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ABSTRACT
Accurately predicting the binding affinity between drugs and proteins is an essential step for computational drug discovery.
Since graph neural networks (GNNs) have demonstrated remarkable success in various graph-related tasks, GNNs have been
considered as a promising tool to improve the binding affinity prediction in recent years. However, most of the existing GNN
architectures can only encode the topological graph structure of drugs and proteins without considering the relative spatial
information among their atoms. Whereas, different from other graph datasets such as social networks and commonsense
knowledge graphs, the relative spatial position and chemical bonds among atoms have significant impacts on the binding affinity.
To this end, in this paper, we propose a diStance-aware Molecule graph Attention Network (S-MAN) tailored to drug-target
binding affinity prediction. As a dedicated solution, we first propose a position encoding mechanism to integrate the topological
structure and spatial position information into the constructed pocket-ligand graph. Moreover, we propose a novel edge-node
hierarchical attentive aggregation structure which has edge-level aggregation and node-level aggregation. The hierarchical
attentive aggregation can capture spatial dependencies among atoms, as well as fuse the position-enhanced information
with the capability of discriminating multiple spatial relations among atoms. Finally, we conduct extensive experiments on two
standard datasets to demonstrate the effectiveness of S-MAN.

1 Introduction
Drug-target binding affinity (DTA) prediction has been widely considered as one of the most important tasks in computational
drug discovery for a long time [1]. Drugs are chemical compounds, which can be represented by a molecular graph in general.
Drugs and small molecules are also called ligands which can react with targets. Usually, targets are referred to as commonly
proteins, such as enzymes, ion channels and receptors, which can activate or inhibit a biological process to cure a disease
after binding with a ligand. The quantity of binding strength (measured by a real number) among the drug-target interaction is
referred to as binding affinity which is an important concept related to the treatment of diseases.
Example 1. Taking Figure 1 for example, there are two main objects in DTA prediction: 1) A drug (or ligand) can interact
with the 2) target (or protein) at the specific circular area as shown in Figure 1(a). DTA prediction aims to output the strength
of the interactions of the pairs. One way to do that is to separate the protein-ligand complexes into two sequence formulas as
shown in Figure 1(b) and then input them into a prediction function; while Figure 1(c) demonstrates another way to extract the
specific binding pose (i.e., pocket-ligand) for DTA prediction.
Conventionally, the drug-target binding affinity can be estimated by high-throughput screening experiments, which is a
costly and time-consuming process [2, 3]. Predicting DTA can help to accelerate the virtual screening of compounds, which
reduces the time and cost of high-throughput screening data by cherry-picking compounds [4, 5, 6]. Therefore, accurately
and effectively predicting DTA which can bring great economical benefits for developing new drugs has attracted significant
research attention in past decades [7, 8, 9, 10, 11].
The early studies of DTA mainly focus on developing physic-based methods and machine-learning methods. Specific
domain knowledge is required to design scoring functions [7] and extract features for physic-based methods. Machine learning
methods also utilize the well-designed features [8] for DTA prediction. However, these methods relying on feature engineering
and useful rules suffer from the problem of limited accuracy and generality on large datasets.
With the development of deep learning, convolutional neural networks (CNNs) are also exploited in some studies for DTA
prediction. Both 1D-CNN model [12] applied to drug-protein sequence and 3D-CNN model [13] treating drug-target complexes
as 3D images are investigated. In fact, both drugs (a.k.a ligands) and targets (a.k.a proteins) are 3D graphs, which preserve
the position information of atoms and relations of covalent bonds. CNN-based methods cannot directly encode such structure
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Figure 1. An illustrative example (PDB: 13GS) of converting the protein-ligand interactions (in figure a) to the input of model
in two different ways (in figure b and c).
information of compounds, and these machine learning models can only be trained in an end-to-end fashion with requiring a
large dataset. However, because the high-throughput screening experiments are high-cost and time-consuming, the size of the
available DTA dataset is always small, which degrades the performance of CNN methods.
More recently, graph neural network (GNN) models have exhibited powerful ability of learning molecular graph for DTA
prediction [14, 15], since they can incorporate the graph structure indicated by covalent bonds into the models. Although these
models have achieved great performance, there are two obvious drawbacks: (I) Most existing GNN models can only treat the
compounds as a topological graph whose nodes are atoms and whose edges are covalent bonds. The spatial information of
relative position among atoms in drug-target complexes is not taken into consideration. However, binding affinity is related
closely to such spatial position information. An evidence as illustrated in Figure 2(a) is that the binding affinity has a strong
correlation to the max distance among atoms of drug-target complexes. (II) Current approaches mostly follow the framework
of question-answering-like Siamese network styles to learn the drug and protein representations separately [16] as shown in
Figure 1(b). Such a separate learning structure leads to the insufficiency of modeling the interactions between drug and protein
without considering spatial information.
To address the aforementioned limitations of CNN and GNN models, in this paper, we propose a novel end-to-end learning
framework for DTA prediction, namely diStance-aware Molecule Graph Attention Network (S-MAN). Figure 4 demonstrates
the framework of our proposed model. Firstly, due to the lack of necessary spatial information in the basic molecular graph, our
model takes the Spatial-enhanced Pocket-ligand Graph (SPoG) as input, which is constructed on the basis of protein pocket and
ligand binding pose as shown in Figure 1(c). SpoG involves not only the 3D spatial distance information but also interactions
between ligand and protein. The definition and construction of SPoG will be introduced in section 3. Then we design a spatial
position encoding mechanism to model different spatial distance relations among atoms as illustrated in Figure 3. Since the
relative spatial distance information of atoms is attached to the edges upon the position encoding mechanism, it is difficult to
propagate such information by aggregating nodes directly. Thus, we further invent a hierarchical attentive structure which has
two steps: edge-level aggregation and node-level aggregation. This hierarchical structure can first capture spatial dependencies
in edge-level stage, and then distinguish multiple spatial relations of 3D structure in node-level stage. To summarize, the main
contributions of our work are as follows:
• We first study the problem of DTA prediction by constructing a unique spatial-enhanced pocket-ligand graph and propose
a novel distance-aware molecule graph attention network named S-MAN.
• The S-MAN employs both edge-level and node-level attentive aggregation with leveraging the spatial distance information
and relative position of atoms. To the best of our knowledge, we are the first to adopt the hierarchical GNN structure with
distance-ware attention for DTA prediction.
• The experiments on two datasets demonstrate that the proposed model outperforms the classic baselines and state-of-theart GNN methods, which shows great application potential for drug discovery.
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Figure 2. Spatial distance visual analysis. (a) The correlation between the bindding affinity and the max distance of atoms in
drug-target complex; (b) The distribution of spatial distance between atoms within 5 Å in drug-target complex.
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Figure 3. A toy example of spatial position encoding.

