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Chapter 1

Abstract

The prediction of protein-ligand binding affinity is a key step in accelerating the discovery
of novel therapeutic compounds. This thesis explores a method based on structural
comparison of proteins and ligands using Graph Edit Distance (GED) and molecular
descriptors. The proposed approach includes a real-time graphical editor to visualize
and compare compounds, a K-Nearest Neighbors (KNN) model for affinity prediction,
and detailed error analysis. Experimental results on the SARS-CoV-2 main protease
dataset demonstrate the effectiveness of the proposed method. Future work will explore
integration with deep learning techniques for further refinement.

This thesis is part of a broader research initiative aimed at incorporat-
ing proteins into cheminformatics analysis. While traditionally proteins are
represented as sequences to mitigate the substantial storage and computa-
tional requirements of treating them as graphs, this work emphasizes struc-
tural comparison approaches. The research aligns with ongoing efforts at
the Universitat Rovira i Virgili (URV) to explore novel methodologies for
drug discovery and bioinformatics, as detailed in the project website: https:

//www.cheminformatics-nutrition.recerca.urv.cat/en/next-pandemics.

Predicting protein-ligand binding affinity presents a viable solution for accelerating
the discovery of new chemical compounds. Some methods consider the structure of both
the drug and the protein, leveraging deep neural networks and graph neural networks.
The aim of this master thesis is to utilize structural comparison techniques applied to
proteins and drugs with known binding affinities. This approach focuses on analyzing
which parts of the drug and protein are most critical for binding affinity and predicting
their interaction strength. The database used in this study, generated at the Universitat
Rovira i Virgili (URV), consists of several pairs of the main protease of SARS-CoV-2 and
corresponding drugs.

Graphs, as abstract data structures, provide a powerful framework for modeling com-
plex problems through nodes and edges, representing points of interest and their relation-
ships, respectively. The versatility of graphs lies in their ability to attribute features to
nodes and edges, enabling applications in computer vision, bioinformatics, and network
analysis. Graph Edit Distance (GED) is a valuable tool in structural pattern recognition,
offering a measure of dissimilarity between attributed graphs. However, its effectiveness
hinges on the precise definition of substitution, deletion, and insertion costs for nodes
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and edges, which determines the similarity of graphs.

This thesis is divided into three parts:

1. Real-Time Structural Comparison: A novel, interactive editor was developed
for real-time comparison of protein-ligand structures. Users can load and visu-
alize any two .sdf files, adjust GED parameters, and compute GED for various
scenarios such as edge deletion, node substitution, and node insertion. This func-
tionality enables intuitive exploration of structural differences and their impact on
binding affinity.

2. Batch Analysis with KNN: The editor extends to batch processing, allowing
the comparison of a selected .sdf file against a folder of compounds containing
binding affinity data. Using GED and KNN, the system identifies the most similar
compound, visualizes its structure, and displays its binding affinity.

3. Quantitative Analysis of Prediction Methods: Two datasets (test and train-
ing) are compared to compute a matrix of GED distances and affinity differences.
The analysis integrates alternative chemistry-based metrics, such as Mordred de-
scriptors, and visualizes the relationship between structural and affinity differences
through scatter plots.

By combining structural comparison, machine learning techniques, and vi-
sualization tools, this work demonstrates a comprehensive and interpretable approach
to affinity prediction. The results validate the proposed methods and underscore their
potential in computational drug discovery.

Also, We aim to evaluate whether structural analysis of ligands is sufficient
to predict their biological activity, specifically the pIC50 values.

Rationale for Structural Comparison

Our objective is to determine the effectiveness of structural analysis techniques in cap-
turing the relationship between ligand structure and activity. To this end, we compare
traditional structural methods such as Graph Edit Distance (GED) and descriptor-based
methods like Mordred.

Comparative Analysis

The evaluation involves applying K-Nearest Neighbors (KNN) to both GED-based and
Mordred-based structural representations, analyzing their predictive performance.

Benchmark

A Mordred descriptor-based approach integrated with a neural network serves as the
reference standard (ground truth). This benchmark is used to assess and compare the
efficacy of GED and KNN methodologies against a more advanced predictive model.
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Chapter 2

Introduction

The interaction between proteins and ligands forms the foundation of numerous biologi-
cal processes and drug discovery efforts. Proteins act as molecular machines within cells,
while ligands—small molecules or ions—bind to these proteins to either enhance or in-
hibit their biological activity. Understanding and predicting the binding affinity between
a protein and a ligand are pivotal in designing drugs with high efficacy and specificity. Ac-
curate prediction methods can significantly accelerate the drug discovery process, reduce
experimental costs, and enable the identification of novel therapeutic compounds.

