Distances between heavy atoms and hydrogen 

atoms were constrained using the SHAKE algorithm [62] allowing a time step of 2 fs. The 

system was heated during 200 ps to reach 300 K and then equilibrated during 400 ps with a 

temperature window of 300±10 K. The production time was 4 ns for each MD simulation run. 

We have 4 independent trajectories per protein with different initial velocities. 

 

Normal mode analysis  
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To generate protein structures along single individual normal mode the following procedure 

was applied for DHFR and CDK2. The hydrogen atoms were first built and the whole 

complex was energy minimized using the CHARMM program [54] and the force field 

PARAM27 [59], using successively SD, CG and Adopted Basis Newton-Raphson (ABNR) 

algorithms. To avoid important deviations from the crystal structure, harmonic constraints 

were applied to all atoms with a force constant that was progressively decreased from 250 to 0 

kcal.mol
-1

.Å
-2

 during the SD minimization. Then the minimization was continued without 

constraints until an RMS energy gradient of 10
-5 

kcal.mol
-1

.Å
-2

 was reached. The normal 

modes were computed using the DIMB method [63], as implemented in CHARMM. 

Electrostatic interactions were treated with a 4r-dependent dielectric constant and a short 

switching function (applied between 6.0 and 8.0 Å) to avoid the shrinkage of the protein. We 

analyzed the first 34 internal modes (from 7 to 40) since the lower frequency modes are 

usually the most responsible for important conformational changes [64-66]. 

 

The atoms of the initial conformation (the minimized X-ray structures of CDK2 and DHFR) 

were displaced along the first 34 internal lowest frequency eigenvectors in both directions by 

increments of 0.2 Å until reaching a mass-weighted root mean square deviation (MRMSD) of 

2 Å (or -2 Å) with respect to the initial conformation using the VMOD module of CHARMM. 

To distinguish between the two directions of an eigenvector, positive and negative values of 

MRMSD are used. To obtain energetically relaxed structures for each displacement, short 

energy minimizations (100 steps of SD with harmonic constraints and followed by CG and 

ABNR until getting a gradient of 5.10
-1

 kcal.mol
-1

.Å
-2

) were performed on the sampled 

structures. This ultimately yielded 714 structures (34x21), 21 per normal mode (in the two 

directions of an eigenvector) including the initial structure minimized in the same conditions. 

The procedure used is described in more detail in [67]. For DHFR we additionally considered 

random linear combinations of 7 modes (combined modes) by varying randomly the 

amplitude along the normal mode vectors using an in-house CHARMM script. The generated 

structures were energy minimized as for single mode displacements. 

 

Protein conformational clustering 

In order to select representative structures for RCE we have used two non-supervised 

classification approaches as implemented in the R software [68]. For each protein the RMSD 

matrix was calculated for all atoms of the binding site and of the cofactor in the case of 

DHFR. First, we clustered different conformations of the binding sites by applying 
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Hierarchical Ascendant Classification (Hclust) on the obtained RMSD matrix using the 

aggregative method Ward as implemented in the R software [68]. Next, the K-means 

classification algorithm was also employed. K-means clustering aims to partition n 

observations into k clusters in which each observation belongs to the cluster with the nearest 

mean. The number of groups was chosen by a consensus of the criteria: visualization of the 

obtained Hclust trees, the intra-group variance for the K-means procedure, the Dunn index 

estimating the density and separation of the groups, and the Davies Bouldin index estimating 

the group dispersion. Finally, we took the centroid structure of each cluster in order to define 

a representative set of protein conformations for subsequent virtual screening experiments. 

 

Virtual screening  

Data set preparation 

Actives compounds on both DHFR and CDK2 were taken from the DUD data set [69] 

(version 2010). Only one tautomeric state was considered for each ligand. The selection of the 

unique tautomers was made using Chemaxon Marvin sketch (version 2010) 

(www.chemaxon.com) and the option major macrospecies at pH 7.4. The Chembridge 

DiversityChem (version 2010) was used to prepare the decoy data set starting with 50 000 

compounds. All datasets were first filtered for drug-likeness using the software FAFDrugs2 

[70] and standard physicochemical properties with the following ranges: 150 < Molecular 

Weight < 750, 0 < Number of Hydrogen Bond donors < 8, 0 < Number of Hydrogen bond 

acceptors < 12, 0 < number of rotatable bonds < 13, 0 < polar surface area < 160, -5 < XlogP3 

< 6. Furthermore a chemical diversity criterion was used to ensure the chemical 

representativeness of the chosen chemical structures and prevent the overrepresentation of 

some given chemical series. Such chemical diversity was made possible using a combination 

of the program Cactus (http://cactus.nci.nih.gov) and Subset (http://cactus.nci.nih.gov) that 

were used to respectively calculate chemical fingerprints of the compounds and ensure a 

maximal chemical similarities between them based on a Tanimoto distance equal to a 

maximum of 0.75. As a consequence, the obtained data sets were composed of 51 CDK2 

inhibitors, 191 DHFR inhibitors, and 2739 decoys form the Chembridge subset, all diverse 

chemically and possessing acceptable physicochemical profiles. The resulting compounds 

were finally generated in 3D using Frog2 [71]. 

 

Virtual screening experiments 

http://www.chemaxon.com/
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AutoDock Vina program was used to perform flexible ligand docking [72]. All atoms that do 

not belong to the proteins are removed except for the NADPH cofactor in the active site of 

DHFR. The protonation states of protein titratable groups were computed using PROPKA 

program [55]. Gasteiger charges were added to each atom using the AutoDockTools package. 

We used grid resolution of 1 Å, number of binding modes of 10 and exhaustiveness of 8. The 

search spaces have been centered on the binding sites of the proteins with cubic dimensions 

(26x26x26 Å for CDK2 and 20x20x20 Å for DHFR). 

