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Abstract 1 

The LIM kinase 1 (Limk1) has been demonstrated to be considered a therapeutic 2 

target and selective inhibitors of Limk1 rather Rho-associated kinase 2 (ROCK2) are 3 

considered of interest for the treatment of several indications such as Alzheimer’s 4 

disease (AD), Parkinson’s disease (PD) and cancer migration/invasion. Here, we 5 

utilized molecular docking to screen potential compounds of Limk1 from Traditional 6 

Chinese Medicine (TCM) database. Meanwhile, we performed a three-dimensional 7 

graph convolutional network (3DGCN), based on 3D molecular graph, to predict the 8 

inhibitory activity of Limk1 and ROCK2. Compared with the baseline models (RF, 9 

GCN and Weave), the 3DGCN achieved higher accuracy and the averaged RMSE 10 

values on test sets for Limk1 and ROCK2 were 0.721 and 0.852 respectively. In 11 

3DGCN, above 80% of the test-set molecules from both two datasets were predicted 12 

within absolute error of 1.0 and the feature visualization suggested that it could 13 

automatically learn relevant structure features including 3D molecular information 14 

from a specific task for prediction. Furthermore, molecular dynamics (MD) simulations 15 

within 100 ns were employed to verify the stability of ligand-protein complexes and 16 

reveal the binding modes of the potential selective lead compounds of Limk1. Finally, 17 

integrating docking results, the predicted values by the 3DGCN and the MD analysis, 18 

we found that 7549, 2007_15649 and 3519 might be the potential and selective 19 

inhibitors for Limk1 receptor rather than ROCK2. 20 
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1. Introduction 1 

The innovative drug research and development is a highly complex, time-consuming, 2 

risky and costly process, which aims to find chemical molecules able to bind (inhibit or 3 

activate) a drug target (usually a protein)1, 2. Currently, computer-aided drug design 4 

(CADD) is becoming increasingly important in the field of drug discovery as a means 5 

to reduce the time and cost of searching for novel lead compounds. Molecular docking 6 

is to place the molecules in the three-dimensional (3D) structure database one by one 7 

at the active site of the target protein. By continuously optimizing the position, 8 

conformation, dihedral angle of the rotatable bonds within the molecule, and the amino 9 

acid residue side chain of the receptor protein, the algorithms is trying to looking for 10 

the optimal conformation for the interaction between the small molecule and receptor 11 

target3. As a powerful tool and an essential technique in the CADD research field, 12 

docking is a theoretical simulation method that mainly studies the interactions between 13 

the drug molecule and receptor, predicts its binding mode and affinity. In the course of 14 

researches, docking can be used for virtual screening to filter the library of the 15 

compounds and reduce the cost of high-throughput screening testing or for lead 16 

optimization to find candidates that will be directly synthesized and optimized in the 17 

laboratory4-6. 18 

Over the past few years, artificial intelligence (AI), especially deep learning (DL)7 19 

technologies have achieved remarkable success in computer vision (CV)8 and natural 20 

language processing (NLP)9. With the accumulation of a large amount of data 21 

concerning the biological effects of chemical compounds and several biochemical 22 



 

databases are available for pharmaceutical research10, 11, many DL methods12-16 have 1 

been applied on molecular activity or property prediction and achieved excellent 2 

performance compared to traditional machine learning (ML) methods such as support 3 

vector machines (SVM)17 and random forest (RF)18. However, most conventional DL 4 

approaches were based on hand-encoded features or predefined descriptors, instead of 5 

extracting structural information directly from raw inputs. Furthermore, the early DL 6 

architectures were not suitable for structured data such as molecules, and the structural 7 

information is neither considered nor fully utilized in the feature extraction process. 8 

In recent years, graph neural networks (GNNs)19 have been widely used and achieved 9 

impressive success in many research domains, such as social network20, knowledge 10 

graphs21 and recommendation22, due to its capability of handling graph-structured data. 11 

For molecular graph structure, GNNs take the molecule graph (by treating atoms as 12 

nodes and bonds as edges) as input and extract feature automatically to accomplish the 13 

prediction task. Compared with sequence-based methods, such as SMILES23, GNNs 14 

can extract the feature information from the molecular structure directly. To date, GNNs 15 

have been established to capture non-Euclidean structured data, which have attracted 16 

great attention in drug discovery and achieved state-of-the-art performance on 17 

molecular property (activity) prediction tasks. Duvenaud et al.24 first proposed a graph 18 

convolutional network (GCN) that operates directly on molecular graphs. In this study, 19 

the final representation of a molecule was obtained by gathering the representation of 20 

all atoms and passing through a dense layer that can interpret the learned features. In 21 

addition to atom features, bond information is also critical for molecular properties and 22 



 

can also be coded by graph convolution. Weave25 and message passing neural network 1 

