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Abstract. Research fields that leverage relational data, like many oth-
ers, have been significantly impacted by Deep Learning (DL) techniques,
particularly Graph Neural Networks (GNNs). Among these fields, drug
design, which aims to create new molecules with optimal affinities for spe-
cific targets, is a crucial step in the development of new medicinal drugs.
In silico approaches in this area often rely on molecular graphs that en-
code the atoms and bonds of a molecule, without prior knowledge of the
biological properties to be predicted. To address this limitation, phar-
macophoric features are essential, as they contain structural information
that captures important biological properties. These features have proven
effective in tasks involving protein-ligand interactions. In this context,
we propose the MCP-GNN model, which combines molecular represen-
tations with complete graphs of pharmacophoric features, both based on
2D information, to classify biological activity. Our experimental results
demonstrate that this approach, using simple yet efficient techniques,
achieves better performance than more complex architectures.

Keywords: Graph Neural Networks - Drug Design - Pharmacophores.

1 Introduction

Deep Learning (DL) methods have revolutionized some fields of research, such
as text analysis and computer vision, and are increasingly impacting various do-
mains. Among these domains, relational data forms a unique category where the
embedding of input data is not in Euclidean space but corresponds to a set of en-
tities and the relationships between them. Graph Neural Networks (GNNs) have
quickly established themselves as a type of DL particularly suited for process-
ing this data. The applications of GNNs include modern recommender systems,
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computer vision, natural language processing, program analysis and urban in-
telligence, among others [7].

Across these applications, the task of predicting the biological activity of a
molecule is particularly promising in drug design [3|. The success of GNNs in
this field is attributed to the fact that chemical molecules can be intuitively rep-
resented as graphs. These graphs correspond to the fundamental entities manip-
ulated by GNNs, which are capable of extracting meaningful features to provide
accurate predictions. This approach is currently recognized for delivering better
performance than other techniques, including traditional DL methods, in tasks
related to drug design, such as structure-based drug-target interaction (DTI)
prediction [19] and kinase-profiling prediction [9].

The prediction of molecular properties by GNNs may be based on molec-
ular graphs where nodes represent atoms and edges represent chemical bonds.
However, this type of representation is application-agnostic, and different GNNs
based on the same molecular representation can predict physical (e.g., boiling
point), chemical, or biological properties of a molecule [5].

In the context of drug design applications, an alternative representation is
based on graphs with pharmacophoric features. As described by [14], a phar-
macophore represents the essential structural information of a molecule that
enables it to bind to a specific biological target [15]. From this perspective, a
graph with pharmacophoric features contains meaningful and essential charac-
teristics for identifying active molecules and has proven effective in tasks related
to protein-ligand interactions [10].

In this paper, we introduce a novel approach in drug design called Molecular
and Complete Pharmacophoric Features Graph Neural Network (MCP-GNN).
This model addresses the limitations of previous methods [11, 18] by offering a
simpler yet more effective solution. Our goal is to classify the biological activity
of molecules independently of their 3D conformation, i.e. based on their 2D
representation, categorizing them as active or inactive, with active molecules
holding potential for developing new drugs. This method achieves state-of-the-
art results in classifying BCR-ABL data and nine popular kinase datasets.

This article is organized as follows: Section 2 introduces the concepts of phar-
macophores, pharmacophoric features and GNNs, along with other approaches
that have developed models for similar purposes. Section 3 describes the method-
ology for developing the proposed model, including data preprocessing and model
architecture design. Section 4 presents the datasets and configurations used to
conduct the experiments and details the results obtained from our proposal,
comparing them with other techniques in the literature.

2 Related Works

2.1 Graph representations for predicting biological activity

The biological action of a molecule is generally not induced by the entire molecule
but rather through the interactions of some of its parts with biological targets,
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such as proteins. From this perspective, it is possible to use different levels of
graph representation to predict biological activity, making the concepts of phar-
macophores and pharmacophoric features essential.

A pharmacophore can be defined as "the ensemble of steric and electronic
features that are necessary to ensure optimal supramolecular interactions with
a specific biological target structure and to trigger (or block) its biological re-
sponse" [17]. Hence, a molecule, often referred to as a ligand, whose characteris-
tics match those of a pharmacophore, should interact with the biological target
on which the pharmacophore has been defined. In this sense, a pharmacophore
may be considered a molecular pattern that characterizes biological activity.

