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Abstract

In recent years, multiple generative models have been developed for De Novo molecule
generation. Generative models are a potentially powerful tool for generating molecules and
exploring chemical space. Various areas of biomedical research can benefit from their use,
such as drug discovery, metabolomics, and more.

In this study, we have adapted the model proposed by You et al., a Graph Convolutional
Policy Network, to generate molecules with a specific molecular formula as a parameter. We
have verified the validity and realism of the generated molecules. Additionally, we have
generated in silico spectra for the generated molecules to propose new metabolites for the
spectra present in the ARUS database. Finally, we have developed a model (Random Forest
Regressor) to predict the aqueous solubility of the generated molecules.

Keywords: deep generative models; graph convolutional policy network; metabolomics;
drug discovery.
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1 Introduction

Medicine is undergoing significant transformations driven by the introduction of new
technologies and the growth of innovative disciplines such as proteomics, metabolomics,
genomics, epigenomics, precision medicine and robotics. Artificial intelligence (AI) plays a
fundamental role in the transformation of medicine, with widespread application across the
majority of medical and biomedical disciplines [1].

The development of new drugs has been one of the major challenges in biomedical
research, and this challenge became particularly evident during the global pandemic caused
by SARS-CoV-2. The drug discovery process involves exploring a discrete chemical space
composed of 1060 drug-like compounds. However, out of this set, it is estimated that only 108

have therapeutic relevance. Additionally, a report conducted by a renowned consulting firm
on the top 20 pharmaceutical companies in 2022 estimates that the process of developing a
drug and bringing it to the market takes an average of 10 to 15 years, with an investment of
around 2.3 billion dollars [2] [3].

In recent years, a significant portion of biomedical research has focused on introducing
artificial intelligence and developing computational methods in the drug discovery process.
One solution that has received significant attention is Deep Generative Models. DGMs
are neural networks consisting of numerous layers, trained to approximate complex high
dimensionality probability distributions from samples. Following training, DGMs can be used to
estimate the probability of each observation and generate new samples using the underlying
distribution [4]. DGMs can be employed to generate new molecules (de novo molecule
generation). It provides us with a powerful tool for quickly, efficiently, and cost-effectively
exploring chemical space [2].

Metabolomics is another discipline that greatly benefits from DGMs. Metabolomics is a
growing discipline that studies metabolites, a set of small molecules with a molecular weight of
less than 1.5-2 kDa derived from cellular metabolism. Metabolites provide information about
metabolic pathways and complex networks within biological systems [5]. DGMs are capable
of generating hundreds of thousands of metabolites. DGMs are potentially a powerful tool to
explore the chemical space of metabolites and their identification as we will discuss later.

Metabolomics is widely used in the detection of biomarkers, the study of disease
mechanisms, identification of new drug targets, enhanced knowledge of drug metabolism,
customization of drug treatments and monitoring of therapeutic outcomes [6]. A common
scenario is the search for biomarkers in biofluids for the early detection of cancer. For example,
Qi et al. conducted a metabolomic analysis on plasma samples to identify metabolites that
could enable the early diagnosis of lung cancer. Qi et al. were able to identify five key
metabolites (almitic acid, heptadecanoic acid, 4-oxoproline, tridecanoic acid and ornithine).
Furthermore, they were able to identify a set of metabolites that allowed the distinction of
cancer types (adenocarcinoma, squamous cell carcinoma, small cell lung cancer) [7].

Metabolomics utilizes advanced high-performance analytical techniques, such as nuclear
magnetic resonance (NMR) and mass spectrometry (MS), for the measurement of metabolites
on a sample. These two techniques are the most widely used in metabolomic studies and
are complementary [5]. NMR and MS provide, as a result, the spectra corresponding to the
metabolites present in the sample. There is also a growing interest in optical spectroscopy
techniques, such as Raman spectroscopy and infrared spectroscopy [8].

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 1
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In metabolomics, there are three main workflows: targeted analysis, semi-targeted
analysis and non-targeted analysis (Fig. 1). The targeted experiments analyze and quantify
a small number of specific known metabolites. These experiments follow a driven-hypothesis
approach. Semi-targeted metabolomics is an intermediate analysis between non-targeted
metabolomics and targeted metabolomics. It aims to quantify a number of known
metabolites in the sample while also attempting to discover unknown metabolites. Untargeted
metabolomics (non-targeted metabolomics) is performed to collect and analyze all possible
metabolites in a sample [5]. A common procedure in non-targeted metabolomics relies on the
use of the LC-MS technique. After sample preparation, the compounds are separated from the
physical sample using liquid chromatography (LC). Subsequently, electrospray ionization (ESI)
is applied (incorporated within the mass spectrometer itself). ESI generates gas-phase ions
from the analyte molecules. Finally, the ions enter the mass spectrometer, which generates
mass spectra for each chromatographic peak [9].

In this phase of the procedure, it is necessary to identify the metabolite that corresponds
to each spectrum. However, it is not a simple process. The identification of metabolites is a
challenging task in metabolomics, with a large number of unknown metabolites that may have
biomedical relevance. For example, the National Institute of Standards and Technology has
developed a public database called ARUS (Annotated Recurrent Unidentified Spectra) that
includes thousands of spectra that frequently appear in the analysis of plasma and urine
samples. The corresponding molecular formulas of these spectra are known, but the structure
of the molecules is unknown [10].

Figure 1. Targeted, Semi-targeted, and Untargeted Metabolomics workflows. Adapted from

“Metabolomics: A Primer,” by X. Liu, J.W. Locasale, 2017, Trends in Biochemical Sciences

For spectrum identification, traditionally mass spectra libraries have been used, where
the query spectrum of an unknown compound is compared against a database of reference
MS or MS/MS spectra. The candidate molecules from the database are ranked based on
the similarity of their spectra. However, the primary drawback of these methods is that the
reference database, often incomplete, merely represents a small fraction of the molecules in
reality. As a result, if the reference spectrum of the targeted compound is not contained in
the database, it leads to unreliable matching results [11].

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 2
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Numerous computational methods have been proposed to solve the problem of
metabolite identification [11]. In recent years, there has been a growing interest in the
development of computational methods capable of generating in silico spectra. Some
well-known methods include QCEIMS, CFM-ID, or MassFrontier [12].

As mentioned earlier, generative models are a promising tool for the exploration of
the chemical space of metabolites. The combination of generative models and algorithms
for generating in silico spectra offers the possibility of proposing new metabolites for the
identification of spectra.

In recent years, several generative models have been employed for de novo molecule
generation. For example, Gomez-Bombarelli et al. developed a Variational Autoencoder (VAE)
for de novo molecule generation [13]. Guimaraes et al. also proposed ORGAN, a model based
on Generative Adversarial Network (GAN) and reinforcement learning (RL) [14]. In this study,
our focus is on the model proposed by You et al. This model is explained in the paper published
by You et al., titled ”Graph Convolutional Policy Network (GCPN) for goal-directed molecular
graph generation” [15]. As the title indicates, a Graph Convolutional Policy Network (GCPN) is
used. GCPN consists of a graph convolutional network that incorporates reinforcement learning
(RL) to generate goal-directed graphs. This approach allows the generation of molecules where
the generative process can be focused on specific objectives while considering chemical rules.
This fact is of great importance as it allows the optimization of essential chemical properties
in molecule development, such as druglikeness or the octanol-water coefficient (logP).

1.1 Aims of the project

The objectives of this project are:

• Study the architecture and operation of the Graph Convolutional Policy Network (GCPN)
proposed by You et al.

• Modify the algorithm to receive as a parameter a certain molecular formula and generate
realistic molecules with the specified molecular formula.

• Find a mathematical description of the generated molecules.

• Check how realistic the generated molecules are.

• Apply a tool for in silico spectrum generation to the generated molecules in order to
propose new candidates for the unidentified spectra in the ARUS library (Annotated
Recurrent Unidentified Spectra).

• Develop a computational method to predict the aqueous solubility (logS), a significant
parameter in compounds with the potential to become drugs, of the generated molecules

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 3
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2 Graph Convolutional Policy Network for Goal-Directed Molecular
Graph Generation

In this section we examine the operation and architecture of the Graph Convolutional
Policy Network (GCPN). To achieve this objective, we present an overview of the key concepts
and elements that constitute the GCPN. Subsequently, we investigate the overall functioning
of the GCPN specifically for Goal-Directed Molecular Graph Generation.

2.1 Artificial Neural Networks

As discussed in the introduction section, neural networks, or artificial neural networks,
play a fundamental role in Deep Generative Models. Artificial neural networks (ANNs) consist of
layered nodes, including an input layer, one or more hidden layers, and an output layer. Taking
inspiration from the human brain’s structure, ANNs comprise a vast number of interconnected
nodes or neurons. These neurons are simple units that assign weights to their incoming
connections (Fig. 2). During network activation, the node receives data through the input
connections, and each data point is multiplied by its corresponding weight. The results are then
aggregated to obtain a single value. Subsequently, the value is passed through an activation
function, which determines the output of the node. If the output exceeds a predefined
threshold, the node becomes activated and transmits the result to the next layer. Initially, the
weights and thresholds are initialized with random values and are continuously adjusted during
the training process. Various activation functions are available, with notable examples being
the sigmoid function, the Rectified Linear Unit (ReLU), and Leaky ReLU [16] [17]. There are
multiple types of neural networks, such as Feedforward Neural Network (FNN), Convolutional
Neural Network (CNN), Recurrent Neural Network (RNN), and Graph Neural Network (GNN),
among others.