This thesis is part of a broader research initiative aimed at incorporat-
ing proteins into cheminformatics analysis. While traditionally proteins are
represented as sequences to mitigate the substantial storage and computa-
tional requirements of treating them as graphs, this work emphasizes struc-
tural comparison approaches. The research aligns with ongoing efforts at
the Universitat Rovira i Virgili (URV) to explore novel methodologies for
drug discovery and bioinformatics, as detailed in the project website: https:

//www.cheminformatics-nutrition.recerca.urv.cat/en/next-pandemics.

2.1 Challenges in Protein-Ligand Binding Affinity Pre-

diction

Predicting binding affinity is inherently complex due to the multifaceted nature of protein-
ligand interactions. These interactions are influenced by:

• Structural Compatibility: The three-dimensional shapes of the protein and lig-
and must complement each other.

• Chemical Properties: Functional groups on the ligand and their interactions
with the protein play a critical role.

• Dynamic Environment: Proteins and ligands are not rigid entities; they exhibit
flexibility that impacts binding.

• Biological Context: Environmental factors such as pH, temperature, and the
presence of cofactors also affect binding.

Traditional computational approaches rely heavily on experimental data, docking sim-
ulations, or machine learning models trained on large-scale datasets. While effective,
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these methods often lack interpretability, making it difficult to pinpoint which structural
features of the ligand or protein drive binding affinity.

2.2 Motivation and Objectives

This thesis proposes a novel approach that emphasizes the interpretability and structural
insights of protein-ligand interactions. By leveraging Graph Edit Distance (GED)
and molecular descriptors, we aim to provide a method that not only predicts binding
affinity but also identifies critical regions of the ligand and protein contributing to their
interaction.

Additionally, this work is part of a larger research project at the Universitat Rovira
i Virgili (URV) that seeks to integrate protein structures into cheminformatics analysis.
Representing proteins as graphs offers a powerful framework for structural analysis but
introduces challenges due to substantial storage and computational requirements. Con-
sequently, proteins are often treated as sequences instead. This thesis aims to address
these challenges by focusing on structural comparison methodologies and contributing to
ongoing research efforts in drug discovery and bioinformatics, as outlined in the project:
https://www.cheminformatics-nutrition.recerca.urv.cat/en/next-pandemics.

The specific objectives of this thesis are as follows:

1. Visualization and Comparison: Develop an interactive editor to visualize and
compare protein-ligand structures, highlighting their differences.

2. Graph-Based Structural Comparison: Implement a graph-based approach us-
ing GED to quantify structural dissimilarities between molecules.

3. Binding Affinity Prediction: Use the K-Nearest Neighbors (KNN) algo-
rithm to predict binding affinity based on GED and molecular descriptors.

4. Error Analysis and Validation: Analyze the method’s performance by evaluat-
ing prediction accuracy, errors, and the influence of structural features.

2.3 Proposed Approach

The proposed method integrates structural comparisons with predictive modeling, fo-
cusing on interpretability. Proteins and ligands are represented as graphs, where nodes
correspond to atoms, and edges represent bonds. GED serves as the backbone of struc-
tural comparison, offering a robust framework to evaluate molecular differences through
node and edge edit operations such as insertions, deletions, and substitutions.

In addition to GED, molecular descriptors computed using Mordred provide com-
plementary information about chemical properties. These descriptors capture essential
features like molecular weight, hydrogen bond donors/acceptors, and topological polar
surface area. Combined with GED, they form a comprehensive feature set for training
the KNN model.

The inclusion of a graphical user interface (GUI) enhances user interaction, enabling
visualization of GED calculations, structural differences, and affinity predictions. This
integration bridges the gap between raw computational results and actionable insights
for researchers.
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2.4 Significance of the Research

The importance of this work lies in its dual focus on prediction and interpretability. While
contemporary deep learning methods have achieved state-of-the-art results in binding
affinity prediction, they often function as ”black-box” models, obscuring the underlying
factors driving predictions. In contrast, our approach explicitly identifies structural and
chemical features that contribute to binding affinity, providing actionable insights for
drug design.

Furthermore, the use of the SARS-CoV-2 main protease dataset underscores the rel-
evance of this research. The COVID-19 pandemic has highlighted the urgent need for
computational tools to accelerate drug discovery and repurposing. By applying this
method to the SARS-CoV-2 protease, we aim to demonstrate its utility in addressing
real-world challenges.