However, the pharmacophores corresponding to a given biological target are
usually unknown. An alternative solution involves using pharmacophoric fea-
tures, which correspond to connected groups of atoms in the molecule that con-
tribute to favorable interactions with target molecules [12]. In this sense, it is
possible to construct a pharmacophore graph, where the vertices encode these
features, and the edges encode the types of relationships between these functional
groups. Thus, a pharmacophore graph can be understood as a super-graph that
should contain all pharmacophores associated with a given biological target.

Different types of graph representations have been used to predict biological
activity. In [11], the authors propose the model RG-MPNN. In this architecture,
two levels of graph representation are used. The first level uses molecular graphs
while the second level uses pharmacophore reduced graphs. These reduced graphs
present 18 types of pharmacophoric features, and the edges represent the total
number of chemical bonds shared between two pharmacophore nodes plus one.

The AttentiveFP model [18] is based on molecular representation and em-
ploys graph attention mechanisms. This model utilizes 9 types of atomic features
and 4 types of bond features at the molecular level. Non-local effects at the in-
tramolecular level, which refer to the interactions and relationships within a
single molecule, are captured through attention mechanisms. This strategy en-
ables accurate predictions of chemical, biological, and physiological properties.

However, it should be noted that these methods have some limitations. In At-
tentiveF'P, only the molecular and intramolecular representation levels are used
and learned, without incorporating pharmacophoric features, which may limit its
performance in predicting biological activity. Moreover, in RG-MPNN, the model
utilizes pharmacophoric features, but the edges in the pharmacophoric graph
only represent adjacency between the corresponding features in the molecular
graph. Since biological activity may involve non-adjacent features, the pharma-
cophoric graph fails to act as a true super-graph of all relevant pharmacophores.

2.2 GNNs

A GNN is a neural network that performs a sequence of transformations on an
input graph G = (V, &, w), where V represents the set of nodes, £ represents the
set of edges, and w : £ — R assigns a real value to each edge. Alternatively, a
graph may be represented as G = (A, X) where A and X encode the adjacency
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matrix and the vertex attributes of G, respectively. In this case, the weight
function w is encoded by the entries of the matrix A.

In GNNs, convolution operations are used to aggregate the value of each
node with its k-hop neighborhood, where k is a parameter of the convolution.
Spectral convolutions [4] based on the graph’s Laplacian are primarily designed
for varying signals on a fixed graph topology. Spatial convolutions do not have
this limitation and are typically described through the message-passing neural
network (MPNN) framework [7], where nodes iteratively exchange and update
information based on their local neighborhoods.

GNNs usually apply multiple one hop convolutions in order to encode within
each vertex information about its [-hop neighborhood, where [ corresponds to
the number of convolution layers. However, for graph classification, it is neces-
sary to map each input graph to a single output value. This operation is usually
performed by mapping the graph obtained by the last convolutional layer onto a
vector of fixed size using an operation called global pooling [16] defined by Equa-
tion 1. Here, h¥ corresponds to the feature vector of node i and V¥ corresponds
to the vertex set of the graph defined at the last convolutional layer.

hg = POOL(hF|i € VF) (1)

The vector hg having a fixed size, the global pooling must be invariant to
the number of nodes in a graph. Additionally, since the set of nodes in a graph is
unordered, the pooling operation must also be permutation-invariant. Common
operations that satisfy these conditions include sum, mean, max/min, or their
combinations computed on the vertex set.

The pooled vector hg is then processed through one or more Multi-Layer
Perceptrons (MLPs), followed by a softmax function for classification. Addition-
ally, hg can be constructed by pooling features from multiple GNN layers using
residual connections, creating a multi-scale representation that reduces smooth-
ing effects. However, it is important to note that by reducing node features to
a single vector, this approach loses structural and local information, which may
be critical for large, complex graphs.

3 Methodology

3.1 Data preprocessing

Our preprocessing generates two graph representations for each molecule: a
molecular graph and a pharmacophore graph.

Each molecular graph’s nodes and edges are enriched as follows: nodes include
atom type, degree, charge, hybridization, bonded hydrogens, and aromaticity.
Edges encode bond type, conjugation, and ring participation.