Figure 2. Neural networks organized in layers (input layer, hidden layer, output layer). We

can look at the densely interconnected neurons and the data multiplied by the weights

and added. Adapted from TensorFlow for Deep Learning: From Linear Regression to

Reinforcement Learning (chapter 4), by SRamsundar, B. and Zadeh, R.B., 2018, O’Reilly

Media. Created with BioRender.com
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2.2 Molecular graph representation

Throughout history, chemists have shown interest in the representation of molecules.
They have developed multiple types of two-dimensional representations, such as skeletal
structures, Newman Projections, or Lewis structures. In recent times, the development of
new disciplines such as bioinformatics and cheminformatics has led to the need for developing
new representations that enable the computational processing of chemical compounds, such
as SMILES (Simplified Molecular Input Line Entry System), molecular graph representation,
fingerprints, and InChI (International Chemical Identifier) [18].

Deep generative models for de novo molecule generation developed in recent years have
mainly relied on two types of representations: SMILES and molecular graph representation [2].
However, You et al. decided to use molecular graph representation as it is more robust than
SMILES, which is a text-based representation of a molecule that encodes its structure using a
linear string of characters. In addition, molecular graph representation allows for valence and
chemical validity checks [15].

Figure 3. a) The graph representation of acetic acid assigns numbers 1 to 4 to the nodes,

excluding the hydrogens. b) The adjacency matrix for the acetic acid graph is constructed

by ordering the rows and columns based on the node index. c) The node features

matrix for the acetic acid graph comprises vectors that encode different properties,

including the atom type, charge presence, and the number of implicit hydrogens. d)

The edge features matrix for the acetic acid graph encodes the type of link between

nodes, distinguishing between single, double, and triple bonds. Adapted from “Molecular

representations in AI-driven drug discovery: a review and practical guida,” by L. David,

A.Thakkar, R.Mercado, O.Engkvist, 2020, Journal of Cheminformatics, Volume(12), page

56. Created with BioRender.com

A graph is defined as a tuple that consists of a set of nodes (V) and a set of edges
(E), where each edge connects pairs of nodes within the set V. In the specific context of a
molecular graph, the nodes represent the atoms that constitute the molecule, while the edges
correspond to the links or bonds connecting these atoms. In order to process a graph using a
computer, it is essential to represent the nodes and edges using linear data structures, such
as vectors and matrices. The graph information is stored in three matrices (Fig. 3):

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 5
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• The Adjacency matrix is a square matrix that describes the connections between nodes.
Each element of the matrix, denoted as aij, represents the connection between nodes i
and j. If there is an edge between the nodes, aij is assigned a value of 1. Otherwise, if
there is no edge, aij is assigned a value of 0 (Fig. 3b).

• The Node feature matrix contains information about the nodes in the graph. It can
include various features related to the nodes. For example, it is common to encode the
atom type as a node feature (Fig. 3c) [19].

• The edge features matrix encodes the identity of the bonds within a graph. It
encompasses various features that can be represented. One widely used encoding
scheme is based on the type of bond (single,double or triple) (Fig. 3d) [18].

2.3 Graph Convolutional Network (GCN)

Graphs exhibit a complex structure that often complicates the discovery of the knowledge
they hold. The complexity of graphs is attributed to their non-Euclidean nature, the absence
of a consistent structure, and scalability [20]. To handle this type of data, graph neural
networks (GNNs) were introduced. GNNs are specialized neural networks designed to operate
on graph-structured data. They take a graph as input and produce a graph as output. This
enables predictions to be made at the node, edge, or graph level [21]. There are various types
of GNNs, but in this study, we will focus on the Graph Convolutional Network (GCN) as it is
a key component in the model proposed by You et al [15]. In contrast to traditional neural
networks, GCNs are not fully connected.

GCN is a specific type of GNN that utilizes convolutional operation. The application of
convolution on graphs has been a challenging task for researchers and has been extensively
studied in recent years, primarily due to the non-Euclidean nature of graphs. Various
techniques have been developed, which can be grouped into two categories: spectral graph
convolutions and spatial graph convolutions. Spectral graph convolutions are rooted in
the concept of the graph Fourier Transform. In contrast, spatial graph convolutions rely
on aggregating node representations from their local neighborhoods. The spatial graph
convolution is favored for its simplicity and lower computational requirements making it more
popular in practice [20].

GCNs have been developed that employ both types of techniques. The operation of the
majority of GCNs can be divided into the Message Passing phase and the Readout phase.
Typically, the initial phase is implemented through a GCN layer that takes the adjacency matrix
and the node feature matrix as input. In this phase, each node receives messages from its
neighboring nodes, which are generated based on their features. The Message Passing phase
consists of two steps: aggregation and update. In the Aggregate step, nodes gather messages
from their neighbors by performing a weighted sum operation. This is followed by the Update
step, where the aggregated messages undergo a non-linear transformation, such as the ReLU
function, to generate updated node representations. If multiple GCN layers are stacked, a
deep GCN can be created, allowing the passing of messages between neighbors that are more
than one hop away. In the Readout phase, the learned node embeddings serve as the final
representations of the nodes or the entire graph [22].

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 6
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2.4 Reinforcement Learning

Reinforcement learning (RL) is a essential concept in the GCPN model and is considered
one of the three main categories of machine learning, alongside supervised learning and
unsupervised learning. Reinforcement learning problems involve learning how to map different
situations to appropriate actions in order to maximize a numerical reward signal. These are
closed-loop problems because the actions taken by the learning system impact subsequent
inputs. The learner is not instructed on which actions to perform. Instead, it must explore
and try different actions to determine which ones will produce the highest reward [23].

The Reinforcement learning framework consists of two fundamental elements: the agent
and the environment. The agent is an autonomous entity (software program), that explores
and learns from the environment. The environment encompasses everything outside the agent
and is dynamic. The agent and the environment interact constantly [23][24].

Figure 4. A diagram that represents the interaction between the agent and the environment

within the framework of reinforcement learning. Adapted from Reinforcement Learning:

An Introduction (p. 54), by Sutton, R. S., & Barto, A. G., 2014, The MIT Press. Created

with BioRender.com.

At each time step t, in a sequence of discrete steps t=0,1,2..., the agent and the
environment interact with each other (Fig. 4). The agent is provided with a representation
of the environment’s state, denoted as st, at each time step t. The state st is an element of
the set S, which encompasses all possible states, also referred to as the action space. Upon
evaluating st, the agent chooses an action at from the set A(st), encompassing all available
actions in st. Subsequently, the environment undergoes a state transition in response to the
action chosen by the agent. The dynamic transition establishes the transition probabilities.
After one time step, the agent receives a numerical reward rt+1 and receives the next state,
denoted as St+1 [23]. At each time step, the agent maps the states to the probabilities of
selecting each possible action. This mapping is commonly referred to as the agent’s policy,
represented as t [24].

Another key concept is value, which represents the expected cumulative rewards that an
agent anticipates receiving in the long run. It is accompanied by a corresponding function.The
value allows the agent to select actions that will provide greater long-term rewards, rather
than only focusing on actions that yield higher short-term rewards [24].

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 7
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Reinforcement learning problems can be represented as Markov Decision Processes.
Markov Decision Processes (MDP) is a mathematical framework employed for modeling
decision-making problems. It is a tuple (S, A, P , R), where S represents the set of states,
A denotes the set of actions, P signifies the transition function, and R represents the reward
function. MDP relies on the Markov Property, which is of great significance as it indicates
that the environment only depends on the current state and action, and is independent of the
system’s past [25].

As we have studied, the objective of RL is to maximize the long-term rewards received
by the agent. To achieve this, it is necessary to optimize the policy πt. There are multiple
algorithms that allow for this optimization, known as reinforcement learning algorithms. Some
of the well-known algorithm groups include model-based methods, value-based methods, and
policy gradient methods. You et al. decided to use Proximal Policy Optimization (PPO).
This algorithm was developed by OpenAI in 2017 and employs gradient-based optimization
techniques. The goal of PPO is to avoid large updates to the policy πt by clipping the ratio
between the two policies to a certain range of values [26].

2.5 Architecture and Operation of GCPN

Once we have explored the various elements and concepts present in the model at a
general level, we study in more detail the architecture and operation of the Graph Convolutional
Policy Network.

2.5.1 Problem definition

The graph G is represented by the adjacency matrix A, node feature matrix F , and
edge-conditioned adjacency tensor E. E is a multidimensional tensor that encodes the
adjacency matrix of the graph as well as any additional edge features.