(MPNN)26 model were developed to construct virtual edges through calculating a 2 

feature vector for each pair of atoms in a molecular graph and achieved the state-of art 3 

performance on most datasets in MoleculeNet27. Since the attention mechanism28 has 4 

been widely utilized to focus on task-relevant features of the input information and 5 

improved the prediction accuracy in CV and NLP domain, several researchers29-32 have 6 

applied the attention mechanism into the graph architecture for molecule property 7 

prediction and obtained excellent performance. Recently, Cho et al.33 constructed a 8 

three-dimensional graph convolutional network (3DGCN), which receive 3D molecular 9 

graph with bond directions information, exhibited excellent performance on molecular 10 

properties and biochemical activities predictive tasks. 11 

The LIM kinase (Limk) is a serine-threonine protein, including two isoforms, Limk1 12 

and Limk2. These kinases are recognized by two amino-terminal LIM domains, an 13 

adjacent PDZ and a catalytic domain. Limk is located downstream of Rho-associated 14 

kinase (ROCK) and PAK, and regulates the polymerization of actin filaments in 15 

signaling pathway. Activated Limk can phosphorylate and inactivate confilin, leading 16 

to dynamic regulation of actin cytoskeleton (Figure 1)34, 35. The reported literatures 17 

suggest that many disorders are related to the regulatory mechanism of Limk1, and the 18 

Limk1 inhibitors are of potential drugs for the treatment of multiple indications 19 

including Alzheimer’s disease (AD)36, Parkinson’s disease (PD)37, and cancers and 20 

cancer cell migration/invasion38-41. ROCK is a challenging drug target, and inhibition 21 

of ROCK may lead to serious side effects, including a pronounced decrease in blood 22 



 

pressure42, 43, While Limk1 is downstream of the signal pathway and regulated by 1 

ROCK, especially ROCK2. Therefore, it is critical to discover potent and selective 2 

Limk1 inhibitors for the treatment of related diseases. 3 

In this paper, we performed molecular docking technology to screen novel potential 4 

lead compounds of Limk1 protein from traditional Chinese medicines (TCM) database. 5 

Meanwhile, we introduced a 3DGCN to predict the inhibitory activity of LIMK1 and 6 

ROCK2, based on 3D molecular graph, and exhibits significantly higher performance 7 

compared with other GCN and machine-learning models. Furthermore, molecular 8 

dynamics (MD) simulations were employed to verify the stability of ligand-protein 9 

complexes and reveal the binding modes of the potential selective lead compounds of 10 

Limk1. The flow chart of our experimental design is shown in Figure 2. 11 

2. Methods 12 

2.1 Molecular Docking  13 

The whole process could be divided into three steps: protein preparation, ligand 14 

database preparation and docking. The crystal structure of Limk1 protein was acquired 15 

from RCSB Protein Data Bank44 (PDB ID: 3S95) with 1.65 Å resolution. We used the 16 

“Prepare Protein” module in Discovery Studio Client v17.2.0 (DS) software to prepare 17 

the Limk1 protein by removing the crystal water, supplementing the missing loops and 18 

protonation of the amino acids at PH 7.4. Then, the binding site was defined from a 19 

ligand selection in the prepared protein. Meanwhile, a total of 61,000 small molecules 20 

collected from TCM Database@Taiwan45 (http://tcm.cmu.edu.tw) were filtered by 21 

Linpinski’s Rule of Five and absorption, distribution, metabolism, excretion, and 22 



 

toxicity (ADMET) protocol in DS. The screened 18,776 TCM compounds were then 1 

prepared for docking by energy minimization using the smart minimizer algorithm at 2 

Harvard Molecular Mechanics (CHARMm) force field. After that, we chose the “Dock 3 

Ligands (LigandFit)” protocol to dock the TCM compounds to Limk1 protein. During 4 

the docking procedure, the Monte-Carlo techniques were applied to generate ligand 5 

conformations and docked them into the active site using a shape-based initial docking. 6 

And the docked poses may optionally be minimized with CHARMm and evaluated 7 

with ten scoring functions including Jain, PMF, PMF04, LigScore1, LigScore2, PLP1, 8 

PLP2, Ludi1, Ludi2 and Ludi3. Also, the DREIDING force field with Gasteiger charges 9 

was used to calculate ligand-receptor interaction energies. Last, results of the molecular 10 

docking were ranked according to the “dock score” which was calculated mainly based 11 

on the minimum energy of the ligand docking conformation. 12 

2.2 Three-Dimensional Graph Convolutional Network (3DGCN) 13 

Graph-based deep learning algorithms, especially GNN and its variants that could 14 

handle graph-structured data, have attracted extensive attention in chemical science 15 

recently, and have shown remarkable performance in various applications, such as 16 

biological property and activity prediction, drug-target interaction (DTI) prediction, de 17 

novo molecular design, synthesis prediction and so on46. In the general model 18 

architecture of GNNs, a molecule is represented as a graph 𝐺, which consists of atom 19 

features and bond features. The graph-structured data 𝐺 is converted into the node-20 

embedding matrix through a neighborhood aggregation strategy. And then, the readout 21 

function is used to transform the node-embedding matrix into the graph-embedding 22 



 

vector. In existing GNNs, the graph feature vector can be obtained by mean, sum and 1 

max operation for the last layer node states. Finally, the vector representations of the 2 

graph are feed into the FNN (fully connected network) to predict the target task. The 3 

process of the GNN model can be formulated as follows: 4 

Aggregation: 5 𝐻𝑖(𝑘)
6 

=  𝜎 ∑ (𝜑(𝐻𝑖(𝑘−1), 𝐻𝑗(𝑘−1), 𝐴𝑖𝑗))𝑗∈𝒩𝑖                                                     (1) 7 