Our pharmacophore graph is defined as a Complete Graph of Pharmacophoric
Features (CGPFs). The nodes are derived from the 2D structure of a molecule
using the extraction method for pharmacophoric features proposed in [13], the
workflow tool Norns [1] and the library OpenBabel to manage the chemical data.



Title Suppressed Due to Excessive Length 5

Figure 1 illustrates the transformation of a molecule into a CGPF. Let us note
that a ligand should not be too large in order to interact with a protein. Conse-
quently, the associated CGPFs usually corresponds to a small complete graph.
The mean size of CGPFs in all datasets considered in Section 4 does not exceed
14 nodes.

1) 2) OH
—J —
HN HN 2R R
= —
A
— —
4 N
N
H : D
o o . )

Fig. 1. Transformation of a molecule into a CGPF. Starting from the initial molecule
(1), the pharmacophore features are identified (2), and then the topological distances
between each of the features are computed (3) to obtain the CGPF.

In this graph representation, a node indicates one of six possible pharma-
cophoric features: hydrogen-bond acceptors (A) or donors (D), negatively (N)
and positively (P) charged ionizable groups, hydrophobic regions (H) and aro-
matic rings (R). The type of each node is thus encoded by a one-hot vector of
dimension d = 6. In addition, to represent the edges, following previous stud-
ies in the drug design field [13,6], the topological distances between pairs of
pharmacophoric features in the chemical molecule were used. Such distances are
defined as the number of bonds in the shortest path connecting any pair of
pharmacophoric feature.

It is worth noting that our pharmacophore graph is based on a selection of
traditional pharmacophoric features that are considered as the most important
based on pharmacophoric modelling theory [8], ensuring that the representation
is both chemically and biologically meaningful. Moreover, the use of a complete
graph allows to obtain the interactions between non adjacent pharmacophoric
features in order to better capture the phenomenon of ligand/target interaction.

3.2 Model architecture

The second stage consists in defining the GNN model, whose architecture is
illustrated in Figure 2.

After obtaining the two graph representations, a linear layer is applied to the
edge features of each graph, converting the one-hot encoding vector into a single
scalar that captures their importance.

For CGPFs, the layer learns the relevance of distances between pharma-
cophoric features, with each distance associated with a one-hot vector of max-
imum size dy,q, = 118. For molecular graphs, the layer focuses on learning the
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Fig. 2. Architecture of MCP-GNN model. The stages include learning the importance
of edge features (1.1 and 1.2), graph convolution layers (2.1 and 2.2), implementation
of a separate global pooling for each type of node for CGPFs (3.1), implementation of
a readout layer for molecular graphs (3.2) and a classification layer (4).

importance of features related to atomic bonds, which is a vector of size d = 6
that encodes bond type, conjugation, and ring participation. This edge weight-
ing step has the advantage of requiring few parameters, which is well-suited to
biological datasets that are typically not extensive.

The relevance of edges is then incorporated into adjacency matrices to per-
form convolutions weighted by the edges’ relevance. For the representation with
pharmacophoric features, since complete graphs are used, the computation of a
single graph convolution layer is sufficient for each node to aggregate information
from all its neighbors. For the molecular graph representation, multiple layers of
graph convolution are applied.

The third stage of our model consists of performing global pooling for each
graph representation to obtain a global representation of each graph as a vector
of fixed dimension. As mentioned in Section 2.2, global pooling is typically per-
formed using max, mean, or sum operations applied to the entire set of vertices
of the graph. Since this operation can lead to a significant loss of information, for
CGPFs, which have a limited number of vertex labels, a separate global pooling
strategy was applied to mitigate this loss. Let V1, ... Vs define a partition of the
initial vertex set V, where V; contains all vertices of V of type j. We first apply
a global mean pooling on each type of vertex:

1
| ‘]|i€Vi

where h? defines the features of node i after our convolution step (Figure 2).
Then, the global pooling for CGPFs is defined as the concatenation of all partial
global poolings:

Pcapr = concat(Pq, Py, ..., Pg) (3)

For the molecular representation, it was not feasible to apply the same strat-
egy due to the great diversity of atom types. Therefore, a readout layer was
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implemented, where global mean pooling and global max pooling were concate-
nated to obtain a global representation at the atomic level, defined as P,,,; in
Figure 2.