The main objective of the model is to generate molecules that optimize a certain property.
To achieve this, You et al. incorporate two sources of prior knowledge into the generative
model. The first source is embedded within the model’s code itself. For example, it includes
information about chemical valency. The second source is a dataset consisting of 250,000
real molecules from the Zinc database. The Zinc database contains millions of commercially
available molecules and is widely used in pharmaceutical research. The model aims to generate
molecules that resemble those present in the dataset. To accomplish this, an adversarially
trained discriminator is incorporated, which allows for comparison between the generated
molecules and real molecules and generates a numerical value indicating their similarity.

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 8
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Figure 5. Overview of the generative process. Each row corresponds to a step of the generative

process. The first row corresponds to an intermediate step in the process. The second

row corresponds to the final step. (a) The intermediate graph Gt defines the state.

The set of C atoms are added for the GCPN calculation [C,N,O,S,P,F,I,Cl,Br]. (b) GCPN

employs message passing to encode the state into node embeddings. Subsequently, it

generates a policy π0. (c) An action of the policy is sampled. It is constitute of four

elements: two Node IDs, edge type and stop. (d) The environment checks the chemical

valency. Subsequently, it returns to the following state Gt+1 (e) and the reward (f).

Adapted from “Graph Convolutional Policy Network for Goal-Directed Molecular Graph

Generation,” by J. You, B. Liu, R.Ying, V.Pande, J.Leskovec, 2018, NIPS’18: Proceedings

of the 32nd International Conference on Neural Information Processing Systems, Pages

6412–6422. Created with BioRender.com

2.5.2 Molecule Generation Environment

The environment is described by four fundamental aspects: state space, action space,
state transition dynamics, and reward design. We analyze each of them.

• State Space. Each state of the environment, denoted as st, corresponds to an
intermediate graph generated, denoted as Gt, at each time step. The RL agent has
complete visibility of Gt. It is important to highlight that the initial graph, G0, always
starts with a carbon atom. Fig. 5(a) shows an intermediate graph before the action is
performed, while Fig. 5(e) shows it after the action has been performed.

• Action Space. The action space is distinct, fixed-dimensional, and homogeneous. A set
of scaffold subgraphs is defined, represented as C1,C2...Cn. These will be added during
the generation of the graph. The set C corresponds to a set of atoms: carbon, nitrogen,
oxygen, sulfur, phosphorus, fluorine, iodine, chlorine and bromine. An important concept
is the extended graph, which is based on the union of Gt and C (Fig. 5(a)). There are
two possible types of actions. The first type consists of generating a link between a node
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in Gt and Ci. The second type consists of joining two already existing nodes within Gt.
After selecting the action, any scaffold subgraphs that are not connected are removed.

• State Transition Dynamics. It incorporates domain specific rules. The policy network
suggests actions to the environment, but some of these actions may be infeasible. In
such cases, the environment rejects these actions, and the state remains unchanged as
it adheres to a set of predefined rules. Importantly, this model incorporates chemical
rules. Fig. 5(d) illustrates the successful completion of both actions after passing the
valency check.

• Reward design. The model differentiates between two types of rewards that influence
the agent’s behavior: intermediate rewards and final rewards (Fig. 5(f)). Intermediate
rewards include step-wise validity rewards, which involve assigning a positive or negative
reward based on whether or not valency is exceeded. They also include the intermedial
adversarial rewards. Final rewards are calculated considering the scores of various
significant properties such as logP, penalized logP, druglikeness, synthetic accessibility,
etc. Final rewards also include certain penalties if the molecule does not pass certain
filters and the final adversarial rewards. Later on, we will analyze each of these rewards
in detail.

2.5.3 Graph Convolutional Policy Network

GCPN acts as an agent. The GCPN takes an intermediate graphGt and a set of subgraphs
C as input, and outputs the action at that predicts the new bond to add (Fig. 5(b)(c))

The model computes the node embeddings of an input graph using a GCN. Specifically,
a variant of GCN is employed that allows incorporating categorical edge types. The approach
involves conducting message passing over each edge type for L layers. At the l layer, all the
messages from different edge types are aggregated to compute the node embeddings of the
next layer, represented as H l+1.

The final node embedding matrix X is obtained at the output of the last graph
convolutional layer. X is the base on which actions predictions are made. Each action at
consists of four components: two nodes, a prediction of the edge type, and a prediction of
termination. When selecting nodes to form a bond, it is important to consider that the first
node will always be part of Gt, while the second node can either be part of C (available atoms)
or be a node of Gt.

A predicted probability distribution is used to sample each of the four components that
constitute at. The following equations govern the process:

at = CONCAT (afirst, asecond, aedge, astop) (1)
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ffirst(st) = SOFTMAX(mf (X)), afirst ∼ ffirst(st) ∈ {0, 1}n (2)

fsecond(st) = SOFTMAX(ms(Xafirst , X), asecond ∼ fsecond(st) ∈ {0, 1}n+c

fedge(st) = SOFTMAX(me(Xafirst , Xasecond
)), aedge ∼ fedge(st) ∈ {0, 1}b

fstop(st) = SOFTMAX(mt(AGG(X))), astop ∼ fstop(st) ∈ {0, 1}

The letter m represents a Multilayer Perceptron (MLP) [27], which is a type of artificial
neural network. The letter is associated with each of the MLPs (first, second, edge, stop).
SOFTMAX is a mathematical function that maps an input vector of real numbers to a
probability distribution over a set of classes. The application of SOFTMAX is performed
on the output of the MLP [23].

mf takes the final node embedding matrix as input and, in combination with the
SOFTMAX function, produces a vector that represents the probability distribution for
selecting each node. To select the second node asecond, it is crucial to include the information of
the first selected node afirst by concatenating its embedding Xafirst. Afterwards, ms maps the
embedding to a probability distribution encompassing all potential nodes that can be chosen
as the second node in the graph. Then, me predicts the link based on the embeddings of the
first and second nodes. Finally, the stop prediction is accomplished by incorporating the node
embeddings into a graph embedding, which is subsequently mapped to a scalar value by mt.
After this process, at is ready to be sent to the environment.

2.5.4 Model Training

As we have mentioned before, it is essential to incorporate information from real
molecules into the model. This information allows the model to generate realistic molecules
and incorporate certain properties of interest for the designer. To incorporate this information,
the model includes a Generative Adversarial Network framework that generates adversarial
rewards. In general, a GAN consists of two competing networks: the generator and the
discriminator. The generator generates synthetic data and passes it to the discriminator, which
compares it with real data and tries to determine if it is real or synthetic. The objective
is for the generator to be able to generate data that is indistinguishable from real data
for the discriminator. Therefore, You et al. introduced a discriminator, specifically a graph
convolutional network, which aims to differentiate between real and generated molecules by
comparing a real molecule from the dataset with the generated molecule. Additionally, to
incorporate more information, a subgraph of the molecule is used, not the complete molecule.
The training is divided into two parts:

• Supervised Learning. The generative model is trained using a supervised learning
approach. Its goal is to train the model to generate realistic molecules. The policy is
trained by imitating the actions taken in real observed graphs and the GAN framework
is employed. Model parameters are updated and optimized using the gradient descent
algorithm.

• RL training. The primary objective is to optimize rewards, and Proximal Policy
Optimization (PPO) is employed to optimize the model parameters.
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3 Implementation of the model including the molecular formula

In this section, we examine the modifications implemented to the GCPN model to
generate realistic molecules with a specific molecular formula specified by the user as a
parameter. The code can be found in Appendix A.

3.1 The importance of including themolecular formula in the generativemodel

The molecular formula is an essential concept of chemistry that represents the type
and number of atoms that constitute a molecule. In most cases, a single molecular formula
represents multiple molecules. These molecules have the same types and numbers of atoms
but differ in their spatial or structural arrangement, resulting in different properties. Molecules
with the same molecular formula are known as isomers.

Including the molecular formula in the generative model allows us to generate the
maximum possible number of isomers for the specified molecular formula. This fact has various
applications.

As mentioned in the introduction, pharmaceutical research faces the challenge of
exploring the discrete chemical space formed by 1060 drug-like compounds. The generative
model proposed by You et al. allows for the generation of a large number of molecules,
significantly facilitating the exploration of this space. However, the distribution of molecular
formulas is unknown. It is possible that the model may not generate molecules with certain
molecular formulas. By imposing a molecular formula, we ensure the generation of thousands
of isomers for that formula. Therefore, we could create a dataset that includes millions of
different molecular formulas and systematically introduce them into the generative model,
generating thousands of isomers. This approach would enable us to systematically, effectively,
and comprehensively explore the chemical space.

As mentioned before, isomers exhibit different properties. However, when they share
the same molecular formula, they can also have certain similar or even identical properties,
such as molecular weight. This fact allows researchers to have a preliminary idea of which
formulas may be more useful and generate thousands of isomers using the generative model.

It is also of great utility in metabolomics. As mentioned in the introduction, one of the
major challenges in metabolomics is the identification of spectra. There is a large number
of spectra that frequently appear in plasma and urine samples, for which their corresponding
molecular formula is known but the structure of the molecules is unknown. These spectra are
grouped in the ARUS database (Annotated Recurrent Unidentified Spectra), maintained by the
National Institute of Standards and Technology [10]. With the modified generative model, we
can generate thousands of isomers for each of the molecular formulas in the ARUS database.
The generated isomers, along with in silico spectrum generation tools, can help us identify
each of the spectra.
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3.2 Model development

To incorporate the molecular formula into the model, we have made modifications to the
molecule environment. The MoleculeEnv class defines the molecule environment. MoleculeEnv
contains the methods to define the molecule environment, add atoms and bonds, modify
bonds, reset the process, generate rewards, check chemical validity, get final results and get
expert information from the molecule database.