 

Results & discussion 

We used human DHFR and CDK2 to evaluate the performance of the developed RCE 

generating protocols as model proteins since they are important therapeutic targets and they 

have been shown to be challenging among other targets when including flexibility via 

different protein conformations for virtual screening [43,73]. DHFR is an enzyme, which 

converts dihydrofolate into tetrahydrofolate and plays an essential role in cell metabolism and 

cellular growth. It has been validated as an anti-cancer target in a number of studies (see for 

ex. [74,75]). DHFR shows local flexibility of the active site as several side chains change their 

conformations depending on bound ligands (PDB ID: 1u71, 1u72, 1dlr, 1dls). CDK2 is also 

an important anti-cancer target involved in central cell cycle functions [76] by interacting with 

cyclins through the S phase and thus participating in the initiation and the progress of the 

DNA synthesis. Thus far CDK2 has been extensively investigated and a number of inhibitors 

have been discovered [77-79]. The superimposition of nine CDK2 structures (PDB ID : 3ti1, 

3tiy, 4erw, 4ez3, 4acm, 2xmy, 2xnb, 2x1n, 2c6t) bound to various ligands and two apo CDK2 

structures (PDB ID:  2jgz and 1w98) shows that significant induced fit of the ATP-binding 

site occurs upon ligand binding. The most important conformational changes occur on the G-

loop (ILE10-VAL16) closing or opening the ATP-binding site. In addition, such movement is 

observed between the two apo-structures (more closed 2jgz and more open 1w98 

conformations) suggesting that such collective motion occurs at this region even without 

ligand binding. 

 

Figure 1 shows the computational procedure used to generate and validate the RCEs for 

DHFR and CDK2. RCEs generated by MD simulations or NMA were assessed based on their 

performance to distinguish active and diverse decoy compounds by docking using AutoDock 

Vina [72] and by calculating the enrichment at 1%, 5% and 10% of the screened chemical 
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library (percent of actives recovered). We have chosen AutoDock Vina because of its good 

performance of binding affinity prediction and speed [80]. In addition Vina is not very 

sensible to errors in the protonation behavior for various ligands [72] that may occur when 

one screens a large number of compounds. 

 

Molecular Dynamics Simulations and Receptor Conformational Ensemble for DHFR 

We ran four MD simulations (noted as MD1, MD2, MD3 and MD4) for human DHFR with 

different initial velocities. The calculated root-mean-square deviations (RMSD) of backbone 

atoms for the entire protein against the average MD structure were < 2 Å for the four 

trajectories ensuring thus the reliability of the MD simulated DHFR structures. MD2 and 

MD4 have shown larger fluctuations with RMSD < 2 Å for MD2 and < 1.5 Å for MD4, 

against RMSD < 1 Å for MD1 and MD3, respectively. We took 4000 snapshots from each 

MD trajectory of the entire production run (one conformation every 1 ps) for further 

consideration, in total 16000 MD generated conformations for DHFR. Our analysis focuses 

mainly on the plasticity of the binding site observed during the MD simulations. The list of 29 

protein residues of the binding site is given in Supplementary material. Figure 2A shows the 

conformational space of the 16000 generated DHFR structures following the structural 

differences of their binding sites. It is seen that the four MD trajectories take a specific place 

inside the total binding-site conformational space. Similarly, the four trajectories can be 

distinguished on the RMSD map (Fig. 2B). 

 

In order to extract a suitable RCE among the 16000 MD structures for ligand docking/virtual 

screening with diverse binding-site conformations, we employed two classification strategies 

based on the matrix of RMSD for all atoms of the binding site and the co-factor NADPH: 

Hierarchical Ascendant Classification (Hclust) and K-means clustering. Twenty six structures 

were finally retained to be probed for virtual screening experiments, 13 centroids obtained 

from the Hclust classification and 13 centroids obtained from the K-means classification. The 

resulted RMSD between the centroids was > 0.4 Å for Hclust and > 0.7 Å for K-means. 

 

Virtual screening for RCE generated by MD simulations for DHFR 

VS experiments were performed using docking-scoring approach in order to identify the MD 

conformations of DHFR, which better discriminate known binders from putative decoys. We 

ran 26 VS for the RCE of DHFR generated by MD simulations. The best results obtained for 
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the MD centroid conformations using the two classification methods and the X-ray structure 

(PDB ID 1U72) are shown in Table 1. The structure MD_11281 (from MD3) (Fig.3) obtained 

by Hclust and K-means achieves better enrichment results than the X-ray structure following 

the enrichment at 5%. The other conformations do not show better performance than the X-

ray structure. Overall the centroids obtained by K-means achieve better enrichment results 

than those obtained using the Hclust classification. Yet, the both classifications found various 

conformations (except MD_11281) with different pocket volumes and RMSD. Hence running 

several short MD simulations seems to be a pertinent approach in order to cover larger 

conformational space of the DHFR active site.  

 

We performed structural analysis of the binding sites of the MD generated conformations and 

of the X-ray structure (Table 1). The volumes of the binding sites of the best performing MD 

conformations vary from 507 to 791 Å
3
. The best structures show volumes of the binding 

pocket quite similar or smaller to that of the X-ray structure. Overall MD2 and MD4 

generated conformations have volumes of the active site pocket  (up to 1600 Å
3
) larger than 

those of MD1 and MD3. The best structures were found from MD1 and MD3 showing RMSD 

of the backbone atoms during the trajectories < 1 Å. 

 

Normal mode analysis and receptor conformational ensemble for DHFR 

We have previously shown that including all atoms in NMA can be critical for a quasi-

exhaustive simulation of possible changes that may occur in the binding site [47]. Here we 

analyzed the first 30 modes (from 7 to 36) for DHFR since the lower-frequency modes are 

usually the most responsible for important conformational changes [64-66]. The atoms of the 

initial conformation (the minimized X-ray structure of DHFR, PDB ID 1U72) were displaced 

along the first 30 lowest frequency eigenvectors (apart those corresponding to the 6 global 

translations/rotations) in both directions by increment of 0.2 Å until reaching a Mass 

Weighted Root Mean Square Deviation (MRMSD) of 2Å (or -2Å) with respect to the initial 

conformation. To distinguish between the two directions of an eigenvector, positive and 

negative values of MRMSD are used. Twenty one conformations were generated per mode, 

this yielded finally 630 structures. 

 

Following the observation that the best performing MD conformations for DHFR have 

volumes of the active site similar to the X-ray pocket volume, for the first NMA ensemble we 
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have chosen structures having volumes of the binding pocket within a range of the volume of 

the X-ray binding pocket structure ± 30%. This resulted in 144 conformations that were used 

for VS following the same protocol as for the MD generated structures. No conformation was 

found to retrieve more known ligands of DHFR than the used X-ray structure at 5 % of the 

screened library (results shown in Supplementary material Table S1). In fact, the 

minimization performed before NMA displaced the key residue F34 preventing thus correct 

ligand binding in the active site. We should note that NMA may not be the best approach to 

explore conformational changes of binding sites showing only local conformational changes, 

e.g. side-chain movements observed in other studies [45]. 