2 Related Work
Since our study is dedicated to predicting the drug–target binding affinity with designing a new GNN architecture, we briefly
introduce the related work on these two topics.
2.1 Prediction of drug–target binding affinity
Drug-target binding affinity (DTA) prediction in drug discovery has attracted a large number of researchers’ interest. Many
previous works focused on simulation-based methods[7] or classic machine learning models[17], with requiring external expert
domain knowledge. Recently, most of the existing studies aim at solving the DTA problem based on deep learning models,
such as DeepDTA[12] and WideDTA[18]. These models utilize 1D convolutions and pooling to capture potential patterns
from 1D ligand sequence and protein sequence. Thus, the necessary spatial and structure information is neglected. The recent
advanced GNN models to incorporate the structure information of drug-target complex, like GraphDTA [14], has shown better
performance than them. Therefore, we did not compare with such 1D convolution methods in our experiments. There are also
some works[13] constructing 3D image from drug-target complexes to use 3D convolutions (3D-CNN) to take advantage of
spatially-local correlation. Though such a 3D-CNN approach can learn spatial information, it has potential drawbacks. On the
one hand, 3D-CNN requires a large number of model parameters, but the size of training data is limited for DTA problem. On
the other hand, the position of ligand or protein in different complexes is changeable, such as different angle rotation, which
means the spatial structure of 3D image modeling is inevitably incomplete. To better learn the relative spatial information, our
work develops the GNN architecture with integrating position of atoms for DTA prediction.
2.2 Graph Neural Networks
With the increasing popularity of graph neural networks (GNNs), much attention has been devoted to applying GNN for
molecular representation learning. To integrate topological structure of molecular graph, GraphDTA[14] adopts several powerful
GNNs[19, 20, 21] to learn the drug presentation. Although GraphDTA shows reasonable performance in DTA prediction,
it lacks the ability of learning position information in molecular graph and interaction information between drug-target. By
contrast, our work offers a new perspective for drug-target prediction with the assistance of the critical relative position in
molecular graph. There are only a few of works studying GNNs with considering spatial information in recent years. MGCN[22]