As we explained in the previous section, the set C contains the atomic symbols for
carbon, nitrogen, oxygen, sulfur, phosphorus, fluorine, iodine, chlorine, and bromine. The
agent selects one of the atoms from this set to add it to the intermediate graph Gt. The agent
can select any atom from the set C as many times as necessary. Therefore, molecules can
incorporate atoms up to the established limit of 38 atoms. This limit cannot be modified as it
leads to multiple errors due to variations in the size of several tensors.

Taking this explanation into account, we have proposed a solution for generating
molecules with a specific molecular formula (Fig. 6). The solution is based on having two
lists. The first list (atom_list) includes only the atomic symbols of the atoms that make up
the molecular formula, and it is immutable. It replaces the set C. Therefore, the agent can
select any type of atom from atom_list to add it to the intermediate graph Gt. The use of
this list allows us to use only the specified types of atoms in the molecular formula, but it
does not allow us to establish the number of atoms. The second list (formula_list) solves this
problem. Formula_list is composed of the atoms that formed the molecular formula, and they
are repeated as many times as indicated by the formula. Formula_list is updated every time
an atom is added to Gt, replacing the atom type used with the ASCII character $. When all
elements of formula_list have been replaced with a $, no new atoms can be added to Gt, but
intramolecular bonds can still be established.

We ran the code with the modifications. However, occasional errors occurred that
interrupted the execution. We identified two types of errors. The first type of error was caused
by actions that generated a bond between the intermediate graph and an out-of-range NodeID.
The second error occurred when the action contained two identical NodeIDs, indicating an
attempt to create a self-bond. To solve these errors, we established a series of Boolean
conditions that discarded such actions.

Later, we executed the code again. We decided to input the molecular formulaC8H9NO2.
The generated molecules only contained the specified atom types in the atom_list. However,
only a few molecules utilized all the atoms from the formula_list. The majority had utilized
between 3 and 7 atoms from the formula_list. The made modifications allowed us to specify
the atom types that would form the molecules and limit the number of atoms according to
the specifications of the molecular formula. However, to predominantly generate molecules
with the specified atoms, it was necessary to incorporate information from real molecules that
presented the specified molecular formula. We replaced the dataset from Zinc, consisting
of 250,000 molecules, with 2,500 molecules with the molecular formula C8H9NO2. The
utilization of subgraphs from real molecules within the GAN framework enables this significant
reduction. Despite the reduction, a lot of information is still incorporated. When we ran the
code again, the majority of molecules exhibited the same atoms as Formula_list. Therefore,
it is necessary to change the dataset every time a molecular formula is introduced. Hence, a
different model is generated for each molecular formula.

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 13



De Novo molecule generation for biomedical research

Figure 6. Comparison between the original model and the model modified with the molecular

formula. The input provided is C8H9NO2. We can observe the set C from the original

model formed by [C,O,N,P,S,F,I,Cl,Br]. The set C from the modified model (atom_list)

is formed by [C,O,N]. We can observe the formula_list formed by the atoms indicated

by C8H9NO2. It is important to emphasize that six carbon atoms have been used and

replaced with the symbol $

3.2.1 Expert data

We obtain the molecules for the data training from the PubChem database. PubChem is
a database of molecules maintained by the National Center for Biotechnology Information. It
contains 115 million compounds and 306 million substances [28]

Figure 7. Canonical Smiles corresponding to C8H9NO2 extracted from PubChem.
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PubChem allows for searching and downloading all the isomers for a specific molecular
formula. We downloaded the results in CSV format. This file contains a lot of information,
specifically 40 columns. However, we are only interested in the column that contains
the canonical SMILES (Fig. 7). The canonical SMILES variant represents the unique,
standardized representation of a molecular structure. The model works with molecular graph
representation; however, the molecules stored in the training dataset (expert data) and the
generated molecules are stored as SMILES.

3.2.2 Planarity

Planarity is a property exhibited by certain graphs, indicating that the graph can be
represented on a plane without any edge crossings. However, the complexity of graphs often
makes it challenging to visually determine their planarity. To determine whether a graph is
planar or non-planar, methods such as Kuratowski’s theorem or planarity testing techniques
are employed. In the case of small organic molecules, their molecular graph representations
are generally planar.

We depicted the molecules and observed that many of them displayed bond crossings
(Fig. 8). Consequently, we decided to verify whether these molecular graph representations
were planar or non-planar. We installed the planarity package, which allowed us to quickly
determine the planarity of the molecular graphs. We observed that a significant number
of molecular graphs were non-planar. The model is constrained to generate molecules
considering the molecular formula. Hence, it is more likely for the agent to choose unusual
actions that generate non-planar molecular graphs.

Figure 8. Non-planar molecular graphs generated for C8H9NO2. In the case of the first and

third molecules, they consist of all C8H9NO2 atoms (excluding hydrogen). The second

molecule respects the type and number of atoms, but it does not include oxygen.

We proposed a solution that proved to be effective and reduced the number of non-planar
molecules. The solution is based on modifying the generation of rewards, specifically the
generation of chemical validity rewards. Chemical validity rewards are granted at the end of the
generation of each molecule. In the original model, all final graph rewards are rewarded with
+2 (reward_valid), and if they are chemically invalid, they are penalized with -5 (reward_valid).
However, we observed that the chemical validity filter was quite permissive. Additionally, the
molecule must pass two filters (Zinc, Steric). Each filter, if not passed, penalizes with -1
(reward_valid). The modified model incorporates a boolean condition that checks whether
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the graph is planar or non-planar. If the molecular graph is non-planar, it is penalized with -5
(reward_valid).

We also included this boolean condition in the generation of intermediate rewards. We
check whether the intermediate graph is planar after generating a bond. If it is not planar,
it is penalized with -1 (reward_step). Only the first bond that makes the molecular graph
non-planar is penalized

After incorporating these changes, we retrained the model and visualized the molecules.
We observed a significant reduction in the number of non-planar molecules, and they exhibited
a more realistic appearance.
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4 Evaluation of Generated Molecules

After studying the modifications made to the model, we analyze the generated molecules.
The results are stored in a CSV file. This file contains the generated molecules in SMILES
format, along with various rewards and information from different filters established by You
et al. The rewards assigned to each molecule provide us with information about its realism
and feasibility. Therefore, we select those molecules that meet the exact molecular formula
and have certain rewards above predefined thresholds. Additionally, we have employed
Mol2Vec. Mol2Vec is a method that generates fixed-dimensional numerical embeddings for
each molecule based on its chemical structure. This method is applicable to known molecules
as well as de novo molecules. This type of representation allows us to numerically compare the
similarity between generated and real molecules [29]. All the analysis code and experiments
have been developed in Python and can be found in Appendix A.

4.1 Output Data Structure

As mentioned earlier, the model generates a CSV file with the generated molecules and
their rewards. Next, we analyze the 12 columns that compose the dataset (Fig. 9).

Figure 9. Output dataset for C8H9NO2.

• smile: Column containing the generated molecules in SMILES format.

• reward_valid: The column represents the chemical validity of the generated molecules.
Each generated molecule is initially assigned a reward of +2. If the molecule is not valid, it
is penalized with -5. We have observed that the chemical validity filter is quite permissive.
If the molecular graph is non-planar, a penalty of -5 is applied. Finally, the steric strain
filter and the zinc molecule filter penalize molecules that do not pass them with a score
of -1.

• reward_qed: This reward is highly significant for computational drug discovery. The
reward_qed is calculated using the Quantitative Estimate of Drug-likeness (QED) method.
QED is a well-known computational approach that generates a score ranging from 0 to 1
to assess whether a chemical compound exhibits drug-like properties [30]. The method
is implemented in RDKit (Appendix B).
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• reward_sa: Reward that quantifies the synthetic accessibility. The reward is normalized
between 0 and 1, where values closer to 1 indicate a higher ease of synthesis for the
molecule.

• final_stat: The final reward corresponds to a specific property and is calculated
differently based on the property being optimized such as penalized logP, QED, etc..
The default optimization is for penalized logP, which considers the ring size and synthetic
accessibility when calculating the logP score.

• rew_env: The reward received by the agent after taking an action is a combination of
various components. If the molecule is complete, it includes the reward_valid, final_stat,
and reward_step. When the molecule is still being constructed, the reward_env is equal
to the reward_step.

• rew_d_step: It represents the intermediate adversarial reward generated by the GAN,
and its values range from -1 to 1.

• rew_d_final: It represents the final adversarial reward generated by the GAN, and its
values range from -1 to 1

• cur_ep_ret: Reward that combines rew_env, rew_d_step, and rew_d_final. Since
it encompasses multiple rewards, it provides us with a lot of information about each
molecule.