2.5 Thesis Structure

This thesis is structured as follows:

• Chapter 3: Background and Related Work reviews existing methods for
binding affinity prediction, including graph-based approaches and machine learning
techniques.

• Chapter 4: Methods describes the theoretical foundation of GED, molecular
descriptors, and the KNN algorithm, along with the design of the graphical editor.

• Chapter 5: Implementation and Results provides details of the computational
pipeline, including dataset preprocessing, model training, and results visualization.

• Chapter 6: Analysis and Discussion evaluates the method’s performance, iden-
tifies trends in error reduction, and compares the approach to other methods.

• Chapter 7: Conclusion and Future Work summarizes the contributions of this
thesis and outlines potential avenues for further research.

2.6 Thesis Composition

2.6.1 Part 1: Real-Time Ligand Comparison

Interactive GUI Editor

• Allows dynamic selection of two .sdf files.

• Provides options to customize GED costs: node/edge substitution, insertion, and
deletion.

Visualization

• Displays ligand structures, differences, and compound names.
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Real-Time GED Calculation

• Handles cases like edge deletion, node substitution/insertion/deletion, and edge
insertion.

• Outputs user-friendly descriptions of structural changes.

2.6.2 Part 2: Database-Wide GED and Affinity Analysis

Editor Features

• Options to select a single .sdf file or a folder with .sdf files and affinity.txt.

GED and Affinity Analysis

• Computes GED for a selected ligand vs. all ligands in the folder.

• Visualizes the ligand with the minimum GED and its affinity.

KNN Analysis

• Uses 75% training and 25% testing.

• Predicts affinities, computes errors, and visualizes results with bar plots.

• Calculates Mean Square Error (MSE).

2.6.3 Part 3: Statistical Analysis

Input

• Two folders (test and learn) with .sdf files and affinity.txt.

Analysis

• Computes GED and affinity difference matrices.

• Visualizes scatter plots of GED vs. affinity differences, trending toward a line with
more training data.

Experimentation

• Varies substitution costs (e.g., 0.5) to analyze impact.

2.6.4 Extended Analyses

Descriptor-Based Analysis

• Uses Mordred descriptors and Euclidean distances for affinity prediction.

Neural Network Model (Optional)

• Uses Mordred vectors to predict binding affinity with 75% training and 25% testing.
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Metrics

• Scatter plots: GED vs. affinity, Mordred vs. affinity.

• KNN MSE: GED vs. KNN, Mordred vs. KNN.

By the end of this work, we aim to deliver a robust and interpretable method for
protein-ligand binding affinity prediction, paving the way for more transparent and effec-
tive computational tools in drug discovery.
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Chapter 3

Background and Related Work

3.1 Protein-Ligand Binding Affinity

Protein-ligand binding affinity quantifies the strength of the interaction between a pro-
tein and a ligand, typically expressed using metrics such as the equilibrium dissociation
constant (Kd) or inhibition constant (Ki). Accurate prediction of binding affinity is crit-
ical in drug discovery, as it determines the efficacy and potency of potential therapeutic
compounds.

Traditional methods for predicting binding affinity include molecular docking and
molecular dynamics simulations. While effective, these approaches can be computation-
ally expensive and may not always capture the complexity of protein-ligand interactions.
To address these limitations, machine learning techniques have been increasingly adopted.
For example:

• Deep Neural Networks (DNNs): Capable of modeling non-linear relationships
in biological data, capturing complex interaction patterns.

• Graph Neural Networks (GNNs): Particularly suitable for handling molecular
data by modeling the graph structure of molecules, where atoms are represented as
nodes and bonds as edges.

These methods facilitate high-throughput and accurate prediction of binding affinities,
enabling the rapid evaluation of potential drug candidates.

3.1.1 What is Binding Affinity?

Binding affinity is the strength of the binding interaction between a single biomolecule
(e.g., a protein or DNA) and its ligand or binding partner (e.g., a drug or inhibitor). Bind-
ing affinity is typically measured and reported by the equilibrium dissociation constant
(KD), which is used to evaluate and rank order strengths of bimolecular interactions. The
smaller the KD value, the greater the binding affinity of the ligand for its target. Con-
versely, the larger the KD value, the weaker the interaction between the target molecule
and ligand.

Binding affinity is influenced by non-covalent intermolecular interactions such as hy-
drogen bonding, electrostatic interactions, and hydrophobic and van der Waals forces
between the two molecules. Additionally, the binding affinity between a ligand and its
target molecule may be affected by the presence of other molecules.
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3.1.2 Why Should Binding Affinity Be Measured?