 

In such cases a combination of different modes touching the binding site can be helpful to 

increase the conformational space generated by NMA. We probed such a strategy to generate 

additional DHFR conformations. We generated 2000 structures using linear combinations 

with random amplitudes of 7 modes (11, 16, 18, 20, 22, 24, and 35) that opened the active 

site. Then we performed clustering on the RMSD of the binding pocket residues to decrease 

the number of structures to screen using the same strategy as for the MD conformation 

classification. The two procedures (Hclust and K-means) and the consensus of the four 

criteria (visualization of the obtained Hclust trees, the intra-group variance for the K-means 

procedure, the Dunn index, and the Davies Bouldin index) resulted in 8 clusters. We took the 

8 centroid conformations for DHFR. Again the VS experiments have not found any centroid 

conformation able to perform better than the used X-ray structure at 5 % of the screened 

library (results shown in Supplementary Table S2). To check the availability of conformations 

with correct position of F34 we calculated the distances between F34 and V8 of the binding 

site (results shown in Supplementary material Fig. S2) and we found a large number of NMA 

conformations showing a position of F34 preferable for ligand binding. Then, we decided to 

perform known ligand-driven analysis in order to find the best NMA conformations. For this 

purpose we docked the 191 DHFR actives into all 2000 NMA structures. The best 

conformations showing average binding energy ≤ -8.5 kcal/mol calculated by Vina (see 

Supplementary Fig. S3) were used for VS. The results for the five best preforming structures 

are shown in Table 2. The best NMA structure 1 achieves better enrichment results than the 

X-ray structure following the enrichment at 5%. Thus, a training process in which protein 

structures are selected on the basis of their performance to reproduce preferable binding 

affinities, as in our case of DHFR ligands, or to reproduce experimentally known binding 
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modes [43] can be a useful approach to a rational selection of RCE for virtual screening 

purposes. 

 

Molecular dynamics simulations and receptor conformational ensemble for CDK2 

In order to validate the developed MD and NMA protocols we assessed their performance on 

CDK2. The superposition of several CDK2 structures co-crystallized with diverse ligands and 

two apo forms confirms that significant induced fit of the ATP-binding site occurs upon 

ligand binding. The two regions involved in conformational changes are the hinge region 

(E81-H84) and importantly the G-loop (I10-V16). For CDK2 we used exactly the same 

protocol to run four MD simulations with different initial velocities as for DHFR. Similarly, 

we took 4000 snapshots for CDK2 from each MD trajectory of the entire production run (one 

conformation every 1 ps) for further consideration, in total 16000 MD generated 

conformations. In order to eliminate structural redundancy and to extract a suitable RCE 

among the 16000 MD structures of CDK2 for ligand docking and virtual screening, we 

employed the same classification strategy as for DHFR based on the matrix of RMSD for all 

atoms of the binding site using Hclust and K-means (the list of the 24 residues of the ATP-

binding site is given in Supplementary material). Twenty structures were thus retained to be 

probed for virtual screening experiments, 10 centroids obtained from the Hclust classification 

and 10 centroids obtained from the K-means classification. 

 

Virtual screening for RCE generated by MD simulations for CDK2 

VS experiments were performed for CDK2 using the same docking-scoring protocol as for 

DHFR. We ran 20 VS for the MD-generated RCE of CDK2. The best results for the MD 

centroid conformations obtained by the two classification methods and the X-ray structure ID 

PDB 2C6T are shown in Table 3. The two structures MD_6677 and MD_7889 obtained by K-

means perform equally than the X-ray one at 1% of the ranked library, and better than the X-

ray one at 5% of the ranked library. The centroid conformations of CDK2 extracted by the K-

means procedure achieve better enrichment results than those obtained using the Hclust 

classification. Again, the two classification procedures found diverse conformations with 

different pocket volumes within a range the X-ray pocket volume  ± 30%. These results 

confirm the appropriateness to run short MD trajectories in parallel in order to increase the 

conformational space of binding pockets of studied receptor for diverse ligand binding. 

 

Normal mode analysis and receptor conformational ensemble for CDK2 
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We analyzed the first 34 modes (from 7 to 40) for CDK2 being the lowest-frequency modes. 

The atoms of the initial conformation (the minimized X-ray structure of CDK2, 2C6T) were 

displaced along the first 34 lowest frequency eigenvectors in both directions until reaching a 

MRMSD of 2Å (or -2Å) with respect to the initial conformation. To distinguish between the 

two directions of an eigenvector, positive and negative values of MRMSD were used. 

Twenty-one conformations were generated per mode, this yielded finally 714 structures. The 

best performing MD-generated conformations for CDK2 have volumes of the binding site 

similar to the X-ray one, thus, for the generation of the NMA-based RCE for CDK2 we have 

chosen structures having volumes of the binding pocket within a range of the volume of the 

X-ray binding pocket structure ±30%. We thus selected 159 conformations that were used for 

VS following the same VS protocol as for the MD generated structures. As can be seen in 

Table 4 the CDK2 structure generated by the mode “35 -1” was the best one modeled by 

NMA (Fig.4). Although the enrichment obtained at 1% of the ranked library is better for the 

X-ray structure than that for the “35 -1” structure, the enrichment at 5% is increased twice. 

The CDK2 structure generated by the mode “24 0.8” performed similarly as the X-ray one. It 

is seen that in the case of CDK2, in contrary to DHFR, a simple NMA protocol combined 

with pocket-volume-based filtering was sufficient to find two new conformations with diverse 

binding site conformations yet with similar volumes. Such results can be expected taking into 

consideration the well-known collective movement of the G-loop covering the ATP-binding 

site of CDK2 supported by the large number of X-ray structures of CDK2 co-crystallized with 

different ligands [81] [82] as well as by previous NMA studies performed on CDK2 [47,83]. 

In fact, the ATP-binding site is located at the interface of two subdomains, thus, CDK2 

constitutes a very appropriate case to use NMA for RCE generation, permitting to explore 

domain (subdomain) movements. The best performing CDK2 conformations suggest a 

movement of the G-loop (I10-V17). 