Finally, the results obtained from each pooling operation (Pocgpr and Pr,op)
are concatenated, and an MLP is used to classify molecules as active or inactive.

4 Experiments

4.1 Datasets, training and evaluation

We consider the BCR-ABL dataset and nine kinase family datasets (Table 2).
All datasets consist of biological data where the action of the input molecule on
a target must be classified as either active (label 0) or inactive (label 1). The
BCR-ABL dataset was obtained from the study proposed by [6], while the kinase
datasets were the same as those used in the study by [11].

To compare the performance of the proposed model MCP-GNN with RG-
MPNN and AttentiveFP, the same rules were followed for training and evalu-
ation. The data was split into 80% for training, 10% for validation, and 10%
for testing using a stratified division. The training step was executed for 200
epochs with an early stopping strategy, and the following metrics were com-
puted: accuracy (ACC), Area Under the ROC Curve (AUC), Matthews Cor-
relation Coefficient (MCC), and mean F1 Score (MEAN F1). Additionally, a
10-fold cross-validation strategy was employed to assess the model’s ability to
generalize.

A hyperparameter optimization for the AttentiveFP and MCP-GNN models
was conducted using the Optuna library [2]. The hyperparameters of the RG-
MPNN model were set to those proposed by the authors for each dataset. The
hyperparameters optimized in this work included: learning rate and weight decay,
pertaining to the optimizer; batch size; and hidden size, referring to the number
of neurons in the model’s intermediate layers. For MCP-GNN, the number of
graph convolutions for the molecular representation was also considered.

4.2 Ablation studies

We conducted an ablation study on three balanced datasets, with statistics pro-
vided in Table 2 (first column). To evaluate our graph representations, we as-
sessed our model’s performance using each representation individually. For each,
we tested three variations: the full architecture (Original), a version without
edge importance calculation (using original distance values for CGPFs and un-
weighted edges in the molecular representation), and a version without pooling
strategies (using a single global mean pooling for both representations).

Table 1 shows the AUC values for each dataset and ablation scenario. Non-
ablation results are on the third line for each dataset. Notably, introducing edge
relevance and our enhanced pooling strategy significantly improves the model
with CGPFs by more than one standard deviation, though improvements are
less pronounced with the molecular graph representation.
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Table 1. AUC values obtained during ablation studies

Graph

Without edge Without pooling

Dataset . Original .
representation importance strategy

AKT1 Only molecules 0.944+0.010 0.944+0.007 0.935+0.016
Only CGPFs 0.9244+0.012 0.905£0.014 0.903+0.015
Complete 0.949+0.009 - -

BCR-ABL Only molecules 0.9434+0.015 0.945+0.019 0.938+0.030
Only CGPFs 0.925+£0.023 0.891£0.026 0.896+0.030
Complete 0.9494+0.017 - -

CDK2 Only molecules  0.904£0.019 0.905+0.018 0.895+0.021
Only CGPFs 0.827£0.032 0.762£0.040 0.773£0.029
Complete 0.905+0.013 - -

We observed that the molecular representation slightly outperforms the phar-
macophoric one, likely due to its larger number of node features and parameters.
For instance, in the BRAF dataset (Table 2), our model had 225,000 parameters,
with 79% related to molecular graphs and 21% to CGPFs. Combining both rep-
resentations yields a better AUC than either alone, indicating complementary
information.

Additionally, regarding model complexity, AttentiveFP and RG-MPNN have
approximately 534,000 and 1,950,000 parameters for the same dataset, highlight-
ing our model’s efficiency despite fewer parameters (see Table 2).

4.3 Evaluation

Table 2 presents the performance of the three models in classifying biological
activity across kinase datasets and the BCR-ABL dataset. The results highlight
the superior performance of the proposed model in most scenarios.

Notably, the MCP-GNN model shows significant improvements for smaller
datasets such as CK1, MAP4K2, and CDK2, achieving performance gains of
between 2% and 8% across multiple metrics. For larger datasets with a higher
number of molecules, the performance gains are less pronounced. Nevertheless,
the proposed model consistently delivers better results, demonstrating its ro-
bustness and generalization capability across different datasets.