Whenever characterizing proteins, nucleic acids, compounds, or any biomolecule, under-
standing their binding affinity to substrates, inhibitors, and cofactors is crucial for ap-
preciating their intermolecular interactions. This understanding is particularly relevant
when studying interactions such as enzymatic reactions, protein complexes, or receptor
binding.

In drug discovery, binding affinity is a key factor for designing drugs that bind their
targets selectively and specifically.

3.1.3 The Role of Proteins and Ligands in Drug Discovery

Proteins are vital biomolecules that play diverse biological roles in living organisms.
Human life depends on proteins for functions such as material transportation, catalysis,
information exchange, immune defense, oxidation, functional maintenance, and maintain-
ing acid–base balance. However, proteins cannot complete life activities independently.
Instead, they must combine with other biomolecules like RNA, DNA, other proteins, and
organic and inorganic molecules to perform specific functions. For instance, most human
kinases must bind to adenosine triphosphate (ATP) molecules to achieve various intra-
cellular signaling and metabolic processes. Mutations in human kinase protein residues
may lead to abnormal kinase activity, causing hundreds of diseases, such as cancer and
Parkinson’s. Therefore, developing small organic molecules targeting kinase proteins to
regulate kinase activity and treat diseases is necessary.

This work focuses mainly on ligands (small organic molecules), as most drugs are
organic small molecules. For example, vemurafenib and SJF-0628, as shown in Figure
A, B, C, D are two inhibitors targeting human serine/threonine-protein kinase B-raf
(BRAF). The former, a U.S. Food and Drug Administration (FDA)-approved inhibitor, is
widely used to treat late-stage or metastatic melanoma with the BRAF V600E mutation.
The latter reduced the expression of all tested human BRAF mutants (V600E, K601E,
and G466E) but not the wild-type human BRAF in cell experiments.

3.1.4 Binding Pockets and Their Importance

The residues of proteins that interact with ligands are called binding sites or binding
pockets. As shown in Figure, the binding pocket refers to a cavity or groove on the
surface of the target protein where the ligand binds and interacts with the protein. Most
small-molecule drugs exert their effects in the body through the classic lock-and-key
model, where drugs act as substrates and bind to the pockets, inhibiting or activating
specific protein functions. Therefore, pockets are a significant focus for researchers in
molecular docking and drug design.

For ligands to achieve their functions, they must match their targeted pockets in space
to avoid atomic space conflicts, and they should be tightly bound to the pocket with strong
interactions to prevent the influence of thermal movement. Drug molecules bind to active
sites through hydrogen bonds, electrostatic interactions, hydrophobic interactions, and
relatively rare covalent bonds. The interaction strength of ligand binding to a protein is
quantified by binding affinity.
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Figure 3.1: (A) The 2D chemical structure of vemurafenib. (B) The 2D chemical struc-
ture of SJF-0628 consisting of vemurafenib, a short linker, and a Von Hippel Lindau
(VHL)-recruiting ligand. (C) The structure of the BRAF-vemurafenib complex. BRAF
kinase, ligand vemurafenib, and identified pocket are colored in green, red, and yellow,
respectively. (D) The interaction between vemurafenib and BRAF kinase, where hydro-
gen bonds and other contacts are shown as blue and purple lines, respectively.

3.1.5 Drug Design and Screening

The intrinsic activity of a drug refers to its ability to produce pharmacological effects
after binding to its receptor. Drugs can be classified into two categories: agonists and
antagonists. Agonists are drugs with binding affinity and intrinsic activity, which bind
to receptors and stimulate them to produce effects. Agonists are further divided into
complete agonists and partial agonists. Complete agonists, such as morphine, have strong
binding affinity and intrinsic activity, while partial agonists, such as pentazosin, have
strong binding affinity but weak intrinsic activity. Antagonists, on the other hand, bind
to receptors with strong binding affinity but lack intrinsic activity. They do not produce
effects themselves but exert antagonistic effects on agonists by occupying their binding
sites, such as naloxone and propranolol.

Both agonists and antagonists must tightly bind to target proteins, requiring high
binding affinity. Therefore, the initial step in drug discovery is identifying small candidate
ligands with high binding affinity to their target proteins. These candidates are further
screened and optimized to identify lead compounds. Protein–ligand binding affinity is
thus one of the critical indicators in drug screening.