• flag_steric_strain_filter: Filter designed to reject unrealistic molecules. As mentioned
earlier, if the molecule does not pass the filter, it is penalized with -1 (reward_valid).

• flag_zinc_molecule_filter: Filter designed to detect problematic functional groups.
As mentioned earlier, if the molecule does not pass the filter, it is penalized with -1
(reward_valid).

• stop: It is a boolean variable that informs us whether the agent signaled the end of the
process (True) or if the process ended for another reason (False).

4.2 Analysis of the number of generated molecules

First, we focus on analyzing the number of molecules generated by the modified model
with the specified number of atoms in the molecular formula (excluding hydrogen). In this
analysis, we were specifically interested in observing the potential influence of the number of
atoms present in the molecular formula and the size of the training dataset.

First, we employed C8H9NO2. We decided to use this molecular formula because it
has a significant number of known isomers (2983), it is composed of three different types of
atoms (excluding hydrogen), and it consists of a small number of atoms (11). The generative
model generated 80119 molecules. Out of these, 39885 molecules had the specified number
of atoms according to the molecular formula, which represents 49.78% of the total (Fig.
10(a)). Therefore, they constituted the majority of the molecules. The remaining molecules
mostly consumed 9 or 10 atoms from the Formula_list. These results demonstrated that the

Bachelor’s degree in Biomedical Engineering, Rovira i Virgili University 18



De Novo molecule generation for biomedical research

Figure 10. Number of molecules generated with different numbers of atoms for C8H9NO2,

C17H19NO3 and C9H11BrN2O5

modifications made, along with the appropriate training dataset, allow us to generate mostly
molecules with the specified type and number of atoms according to the molecular formula.

Next, we introduced C17H19NO3 into the model. We decided to use this formula because
it consisted of the same types of atoms as in the previous case but in a larger quantity.
This allowed us to observe the influence of a higher number of atoms on the results, which
translates to more possible combinations. C17H19NO3 consists of 16,121 known isomers. The
DGM generated 86,675 molecules, out of which 16,796 had the specified number of atoms
according to the molecular formula. As shown in Fig. 10(b), the bar for 21 atoms is much larger
than the rest. However, it represents 19.37% of the total. As the number of atoms increases,
the number of possible combinations also increases, as reflected in the bars ranging from
15-20 atoms with values around 9000. Therefore, the modifications applied to the model also
allow for the generation of larger molecules. However, the percentage of molecules that use
all the atoms in the molecular formula decreases.

As mentioned earlier, the model is still capable of generating realistic molecules despite
a significant reduction in the training dataset, thanks to the utilization of subgraphs by the
GAN framework. In the PubChem database, we noticed that certain molecular formulas have
very few isomers. Therefore, we wanted to assess whether the modified DGM was capable
of generating molecules using all the atoms from the Formula_list while using a significantly
reduced training dataset. For this purpose, we introduced C9H11BrN2O5 into the model.
This molecular formula has 120 known isomers. The generative model produced 100,026
molecules, of which 11,245 had the specified number of atoms (17), representing 11.2% of
the total. In Fig. 10(c), we observe that the column for 17 atoms is the fourth highest bar.
These results indicate that a larger training dataset is necessary to obtain more information
about the molecules and predominantly generate molecules with the appropriate molecular
formula. However, considering that there are numerous molecular formulas with few known
isomers, the modified model remains a useful tool for exploring chemical space.

4.3 Filtering of generated molecules

In order to obtain realistic molecules that satisfied the specified molecular formula,
including hydrogen atoms, it was necessary to apply a filtering process to the results. This
was accomplished by utilizing the rewards obtained from the output data.
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We utilized two types of rewards: reward_sa and cur_ep_ret. As previously explained,
reward_sa evaluates synthetic accessibility and ranges from 0 to 1. Higher values, close to
1, indicate greater ease of synthesizing the molecules. We observed that molecules with low
values were unrealistic. Therefore, we decided to select molecules with a value of 0.7 or higher.
On the other hand, cur_ep_ret encompasses rewards from the environment and rewards from
the GAN, indicating similarity to real molecules in the training dataset. This reward covers
a wider range of values, including negative values. Therefore, we selected molecules with a
cur_ep_ret value greater than or equal to 1.

The filtering process continued with the selection of molecules that had exactly the same
molecular formula as the one inputted into the generative model, including hydrogen atoms.

Finally, we wanted to check if any of the generated molecules existed or were completely
new. To search for the molecules in PubChem, we used the PubChemPy package [31], which
allows interacting with PubChem in Python. We added a column to each dataset indicating
whether the molecule was found in PubChem or if it was new.

4.3.1 Filtering the C8H9NO2 dataset

We applied the filter formed by the conditions reward_sa >=0.7 and cur_ep_ret >=1,
and 1941 molecules passed the filter. Next, we filtered the molecules by exact molecular
formula (C8H9NO2) and obtained 585 molecules. Additionally, we found 165 molecules in the
PubChem database. This result was of great significance as it indicated that the generative
model was capable of generating realistic molecules and confirmed that the filtering conditions
were correct (Fig. 11).

Figure 11. Resulting dataset from the filtering process for C8H9NO2. The original columns

of the output dataset (rewards, filters, stop) can be observed, as well as the columns

corresponding to the molecular formula and the existence of the molecule in PubChem

We depicted the molecules to perform a qualitative analysis (Fig. 12). We were able to
observe that the molecules exhibited a realistic appearance, with identifiable functional groups,
rings, and common structures. We also noticed less common structures such as squares and
heptagons.
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Figure 12. Some generated molecules for C8H9NO2 are shown. Realistic and diverse molecules

can be observed, including common functional groups and rings. There are also less

common structures such as squares and heptagons

4.3.2 Filtering the C17H19NO3 dataset

We applied the filter formed by the conditions reward_sa >=0.7 and cur_ep_ret >=1,
and 3,261 molecules passed the filter. Next, we filtered the molecules by exact molecular
formula (C17H19NO3) and obtained 83 molecules (Fig. 13).

If we compare the molecules that pass the first filter for C17H19NO3 (3,261) and
C8H9NO2 (1,941), there is a notable difference, considering that approximately the same
number of molecules were generated. We attribute this difference to the size of the training
dataset. In the case of C8H9NO2, it consisted of 2,500 isomers out of the 2,983 available in
PubChem. The training dataset for C17H19NO3 was composed of 14,000 isomers out of the
16,121 present in PubChem. By incorporating more information, the model is able to generate
a greater number of realistic and diverse molecules.

We also observe that the number of molecules that exactly match the specified molecular
formula decreases compared to the previous case. None of the molecules were found in
PubChem.
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Figure 13. Resulting dataset from the filtering process for C17H19NO3. The original columns

of the output dataset (rewards, filters, stop) can be observed, as well as the columns

corresponding to the molecular formula and the existence of the molecule in PubChem

As in the previous case, we depicted the molecules to perform a qualitative analysis (Fig.
14). We observed that the molecules had a realistic appearance, but there were also unfamiliar
structures present, such as triangles and squares.

Figure 14. Some generated molecules for C17H19NO3 are shown. Realistic and diverse

molecules can be observed, including common functional groups and rings. There are

also less common structures such as squares and heptagons

4.3.3 Filtering the C9H11BrN2O5 dataset

We applied the filter formed by the conditions reward_sa>=0.7 and cur_ep_ret >=1, and
370 molecules passed the filter. Next, we filtered the molecules by exact molecular formula
and obtained 16 molecules (Fig. 15). The number of molecules that meet the conditions
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of reward_sa and cur_ep_ret> is much lower than in the two previous cases. The model
incorporates limited information (100 isomers out of the 120 present in PubChem), resulting
in an increase in unrealistic molecules and a lower variability of generated molecules. This is
reflected in the fact that out of the 16 resulting molecules from the filtering process, 3 are
found in PubChem (Fig.16). However, the model allowed us to generate 13 new molecules.
Therefore, the modified generative model with very small training datasets can be useful for
various purposes, but the potential lack of variability should be taken into consideration.

Figure 15. Resulting dataset from the filtering process for C9H11BrN2O5. The original columns

of the output dataset (rewards, filters, stop) can be observed, as well as the columns

corresponding to the molecular formula and the existence of the molecule in PubChem.

Figure 16. Generated molecules for C9H11BrN2O5
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4.4 Mol2Vec

The numerical representation of molecules is an essential aspect of cheminformatics. In
2018, an unsupervised method was proposed for learning vector representations of molecular
substructures. This method, called Mol2Vec, is based on Word2Vec, a well-known technique
in natural language processing (NLP) [29]. Word2Vec is an unsupervised learning technique
utilized to generate embeddings for words in a given text corpus, with the goal of capturing
semantic and syntactic relationships [32].

Mol2Vec utilizes the substructures obtained from the Morgan algorithm. The Morgan
algorithm examines the substructures surrounding the heavy atoms of a molecule within a
defined radius, which is typically measured in terms of the number of bonds. Each substructure
is assigned a distinct identifier, and these identifiers are then hashed into a fixed-size vector.
This approach often draws a parallel between the substructures derived from the Morgan
algorithm and words in natural language processing, where chemical compounds can be seen
as sentences [29].