Readout: 8 �̂�9 = 𝑅(𝐻𝑖(𝐿) | 𝑖 𝜖 𝐺)                                                                                          (2)10 

where 𝒩𝑖 represents the neighbor atoms of atom 𝑖, 𝐴𝑖𝑗 denotes the edge between the 11 

atom 𝑖 and the atom 𝑗, 𝜎 is an activation function, 𝜑 is an aggregation function and 12 𝐻𝑖(𝑘)  is the output of the kth aggregation layer. Given the final node-embedding 13 

representation 𝐻𝑖(𝐿), we could obtain the feature vector �̂� of the graph 𝐺 from the 14 

readout phase and carry out the predictive task by the fully connected network. 15 

Recently, various GNNs have been proposed with their own features’ 16 

transformations based on graphs directly and achieved impressive success in drug-17 

related tasks27, 29-33. Among them, GCNs have been the widely used architecture, shown 18 

powerful node and graph embedding capabilities and state-of-the-art performance on 19 

some molecular property/activity prediction tasks. Molecular compounds are 3D-20 

shaped substance where the spatial distances and directions between atoms in the 3D 21 

space greatly impact molecular properties and activities. However, current mostly 22 



 

GCNs operated on flat 2D molecular graph where only with nodes and edges and the 1 

structure information in the 3D space is neglected46. In this study, we applied a 2 

3DGCN33, which took a molecular graph with 3D bond features as the input, for 3 

molecular Limk1 and ROCK2 receptor activities prediction. 4 

2.2.1 Graph Representation of Molecules 5 

In 3DGCN, we represented a graph 𝐺 as (𝑋, 𝐴, 𝑅), where 𝑋 ∈  ℝ𝑛×𝑚 is the 6 

node feature matrix, 𝐴 ∈  ℝ𝑛×𝑛 is the adjacency matrix and 𝑅 ∈  ℝ𝑛×𝑛×3 is the 7 

relative position matrix, 𝑛 and 𝑚 denote the number of atoms and the atom features 8 

respectively. The initial node feature matrix 𝑋 represents the information of each atom 9 

features and the features include atomic type, number of heavy atom neighbors, 10 

hybridization, valence, formal charge, ring size, aromaticity, number of neighboring 11 

hydrogens, chirality, acid/base, and hydrogen bonding, which were described in Table 12 

1. All features of a molecule are extracted through the RDKit package47 and most of 13 

these features were encoded into a one-hot vector. The adjacency matrix represents the 14 

connection information between atoms and if there is a chemical bond between atom 𝑖 15 

and 𝑗, 𝐴𝑖𝑗 = 1; otherwise, 𝐴𝑖𝑗 = 0. Especially, the relative position matrix denotes 16 

the information of bond directions in 3D space which could be represented by the 17 

interatomic positions, rather than individual positions. 18 

2.2.2 3DGCN architecture 19 

Figure 3 provides a detailed schematic of the used model in this study. In 3DGCN, 20 

three modules are implemented including three graph convolution layers, a graph gather 21 

layer and two fully connected layers. Each layer has 128 units. 22 



 

Graph Convolution Layer. After obtaining the 3D graph representation of 1 

molecules, the input matrices are further refined into the scalar features 𝑆 ∈  ℝ𝑚 and 2 

vector features 𝑉 ∈  ℝ𝑚×3  (initialized with zeros). In the first phase of the 3 

convolution layer, the linear combinations are performed to combined the scalar or 4 

vector features from adjacent atoms and generate intermediate features. In particular, 5 

the scalar-vector feature interconversions are conducted through dot product (⨀) or 6 

tensor product (⨂) with the relative position vector 𝑟𝑖𝑗 (Figure 3a). The calculating 7 

process is formulated as follows (3)-(6): 8 𝐻𝑠→𝑠,𝑖𝑘
9 = 𝑅𝑒𝐿𝑢[𝑊𝑠→𝑠(𝑆𝑖𝑘10 ∥ 𝑆𝑗𝑘)11 + 𝑏𝑠→𝑠]                                                           (3) 12 𝐻𝑠→𝑣,𝑖𝑘

13 = 𝑡𝑎𝑛ℎ[(𝑊𝑠→𝑣(𝑆𝑖𝑘 ∥ 𝑆𝑗𝑘)14 + 𝑏𝑠→𝑣) ⨂ 𝑟𝑖𝑗]                                            (4) 15 𝐻𝑣→𝑠,𝑖𝑘
16 = 𝑅𝑒𝐿𝑢[(𝑊𝑣→𝑠(𝑉𝑖𝑘 ∥ 𝑉𝑗𝑘)17 + 𝑏𝑣→𝑠) ⨀ 𝑟𝑖𝑗]                                          (5) 18 𝐻𝑣→𝑣,𝑖𝑘
19 = 𝑡𝑎𝑛ℎ[𝑊𝑣→𝑣(𝑉𝑖𝑘20 ∥ 𝑉𝑗𝑘)21 + 𝑏𝑣→𝑣]                                                         (6) 22 