 

In order to take into account  the anharmonic effects arising for relatively large structural 

changes in NMA, an exploration of the energy surface along a given normal mode direction, 

or combination of linear modes, is necessary. For both proteins this was achieved by energy 

minimizations for successive displacements using an umbrella potential targeting a desired 

location. In our previous studies we have shown the reliability of generated structures by 

using this approach [47,67]. However, it is to note that considering only the lower-frequency 

modes for DHFR, showing only local active site flexibility, was not sufficient to generate 

active site conformations suitable for ligand docking, the used X-ray structure was better 
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performing. In order to increase the conformational space of the DHFR binding site we used 

an additional combination of different modes touching the binding site, which resulted in the 

found NMA_1 conformation better performing than the X-ray one at 5% of the ranked library. 

In the case of CDK2, showing collective movement of the G-loop opening and closing the 

ATP-binding site, simple NMA was sufficient to generate binding site conformations well 

performing for ligand docking. In perspectives, the newly developed hybrid approach 

MDeNM (Molecular Dynamics with excited Normal Modes) combining NM and MD  

simulations [84] may overcome some of the above described limitations. MDeNM is based on 

kinetic excitation of collective motions described by a set of normal mode vectors within a 

standard MD simulation, thus coupling efficiently global and local motions. 

 

Druggability assessment of the generated RCE  

Previous studies have shown variable observations on correlations between identified protein 

conformations best performing for virtual screening and druggability of their binding pockets 

[44,47,73,85]. In fact, various strategies have been used to select the best RCE (by RMSD 

from starting structure, binding site volume, radius of gyration, cognate ligand size, flexibility 

descriptors among others), however, no method for selecting the best RCE was found similar 

to other studies [24]. Here we analyzed the performance of the generated RCE for virtual 

screening vs the druggability and volume of the binding pockets as computed by 

DoGSiteScorer [58] for DHFR and CDK2. The obtained results (Fig. 5) do not suggest a clear 

correlation between the calculated Drug scores and volume of the pockets and the best-

obtained enrichments of actives retrieved at 5 % of the ranked chemical library. Clearly, 

criteria based on physicochemical and topological properties of the binding pockets as 

volume, polarity, shape, lipophilicity, presence of hot spots (e.g. key residues) and an overall 

druggability evaluation are critical for initial RCE selection. High enrichment (e.g. > 15 ) at 

5% of the screened library was achieved here when using conformations with pocket volume 

between 500 and 800 Å
3
 for DHFR and between 650 and 1000 Å

3
 for CDK2, respectively. 

Further, the calculated Drug score 0.45 was predicted to be sufficient for DHFR and 0.7 for 

CDK2, respectively, to achieve better enrichment than 15. Following these results, it seems 

that the correlation between predicted druggability and docking/VS performance is target-

dependent. Enrichment result can also depend on the used chemical library. In our study we 

probed the same diverse decoys for the two proteins while using large datasets of diverse 

actives for DHFR and CDK2 taken from DUD (see method section). 
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Recently, we have observed [44] that despite of very high druggability score of some holo X-

ray structures, the obtained enrichments are not always satisfactory. The druggability score is 

a useful evaluation but it might be not sufficient for a final selection of the best receptor 

conformations.  Keeping in mind that druggability assessment is target-dependent, additional 

criteria can be employed when there is available information for known ligands, structural 

data or biological activities. In this study, such a strategy helped to identify the best 

conformations of DHFR for virtual screening among the generated RCE by NMA. The 

position of F34 was critical to identify the most appropriate binding site conformations for 

docking and virtual screening. In the same line, it has been recently proposed that receptors 

found by using automatic iteration of the sampling-selection with Ligand-guided Backbone 

Ensemble Receptor Optimization (the ALiBERO method) are able to better discriminate 

active ligands from inactives in flexible-ligand VS docking experiments [14]. Thus, 

knowledge for active/inactive ligands can be very helpful for the selection of the most 

appropriate ensemble conformations for VS. 

 

Conclusion 

We focused on generating RCEs by using fast MD-based and NMA-based simulations 

combined with two different conformational pocket classifications. For DHFR and CDK2 

RCEs obtained by the K-means classification better discriminated known binders than those 

obtained using the Hclust classification. Our results confirmed the appropriateness to run 

short MD with implicit solvent in order to generate binding site conformations suitable for 

ligand docking and VS. Considering only the lower-frequency modes for DHFR, which 

shows local active site flexibility, was not sufficient to generate active site conformations 

suitable for ligand docking. In the case of CDK2, showing a collective movement of the G-

loop close to the ATP-binding site, simple NMA successfully generated binding site 

conformations well performing for ligand docking and VS. These results suggest that for local 

flexibility short MD simulations are sufficient to explore the flexibility of the binding site for 

subsequent ligand docking and NMA can be more appropriate for protein targets expected to 

have collective motions involving the binding pocket. 

 

Future Perspective 

Our study suggests that short MD simulations with implicit solvent are sufficient to explore 
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local flexibility of protein binding site for ligand docking and VS. NMA can be more 

appropriate for protein targets expected to have collective motions involving the binding 

pocket. In perspectives, coupling efficiently global and local motions by hybrid approaches of 

MD and NMA may help to overcome some of the current limitations of RCEs.  

 

Acknowledgments 

We thank the INSERM institute, University Paris Diderot, CNRS and ENS de Cachan. SK 

and DG were financially supported by ARCUS program of Ministry of Foreign Affairs of 

France. 

 

 

  



 19 

References 

 

1. Teague SJ. Implications of protein flexibility for drug discovery. Nat Rev Drug Discov, 2(7), 
527-541 (2003). 

2. B-Rao C, Subramanian J, Sharma SD. Managing protein flexibility in docking and its 
applications. Drug Discov Today, 14(7-8), 394-400 (2009). 

3. Gallicchio E, Levy RM. Advances in all atom sampling methods for modeling protein-ligand 
binding affinities. Curr Opin Struct Biol. , 21, 161–166 (2011). 

4. Cerqueira NM, Gesto D, Oliveira EF et al. Receptor-based virtual screening protocol for drug 
discovery. Arch Biochem Biophys., doi: 10.1016/j.abb.2015.05.011. (2015). 

5. Chen YC. Beware of docking. Trends in Pharmacological Sciences, 36, 78-95 (2015). 
6. Shin W-H, Kim J-K, Kim D-S, Seok C. GalaxyDock2: Protein–ligand docking using beta-complex 

and global optimization. J Comput Chem, 34, 2647–2656 (2013). 
7. Loving KA, Lin A, Cheng AC. Structure-Based Druggability Assessment of the Mammalian 

Structural Proteome with Inclusion of Light Protein Flexibility. PLoS Comput Biol, 10, 
e1003741 (2014). 