3.2 Graph Edit Distance

Graph Edit Distance (GED) is a flexible and widely used measure for quantifying the
similarity or dissimilarity between two graphs. GED is defined as the minimum cost of
a sequence of edit operations—such as insertion, deletion, or substitution of nodes and
edges—needed to transform one graph into another. The total cost is determined by a
predefined cost function, which can be adapted to specific applications.

Computing the exact GED is NP-hard, making it computationally challenging for
large graphs. To address this, approximate algorithms have been developed to reduce
complexity while maintaining acceptable accuracy. One such approach, Serratosa’s method,
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introduces heuristics to minimize the search space and expedite GED computation.
In cheminformatics, GED is particularly valuable for comparing molecular structures,

where graphs represent molecules with nodes as atoms and edges as bonds. By quantifying
structural similarity, GED enables the evaluation of molecular properties and interactions,
which are essential for understanding protein-ligand binding.

The advance of computation capacities are permitting that the graph representation
of data becomes popular in the field of Pattern Recognition (PR). When PR problems
are addressed with graphs, error-tolerant graph matching techniques outcome useful.
The aim of these techniques is to find the best mapping between nodes and edges that
minimises some kind of objective function that is adapted to the application. In this
chapter we present the main concepts related with the graph matching problem and with
the definition of the Graph Edit Distance.

3.3 Graph Matching and Graph Edit Distance

One of the most used frameworks to define the error-tolerant graph matching is through
the Graph Edit Distance (GED) (Bunke and Allermann (1983); Sanfeliu and Fu (1983b);
Sanfeliu et al. (2002); Stauffer et al. (2017); Gao et al. (2010a)). The main idea of the
GED is to define the difference between two graphs as the amount of distortion required
to transform a graph into another one. Calculating the GED between a pair of attributed
graphs G and G′ consists in finding the best sequence of edit operations that converts one
graph into another with the minimum cost that is application dependent. To continue
with the detailed definition of the GED, we introduce some concepts and notation that
are required.

Given an attributed graph G, we call vi to the i-th node in G and ei,j, the edge
between node vi and node vj in G. We define γi as the attribute of node vi and γt

i as the
t-th attribute of node vi, and βt

i,j is the t-th attribute of edge ei,j. Given a node vi ∈ G,
each node vj connected with vi is called neighbour of vi. We can consider the set of all
the neighbours of vi and we call it Neighbourhood of vi. We call degree of vi, di, to the
number of neighbours of vi and we define the Star centered on the node vi, Star(vi),
as the local structure composed of the node itself, its neighbours, and the correspondent
edges connecting them. Similarly, given another attributed graph G′, we define v′i and e′i,j
as the i-th node and the edge between nodes v′i and v′j respectively, and all the concepts
are defined in a similar way than in G.

3.3.1 Definition of Graph Edit Distance

Having a pair of graphs, G and G′, a node-to-node mapping f : G → G′ between nodes of
both graphs, is a bijective function that assigns one node of G to only one node of G′. We
suppose both graphs have the same number of nodes since they have been expanded with
new nodes, called Null. Therefore, if n and m were the initial number of nodes of G and
G′ respectively, the final number of nodes in both graphs is n+m. We use the notation
f(a) = i to represent the mapping from node va to node v′i. Note that the mapping
between edges is imposed by the mapping of the nodes whose edges are connected. We
say that f(a) = i is a node substitution if both nodes are not Null. It is an insertion if
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node va is Null and v′i is not Null. Finally, it is a deletion if node v′i is Null and va is not
Null. Similarly happens with the edges.

To quantify the importance of these operations transforming the graphs, a cost is
assigned to each operation depending on the attributes on the involved nodes or edges.
The cost of substituting a node va ∈ G by a node v′i ∈ G′ is denoted by Cv

S(a, i). The
cost of deleting a node va is Cv

D(a). Finally, the cost of inserting the node v′i is Cv
I (i).

Similarly happens with the costs on the edges: The cost of substituting an edge ea,b by
an edge e′i,j is C

e
S(a, i, b, j). The cost of deleting an edge ea,b is C

e
D(a, b). And finally, the

cost of inserting an edge e′i,j is C
e
I (i, j). These costs are defined in equations 2.1 and 2.2:

Cv(i, a) =


Cv

S(i, a) if vi ̸= Null ∧ v′a ̸= Null

Cv
D(i) if vi ̸= Null ∧ v′a = Null

Cv
I (a) if vi = Null ∧ v′a ̸= Null

(2.1)

Ce(i, j, a, b) =


Ce

S(i, j, a, b) if ei,j ̸= Null ∧ e′a,b ̸= Null

Ce
D(i, j) if ei,j ̸= Null ∧ e′a,b = Null

Ce
I (a, b) if ei,j = Null ∧ e′a,b ̸= Null

(2.2)