 

where 𝑆𝑖𝑘 and 𝑉𝑖𝑘 are the scalar and vector features of target node 𝑖 on 𝑘 layer, ∥ 1 

represents concatenation, 𝑊𝑠→𝑠 , 𝑊𝑠→𝑣 , 𝑊𝑣→𝑠 , 𝑊𝑣→𝑣  and 𝑏𝑠→𝑠 , 𝑏𝑠→𝑣 , 𝑏𝑣→𝑠 , 𝑏𝑣→𝑣 2 

are the learnable weight matrices and biases respectively. In the second phase, the four 3 

intermediate features ( 𝐻𝑠→𝑠,𝑖𝑘 , 𝐻𝑠→𝑣,𝑖𝑘 , 𝐻𝑣→𝑠,𝑖𝑘  and 𝐻𝑣→𝑣,𝑖𝑘 ) are concatenated and 4 

followed by linear combination for the same feature form before convolution. Then, we 5 

implement the convolution operations with the normalized adjacency matrix proposed 6 

in Kipf’s model48 for aggregating the scalar and vector features of neighbor nodes and 7 

thus leading to generating the high-level features as shown in the following equation: 8 

𝑆𝑖𝑘+1 = 𝑅𝑒𝐿𝑢 [ ∑ 𝐴𝑖𝑗𝑗∈𝒩𝑖 (𝑊𝑠(𝐻𝑠→𝑠,𝑖𝑘 ∥ 𝐻𝑣→𝑠,𝑖𝑘 ))9 

+ 𝑏𝑠]                                 (7) 10 

𝑉𝑖𝑘+1 = 𝑡𝑎𝑛ℎ [ ∑ 𝐴𝑖𝑗𝑗∈𝒩𝑖 (𝑊𝑣(𝐻𝑣→𝑣,𝑖𝑘 ∥ 𝐻𝑠→𝑣,𝑖𝑘 ))11 

+ 𝑏𝑣]                                (8) 12 

where 𝒩𝑖 is the set of neighbors for target node 𝑖, 𝐴𝑖𝑗 is the normalized adjacency 13 

matrix, and 𝑊𝑠, 𝑊𝑣, 𝑏𝑠 and 𝑏𝑣 are the trainable weigh matrices and biases. 14 

Graph Gather Layer. After convolution, each atom obtains the optimal scalar and 15 

vector representative matrices, and the graph gather layer is needed to aggregate atomic 16 

information and obtain the descriptor of molecular graph for predicting specific task 17 

properties. In this study, in order to enhance the ability of the atom to integrate with 18 

surrounding information and be insensitive to the variance of molecular feature order, 19 

a readout operation is implemented to collect the features along the nodes with two 20 



 

strategies for a comparison: the 3DGCNsum calculate the sum of all atomic features 1 

distributed on the nodes, leading to the generation of molecular scalar and vector 2 

features; the 3DGCNmax choose the maximum value of the atomic features as a 3 

molecular feature. 4 

Fully Connected Layer. The generated molecular features are fed into the fully 5 

connected neural network with ReLu activation for prediction. The scalar features are 6 

assigned to the two-layer stack of the fully connected neural network, while the vector 7 

features are assigned to the two-layer stack of the time-distributed fully connected 8 

neural network to suppress the separation between each axis during the linear 9 

combination. Meanwhile, in order to improve the generalization ability of the model 10 

and avoid overfitting, the dropout rate with 0.4 and L2 regularization with 0.0005 were 11 

applied. Finally, the outputs of molecular vector features are flattened, concatenated 12 

with scalar features and fed into a single-layer neural network, which predict the values 13 

of task activities from the datasets. 14 

2.2.3 Cross-Validation (CV) and Model Evaluation 15 

Cross-Validation is applied to assess the performance of the model and obtain a 16 

reliable and stable model. For the prediction performance evaluation, we use ten-fold 17 

stratified cross-validation. In detail, the datasets are randomly split into three sets in 18 

each fold: 80% of the dataset for train data, 10% for validation data, and 10% for test 19 

data. Cross-validation is repeated for 10 times, and each subsample is validated once. 20 

The average value of the 10 times test results is used to estimate the accuracy of the 21 

model, and then select a trial that achieve the best validation accuracy to perform our 22 



 

regression prediction task. In order to compare with the baseline models in this paper, 1 

we apply the root mean square error (RMSE) to evaluate the performance of the model 2 

for regression tasks. 3 𝑅𝑀𝑆𝐸4 

= √1𝑛 ∑(�̂�𝑖 − 𝑦𝑖)2𝑛
𝑖=1                                                                   (9)5 

where �̂�𝑖  and 𝑦𝑖  are the predicted and experimental molecular activity. RMSE 6 

represents the deviation between the predicted and experimental value and the smaller 7 

the value of RMSE, the better the performance of the predictive model. 8 

2.2.4 Datasets of Limk1 and ROCK2 inhibitors 9 

The SIMLES (simplified molecular input line entry specification) information of 10 

compounds with inhibitory effect on Limk1 and ROCK2 were acquired from ChEMBL 11 

database10 (https://www.ebi.ac.uk/chembl/). We filtered the raw data by removing the 12 

duplicates and some data without 2D molecular structure or biological activity 13 

information. After filtering, a total of 578 Limk1 inhibitors and 1014 ROCK2 inhibitors 14 

remained and the activity values of inhibitors were normalized by Equation (10). The 15 

distribution histogram of Limk1 and ROCK2 inhibitors were shown in Figure 4. 16 

Particularly, the obtained datasets only contain the 2D structure information, not 17 

provide the 3D structures necessary for the 3D molecular graph representation in 18 

3DGCN. Therefore, we generated a set of conformers for each molecule and optimized 19 

them with the Merck molecular force field (MMFF94) through RDKit package49. After 20 

optimization, the lowest-energy 3D conformer is selected and used as input of the model. 21 