8. Sherman W, Day T, Jacobson MP, Friesner RA, Farid R. Novel procedure for modeling ligand ⁄ 
receptor induced fit effects. J Med Chem, 49, 534–553 (2006). 

9. Koska J, Spassov VZ, Maynard AJ et al. Fully Automated Molecular Mechanics Based Induced 
Fit Protein-Ligand Docking Method. J Chem Inf Model, 48, 1965-1973 (2008). 

10. Ivetac A, McCammon JA. Molecular recognition in the case of flexible targets. Curr Pharm 
Des, 17, 1663-1671 (2011). 

11. Bolia A, Gerek ZN, Ozkan SB. BP-Dock: a flexible docking scheme for exploring protein-ligand 
interactions based on unbound structures. J Chem Inf Model 54, 913-925 (2014). 

12. Barril X, Morley SD. Unveiling the full potential of flexible receptor docking using multiple 
crystallographic structures. J Med Chem, 48(13), 4432-4443 (2005). 

13. Bolstad ES, Anderson AC. In pursuit of virtual lead optimization: the role of the receptor 
structure and ensembles in accurate docking. Proteins, 73(3), 566-580 (2008). 

14. Rueda M, Totrov M, Abagyan R. ALiBERO: evolving a team of complementary pocket 
conformations rather than a single leader. J Chem Inf Model, 52, 2705-2714 (2012). 

15. Forman-Kay JD. The 'dynamics' in the thermodynamics of binding. Nat Struct Biol, 6(12), 
1086-1087 (1999). 

16. Verkhivker GM, Bouzida D, Gehlhaar DK, Rejto PA, Freer ST, Rose PW. Complexity and 
simplicity of ligand-macromolecule interactions: the energy landscape perspective. Curr Opin 
Struct Biol, 12(2), 197-203 (2002). 

17. Boehr DD, Nussinov R, Wright PE. The role of dynamic conformational ensembles in 
biomolecular recognition. Nat Chem Biol, 5(11), 789-796 (2009). 

18. Keskin O. Binding induced conformational changes of proteins correlate with their intrinsic 
fluctuations: a case study of antibodies. BMC Struct Biol, 7, 31 (2007). 

19. Kar G, Keskin O, Gursoy A, Nussinov R. Allostery and population shift in drug discovery. Curr 
Opin Pharmacol, 10(6), 715-722 (2010). 

20. Csermely P, Palotai R, Nussinov R. Induced fit, conformational selection and independent 
dynamic segments: an extended view of binding events. Trends Biochem Sci, 35, 539–546 
(2010). 

21. Weikl TR, von Deuster C. Selected-fit versus induced-fit protein binding: kinetic differences 
and mutational analysis. Proteins, 75(1), 104-110 (2009). 

22. Nichols SE, Baron R, McCammon A. On the use of molecular dynamics receptor 
conformations for virtual screning. In: Computational drug discovery and design. Baron, R 
(Ed. (Humana Press, 2012) 93-103. 



 20 

23. Totrov M, Abagyan R. Flexible ligand docking to multiple receptor conformations: a practical 
alternative. Curr Opin Struct Biol, 18, 178-184 (2008). 

24. Rueda M, Bottegoni G, Abagyan R. Recipes for the selection of experimental protein 
conformations for virtual screening. J Chem Inf Model, 50(1), 186-193 (2010). 

25. Isvoran A, Badel A, Craescu CT, Miron S, Miteva MA. Exploring NMR ensembles of calcium 
binding proteins: perspectives to design inhibitors of protein-protein interactions. BMC Struct 
Biol, 11, 24 (2011). 

26. Vinh NB, Simpson JS, Scammells PJ, Chalmers DK. Virtual screening using a conformationally 
flexible target protein: models for ligand binding to p38α MAPK. J Comput Aided Mol Des, 26, 
409-423 (2012). 

27. Cosconati S, Marinelli L, Di Leva FS et al. Protein flexibility in virtual screening: the BACE-1 
case study. J Chem Inf Model, 52, 2697-2704 (2012). 

28. Barreca ML, Iraci N, Manfroni G et al. Accounting for target flexibility and water molecules by 
docking to ensembles of target structures: the HCV NS5B palm site I inhibitors case study. J 
Chem Inf Model, 54, 481-497 (2014). 

29. Huang SY, Zou X. Efficient molecular docking of NMR structures: application to HIV-1 
protease. Protein Sci, 16(1), 43-51 (2007). 

30. Miteva MA, Robert CH, Maréchal JD, Perahia D. Receptor flexibility in ligand docking and 
virtual screening. In: In silico lead discovery. Miteva, MA (Ed. (Bentham Science Publishers, 
2011) 99-117. 

31. Osguthorpe DJ, Sherman W, Hagler AT. Generation of receptor structural ensembles for 
virtual screening using binding site shape analysis and clustering. Chem Biol Drug Des 80, 
182-193 (2012). 

32. Cavasotto CN, Orry AJ, Abagyan R. The challenge of considering receptor flexibility in ligand 
docking and virtual screening. Curr Comput-Aided Drug Design, 1, 423-440 (2005). 

33. Yuriev E, Ramsland PA. Latest developments in molecular docking: 2010-2011 in review. J 
Mol Recognit, 26, 215-239 (2013). 

34. Cheng LS, Amaro RE, Xu D, Li WW, Arzberger PW, McCammon JA. Ensemble-based virtual 
screening reveals potential novel antiviral compounds for avian influenza neuraminidase. J 
Med Chem, 51(13), 3878-3894 (2008). 

35. Xu Y, Colletier JP, Jiang H, Silman I, Sussman JL, Weik M. Induced-fit or preexisting 
equilibrium dynamics? Lessons from protein crystallography and MD simulations on 
acetylcholinesterase and implications for structure-based drug design. Protein Sci, 17, 601-
605 (2008). 

36. Asses  Y, Venkatraman V, Leroux V, Ritchie DW, Maigret B. Exploring c-Met kinase flexibility 
by sampling and clustering its conformational space. Proteins, 80, 1227-1238 (2012). 

37. Proctor EA, Yin S, Tropsha A, Dokholyan NV. Discrete molecular dynamics distinguishes 
nativelike binding poses from decoys in difficult targets. Biophys J, 102(1), 144-151 (2012). 