The cost of transforming graph G into graph G′ through the mapping f is defined as:

Cost(G,G′, f) =
∑
vi∈G

Cv(i, f(i)) +
∑
ei,j∈G

Ce(i, j, f(i), f(j)) (2.3)

The Graph Edit Distance (GED) is defined as the minimum transformation cost:

GED(G,G′) = min
f :G→G′

∑
vi∈G

Cv(i, f(i)) +
∑
ei,j∈G

Ce(i, j, f(i), f(j))

 (2.4)

3.3.2 Computing the Graph Edit Distance

The computation of the GED is an optimisation problem that is NP-hard, meaning that
it cannot be solved in polynomial time. The optimal computation of the GED is usually
carried out by means of the A* algorithm (Hart et al. (1968)). The computational cost
of this method is exponential in the number of nodes of the involved graphs (Garey and
Johnson (1990)).

For this reason, some heuristic algorithms that deduce a sub-optimal GED in poly-
nomial time have been presented (Justice and III (2006); Neuhaus et al. (2006); Riesen
and Bunke (2009); Serratosa (2014b, 2015); Riesen et al. (2018)). In general, these sub-
optimal algorithms optimise local instead of global criteria, and a sub-optimal GED can
be computed. One of the most extended algorithms to compute the GED is Bipartite
graph matching (Riesen and Bunke (2009); Serratosa (2014a)), which is the algorithm
that we have used in this thesis to compute approximations of the GED. This algorithm
defines a cost matrix, applies a linear solver such as the Hungarian method, and deduces
the correspondence f with the sub-optimal GED. For more details, the reader is referred
to Riesen and Bunke (2009) and Serratosa (2014a).

These sub-optimal algorithms define the cost between two graphs for a specific node-
to-node mapping, f , as the addition of the substitution, deletion, and insertion costs of lo-
cal structures of nodes. One of these local structures that can be used is the Star centered
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in vi, Star(vi), defined in the second paragraph of Subsection 2.2. We represent the sets of
substitutions, deletions, and insertions of nodes respectively with Subsv, Delv, and Insv.
Moreover, Cv

StarS
(a, i) denotes the cost of substituting the Star centered at node va ∈ G

by the Star centered at node v′i ∈ G′. Cv
StarD

(a) denotes the cost of deleting the Star cen-
tered at va, and Cv

StarI
(i) denotes the cost of inserting the Star centered at v′i. These Star

costs depend on the costs on nodes and edges Cv
S(a, i), C

v
D(a), C

v
I (i), C

e
S(a, i, b, j), C

e
D(a, b),

and Ce
I (i, j) (Serratosa and Cortés (2015a)).

Then, we can define a sub-optimal cost of the mapping f between G and G′ as:

Cost(G,G′, f) =
∑

v∈Subsv

Cv
StarS

(a, i) +
∑

v∈Delv

Cv
StarD

(a) +
∑

v∈Insv

Cv
StarI

(i) (2.5)

Consequently, a sub-optimal GED can be calculated finding a mapping that minimises
Equation 2.5.

3.3.3 Learning the Costs of the Graph Edit Distance

The penalty costs are application-dependent and need to be set such that the GED
reflects the dissimilarity between the graphs. These costs can be manually tuned or
automatically computed through a learning method. In this section, we select several
learning methods and we classify them into three classes, depending on the nature of the
edit costs they learn. We present below a summary with the descriptions of these three
classes of methods.

Figure 3.2: Transformation of graph G into graph G′ through edit operations.

1) Cv
S, C

v
D, C

v
I , C

e
S, C

e
D, and Ce

I as functions.

The methods in this first class define the six node and edge edit costs Cv
S, C

v
D, C

v
I , C

e
S,

Ce
D, and Ce

I in Equation 2.1 and Equation 2.2 as functions that depend on the attributes
on the nodes and edges. These functions are learned using, for instance, a neural network
or a probability density distribution.

• Neuhaus and Bunke (2005): The method feeds a self-organised map with the
attributes of the nodes or the edges and at the output obtains the substitution,
deletion, and insertion costs on nodes and edges. The optimisation function used in
the learning process is the average of eight optimisation functions: Davies-Bouldin,
Dunn, Goodman–Kruskal, Calinski-Haraba, Rand index, Jaccard, Fowlkes–Mallo.