3/11

and DimeNet[23] utilize the classic radial basis function to combine the meaningful distance information on the original graph.
However, only the covalent bonding correlation is not sufficient for 3D structure learning. What’s more, different distances
between atoms indicate different relations, while RBF can not provide this information explicitly. It is also worth noting that
all these models fail to aggregate the spatial information attentively, and they are designed for molecular property prediction,
which is quite different from DTA prediction. To the best of our knowledge, we are the first to propose a dedicated GNN model
tailored to the DTA problem which can identify multiple spatial relations while aggregating with distance-aware attention
mechanism.

3 Preliminaries
In this section, we first formally introduce the drug-target binding affinity (DTA) prediction problem. Then we describe the
construction process of the spatial-enhanced pocket-ligand graph in detail.
3.1 Problem Statement
We first clarify several related concepts of DTA prediction. The drug is referred to as a chemical compound, which is also called
ligand in DTA prediction. What’s more, the protein is also called target. Thus, in this paper, the main objects of drug-target
binding affinity prediction are related to ligand and protein. As illustrated in Figure 1, protein-ligand interactions can be
interpreted in two ways. We will introduce and compare them as follows.
Given a drug compound and a target protein, the DTA prediction task is to predict the binding affinity between them. In
general, we use L and P to represent the input drug (or ligand) and the input target (or protein). Both can be a graph, a sequence,
or other format input. The predicted binding affinity y is a continuous real number value. Traditionally, DTA prediction can be
defined as a regression task:
f : (L, P) → y

(1)

To overcome the limitation of weak interaction information between drug and protein when splitting them into two-part
input, as illustrated in Figure 1(c), a more appropriate formulation is to represent drug-protein complex as protein-ligand
binding pose [24] with preserving the essential spatial structure, we call it pocket-ligand for short in this paper. Meanwhile, the
size of pocket-ligand is significantly less than that of the original ligand-protein. The pocket-ligand graph can be denoted as G ,
and the distance matrix of atoms in graph G can be represented as D. The construction of G and D will be introduced next.
Now the problem can be defined as:
g : (G , D) → y

(2)

3.2 Pocket-ligand Graph Construction
As we claimed in section 2, the structure information in the original molecular graph with only the covalent bonding correlation
is not enough. More spatial edges should be included in the graph to provide adequate 3D structure information. What’s
more, there is no natural bonding between ligand and protein. Therefore, the input interaction graph of our proposed model
is the spatial-enhanced pocket-ligand graph (SPoG). We denote the SPoG by a new graph G = (V = VM ∪ VP , E), where
V = {a1 , a2 , ..., aN }, VM and VP are the atom set of ligand and protein pocket. To build spatial-enhanced edges for G , we first
calculate the spatial distances between all atoms in 3D space, the distance matrix is denoted as D. Then a threshold θd is set to
preserve the correlation edge ei j between a pair of atoms. In this way, the edge set can be built:
E = {ei j = (vi , v j )|vi , v j ∈ V, Di j ≤ θd }

(3)