 

𝑝𝐼𝐶501 = −lg(𝐼𝐶50)                                                                          (10)2 

2.2.5 Training Protocol 3 

To implement the 3DGCN model, the open-source machine learning library Keras50 4 

2.2.4 with TensorFlow51 1.12 was used as a backend. Model training used the Adam 5 

optimizer for gradient decent optimization and was controlled by learning rate decay 6 

and early stopping techniques52. The learning rate decay would monitor the validation 7 

loss and reduce the learning rate by multiplying a factor of 0.9, when the loss reached 8 

a plateau in 10 epochs. And the early stopping would terminate the training process to 9 

avoid overfitting and save training time, when the performance metric of the model has 10 

not improved in 15 epochs on validation set. The other training hyperparameters was 11 

set as: epochs = 150, batch size = 8, initial learning rate = 0.001, and minimum learning 12 

rate = 0.0005. All modeling experiments were carried out using a machine with an 13 

Intel(R) Core(TM) i7-9700K at 3.60GHz x 8 CPU, 15.6 GiB of RAM, and an NVIDIA 14 

GeForce RTX 2060 SUPER/PCle/SSE2 graphics card.  15 

2.3 Molecular Dynamics Simulation (MDs) 16 

The crystal structure obtained in the experiment could only represent the 17 

instantaneous conformation of the protein in complex changes and in order to 18 

effectively find the possible protein-ligand interaction mode in the large chemical space, 19 

most docking studies treated the receptor as a rigid substance, which often cause the 20 

docking poses do not match the protein-ligand interactions under physiological 21 

dynamic conditions. Molecular dynamics simulations could investigate the relationship 22 



 

between dynamic experimental data established by computer simulation and static 1 

molecular structure and analyze the free energy of binding and the reaction process 2 

between the ligand and receptor. Therefore, we performed MD simulations with the 3 

protein−ligand complexes in 100 ns with Gromacs 2019 software. The whole process 4 

of MD simulation mainly includes four steps: the initial structure processing of the 5 

receptor-ligand complexes; the energy optimization of simulation system to remove 6 

inappropriate collisions in the structure; the balance of the system to prepare for long-7 

term simulation; and the final long-term simulation to obtain the dynamic trajectory. 8 

Firstly, the ligands were submitted to SwissParam web server for processing to generate 9 

the topology file. The CHARMm27 force field was applied to the structure of ligands 10 

and protein, and the ligand-protein complexes were placed in the center of a periodic 11 

cubic box containing TIP3P explicit solvent water model and the distance between each 12 

atom of protein and the box boundary was not less than 1.2 nm. To simulate the 13 

physiological conditions, we also added appropriate amount of sodium ions to 14 

neutralize the system charge. Then, the energy minimization of the system was 15 

conducted with the steepest descent minimization algorithm in 5000 steps. After that, 16 

10 ns canonical ensemble (NVT equilibration, Berendsen temperature coupling with 17 

constant particle count, volume and temperature) and 10 ns isothermal−isobaric 18 

ensemble (NPT equilibration, Parrinello-Rahman pressure coupling with constant 19 

particle count, pressure and temperature) were performed to maintain the simulation 20 

system in a stable environment (300 K, 1 bar). The coupling constants for temperature 21 

and pressure were set to 0.1 ps and 2 ps respectively. The Particle Mesh Ewald (PME) 22 



 

algorithm with an interpolation order of 4 and a grid spacing of 1.6 Å was used to 1 

describe the long-range electrostatic interaction, and the Verlet scheme with a cutoff 2 

value of 10 Å was applied for calculating short-range electrostatics. All bond lengths 3 

were constrained by the linear constraint solver (LINCS) algorithm and the temperature 4 

was set at 310 K. Finally, after the thermodynamic properties were stable, the system 5 

was simulated for 100 ns with a time step of 2 ps and the coordinates of the system 6 

were saved every 10 ps. Through MD analysis, we could acquire the calculated results 7 

including the root-mean-square deviation (RMSD), the total energy, the radius of 8 

gyration (gyrate), mean square displacement (MSD), solvent accessible surface area 9 

(SASA), and root-mean-square fluctuation (RMSF). 10 

3. Results and Discussion 11 

3.1 Performance Evaluation of 3DGCN on Limk1 and ROCK2 Datasets 12 

We conducted the performance evaluations of the 3DGCN with three popular 13 

baseline methods, which were shown in MoleculeNet27, on Limk1 and ROCK2 datasets 14 

for regression tasks. Firstly, the Random Forests (RF)18, one of the most famous 15 

machine learning methods, which is a classifier that uses many individual decision trees 16 

to train and predict samples. It could also be used for regression tasks. The second 17 

method was graph convolutional network (GCN)48, which designed the circular 18 

fingerprints to encode molecular graphs directly and extracted effective molecular 19 

representations. And thirdly, the Weave model25, which leveraged the node and edge 20 

attributes in the molecule to calculate the feature vector, was also used for comparison. 21 

We compared with these three models to show that 3DGCN provided an efficient way 22 



 

to use molecular spatial topology information for binding affinity prediction. 1 

Table 2 reported the mean absolute error (MAE) and root-mean-square error (RMSE) 2 

results of the models on Limk1 and ROCK2 datasets. The 10-fold cross-validation 3 

results showed that the 3DGCNmax have achieved better performance than the GCN and 4 