• Neuhaus and Bunke (2007): This method is similar to the previous method.
Nevertheless, it uses the Dunn index as the optimisation function. Moreover, given
the attributes on the nodes or the edges, it computes the costs as the inverse of the
probability set by a probability density function.
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• Caetano et al. (2009): In this case, the learning set has a different structure since
it is composed by pairs of attributed graphs and the node-to-node mapping between
them, instead of classified attributed graphs. Thus, the node-to-node mappings in
the learning set become the ground truth mappings and the optimisation function
learns the edit costs such that the resulting node-to-node mappings tend to be close
to the node-to-node mappings in the learning set. This optimisation function has
been called the correspondence accuracy.

• Leordeanu et al. (2012): The method learns weights in the same way as Caetano
et al. (2009) but the optimisation function is the maximisation of the recognition
ratio of the training set composed of classified graphs.

2) Cv
D, C

v
I , C

e
D, C

e
I as constants.

In this class, the four node and edge edit costs Cv
D, C

v
I , C

e
D, C

e
I are constants, meaning

they do not depend on the attributes.

• Cortés et al. (2019, 2018): The method learns substitution functions on nodes
and edges through a neural network taking the set of attributes on the nodes and
edges as input. Insertion and deletion of nodes and edges are assumed to be con-
stants.

• Santacruz and Serratosa (2019): Similar to Cortés et al. (2019), but it also
learns insertion and deletion costs for nodes and edges through a neural network.

3) Cv
S and Ce

S defined as weighted Euclidean distances.

Finally, in this third class, the node and edge substitution edit costs Cv
S and Ce

S are
defined as:

Cv
S(i, a) =

N∑
t=1

wv
t |γt

i − γt
a|, Ce

S(i, j, a, b) =
M∑
t=1

we
t |βt

i,j − βt
a,b| (2.6)

Where wv and we are weights associated with node and edge attributes, respectively.

• Algabli and Serratosa (2018a): This method learns weights of the weighted
Euclidean distance to define substitution costs on nodes and edges, while insertion
and deletion costs are treated as constants.

3.3.4 Applications and Relevance

GED has widespread applications in molecular comparison, handwriting recognition, and
graph-based pattern analysis. By combining GED with learning-based optimization, it
is possible to improve scalability and domain-specific performance.
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Figure 3.3: Example application of molecular matching.

3.4 K-Nearest Neighbors

K-Nearest Neighbors (KNN) is a non-parametric algorithm commonly used for classifica-
tion and regression tasks. It operates on the principle that similar data points are likely
to have similar outcomes.

3.4.1 k-Nearest Neighbors Algorithm

In statistics, the k-nearest neighbors algorithm (k-NN) is a non-parametric supervised
learning method. It was first developed by Evelyn Fix and Joseph Hodges in 1951 [?],
and later expanded by Thomas Cover [?]. Most often, it is used for classification, as a
k-NN classifier, the output of which is a class membership. An object is classified by a
plurality vote of its neighbors, with the object being assigned to the class most common
among its k nearest neighbors (k is a positive integer, typically small). If k = 1, then the
object is simply assigned to the class of that single nearest neighbor.

The k-NN algorithm can also be generalized for regression. In k-NN regression, also
known as nearest neighbor smoothing, the output is the property value for the object.
This value is the average of the values of k nearest neighbors. If k = 1, then the output
is simply assigned to the value of that single nearest neighbor, also known as nearest
neighbor interpolation.

For both classification and regression, a useful technique can be to assign weights
to the contributions of the neighbors, so that nearer neighbors contribute more to the
average than distant ones. For example, a common weighting scheme consists of giving
each neighbor a weight of 1/d, where d is the distance to the neighbor.

The input consists of the k closest training examples in a dataset. The neighbors
are taken from a set of objects for which the class (for k-NN classification) or the object
property value (for k-NN regression) is known. This can be thought of as the training
set for the algorithm, though no explicit training step is required.

A peculiarity (sometimes even a disadvantage) of the k-NN algorithm is its sensi-
tivity to the local structure of the data. In k-NN classification, the function is only
approximated locally, and all computation is deferred until function evaluation. Since
this algorithm relies on distance, if the features represent different physical units or come
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in vastly different scales, then feature-wise normalizing of the training data can greatly
improve its accuracy [?].

3.4.2 Statistical Setting

Suppose we have pairs (X1, Y1), (X2, Y2), . . . , (Xn, Yn) taking values in Rd×{1, 2}, where
Y is the class label ofX, so thatX | Y = r ∼ Pr for r = 1, 2 (and probability distributions
Pr). Given some norm ∥ · ∥ on Rd and a point x ∈ Rd, let (X(1), Y(1)), . . . , (X(n), Y(n)) be
a reordering of the training data such that

∥X(1) − x∥ ≤ · · · ≤ ∥X(n) − x∥.