5 Conclusion

The proposed model integrates molecular and pharmacophoric features using
specific architectural techniques. Our experiments show that this approach ef-
fectively captures complex molecular relationships, making it a promising tool for
drug design. Future work will involve linking pharmacophoric features to atoms
to provide more information, adding 3D positional data to each node, and intro-
ducing explainability techniques to enhance understanding of its decision-making
process.
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Table 2. Results with BCR-ABL and kinase datasets. The Dataset column displays
the database name in the first row, the total number of molecules in the second row,
and the distribution of active/inactive molecules in the third row. In addition, bold
values represent the best performance, while blue values indicate the second best.

Dataset Model ACC AUC MCC MEAN F1
AKT1 RG-MPNN 0.875+0.016 0.935+0.012  0.748+0.032  0.873%0.016
3967 mol. AttentiveFP 0.8774+0.010  0.941+0.006  0.753+0.021  0.87240.018
2175/1792 MCP-GNN 0.89240.012 0.949+0.009 0.78340.023 0.89010.012
AURKA RG-MPNN 0.829+0.030 0.889+0.034 0.6444+0.063  0.821+0.034
3886 mol. AttentiveFP 0.846+0.016 0.9164+0.013  0.6814+0.033  0.84040.017
2290/1596 MCP-GNN 0.86040.016 0.92840.014 0.710+0.034 0.854+0.017
BCR-ABL RG-MPNN 0.868+0.025 0.936+£0.015 0.739£0.049 0.868+0.028
1479 mol. AttentiveFP 0.8584+0.052  0.9264+0.028  0.7214 0.104 0.87740.027
773/706 ~ MCP-GNN  0.883+0.024 0.94940.017 0.7611+0.050 0.878+0.025
BRAF RG-MPNN  0.895+0.020 0.934%+0.033  0.709+0.060  0.877+0.023
4824 mol. AttentiveFP 0.922+0.013  0.955+0.014  0.783%0.038  0.894+0.024
3629/1132 MCP-GNN 0.93240.011 0.960+0.013 0.8084+0.033 0.9011+0.016
BTK RG-MPNN 0.898+0.023  0.944+0.018  0.749+0.051  0.870+0.023
3640 mol. AttentiveFP 0.902+0.018  0.947+0.015  0.759+0.043  0.876+0.024
1892/1748 MCP-GNN 0.915+0.023 0.955+0.013 0.788+0.053 0.88610.021
CDK2 RG-MPNN  0.774+0.040 0.853+0.036  0.5524+0.081  0.76340.035
2603 mol. AttentiveFP 0.796+0.021  0.873+0.015  0.595+0.041  0.79140.023
1308/1300 MCP-GNN  0.83040.017 0.9054+0.013 0.662+0.035 0.82740.032
CK1 RG-MPNN  0.83240.049 0.780+0.064 0.3974+0.190  0.626+0.120
807 mol.  AttentiveFP 0.8274+0.039  0.833£0.055  0.439£0.111  0.69940.055
155/632  MCP-GNN 0.825+0.036 0.85240.029 0.517+0.062 0.71840.044
MAP4K2 RG-MPNN 0.768+0.044 0.770£0.083  0.413+0.165  0.679=£0.097
897 mol.  AttentiveFP 0.777+0.045  0.834+0.049 0.470+0.113  0.74240.059
280/617 MCP-GNN 0.79140.063 0.84640.069 0.51140.148 0.748+0.049
EGFR RG-MPNN 0.854+0.014 0.923+0.013  0.7094+0.028  0.85440.015
8788 mol. AttentiveFP 0.860+0.014  0.938+0.009  0.721+0.028  0.860+0.014
4518/4275 MCP-GNN  0.874+0.011 0.946+0.006 0.749+0.023 0.87440.011
PIM1 RG-MPNN  0.881+0.018  0.9424+ 0.012 0.7084+0.042  0.869+0.017
4507 mol. AttentiveFP 0.908+0.014 0.956+0.011  0.763%+0.039  0.883+£0.019
3821/1186 MCP-GNN 0.91940.012 0.970+0.009 0.78640.031 0.89240.016
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