4 Our Proposed Model
In this section, we propose a distance-aware molecule graph attention network (S-MAN) to address the drug-target binding
affinity prediction problem.
4.1 Overview
Figure 4 depicts the framework of S-MAN. As mentioned in Section 3, it takes the spatial-enhanced pocket-ligand graph G
and position matrix S as input. S-MAN contains distance-aware molecule graph attention layers designed for DTA prediction,
which propagates the atom representation spatially and attentively. The two aggregation operations, edge-level aggregation
and node-level aggregation, play a synergistic effect on improving the performance. Then the graph pooling layer produces
the graph representation to obtain the final binding affinity score by applying several fully connected layers. In the following
sections, we use ai and ai (i.e. bold letter) to represent the atom node and the embedding of atom i respectively. Similarly, the
edge (ai ,a j ) is denoted as ei j and the embedding of edge is denoted as ei j .
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Figure 4. Illustration of Distance-aware Molecule Graph Attention Network (S-MAN) for DTA prediction.
4.2 Distance-aware Molecule Graph Attention
Different from the general graph, the molecular graph, like drug compound and protein, has a unique 3D spatial structure,
which may affect the molecular property and interaction strongly. For example, as shown in Figure 2(a) and 2(b), the binding
affinity is related closely to the max distance in complexes. Also, the spatial distance distribution in pocket-ligand indicates
that the covalent bond can be formed when the spatial distance between atoms is less than a certain distance. The ability
to learn such spatial structure and position information is critical to biological modeling, especially in the DTA prediction
problem. To integrate the topological structure and spatial position information suitably, a novel distance-aware molecule graph
attention network (S-MAN) is designed with a hierarchical attentive aggregation structure: edge-level aggregation → node-level
aggregation. First, we adopt an edge-level aggregation to deliver the pairwise atoms’ embedding with position information to
get the edge embedding. After that, node-level aggregation can get the optimal weighted combination of the edge embeddings
for each atom node with a distance-aware attention.
Position Encoding.

The position of atoms in pocket-ligand is defined by 3D coordinates, forming the input position matrix S ∈ RN×3 . Considering
the variability of coordinates that are manually defined, we convert S into a relative spatial matrix, that is distance matrix
D ∈ RN×N . From Figure 2(b), we noticed that spatial distance indicates different meaningful correlations between atoms.
Therefore, the spatial information is encoded by applying a one-hot encoder to split the scalar distances into b buckets, leading
to a multiple position relation matrix DR ∈ RN×N×b . Taking 3 as an example, we divide neighbors of a1 into different spatial
relations. Then we adopt a dense layer to obtain the position embedding p i j for each pocket-ligand edge ei j .
p i j = Wp DRij

(4)

Where Wp ∈ Rd×b is the transformation weight matrix. Next, we take the position embedding into the hierarchical
aggregation layer for both edge-level and node-level.
Edge-level Aggregation.

Considering the relative position information is attached to a pair of atoms, the key challenge of applying GNN to learning
position information is how to propagate such pairwise information on a molecular graph. To this end, S-MAN first employs
an attentive aggregation for edges to capture long-range dependencies among atom nodes. In this sense, we introduce the
definition of the edge neighbors, denoted as Ne . If there is a path: ak → ai → a j , the edge eki = (ak , ai ) is a neighbor of the
edge ei j = (ai , a j ), denoted as eki → ei j , more formally:
Ne (ei j ) = {eki |eki ∈ E, k 6= j}

(5)

As illustrated in Figure 4, the edge embedding e li j is firstly updated through the node-to-edge aggregation:
e li j = AGGnode→edge (ai , a j , pi j )
l
l
= σ (Wne
· [aal−1
⊕ a l−1
i
j ⊕ p i j ] + bne )

(6)
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l is the transformation matrix at the l-th layer to combine node
Where ⊕ is the concatenation operation over two vectors, Wne
l
embedding and position embedding, bne is the bias vector, and σ is the activation function for non-linearity. For each edge ei j ,
inspired by the GAT [20], the following attentive aggregation over edge neighbors is formulated as:

e li j = AGGedge→edge (ei j , Ne (ei j ))
=

∑

l
l l
αk,i,
jWe e ki

(7)

eki ∈Ne (ei j )
l
where Wel is the weight matrix and αk,i,
j is the normalized attention weight of edge neighbor eki via the softmax function:

l
αk,i,
j=

exp(σa (aaTe,l [Wel e li j ⊕Wel e lki ]))
∑eti ∈Ne (ei j ) exp(σa (aaTe,l [Wel e li j ⊕Wel etil ]))