38. Machado KS, Schroeder EK, Ruiz DD, Cohen EM, de Souza ON. FReDoWS: a method to 
automate molecular docking simulations with explicit receptor flexibility and snapshots 
selection. BMC Genomics 12(4), S6 (2011). 

39. Degliesposti G, Portioli C, Parenti MD, Rastelli G. BEAR, a novel virtual screening 
methodology for drug discovery. J Biomol Screen, 16, 129-133 (2011). 

40. Hou T, Wang J, Li Y, Wang W. Assessing the performance of the MM/PBSA and MM/GBSA 
methods. 1. The accuracy of binding free energy calculations based on molecular dynamics 
simulations. J Chem Inf Model, 51, 69-82 (2011). 

41. Lin JH, Perryman AL, Schames JR, McCammon JA. Computational drug design accommodating 
receptor flexibility: the relaxed complex scheme. J Am Chem Soc, 124(20), 5632-5633 (2002). 

42. Amaro RE, Baron R, McCammon JA. An improved relaxed complex scheme for receptor 
flexibility in computer-aided drug design. J Comput Aided Mol Des, 22(9), 693-705 (2008). 

43. Xu M, Lill MA. Utilizing experimental data for reducing ensemble size in flexible-protein 
docking. J Chem Inf Model, 52, 187-198 (2012). 



 21 

44. Martiny VY, Carbonell P, Lagorce D, Villoutreix BO, Moroy G, Miteva MA. In silico mechanistic 
profiling to probe small molecule binding to sulfotransferases. PLoS One, 8, e73587 (2013). 

45. Rueda M, Bottegoni G, Abagyan R. Consistent improvement of cross-docking results using 
binding site ensembles generated with elastic network normal modes. J Chem Inf Model, 
49(3), 716-725 (2009). 

46. Bahar I, Lezon TR, Yang LW, Eyal E. Global Dynamics of Proteins: Bridging Between Structure 
and Function. Ann Rev Biophys, 39, 23-42 (2010). 

47. Sperandio O, Mouawad L, Pinto E, Villoutreix BO, Perahia D, Miteva MA. How to choose 
relevant multiple receptor conformations for virtual screening: a test case of Cdk2 and 
normal mode analysis. Eur Biophys J, 39, 1365-1372 (2010). 

48. Leis S, Zacharias M. Efficient inclusion of receptor flexibility in grid-based protein–ligand 
docking. J Comput Chem, 32, 3433–3439 (2011). 

49. Nichols SE, Baron R, Ivetac A, McCammon JA. Predictive power of molecular dynamics 
receptor structures in virtual screening. J Chem Inf Model, 51, 1439–1446 (2011). 

50. Korb O, Olsson TS, Bowden SJ et al. Potential and limitations of ensemble docking. J Chem Inf 
Model, 52, 1262-1274 (2012). 

51. Sgobba M, Caporuscio F, Anighoro A, Portioli C, Rastelli G. Application of a post-docking 
procedure based on MM-PBSA and MM-GBSA on single and multiple protein conformations. 
Eur J Med Chem, 58, 431-440 (2012). 

52. Tarcsay A, Paragi G, Vass M, Jójárt B, Bogár F, Keserű GM. The impact of molecular dynamics 
sampling on the performance of virtual screening against GPCRs. J Chem Inf Model, 53, 2990-
2999 (2013). 

53. Moroy G, Martiny VY, Vayer P, Villoutreix BO, Miteva MA. Toward in silico structure-based 
ADMET prediction in drug discovery. Drug Discov Today, 17(1-2), 44-55 (2012). 

54. Brooks BR, Brooks CL, 3rd, Mackerell AD, Jr. et al. CHARMM: the biomolecular simulation 
program. J Comput Chem, 30(10), 1545-1614 (2009). 

55. Bas DC, Rogers DM, Jensen JH. Very fast prediction and rationalization of pKa values for 
protein-ligand complexes. Proteins, 73, 765-783 (2008). 

56. Jain AN. Surflex-Dock 2.1: robust performance from ligand energetic modeling, ring flexibility, 
and knowledge-based search. J Comput Aided Mol Des, 21(5), 281-306 (2007). 

57. Pettersen EF, Goddard TD, Huang CC et al. UCSF Chimera--a visualization system for 
exploratory research and analysis. J Comput Chem, 25(13), 1605-1612 (2004). 

58. Volkamer A, Kuhn D, Rippmann F, Rarey M. DoGSiteScorer: a web server for automatic 
binding site prediction, analysis and druggability assessment. Bioinformatics, 28(15), 2074-
2075 (2012). 

59. MacKerell AD, Bashford D, Bellott R et al. All-Atom Empirical Potential for Molecular 
Modeling and Dynamics Studies of Proteins. J Phys Chem B, 102, 3586-3616 (1998). 

60. Haberthur U, Caflisch A. FACTS: Fast analytical continuum treatment of solvation. J Comput 
Chem, 29(5), 701-715 (2008). 

61. Kleinjung J, Fraternali F. Design and application of implicit solvent models in biomolecular 
simulations. Current Opinion in Structural Biology, 25, 126-134 (2014). 

62. Ryckaert J-P, G. C, Berendsen HJC. Numerical integration of the cartesian equations of 
motion of a system with constraints: molecular dynamics of n-alkanes. J Comput Phys 23, 
327-341 (1977). 

63. Perahia D, Mouawad L. Computation of low-frequency normal modes in macromolecules: 
improvements to the method of diagonalization in a mixed basis and application to 
hemoglobin. Comput Chem, 19(3), 241-246 (1995). 

64. Cui Q, Li G, Ma J, Karplus M. A normal mode analysis of structural plasticity in the 
biomolecular motor F(1)-ATPase. J Mol Biol, 340(2), 345-372 (2004). 



 22 

65. Mouawad L, Perahia D. Motions in hemoglobin studied by normal mode analysis and energy 
minimization: evidence for the existence of tertiary T-like, quaternary R-like intermediate 
structures. J Mol Biol, 258(2), 393-410 (1996). 

66. Tama F, Gadea FX, Marques O, Sanejouand YH. Building-block approach for determining low-
frequency normal modes of macromolecules. Proteins, 41(1), 1-7 (2000). 

67. Floquet N DP, Maigret B, Badet B, Badet-Denisot MA, Perahia D. Collective motions in 
glucosamine-6-phosphate synthase: influence of ligand binding and role in ammonia 
channelling and opening of the fructose-6-phosphate binding site. . J Mol Biol 385, 653-664 
(2009). 