Weave model on both two datasets. The averaged RMSE values of test sets for Limk1 5 

and ROCK2 were 0.721 and 0.852 respectively, which achieved about 2.8% and 8.1% 6 

increases compared with 0.742 and 0.927 from the Weave and GCN model. The 7 

scatterplots of the predicted versus experimental values in the best worked model of the 8 

10-fold cross-validation were shown in Figure 5 and indicated a linear relationship for 9 

Limk1 and ROCK2. It is worth noting that more than 50% of the test-set molecules 10 

from both two datasets were predicted within absolute error of 0.5 and above 80% were 11 

within absolute test error of 1.0 (Figure 6). In short, all this evidence showed that the 12 

3DGCN has high prediction accuracy on molecular Limk1 and ROCk2 activity. 13 

Since the 3DGCN achieved excellent performance for Limk1 and ROCK2 activity 14 

prediction, we further attempted to explored the interpretability issue of the model by 15 

visualizing the atomic contributions to the prediction result on a molecule. We collected 16 

the atomic features including scalar and vector features before aggregation process, and 17 

plotted a heat map for each molecule with color intensity according to the influence of 18 

individual atoms on molecule-level learned features. Example molecules were chosen 19 

randomly from the test sets of two datasets and was shown in Figure 7. From the heat 20 

maps, we could clearly observe that the highly attentive atoms matched with the 21 

structure-activity relationship reported in the literature. For example, the 2-22 



 

aminothiazole moiety of CHEMBL2070501, the pyrrolopyrimidine scaffold, 1 

dimethylamino and ester chain of CHEMBL3613609 played major impact on the IC50 2 

values for Limk153, 54, and in CHEMBL2332093, the pyrazole group, the urea carbonyl, 3 

the hydroxyethyl group formed H-bonds interaction and the benzyl moiety formed 4 

hydrophobic interactions with ROCK2, all this were responsible for its high potency 5 

and selectivity55. These observations demonstrated that the 3DGCN had indeed 6 

successfully extracted relevant features including 3D molecular information by 7 

learning from a specific task, even though it had not been taught or given the 8 

information of functional groups. 9 

3.2 Selection of TCM Candidates based on Docking Results and Bioactivity 10 

Predictions.  11 

Compounds from the TCM database were used in high-throughput virtual screening 12 

against Limk1 and the results were ranked based on docking scores. The TCM 13 

compounds with the top 20 docking score were shown in Table 3, and then the best 14 

performance of the trained 3DGCN models were performed to predict their Limk1 and 15 

ROCK2 inhibitory activities. The results showed that several candidates including 7549, 16 

2007_19424, 2007_15649 and 3519 have the obvious selective inhibitory effect on 17 

Lim1 rather than ROCK2. Considering the compound 7549 and 2007_19424 shared the 18 

same chemical structure, 7549, 2007_15649 and 3519 were finally selected as 19 

candidates for further analysis and their chemical scaffolds are displayed in Figure 8. 20 

2D diagram of the chosen three candidates complexed with Limk1 in docking results 21 

were presented in Figure 9 and analysis of the docking poses revealed that all of the 22 



 

TCM candidates formed H-bonding interactions with residues on Limk1 (Figure 10). 1 

The amide group of 7549 and the α, β-unsaturated carboxylate moiety of 2007_15649 2 

both formed hydrogen bond interaction with GLY351 of Limk1 (2.3 Å and 2.4 Å 3 

respectively). Moreover, the two α, β-unsaturated carboxylate moiety of 2007_15649 4 

also interacted with LYS368 and LYS426 through two hydrogen bonds (2.8 Å and 1.7 5 

Å respectively), and the 1,3-dioxolo group of 3519 formed a 1.8 Å hydrogen bond with 6 

the LYS347 of Limk1. Further, the 1-methylenedecahydroazulene moiety of 7549 and 7 

the 1,3-Dihydroisobenzofuran moiety of 3519 generated hydrophobic interactions with 8 

its surrounding residues under the P-loop. Last but not least, Except for hydrogen bonds, 9 

each ligand engaged various potential interactions with key residues, including van der 10 

Waals, salt bridge, pi-interaction, and so on, which may improve the binding affinity 11 

with Limk1. Therefore, these three TCM candidates were used for further molecular 12 

dynamics simulation. 13 

3.3 Molecular Dynamics Analysis.  14 

The optimal conformation of the receptor-ligand complexes from the molecular 15 

docking were used as the initial structure for further MD simulations and all candidates’ 16 

MD simulations were performed in 100 ns with Gromacs 2019 software to validate 17 

their stability by monitoring the structural variation over the simulations. We calculated 18 

the total energy of the receptor-ligand complexes in the 100  ns procedure, analyzed 19 

the energy changes during the whole simulation process, and the results showed that 20 

the total energy of the system were stable and it had been maintained about -1 040 000 21 

kJ/mol to -1 025 000 kJ/mol (Figure 11a). 22 



 