(8)

where a e,l is the attention parameter for measuring weights of edge neighbors and we use LeakyReLU as the activation
function. Thanks to the position information injection in equation 6 after node-to-edge aggregation, the later attentive edge-toedge aggregation can acquire the long-range dependencies adaptively in molecular graph.
Node-level Aggregation.

Furthermore, after obtaining the edge embedding e li j from edge-level aggregation, we apply the node-level aggregation to fuse
the position-enhanced information with the capability of discriminating multiple spatial relations among atoms. By means
of aggregating all related edges for each node with the specially designed distance-aware attention, the combination of edge
representations involves the necessary spatial and topological structure information. Similar to edge neighbors set Ne , we
define the edge neighbors of a node ai as follows:
Neon (ai ) = {eki |eki = (ak , ai ) ∈ E}

(9)

We first convert the edge embedding and atom node embedding into the hidden representation h k,i,e and h i,a in the same
vector space by performing a linear transformation:
h lk,i,e = Whl e lki , h li,a = Whl a l−1
i

(10)

Where Whl is the weight matrix in l-th layer. Then we propose the distance-aware attention to learn the weight among
multi-relation edges. The importance of the edge eki for destination atom ai can be formulated as follows:
wlki = attneon (ai , eki , pki )
= σ (aaTn,l · [hhli,a ⊕ h lk,i,e ⊕Wsl p ki ])

(11)

where a n,l is the node attention parameter for measuring weights of edge neighbors, Wsl is the weight matrix for position
transformation and σ is the activation function. Then the softmax function is used for normalization:
βkil =

exp(wlki )
∑eki ∈Neon (ai ) exp(wlki )

(12)

The updated atom node embedding is calculated by the edge-to-node aggregation. We also develop the position-aware
attention to multi-head attention version as GAT for better stability with M independent attention mechanisms:
a li = AGGedge→node (ai , Neon (ai ))

1 M
=σ
βkil,m h l,m
∑
∑
k,i,e
M m=1 e ∈N (a )
ki

eon

(13)

i

As shown in Figure 4, we further stack L position-aware Molecule GAT layers to learn more adequate position and structure
information for drug-target binding affinity prediction, and we use a i = a Li to represent the final embedding of atom ai .
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4.3 Drug-target Binding Affinity Prediction
After performing S-MAN layers, we obtain the representations of atoms in pocket-ligand. We can employ a graph pooling
layer for all atoms to get the global pocket-ligand embedding. In our study, the graph-level representation g is calculated by
summation:
g=

∑ ai

(14)

ai ∈V

Then we feed g into fully connected layers to predict the drug-target binding affinity score:
ŷ = Wo (σ (W2 σ (W1 g + b1 )) + b2 ) + bo )

(15)

We use the Mean Square Error (MSE) between the predicted valur ŷ and the observed binding affinity y as the loss function
to train the model S-MAN over all pocket-ligand complexes in dataset D:
L =

1
∑ (y − ŷ)2
|D| (M,P)∈D

(16)

5 Experiments
In this section, we first introduce the datasets and experiment settings. Then we compare our proposed S-MAN with other
methods to predict drug-target binding affinity on two PDBbind datasets.
5.1 Datasets
As our proposed model takes advantage of 3D positions of atoms, the experimental dataset is required to provide such spatial
information. So we conducted experiments using two public released PDBbind datasets (v.2016 and v.2019) to evaluate the
effectiveness of S-MAN and baselines.
PDBbind.