In order to generate the Mol2Vec model, the training of a Word2Vec algorithm is
necessary. Word2Vec takes molecular sentences as input. To generate these molecular
sentences, the Morgan algorithm is applied to a large corpus or dataset of molecules. For
instance, Jaeger et al. utilized 19 million compounds to train their initial model. The Morgan
algorithm generates corresponding identifiers, which are then ordered based on the structure
determined by the canonical SMILES representation. Through this process, a lookup table is
created, comprising molecular substructures alongside their corresponding vectors [33].

To obtain the Mol2Vec embedding for a new molecule, the Morgan algorithm is applied
to that molecule, and subsequently, the identifiers are extracted. These identifiers are then
queried within the pre-trained model. Finally, the vectors associated with all substructures are
aggregated in order to represent the molecule. It should be emphasized that the resulting
vector presents a fixed size [33].

For our study, SEES:lab provided us with a Mol2Vec model trained on a dataset consisting
of approximately 26,000 molecules. It is important to highlight that the Skip-Gram algorithm
was used to train the model. Skip-gram is commonly employed to predict the context given a
word. Additionally, a window size of 15 was used, meaning that the model considers 15 words
before and after the target word. The generated embeddings had a fixed length of 300.

4.5 Distribution of generated molecules

The Mol2Vec model allows us to position the molecules in a 300-dimensional space. The
distribution of the embeddings in this space provides us with information about the similarity
or dissimilarity of the molecules based on their chemical structure. We decided to calculate
the Euclidean distance between the Mol2Vec embeddings, which indicates how close or far
apart the vectors are in the Mol2Vec space. Therefore, we were able to extract information
about their distribution.

We decided to calculate the Euclidean distance between the Mol2Vec embeddings of
the molecules resulting from the filtering process with the molecular formula C8H9NO2.
Specifically, we chose to use this formula because 165 out of the 585 generated molecules were
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found in PubChem. This provided us with the opportunity to calculate the Euclidean distance
while distinguishing three groups of pairs: between real molecules (real-real group), between
synthetic molecules (synthetic-synthetic group), and between real and synthetic molecules
(real-synthetic group).

We introduced the molecules from the C8H9NO2 (Fig. 11) dataset into the Mol2Vec
model and calculated the Mol2Vec embeddings for each molecule. The results from the
Mol2Vec model included four columns: mol, sentence, mol2vec, and FinalVec, which we added
to our dataset.

The mol column contains the molecule in the RDKit’s mol format. Sentence represents
the molecular sentence for each molecule. The mol2vec column indicates the size of the
vector, which, as mentioned before, is always 300 dimensions. Finally, the FinalVec column
corresponds to the Mol2Vec embeddings (Fig. 17).

Figure 17. mol, sentence, mol2vec and FinalVec columns added to the dataset of molecules

resulting from the filtering process with the molecular formula C8H9NO2

Next, we checked if the dataset contained duplicate molecules. We observed that there
were some molecules that were repeated. Therefore, we removed the duplicates, leaving only
unique molecules in the dataset. At the end of this process, our dataset consisted of 548 unique
molecules, out of which 151 were present in PubChem. We designed a function to calculate
the Euclidean distance between all pairs of Mol2Vec vectors in the dataset. We applied the
function and generated a symmetric dataframe with 548 rows and 548 columns. Naturally, all
elements on the main diagonal were 0 since they corresponded to the distance of the Mol2Vec
embedding of each molecule with itself. Additionally, we added the columns for SMILES and
database, which, as mentioned before, indicate whether the molecule is present in PubChem
or not. This information would facilitate generating the dataframe for each group of pairs.
The dataframe can be found in Appendix B (Fig. 34). From this dataframe, we generated a
separate dataframe for each group: real-real (151x151), synthetic-synthetic (397x397), and
real-synthetic (151x397).

From each of the corresponding dataframes for the groups, we extracted a vector
containing all the distances stored within them. In the case of real-real and synthetic-synthetic
groups, we took into consideration their symmetry to avoid having duplicate values.
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We used these three vectors to generate a histogram and determine the distribution of
the Euclidean distance for each group. The three histograms are depicted in the same figure,
normalized, and using 100 bins (Fig. 18).

Figure 18. Distribution of Euclidean distance for real-real, synthetic-synthetic and real-synthetic

groups

It can be observed that there is significant overlap among the three histograms. This
overlapping suggests that the molecules generated by the generative model have a similar
representation to real molecules. Therefore, this indicates that the generated molecules are
feasible and realistic.

To obtain more precise information for each group, we plotted a box plot for each group.
In Fig. 19, we observe that the average Euclidean distance is very similar in all three cases. The
range of normal values for the real-real group is greater than that for the synthetic-synthetic
and real-synthetic groups. This is consistent with the histogram, where we can see that the
Euclidean distance values for these two groups are concentrated around 25 and 33, which is
also reflected in the interquartile range of both groups’ box plots. The normal value range of the
real-real group includes the normal value range of the synthetic-synthetic and real-synthetic
groups, as well as many of their outliers. These results suggest that the new molecules have
a similar representation to the real ones.

In the synthetic-synthetic and real-synthetic groups, we can also observe outliers that
fall outside the normal value range of the real-real group. This fact may indicate variability
in the results, which is beneficial for exploring chemical space, discovering metabolites, etc.
However, if the value is very high, it may also indicate an unrealistic molecule.
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Figure 19. Boxplot of Euclidean Distance for the real-real, synthetic-synthetic, and

real-synthetic groups

4.6 Chemical structure similarity

The Tanimoto Similarity is a widely used tool in cheminformatics for measuring similarity
between two vectors. In the context of cheminformatics, these vectors typically represent
fingerprints. A fingerprint is composed of a predefined set of substructures and features that
can be found in a chemical structure. Each substructure or feature is encoded as either 1
(presence) or 0 (absence), resulting in a binary vector. One popular fingerprint generation
algorithm is the Morgan algorithm. The Tanimoto Similarity is employed to compare the
similarity between chemical structures using their fingerprints [34]. It produces a value ranging
from 0 to 1, where a value of 1 indicates identical fingerprints.

We employed Tanimoto Similarity on the generated and filtered molecules with the
molecular formula C8H9NO2 (Fig. 11). We calculated the Tanimoto Similarity (or
Tanimoto Index) between the molecules within each group: real-real, synthetic-synthetic, and
real-synthetic. Morgan Fingerprints were used for the calculations. We took into consideration
the results of the Euclidean distance from subsection 4.5.

The process was similar to the calculation of the Euclidean distance. Firstly, we designed
a function that allowed us to calculate the Tanimoto Index between all possible pairs of
molecules in the C8H9NO2 dataset. The results were stored in a dataframe with 548 rows
and 548 columns. The dataframe was symmetric, with a value of 1 in the elements on the
main diagonal. To facilitate further analysis and the generation of dataframes for each group,
we added a column that contains the SMILES and another column indicating the presence
or absence of the molecule in PubChem (database column). The dataframe can be seen in
Appendix B Fig. 35.

Next, we used the dataframe to generate a separate dataframe for each group: real-real
(151x151), synthetic-synthetic (397x397), and real-synthetic (151x397).
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Subsequently, we generated a vector for each of the three dataframes that contained all
the Tanimoto Similarity values for the group. In the case of the real-real and synthetic-synthetic
group dataframes, we took into account that they were symmetric to avoid duplicating values.

Finally, we constructed a dataset (Fig. 20) that included the Tanimoto Similarity and
Euclidean Distance between all possible pairs of molecules. Moreover, we labeled each pair
with its respective group

Figure 20. The dataset consisted of all possible pairs of molecules from the C8H9NO2

dataset, including their Tanimoto Similarity value and the Euclidean distance between

their Mol2Vec embeddings.

We represented each pair considering the group they belonged to in a scatter plot (Fig.
21). On the x-axis, we represented the Euclidean distance, and on the y-axis, we represented
the Tanimoto Similarity. As shown in Fig. 21, most of the points are located at an Euclidean
distance between 20 and 40, which is consistent with the histogram we saw in the previous
subsection (Fig. 18). Furthermore, the scatter plots are overlapped, suggesting that the
Euclidean Distance and Tanimoto Similarity values for the molecules are comparable across
the different groups. This indicates that the modified model is capable of generating new
realistic and valid molecules for a given molecular formula.

We observe that as the Euclidean distance between the Mol2Vec embeddings decreases,
the value of Tanimoto similarity increases. This indicates that molecules with closely located
Mol2Vec embeddings in the Mol2Vec space exhibit higher structural similarity and may possess
similar properties.

We wanted to visually verify this relationship. We were provided with a database
containing approximately 1.9 million compounds. We selected 172,740 molecules, all of which
had a molecular weight below 300 g/mol. Taking into account that the molecular formula
used in the generative model, C8H9NO2, has a molecular weight of 151.163 g/mol, we
generated Mol2Vec embeddings for the 172,740 molecules. We then searched for the four
Mol2Vec embeddings with the lowest Euclidean distance for each of the Mol2Vec embeddings
corresponding to the generated and filtered molecules with the molecular formula C8H9NO2.
Fig. 22 shows the result. The first column includes the representation of molecules generated
by the generative model, and the following four columns include the four most similar
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molecules based on the Euclidean distance between the Mol2Vec embeddings. As shown
in Fig. 22, the selected molecules from the database exhibit a very similar structure, including
the same functional groups, atom types, etc. This indicates, as we have seen previously,
that molecules with closely located Mol2Vec embeddings have a higher degree of structural
similarity (Appendix B Fig. 36).