The RMSD values (include complexes, protein and ligands) were calculated to 1 

evaluate the deviation of the structure from the original starting structure over the 2 

course of the simulations and also were an important basis for determining whether the 3 

system was stable. We plotted the RMSD changes of each complex with reference to 4 

the corresponding first frame in the simulation trajectory (shown in Figure 11b-d). The 5 

fluctuations in the complex RMSD plots of Limk1-candidates showed an upward trend 6 

at initial 20 ns, then tended to stabilize with a relatively flat curve and maintained 7 

around 0.25-0.5 nm. The protein RMSD profiles of Limk1 receptor resembled the 8 

RMSD change curve of the complex, suggesting an intrinsic stability of the protein 9 

structure in the complexes. Moreover, based on ligand RMSD, 2007_15649 had higher 10 

fluctuation rate than the other two ligands, which may explain high ligand gyration 11 

value. The RMSD analysis preliminary indicated that candidates 7549 and 3519 have 12 

higher binding stability to Limk1 receptor. 13 

We also computed the radius of gyration for all of the three complexes over the 14 

simulations (Figure 12a and 12b). The radius of gyration could give a measure of the 15 

compactness of the structures, and could also give a measure of the atomic mass relative 16 

the molecular center mass. The smaller the value, the smaller the rotation change, 17 

indicating that the structures of the complexes are more closely bound during the 18 

simulations. It can be seen from the curve in the figures that protein gyrate and ligands 19 

gyrate were stable in general during the MD simulation process, and the gyrate of 20 

2007_15649 was higher than other two ligands (include target protein system), which 21 

was consistent with the RMSD results. MSD revealed the movement of atoms from the 22 



 

initial position to the final stage of MD simulations, which showed the movement trend 1 

of each ligand or protein. The low and stable MSD value of the ligand indicates the 2 

stability of the binding and the decrease of MSD value indicates that the ligand may be 3 

close to the binding pocket, while the high value of MSD and the increasing value of 4 

MSD indicate that the ligand tends to escape. As shown in Figure 12c and 12d, in the 5 

whole process of simulations, although the MSD values of Limk1 and three ligands 6 

both increased, the changes of all measured MSD values maintained in a low range. It 7 

was noteworthy that 2007_15649 obtained much higher ligand MSD value compared 8 

to other two ligands, which indicates the ligand 2007_15649 have a trend of escaping 9 

from the binding pocket. From the SASA calculated results, we can analyze the 10 

hydrophilicity and hydrophobicity of the simulation system. The solvent accessible area 11 

of Limk1 receptor decreased slowly during the period of 0-10 ns, and then remained to 12 

a relatively stable area (Figure 12e). Meanwhile, it could also be seen from Figure 12f, 13 

the SASA values of all ligands were very stable in the simulation process. This can 14 

further indicate the stability of the complex systems. 15 

The RMSF of protein amino acids was used to analyze the fluctuation degree of 16 

single amino acid in protein during simulation. Some proteins may undergo obvious 17 

structural changes during the process of binding with ligands, even with "opening and 18 

closing" movements and through the calculation of RMSF, we can find the amino acids 19 

with drastic changes in protein structure. From Figure 13, we could observe the RMSF 20 

value of each protein residue for the three protein-ligand complexes and the obvious 21 

structural changes only occurred at the C-terminal (residue: 330-334), N-terminal 22 



 

(residue: 663-667) and middle loop region (residue: 485-506) of the protein structure 1 

during the MD simulations, while the key binding pocket region showed good stability 2 

due to the low RMSF value here. Finally, the binding postures of three ligands and 3 

target protein in the initial and final conformations were displayed in Figure 14. The 4 

ligands rotated in the same pocket of Limk1 protein through binding the key residues 5 

and not detached from the target protein throughout the MD simulations. 6 

4. Conclusions 7 

Since the Limk1 is a promising drug target and few inhibitors with good 8 

Limk1/ROCK2 selectivity have been reported, discovering potential and selective 9 

Limk1 inhibitors with novel scaffolds is becoming an urgent need to develop new 10 

treatments for the related diseases. In this work, molecular docking technologies were 11 

utilized to identify novel potential lead compounds of Limk1 protein from TCM 12 

database and the screened compounds with top 20 docking score were further predicted 13 

the Limk1 and ROCK2 activities using the 3DGCN model. Meanwhile, we compared 14 

and discussed the performance of the 3DGCN and baseline models (RF, GCN and 15 

Weave), and the results showed that 3DGCN have achieved excellent accuracies on 16 

both Limk1 and ROCK2 datasets, owing to the property that can capture the atomic 17 

feature and 3D bond information from molecular graph directly. Through integrating 18 

docking results and the predicted values by the 3DGCN, we then found that 7549, 19 

2007_15649 and 3519 could be the novel potential and selective inhibitors for Limk1 20 

receptor rather than ROCK2. Furthermore, we also evaluated our results by MD 21 

simulations in 100 ns and the MD analysis displayed that all these ligand-receptor 22 



 

complexes exhibited stable conditions during the entire simulation time. Finally, we 1 

provided a strategy for filtering large databases through combining molecular docking 2 

and 3DGCN model to discover selective Lmk1 inhibitors, and this also could be 3 

extended to other drug discovery domains. 4 
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Table 1. Description of Atom Features 1 

feature description size 

atom type [C, O, N, S, Cl, F, Br, P, I, Si, B, Na, Sn, Se, other]  
(one-hot) 

15 

degree the number of heavy atom neighbors [0, 1, 2, 3, 4, 5, 6] 
(one-hot) 