The PDBbind1 dataset [25] is a well-known dataset for predicting the binding affinity of drug-target complexes, which is
composed of 3D structures of molecular complexes and the corresponding experimentally determined binding affinities
expressed with pKa values. Each dataset has three subsets: general set, refined set and core set. The general set contains all
complexes with relatively lower quality, while the refined set is a subset of the general set with higher quality, which is used as
the training set in our experiment. The core set is designed as the highest quality benchmark, and it is usually used as a test set.
With regard to the most used PBDBind v.2016, there are 4057 complexes in the refined set and 290 complexes in the core set.
Besides, we also use the latest released PDBbind v.2019 with 4852 and 285 complexes in these two subsets, which is updated
on the previous v.2016 edition.
5.2 Evaluation metrics
To comprehensively evaluate the model performance, we use Root Mean Square Error (RMSE) and Mean Absolute Error
(MAE) to measure the prediction error. The performance of a model is also quantitatively evaluated by the classic Pearson’s
correlation coefficient (R) and the standard deviation (SD) in regression to measure the linear correlation between predictions
and the experimental constants. As introduced in CASF [26], SD is defined as follows:
v
u
|D|
u 1
(17)
SD = t
∑ [yi − (a + bŷi )]2
|D| − 1 i=1
where ŷi and yi respectively represent the predicted and experimental value of the i-th complex in dataset D, and a and b
are the intercept and the slope of the regression line, respectively.
5.3 Methods for Comparison
We compare our S-MAN model with the following methods to predict the drug-target binding affinity:
• LR uses linear regression for drug-target binding affinity prediction. We calculate the inter-molecular interaction features
introduced in [8] as the input and predict the affinity scores.
1 http://www.pdbbind-cn.org/download.php
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Dataset

Training

Validation

Testing (core set)

v.2016
v.2019

3,390
4,127

377
459

290
285

Table 1. Statistical complexes in two PDBbind datasets.
• SVR is a variant of support machine vector (SVM) for regression task. We use the same features as LR. Please note
that these strong graph-level features are extracted by domain knowledge with considering the interaction and spatial
information among atoms, which are time-consuming.
• Pafnucy [13] is a 3D CNN model designed to learn the spatial structure of protein-ligand complexes for drug-target
binding affinity prediction.
• GraphDTA [14] is an effective graph neural network model, which introduced GNN into DTA prediction. The graph
with atoms as nodes and bonds as edges is constructed to describe drug molecules. It also uses CNN to learn the protein
sequence representation. There are four variants with different GNN models: Graph-GCN, Graph-GIN, Graph-GAT and
Graph-GCN+GAT.
• SPoG-DTA improves the GraphDTA by inputting our spatial-enhanced pocket-ligand graph (SPoG) instead of the
drug molecular graph into the GNN model. We name the four variants as SPoG-GCN, SPoG-GIN, SPoG-GAT and
SPoG-GCN+GAT.
• S-MAN-NoEdge only performs the node-level aggregation on the SPoG. The edge-level aggregation stage is removed
and the node embedding is updated from the node neighbors of each atom.
• S-MAN-NoSpAttn replaces the distance-aware attention in our model by general graph attention without spatial
information while conducting node-level aggregation.
5.4 Implementation Details
Settings.

We randomly pick 90% from each refined set in PDBbind v.2016 and v.2019 as the training datasets, and the remaining 10%
complexes are used for validation. The main statistics of two PDBbind datasets are summarized in Table 1. We optimize models
with Adam optimizer, where the batch size is fixed at 32. Besides, we construct the spatial-enhanced pocket-ligand graph with
the threshold θd = 5 Å to ensure the appropriate size of graph. For S-MAN, we set the dimension of atom features as 36, and
we keep the same dimension for node embedding and edge embedding. The hidden size is set to 128. For position encoding, we
divide the spatial distances into 4 buckets. We set the learning rate to 5e−4 , the number of attention head M to 4 and the dropout
ratio to 0.2. For Pafnucy and GraphDTA models, we input the same 36-dimension atom features as S-MAN. For all baseline
models, we use default optimal parameter settings as in their original implementations.
Features.