Figure 21. Dispersion of Tanimoto Similarity for all pairs of molecules from the real-real,

synthetic-synthetic and real-synthetic group based on the Euclidean distance of their

Mol2Vec vectors

Figure 22. The first column displays the molecules generated by the DGM for C8H9NO2, and

the subsequent four columns contain the molecules from the database with the highest

similarity considering the lowest Euclidean distance between their Mol2Vec embeddings
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5 Identification of Spectra from the ARUS Database using the
Modified Generative Model

As we explained earlier, one of the main challenges in metabolomics is to identify the
spectrum with its corresponding molecule. As mentioned in Section 3.1, there is a database
maintained by NIST that contains spectra frequently observed in mass spectrometry of urine
and plasma samples, for which the molecular formula is known but not the structure of the
molecule. We decided to investigate whether the molecular formulas we had used so far were
also present in the database. We were able to find 12 spectra corresponding to C8H9NO2 (9
belonging to plasma samples and 3 to urine samples), 1 spectrum for the molecular formula
C17H19NO3, and no spectrum for C9H11BrN2O5.

Figure 23. Workflow to identify spectra from the ARUS database with the molecular formula

C8H9NO2.

SEES:lab provided us with a tool capable of generating in silico spectra from Mol2Vec
embeddings. Therefore, we were able to generate spectra for the molecules generated by the
DGM for each molecular formula and compare them with the unidentified spectra from ARUS.
We focused on the spectra of C8H9NO2 for plasma samples, as there is a greater number of
spectra in ARUS.

SEES:lab provided us with a database of approximately 1.9 million real molecules with
their corresponding in silico generated spectra. We applied the algorithm to the Mol2Vec
embeddings of the generated molecules filtered with the formula C8H9NO2, generated the
spectra, and added them to the database. On the other hand, we selected the unidentified
spectra of C8H9NO2 for plasma samples from the ARUS database.

We filtered the molecules in the database considering the molecular weight of C8H9NO2,
which is 151.163 g/mol ±5 ppm. The spectra are represented as vectors, which facilitates
comparison. Therefore, we were able to calculate the similarity between the vectors from ARUS
and the vectors in the specified range (151.163 g/mol ±5 ppm) that includes real molecules
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from the database and molecules generated by the generative model. To do this, we applied
cosine similarity. Cosine similarity is a measure used to determine the similarity between two
vectors in a multi-dimensional space. It calculates the cosine of the angle between the two
vectors, resulting in a value ranging from -1 to 1. For each ARUS spectrum, we selected the
top 10 candidates from the database with the highest cosine similarity values (in descending
order) (Fig. 23).

The results are stored in a dataframe where each row corresponds to an unidentified
ARUS spectrum of C8H9NO2. The dataframe has 7 columns: file name, MS/MS, Formula, mz,
smiles_10, cosine_10, and generated_m. The file name indicates the type of sample, which
in this case is all plasma, and the technique used (fragmentation by collision cell (HCD) and
ion trap (IT)). The MS/MS and mz columns contain the spectrum of the unknown molecule
from ARUS, with MS/MS also including the intensity of each peak. The Formula column
contains the molecular formula. Each cell in the smiles_10 column contains 10 SMILES strings
from the database that have the most similar spectrum to the unknown molecule. Each cell
in the cosine_10 column contains the 10 cosine similarity values corresponding to the 10
molecules. Finally, the generated_m column indicates whether the selected molecules are
from the C8H9NO2 dataset of the generative model or if they are real molecules previously
present in the database. The dataframe can be seen in Fig. 24.

Figure 24. Dataframe Containing Unidentified Spectra for C8H9NO2 from Plasma Samples in

ARUS Database. For each unknown spectrum, 10 molecules are proposed based on

cosine similarity between the unidentified spectrum and synthetic spectra of molecules

in the database (151.163 g/mol ±5 ppm)

As seen in the generated_m column (Fig. 24), the majority of the candidate molecules
belong to the group of molecules generated by the DGM. This indicates that the modified
generative model can be a very useful tool in spectrum identification by proposing new
candidates.

Next, we provide the three candidate molecules (Fig. 25,26,27) for the first unidentified
spectrum in the dataframe. All of them are generated by the generative model and none of
them are found in PubChem. They have cosine similarity values of 0.362, 0.319, and 0.314,
respectively. We can observe that the spectra are quite different but share a significant number
of peaks.
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Figure 25. Comparison between the first unidentified spectrum of ARUS C8H9NO2 (plasma)

and the spectrum of the first candidate. The candidate is generated by the generative

model. They present a cosine similarity of 0.36

Figure 26. Comparison between the first unidentified spectrum of ARUS C8H9NO2 (plasma)

and the spectrum of the second candidate. The candidate is generated by the generative

model. They present a cosine similarity of 0.319
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Figure 27. Comparison between the first unidentified spectrum of ARUS C8H9NO2 (plasma)

and the spectrum of the third candidate. The candidate is generated by the generative

model. They present a cosine similarity of 0.313
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6 Prediction of aqueous solubility (logS) of generated molecules

Throughout history, pharmaceutical research has shown great interest in identifying good
drug candidates. Various methods have been developed to assess druglikeness, which refers
to the set of properties that determine whether a compound has the potential to become a
drug. One of the most popular criteria is Lipinski’s rule, also known as the rule of five. This
criterion establishes a series of minimum conditions for a molecule to be a potential candidate.
It states that the number of hydrogen bond acceptors should be less than 5, the number of
hydrogen bond donors should be less than 5, the molecular weight should not exceed 500,
and the octanol-water partition coefficient (logP) should not exceed 5 [30]

Different druglikeness filters have been developed, such as Lipinski, Ghose, Veber, and
others [35]. In recent years, the popularity of a computational method known as Quantitative
Estimate of Druglikeness (QED) has grown. QED allows for the estimation of druglikeness
and generates a value ranging from 0 to 1, with 1 being the best possible result. The
method considers eight descriptor properties to calculate the score: molecular weight (MW),
octanol-water partition coefficient (logP), number of hydrogen bond donors (HBD), number of
hydrogen bond acceptors (HBA), polar surface area (PSA), number of rotatable bonds (ROTB),
number of aromatic rings (AROM), and number of structural alerts (ALERTS) [30].

In recent years, there has also been a growing interest in improving the aqueous solubility
of drugs [36] [37], as it is a crucial parameter that affects the administration and absorption of
drugs, especially when administered orally. Aqueous solubility is commonly expressed using a
base 10 logarithm (logS) [38].

Historically, the logS value of molecules has been determined experimentally, which is
a costly and time-consuming process. However, various computational models have been
proposed to predict logS based on fingerprints such as Dragon descriptors and Morgan
fingerprints, as well as directly on the molecular graph. These computational approaches
offer a faster and more cost-effective alternative for estimating the aqueous solubility of
molecules, aiding in drug discovery and development processes [39]. We decided to implement
a Random Forest Regressor capable of predicting logS values using Mol2Vec embeddings and
QED properties.

A random forest regressor is a machine learning algorithm used for regression tasks,
where the goal is to predict a numerical value. It is a ensemble learning method. The
random forest regressor combines the predictions of multiple decision trees to generate a
more accurate prediction. It works by constructing a multitude of decision trees during the
training phase. Each decision tree is built on a randomly selected subset of the training data
and a subset of the input features. During prediction, the random forest regressor averages
the predictions from all the individual decision trees to provide the final output [40].

Next, we analyze the development process and the results of the predictive model.
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6.1 Training data

To train our model, we utilized the AqSolDB compound database. This database consists
of 9,982 molecules, each with its corresponding logS value. It also provides additional
information for each molecule, such as molecular weight, number of valence electrons, number
of rotatable bonds, number of rings, logP, and more. AqSolDB, developed by Sorkun et al. in
2019, has become a reference database for the development of machine learning and deep
learning algorithms for logS prediction [41].

We noticed that AqSolDB contained some inorganic molecules, which were not relevant
for our purposes. Therefore, we developed a function to filter out these inorganic molecules.
As a result, we removed 25 molecules. Later, we removed 6 SMILES that were causing errors.
After these changes, the database contained 9,651 molecules. We stored the molecules in
SMILES format along with their corresponding logS values (solubility_dataset), while discarding
the remaining columns from the original database (Fig. 28).

Figure 28. Solubility_dataset. The SMILES from AqSolDB, the logS of each molecule, and a

column indicating whether the molecule is organic can be observed. This column allowed

us to remove the inorganic substances

6.2 Quantitative Estimation of Drug-likeness descriptors

RDKit allows generating the QED score and computationally extracting each of the 8
property descriptors for each molecule. This RDKit function is very useful as it can be applied
to both known real molecules and de novo generated molecules. We applied this function to
the molecules from AqSolDB in the solubility_dataset and added molecular weight, HBD, HBA,
PSA, ROTB, AROM, and and logP calculated using the ALOGP method to each molecule in
the dataset. We did not take into consideration the structural alerts, which are substructures
associated with certain toxicological risks, for the prediction of logS.