68. RDevelopmentCoreTeam. R : A Language and Environment for Statistical Computing. Vienna, 
Austria: R Foundation for Statistical Computing.,  (2009). 

69. Huang N, Shoichet BK, Irwin JJ. Benchmarking sets for molecular docking. J Med Chem, 
49(23), 6789-6801 (2006). 

70. Lagorce D, Maupetit J, Baell J et al. The FAF-Drugs2 server: a multi-step engine to prepare 
electronic chemical compound collections. Bioinformatics, 27, 2018-2020 (2011). 

71. Miteva MA, Guyon F, Tuffery P. Frog2: Efficient 3D conformation ensemble generator for 
small compounds. Nucleic Acids Res, 38(Web Server issue), W622-627 (2010). 

72. Trott O, Olson AJ. AutoDock Vina: improving the speed and accuracy of docking with a new 
scoring function, efficient optimization, and multithreading. Journal of Computational 
Chemistry, 31(2), 455-461 (2010). 

73. Ben Nasr N, Guillemain H, Lagarde N, Zagury JF, Montes M. Multiple structures for virtual 
ligand screening: defining binding site properties-based criteria to optimize the selection of 
the query. J Chem Inf Model, 53, 293-311 (2013). 

74. Xu X, Gammon MD, Wetmur JG et al. A functional 19-base pair deletion polymorphism of 
dihydrofolate reductase (DHFR) and risk of breast cancer in multivitamin users. Am J Clin Nutr 
85, 1098-1102 (2007). 

75. Obeid R, Herrmann W. The emerging role of unmetabolized folic acid in human diseases: 
myth or reality? Curr Drug Metab, 13, 1184-1195 (2012). 

76. Morgan DO. Principles of CDK regulation. Nature, 374(6518), 131-134 (1995). 
77. Sielecki TM, Boylan JF, Benfield PA, Trainor GL. Cyclin-dependent kinase inhibitors: useful 

targets in cell cycle regulation. J Med Chem, 43(1), 1-18 (2000). 
78. Davies TG, Bentley J, Arris CE et al. Structure-based design of a potent purine-based cyclin-

dependent kinase inhibitor. Nat Struct Biol, 9(10), 745-749 (2002). 
79. Hardcastle IR, Arris CE, Bentley J et al. N2-substituted O6-cyclohexylmethylguanine 

derivatives: potent inhibitors of cyclin-dependent kinases 1 and 2. J Med Chem, 47(15), 3710-
3722 (2004). 

80. Chang MW, Ayeni C, Breuer S, Torbett BE. Virtual screening for HIV protease inhibitors: a 
comparison of AutoDock 4 and Vina. PLoS One, 5, e11955 (2010). 

81. Huse M, Kuriyan J. The conformational plasticity of protein kinases. Cell, 109(3), 275-282 
(2002). 

82. Subramanian J, Sharma S, C BR. A novel computational analysis of ligand-induced 
conformational changes in the ATP binding sites of cyclin dependent kinases. J Med Chem, 
49(18), 5434-5441 (2006). 

83. May A, Zacharias M. Protein-ligand docking accounting for receptor side chain and global 
flexibility in normal modes: evaluation on kinase inhibitor cross docking. J Med Chem, 51(12), 
3499-3506 (2008). 

84. Costa MGS, Batista PR, Bisch PM, Perahia D. Exploring Free Energy Landscapes of Large 
Conformational Changes: Molecular Dynamics with Excited Normal Modes. J Chem Theory 
Comput, 11, 2755−2767 (2015). 

85. Perot S, Sperandio O, Miteva MA, Camproux AC, Villoutreix BO. Druggable pockets and 
binding site centric chemical space: a paradigm shift in drug discovery. Drug Discov Today, 
15(15-16), 656-667 (2010). 



 23 

 

 

 Figures 

Figure 1.  Computational procedure used to generate and validate the RCE for DHFR 

and CDK2. MD: Molecular dynamics; NMA: Normal-mode analysis. 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2. Conformational space of DHFR explored by the MD simulations. A. 

MultiDimensional Scaling representation of the conformational space of the 16000 MD 

generated structures for DHFR following their active site structural differences. MD1 in 

black, MD2 in red, MD3 in green, MD4 in blue. The location of the 13 centroids obtained by 
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using K-means classification are highlighted in yellow. B. RMSD map for all active site 

atoms & co-factor NADPH between the 16000 MD structures. RMSD values color is 

progressing from red (0 Å for the same MD structure) to yellow; MD1 structure numbers:  

from 1 to 4000; MD2 structure numbers: from 4001 to 8000; MD3 structure numbers: 8001-

12000; MD4 structure numbers: 12001-16000 

 

 

 

 

Figure 3.  Superimposition of human DHFR crystal structure PDB ID 1U72 (in yellow 

cartoon) and best performing structures of the generated RCE: MD_11281 (in cyan 

cartoon) and NMA_1 (in light violet cartoon). The co-crystallized cofactor NADPH and 

methotrexate are shown in sticks colored in orange atom type. F34 is shown in sticks. 
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Figure 4.  Superimposition of human CDK2 crystal structure PDB ID 2C6T (in yellow 

cartoon) and best performing structures of the generated RCE for enrichment at 5%: 

MD_14709 (in cyan cartoon), MD_4749 (in green cartoon) and NMA_35-1 (in light pink 

cartoon). The co-crystallized ligand triazolopyrimidine is shown in sticks colored in orange 
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atom type.  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 5. Performance of the generated RCE vs druggability and volume of the binding 

pockets. Volume values (in Å
3
) are shown as red diamonds. Drug scores are shown as orange 

squares. A. for DHFR; B. for CDK2. 
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Table 1.  Enrichment obtained on the X-ray and five best performing MD structures of DHFR 

for each classification at 1%, 5% and 10% of the screened library. Volume and Drug score 

values of the active sites are calculated using DoGSite webserver [58]. 