For 3D-CNN and GNN models, the atom features used according to [13] include atom type and hybridization, the numbers of
bonds with other heavy-atoms and hetero-atoms, atom properties such as hydrophobic, and partial charge. In total, 18 features
are used to describe an atom. Considering the heterogeneity in the pocket-ligand graph, we further extend atom features to a
36-dimension vector, where the 1st to 18th elements represent ligand atoms and the 19th to 36th elements represent protein
atoms.
5.5 Performance Evaluation on PDBbind dataset
We compare our model with the baseline models mentioned above in two PDBbind datasets v.2016 and v.2019. The experimental
results reported in Table 2 are obtained over five runs repeatedly, and the mean value is calculated as well as the standard
deviation in parentheses. We first evaluate our model with the previous works, and then analyze the effectiveness of the injected
spatial information in our model.
Predictive performance.

As shown in Table 2, S-MAN significantly outperforms the baselines in all metrics across the two datasets. More specifically,
Pafnucy achieves relatively poor results, which indicates the limitation of the 3D-CNN model. As we have mentioned in Section
2, although 3D-CNN models can learn the spatial information by treating the protein-ligand complexes as images, it’s likely
that the positions of atoms are influenced by the rotation and translation of the coordinate system. It might make the model
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PDBbind v.2016
MAE
SD

RMSE

R

RMSE

PDBbind v.2019
MAE
SD

R

LR
SVR
Pafnucy

1.677 (0.00)
1.562 (0.00)
1.601 (0.02)

1.355 (0.00)
1.269 (0.00)
1.295 (0.02)

1.605 (0.00)
1.496 (0.00)
1.584 (0.02)

0.676 (0.00)
0.726 (0.00)
0.686 (0.01)

1.693 (0.00)
1.577 (0.00)
1.907 (0.08)

1.374 (0.00)
1.282 (0.00)
1.520 (0.07)

1.620 (0.00)
1.511 (0.00)
1.711 (0.03)

0.667 (0.00)
0.719 (0.00)
0.617 (0.02)

Graph-GIN
Graph-GCN
Graph-GAT
Graph-GCN+GAT

1.655 (0.04)
1.661 (0.04)
1.776 (0.04)
1.539 (0.02)

1.248 (0.04)
1.278 (0.03)
1.378 (0.03)
1.204 (0.02)

1.646 (0.04)
1.653 (0.03)
1.751 (0.03)
1.537 (0.02)

0.654 (0.02)
0.650 (0.02)
0.593 (0.02)
0.708 (0.01)

1.632 (0.03)
1.715 (0.04)
1.814 (0.01)
1.646 (0.04)

1.238 (0.04)
1.304 (0.02)
1.396 (0.01)
1.292 (0.04)

1.623 (0.03)
1.698 (0.03)
1.786 (0.01)
1.642 (0.04)

0.665 (0.01)
0.624 (0.02)
0.570 (0.01)
0.655 (0.02)

SPoG-GIN
SPoG-GCN
SPoG-GAT
SPoG-GCN+GAT

1.663 (0.02)
1.702 (0.04)
1.711 (0.02)
1.526 (0.02)

1.266 (0.01)
1.292 (0.03)
1.310 (0.01)
1.192 (0.02)

1.646 (0.02)
1.679 (0.04)
1.694 (0.02)
1.526 (0.03)

0.655 (0.01)
0.636 (0.02)
0.628 (0.01)
0.713 (0.01)

1.713 (0.05)
1.678 (0.02)
1.709 (0.01)
1.548 (0.03)

1.299 (0.04)
1.288 (0.02)
1.304 (0.01)
1.192 (0.02)

1.693 (0.04)
1.670 (0.02)
1.684 (0.00)
1.536 (0.02)

0.627 (0.02)
0.640 (0.01)
0.632 (0.00)
0.708 (0.01)

S-MAN

1.359 (0.03)

1.093 (0.02)

1.347 (0.03)

0.786 (0.01)

1.469 (0.01)

1.189 (0.02)

1.429 (0.03)

0.753 (0.01)