7 

hybridization [sp, sp2, sp3, sp3d, sp3d2] (one-hot) 5 

valence number of implicit valences [0, 1, 2, 3, 4, 5, 6] (one-hot) 7 

formal charge integer electronic charge [-3, -2, -1, 0, 1, 2, 3] (one-hot) 7 

atom in ring of size [3, 4, 5, 6, 7, 8] (binary) 6 

aromatic whether the atom is part of an aromatic systems [0, 1] 
(binary) 

1 

explicit hydrogen the number of neighboring hydrogens [0, 1, 2, 3, 4] (one-
hot) 

5 

chirality [R, S, or nonchiral] (one-hot) 3 

acid/base Whether this atom is acidic or basic (binary) 2 

hydrogen bonding Whether this atom is a hydrogen bond donor or acceptor 
(binary) 

2 

  60 

 2 
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Table 2. Ten-fold cross-validation performances of various models for the Limk1 1 

and ROCK2 datasets. 2 

Dataset Model 
RMSE MAE 

Validation Test Validation Test 

Limk1 

RF 0.997 ± 0.115 0.902 ± 0.078 0.734 ± 0.086 0.671 ± 0.076 

GCN 0.988 ± 0.083 0.930 ± 0.067 0.777 ± 0.074 0.732 ± 0.076 

Weave 0.815 ± 0.060 0.742 ± 0.065 0.649 ± 0.053 0.595 ± 0.061 

3DGCNsum 0.709 ± 0.060 0.773 ± 0.076 0.576 ± 0.047 0.628 ± 0.050 

3DGCNmax 0.631 ± 0.039 0.721 ± 0.056 0.504 ± 0.032 0.578 ± 0.045 

ROCK2 

RF 1.102 ± 0.076 1.065 ± 0.068 0.850 ± 0.055 0.817 ± 0.059 

GCN 0.873 ± 0.030 0.927 ± 0.038 0.705 ± 0.034 0.762 ± 0.036 

Weave 0.966 ± 0.037 1.013 ± 0.029 0.794 ± 0.043 0.832 ± 0.026 

3DGCNsum 0.805 ± 0.054 0.839 ± 0.087 0.659 ± 0.041 0.685 ± 0.074 

3DGCNmax 0.802 ± 0.078 0.852 ± 0.083 0.653 ± 0.078 0.686 ± 0.072 

 3 

 4 

  5 



 

Table 3. Docking Score and Predicted Activity Value for the Top 20 TCM 1 

Candidates  2 

Compound Docking score 
Predicted activity 

Limk1 ROCK2 

8797 144.503 5.621 6.896 

2007_22325 141.452 5.493 6.595 

2007_15317 137.164 6.027 7.357 

2007_22057 127.319 6.611 6.900 

210 126.113 5.546 6.229 

2007_12264 118.568 6.165 5.960 

7549 115.768 6.704 5.870 

2007_19424 115.768 6.704 5.870 

2007_8260 115.645 5.370 6.325 

2007_8902 115.428 6.530 6.788 

3274 114.745 5.525 6.244 

2007_15649 113.547 7.096 5.612 

2007_14881 113.544 6.623 6.825 

2007_9349 113.476 5.215 5.723 

8672 113.325 5.557 6.981 

3519 113.248 6.847 6.395 

8909 112.468 5.632 6.357 

2007_9018 110.930 6.553 6.332 

radicamine A 110.470 6.635 6.803 

(3R)-3-hydroxy-12-[(1R,4R,5S)-
4-hydroxy-5-methyl-piperidin-1-

yl]-dodecanoic acid 
110.419 5.377 6.016 

 3 

 4 

 5 
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Figures

Figure 1

LIMKs are key regulators of the actin cytoskeleton through their modulation of co�lin function.



Figure 2

The �ow chart of experimental design.



Figure 3

(a) illustration of handling 3D molecular scalar and vector features, (b) the overall architectures of
3DGCN



Figure 4

Data set used for building prediction models (a) Limk1, (b) ROCK2.



Figure 5

Prediction results of 3DGCNmax model.



Figure 6

Histograms of absolute errors from the test sets for the Limk1 (a) and ROCK2 (b) datasets of
3DGCNmax.



Figure 7

Visualization of atomic in�uence on the molecular activity prediction after training with (a) Limk1 and (b)
ROCK2 dataset.



Figure 8

Chemical structures of (a) 7549, (b) 2007_15649 and (c) 3519.



Figure 9

Two-Dimensional diagrams of three candidates’ docking results. (a) 7549, (b) 2007_15649 and (c) 3519.



Figure 10

Docking pose of (a) 7549, (b) 2007_15649 and (c) 3519 with Limk1. In (3), the yellow dash lines stand for
H-bonds.



Figure 11

Changes of total energy and RMSD in molecular dynamics simulation. (a) Total energy changes between
protein and ligands, (b) RMSD changes of complexs, (c) RMSD changes of protein, (d) RMSD changes of
ligands.



Figure 12

Gyrate, MSD, and SASA changes of proteins and ligands in molecular dynamics simulations. (a) Gyrate
of protein, (b) gyrate of ligands, (c) MSD of protein, (d) MSD of ligands, (e) SASA of protein, (f) SASA of
ligands.



Figure 13

RMSF analysis of Limk1 protein with ligands in molecular dynamics simulations.



Figure 14

Changes in the initial and �nal binding posture during molecular dynamics simulations. (a) 7549, (b)
2007_15649, (c) 3519.