 

 

Structure 
1% 

 

5% 

 

10% 

 

RMSD of the 
binding site 

with 1U72 (Å) 

Volume 

 
 

Drug 
Score 

X-ray 1U72 8.4 29.3 55.0 x 744.4 0.82 

       

MD Hclust       

MD_11281 9.9 37.2 56.5 1.79 708.2 0.81 

MD_3697  5.8 23.0 45.5 2.27 611.9 0.49 

MD_3889 6.3 21.5 36.6 2.08 544.0 0.81 

MD_3524 4.2 20.4 38.7 2.10 791.8 0.81 

MD_11469 2.1 14.7 30.9 2.41 608.1 0.81 

       

MD K-means        

MD_11281 9.9 37.2 56.5 1.79 708.2 0.81 

MD_3685 6.3 26.2 52.4 2.22 583.0 0.75 

MD_3021 3.1 24.0 41.2 2.46 682.8 0.82 

MD_3396 7.9 18.8 30.9 2.06 609.5 0.62 

MD_3603 9.4 18.8 27.2 1.87 507.1 0.63 

 

 

 

 

 

 

 

 

Table 2. Enrichment obtained on the five best performing DHFR structures generated by 

combined normal modes at 1%, 5% and 10% of the screened library. Volume and Drug score 

values of the active sites are calculated using DoGSite webserver [58].  
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Structure 1% 

 

5% 

 

10% 

 

RMSD of the 
binding site 

with 1U72 (Å) 

Volume 

 

Drug 

Score 

NMA_1 8.9 33.5 66.5 2.54 617.4 0.56 

NMA_2 4.7 25.1 53.4 2.58 781.5 0.92 

NMA_3 3.7 17.3 26.7 2.63 530.4 0.60 

NMA_4 2.1 14.3 28.8 2.61 758.5 0.81 

NMA_5 2.6 12.6 16.2 2.75 637.8 0.80 

 

 

Table 3.  Enrichment obtained on the X-ray and five best performing MD structures of CDK2 

for each classification at 1%, 5% and 10% of the screened library. Volume and Drug score 

values of the binding sites are calculated using DoGSite webserver [58].  

 

 

Table 4.  Enrichment obtained on the five best performing NMA structures of CDK2 having 

volumes of the binding site within a range of the volume of the X-ray binding site ±30% at 

Structure 1% 

 

5% 

 

10% 

 

RMSD of the 
binding site 

with 2C6T (Å) 

Volume 

 

Drug 

Score 

X-ray 2C6T 5.9 13.7 35.3 x 858.4 0.8 

       

MD Hclust       

MD_14709 2 21.6 31.4 1.05 808.5 0.76 

MD_8393 2 13.7 29.4 1.09 920.1 0.84 

MD_5877 2 13.7 23.5 1.02 613.4 0.79 

MD_4277 3.9 11.8 17.6 0.92 959.2 0.82 

MD_13157 2 11.8 25.5 0.99 548.4 0.58 

       

MD K-means        

MD_4749 2 21.6 35.3 0.99 788.4 0.81 

MD_13065 3.9 19.6 33.3 1.09 726.4 0.83 

MD_15569 3.9 17.7 31.4 1.24 853.1 0.82 

MD_6677 5.9 17.6 33.3 1.10 998.4 0.81 

MD_7889 5.9 15.7 29.4 1.08 784.2 0.74 
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1%, 5% and 10% of the screened chemical library. Volume and Drug score values of the 

binding sites are calculated using DoGSite webserver [58].  

 

Structure 1% 

 

5% 

 

10% 

 

RMSD of the 
binding site 

with 2C6T (Å) 

Volume 

 

Drug 

Score 

35 -1 2 23.5 37.3 1.25 693.3 0.80 

24 0.8 3.9 13.7 31.4 0.88 723.7 0.79 

23 -1.4 3.9 9.8 35.3 0.87 723.1 0.79 

23 -1.6 3.9 7.8 31.4 0.92 698.1 0.77 

22 0.6 2 7.8 33.3 0.83 678.2 0.77 
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Supplementary Material 

 

Text S1.  

Residues of the active site of DHFR. 

I7, V8, A9, D21, L22, W24, P25, L27, R28, E30, F31, R32, Y33, F34, Q35, M52, T56, S59, 

I60, P61, K63, N64, L67, K68, R70, V115, Y121, T136, I138 

 

Text S2.  

Residues of the ATP-binding site of CDK2. 

E8, I10, G11, E12, G13, T14, G16, V18, K20, V30, A31, K33, E51, L55, V64, F80, E81, 

F82, L83, L134, K142, A144,  D145, N132 
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Figure S1.  Superimposition of nine CDK2 structures (PBD ID: 3ti1, 3tiy, 4erw, 4ez3, 4acm, 

2xmy, 2xnb, 2x1n, 2c6t) bound to various ligands and two apo CDK2 structures (PDB ID: 

2jgz and 1w98). The structure of CDK2 bound to triazolopyrimidine is shown in magenta 

(PDB ID 2C6T). The co-crystallized ligand triazolopyrimidine is shown in sticks colored in 

magenta atom type. 
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Figure S2.  Histograms of the variations of distance between the binding site atoms of DHFR: 

A.  CA-V8 and CZ- F34 ;  B: CA-V8 and CA-F34; “0” represents the reference X-ray 

structure. Positive values represent an increase of the distance, and negative values represent a 

decrease of the distance.    

 

 

 

 

 

 

Figure S3. A histogram of the average of the binding energies calculated using Vina scoring 

for the interactions of the 2000 DHFR structures generated by the combined normal modes 

and the 191 known ligands. 
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Table S1.  Enrichment obtained on the five best performing NMA structures of DHFR having 

volumes of the binding site within a range of the volume of the X-ray active site ±30% at 

1%, 5% and 10% of the screened chemical library. Volume and Drug score values of the 

active sites are calculated using DoGSite webserver [58].  

 

Structure 1% 5% 10%  Volume Drug Score 

35 1.8 1.6 16.2 28.3 340.29 0.62 

18 1.4 2.6 15.2 27.2 302.85 0.54 

24 -2.0 3.1 15.2 23.0 221.82 0.44 

22 2.0 2.6 14.7 20.9 187.52 0.28 

20 -1.4 3.7 13.6 21.5 389.03 0.66 

 

 

 

 

Table S2.  Enrichment on the five best performing structures of DHFR among the 8 centroids 

resulted from the Hclust and Kmeans clustering on the 2000 conformations generated from 

the combined normal modes at 1%, 5% and 10% of the screened chemical library. Volume 

and Drug score values of the active sites are calculated using DoGSite webserver [58].  

 

Structure 1% 5% 10% Volume  Drug Score 

926 1.0 9.9 15.7 241.2 0.44 

940 1.0 11 14.7 469.7 0.45 

1117 1.6 8.9 12 350.7 0.57 

973 1.6 6.8 14.7 587.2 0.45 

1053 1.0 7.9 14.1 912.8 0.56 

 

 

 