Table 2. Experimental results of DTA prediction on PDBbind datasets.
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Figure 5. Evaluation of S-MAN with its variants.
confused when learning binding structures in different complexes. As a result, the 3D-CNN model can only capture restricted
position information. Benefit from the strong features of the occurrence for atom types within the specified spatial distance,
the performance of SVR is better than LR and Pafnucy. Due to the ability of aggregating information of spatial position and
topological structure, our model has much better performance than the above baselines.
For graph neural networks, the GNN models of SPoG-DTA perform better than GraphDTA on the whole, demonstrating
that the richer spatial information is helpful for DTA prediction. What’s more, we observe that the GAT model achieves the
most prominent performance improvement. The potential reason is that the attention mechanism helps to find out meaningful
neighbors among added spatial relations. However, these GNN models fail to capture the spatial information, and our S-MAN
offers the average relative performance gain of 10.9% in RMSE over the best baselines on DPBbind v.2016 dataset.
Influence of spatial information.

To study the effectiveness of distance-aware attention and edge-level aggregation, we further conduct experiments for the
variants of S-MAN. As illustrated in Figure 5, the results show that removing the edge-level aggregation degrades the model’s
performance, proving that the spatial information carried by the edge is critical to drug-target binding affinity prediction.
Moreover, the prediction error of S-MAN-NoEdge is higher than S-MAN-NoSpAttn, it indicates that the edge-level aggregation
plays a more significant role in our model, which demonstrates the necessity of the hierarchical structure. As S-MAN-NoSpAttn
ignores the position information of atoms and lacks the ability of identifying multiple spatial relations while executing the
node-level aggregation, it performs worse than S-MAN on both datasets.
5.6 Parameter Sensitivity Analysis
Number of spatial buckets.

To explore the impact of the spatial bucket setting parameter b, we conduct the parameter sensitivity experiment on the PDBbind
v.2016 dataset by changing the number of spatial buckets. As shown in Figure 6(a), when the parameter b increases from 2 to 4,
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Figure 6. Parameter sensitivity experiment results.
there are noticeable improvements on both two metrics, and the performance does not get better since b > 4. This is probably
because more spatial relation information and position information is available for the model, while too many spatial buckets
might produce unexpected noises.
Number of S-MAN layers.

We further study the influence of different numbers of S-MAN layers by varying from 1 to 4. As shown in Figure 6(b), we
observe that the performance of our model gets worse starting from 3 layers. This is because too many layers cause the
overfitting of our model on the training set. It indicates that S-MAN can achieve great performance with only one or two layers.

6 Conclusion
In this paper, we propose a novel distance-aware molecule graph attention network (S-MAN) to predict the drug-target
binding affinity. We first construct a spatial-enhanced pocket-ligand graph (SPoG) to preserve more spatial information and
interactions between drug and protein. Moreover, the well-designed S-MAN adopts a hierarchical attention structure, which
contains edge-level aggregation and node-level aggregation to capture the unique spatial correlation among atoms. Extensive
experimental results on two PDBbind datasets show that S-MAN significantly outperforms all baselines for DTA prediction.
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20. Veličković, P. et al. Graph attention networks. In International Conference on Learning Representations (2018).
21. Xu, K., Hu, W., Leskovec, J. & Jegelka, S. How powerful are graph neural networks? In International Conference on
Learning Representations (2019).
22. Lu, C. et al. Molecular property prediction: A multilevel quantum interactions modeling perspective. In Proceedings of the
AAAI Conference on Artificial Intelligence, vol. 33, 1052–1060 (2019).
23. Klicpera, J., Groß, J. & Günnemann, S. Directional message passing for molecular graphs. In International Conference on
Learning Representations (ICLR) (2020).
24. Lim, J. et al. Predicting drug–target interaction using a novel graph neural network with 3d structure-embedded graph
representation. J. chemical information modeling 59, 3981–3988 (2019).
25. Wang, R., Fang, X., Lu, Y., Yang, C.-Y. & Wang, S. The pdbbind database: methodologies and updates. J. medicinal
chemistry 48, 4111–4119 (2005).
26. Li, Y., Han, L., Liu, Z. & Wang, R. Comparative assessment of scoring functions on an updated benchmark: 2. evaluation
methods and general results. J. chemical information modeling 54, 1717–1736 (2014).

11/11