We also incorporated the Mol2Vec embeddings corresponding to each molecule into the
solubility_dataset. The resulting dataset can be seen in Fig. 29.
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Figure 29. Solubility_dataset consists of the SMILES, logS, QED descriptor properties, and

Mol2Vec embeddings

As we explained earlier, each Mol2Vec embedding consists of 300 positions. To facilitate
predictions, we decomposed each vector and arranged it into 300 columns. Starting from the
solubility_dataset, we generated four dataframes. The first one contains all the descriptor
properties, the second one contains all the descriptor properties except for logP, the third
one contains only the Mol2Vec embeddings, and finally, the last dataframe contains all the
variables. LogP (logarithm of the partitioning coefficient between n-octanol and water) has
been accepted as a descriptor of the lipophilicity of a molecule. There is a certain correlation
between logP and logS [38].

6.3 Random Forest Regressor for LogS Prediction

We generated a Random Forest Regressor model for each of the four mentioned
dataframes in subsection 6.2. In all cases, we separated the target variable, solubility
(label), from the rest of the numerical variables (features). Non-numerical variables (SMILES)
were removed. We performed data splitting for each dataframe, selecting 80% of the
data for training and 20% of the data for testing (train_features, train_labels, test_features,
test_labels). We trained each Random Forest Regressor using train_features and train_labels
with 50 trees.

Afterwards, we input the test_features into each model to make predictions of aqueous
solubility. To verify if the predictions aligned with the actual values, we generated four
scatter plots comparing the real values against the predicted values (Fig. 30). To facilitate
interpretation, we included a line of equality. As can be observed in Fig. 30, the points in all
four graphs cluster around the line of equality, indicating that the predictions are quite accurate
and there is correlation.

However, we can observe that in some graphs, the values are more dispersed.
Specifically, when using only the Mol2Vec and QED vectors (excluding logP). We evaluated
the performance of the model by calculating the root mean square error (RMSE) (Fig. 31).
As shown in Fig. 31, the lowest RMSE (1.16) corresponds to the predictions made with all
values (Mol2Vec+QED), followed by predictions using all QED descriptor properties (1.30).
The RMSE increases when using only the Mol2Vec embeddings (1.44), and considering the
QED properties descriptors excluding logP, the RMSE further increases (1.71).
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Figure 30. Real logS values of training against predicted logS values for each group of features

(all, Mol2Vec, QED Descriptor properties, and QED Descriptor properties excluding logP)

Figure 31. Root mean square error for each Random Forest Regressor model

6.4 Prediction of logS for generated molecules with the molecular formula

C8H9NO2

Considering the previous results, we decided to use the Random Forest Regressor
model trained with the Mol2Vec embeddings along with the QED property descriptors to
make predictions of logS for the generated and filtered molecules with the molecular formula
C8H9NO2. To achieve this, we started with the dataframe of generated and filtered molecules
for C8H9NO2 along with their corresponding Mol2Vec embeddings. Using the QED function,
we calculated the QED descriptor properties for each molecule. We removed all reward
columns and any columns that did not contain numerical values, and then inputted the
dataframe into the model to make the logS predictions. The results were stored along with
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the corresponding SMILES and rewards in a dataset.

Overall, compounds are classified based on their logS values as highly soluble if the value
is above 0, soluble within the range of -2 to 0, slightly soluble between -2 and -4, and insoluble
for values below -4. Taking this classification into account, we filtered the dataset and selected
molecules with a logS value higher than -4 and a QED score equal to or greater than 0.7. The
filtering process led us to identify two molecules that met these criteria. These two molecules
are not present in PubChem (Fig. 32). The first molecule has a QED score of 0.71, while
the second molecule has a QED score of 0.7. They both have a synthetic accessibility reward
score of 0.74 and 0.77, indicating a certain ease of synthesis. Both molecules pass the zinc
molecule filter established by You et al., indicating that they do not have problematic functional
groups. Additionally, they have logS values of -0.72 and -2, respectively, indicating solubility.
Therefore, we have discovered two new potential drug candidates (Fig. 33).

The model has demonstrated its power as a tool for exploring the chemical space of
drugs and proposing valid and realistic drug candidates.

Figure 32. Resulting molecules from the filtering process (reward_qed>=0.7 and logS>=-4)

Figure 33. New potential drug candidates generated by DGM with C8H9NO2 molecular formula
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7 Conclusion

The primary goal of the study was to modify the generative model introduced by You et
al. in order to generate de novo molecules with a specific molecular formula. Our aim was to
provide a tool for systematic, efficient, and thorough exploration of the chemical space.

We have been able to study in detail the generative model (GCPN) proposed by You et
al. We have developed the necessary adaptations to predominantly generate molecules with
a specified molecular formula as a parameter. Furthermore, it has been of great importance
to demonstrate that the molecules were realistic and feasible.

To achieve this, we employed the Mol2Vec model, which allowed us to obtain a
300-dimensional embedding for each of the generated and filtered molecules for C8H9NO2

(Fig. 11). We have observed that the distribution of Euclidean distances between the Mol2Vec
embeddings (C8H9NO2 dataset) for the real-real, synthetic-synthetic, and real-synthetic pair
groups is overlapping, indicating that the generated molecules have a similar representation to
real molecules. We have determined that the Tanimoto similarity values for the molecules are
comparable across the three pair groups. We have also observed that the structural similarity
between two molecules is higher when their corresponding Mol2Vec embeddings are close
to each other in the Mol2Vec space. Hence, we have been able to verify that the generated
molecules are realistic and feasible.

We generated the in silico spectra of the generated molecules for C8H9NO2 (Fig. 11).
Subsequently, we added them to an in silico spectra database (provided by SEES:lab). We
filtered by molecular mass and compared the spectra from the database with the spectra
from the ARUS database for plasma samples with the molecular formula C8H9NO2 (a total
of 9 spectra). Ten candidates from the database were proposed for each ARUS spectrum.
The majority of candidate molecules belonged to the group of molecules generated by the
DGM. Therefore, we have been able to determine that our adapted generative model is a
promising tool for spectrum identification due to its ability to generate new candidates.We have
considered that it would be highly useful to create a database of generated molecules along
with their corresponding in silico generated spectra. This database would provide researchers
with additional resources for the identification of spectra and enhance their capabilities in this
field.

Finally, we implemented a random forest regressor for the prediction of aqueous solubility
using the Mol2Vec embeddings and the computationally calculated QED descriptor properties.
We used the model to predict the aqueous solubility of the generated and filtered molecules
for C8H9NO2 (Fig. 11). We filtered the results to find potential drug candidates in the dataset,
considering a QED value greater than 0.7 and that the compounds were at least slightly soluble.
After applying these filters, we were able to identify two new drug candidates, neither of which
is found in PubChem. This fact has shown us that our adapted model is a useful and promising
tool for the discovery of new drugs.

In conclusion, we have successfully achieved the established objectives. The adapted
model provides us with numerous possibilities for biomedical research.
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Appendices

A Programming code

A.1 Code description

The official implementation of ”Graph Convolutional Policy Network for Goal Directed
Molecular Graph Generation” is in a public GitHub repository. Four files stand out:

• run_molecule.py. It is the main code. Hyperparameters (parameters that control the
behavior of the model during training) can be tuned.

• molecule.py It contains the molecule environment code

• gcn_policy.py. It is the GCPN.

• pposgd_simple_gcn.py PPO algorithm specifically tuned for GCN policy.

A.2 Run

The code can be run as a single process or as several simultaneous processes. Training
is a slow process, so it is necessary to run it in several simultaneous processes. Taking into
account the technical characteristics of the computer we have used 8 CPUs.

It is also important to note that two folders are generated. The molecule_gen folder
contains a csv file with the results. These include the generated molecule in SMILES format
and the corresponding rewards. On the other hand, TensorFlow generates a ckpt folder that
saves the model every 256 steps.

A.3 Code

The modified generative model and the codes can be found in the following GitHub
repository: https://github.com/AlejandroGM2000/TFG_AlejandroGarcia.git. Please note that
they are generally private, so you will need to request access.
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B Additional figures

Figure 34. Dataframe that contains the Euclidean distance between all the Mol2Vec embeddings

of the generated molecules for C8H9NO2.
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Figure 35. Dataframe that contains the Tanimoto similarity between all the generated molecules

for C8H9NO2.
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Figure 36. The ’SmilesGenerate’ column contains the SMILES of the generated molecules

for C8H9NO2. There are four other columns that contain SMILES. These SMILES

correspond to real molecules extracted from the dataset provided by SEES:lab. They

are the molecules in the dataset that have the smallest Euclidean distance between their

Mol2Vec embedding and the Mol2Vec embedding of the generated molecule. They are

sorted in ascending order. The Euclidean distance is stored in the respective columns
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