Figure 3.4: Example of k-NN classification. The test sample (green dot) should be
classified either to blue squares or to red triangles. If k = 3 (solid line circle), it is
assigned to the red triangles because there are 2 triangles and only 1 square inside the
inner circle. If k = 5 (dashed line circle), it is assigned to the blue squares (3 squares vs.
2 triangles inside the outer circle).

In the context of binding affinity prediction, KNN estimates the binding affinity of
a query compound by analyzing the affinities of its k most similar compounds in the
dataset.

The similarity between compounds can be measured using metrics such as Euclidean
distance or GED, depending on the representation of molecular structures. The al-
gorithm’s interpretability is a key advantage, as predictions are directly based on the
properties of neighboring compounds. This makes KNN a complementary approach to
GED-based structural comparisons, providing a robust method for predicting binding
affinities.
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3.5 Distance Metrics Used in KNN Algorithm

As we know, the KNN algorithm helps us identify the nearest points or groups for a query
point. To determine the closest groups or nearest points for a query point, we use the
following distance metrics:

3.5.1 Euclidean Distance

This is the Cartesian distance between two points in a plane or hyperplane. The Euclidean
distance can also be visualized as the length of the straight line that joins the two points
under consideration. This metric helps calculate the net displacement between two states
of an object.

distance(x,Xi) =

√√√√ d∑
j=1

(xj −Xij)2

3.5.2 Manhattan Distance

The Manhattan distance metric is generally used when we are interested in the total
distance traveled by an object instead of its displacement. This metric is calculated by
summing the absolute difference between the coordinates of the points in n-dimensions.

d(x, y) =
n∑

i=1

|xi − yi|

3.5.3 Minkowski Distance

The Euclidean and Manhattan distances are special cases of the Minkowski distance,
which is defined as:

d(x, y) =

(
n∑

i=1

|xi − yi|p
)1/p

When p = 2, the formula corresponds to the Euclidean distance, and when p = 1, it
corresponds to the Manhattan distance.

Other distance metrics, such as Hamming distance, are also used for problems re-
quiring overlapping comparisons between two vectors whose contents can be Boolean or
string values.

3.5.4 Workings of KNN Algorithm

The K-Nearest Neighbors (KNN) algorithm operates on the principle of similarity, where
it predicts the label or value of a new data point by considering the labels or values of
its K nearest neighbors in the training dataset.
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Figure 3.5: Visual representation of a KNN algorithm.

3.5.5 Step-by-Step Explanation

1. Step 1: Selecting the Optimal Value of K K represents the number of nearest
neighbors that need to be considered while making a prediction.

2. Step 2: Calculating Distance To measure the similarity between the target and
training data points, Euclidean distance is used. Distance is calculated between
each data point in the dataset and the target point.

3. Step 3: Finding Nearest Neighbors The K data points with the smallest
distances to the target point are the nearest neighbors.

4. Step 4: Voting for Classification or Taking Average for Regression In
classification problems, the class labels of K-nearest neighbors are determined by
majority voting. The class with the most occurrences among the neighbors becomes
the predicted class for the target data point. In regression problems, the output is
calculated by taking the average of the target values of K-nearest neighbors. The
calculated average becomes the predicted output for the target data point.

Let X be the training dataset with n data points, where each data point is represented
by a d-dimensional feature vector Xi, and Y is the corresponding label or value for each
data point in X. Given a new data point x, the algorithm calculates the distance between
x and each data point Xi in X using a distance metric, such as Euclidean distance:

distance(x,Xi) =

√√√√ d∑
j=1

(xj −Xij)2

The algorithm selects the K data points from X that have the shortest distances to
x. For classification tasks, the algorithm assigns the label y that is most frequent among
the K-nearest neighbors to x. For regression tasks, the algorithm calculates the average
or weighted average of the values y of the K-nearest neighbors and assigns it as the
predicted value for x.

3.5.6 Advantages of the KNN Algorithm

• Easy to Implement: The algorithm’s complexity is low and straightforward to
implement.
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• Adaptability: The KNN algorithm adapts easily to new data. Since it stores all
the data in memory, adding new data points adjusts the algorithm’s predictions
automatically.

• Few Hyperparameters: Only two parameters are required: the value of K and
the choice of the distance metric.

3.5.7 Disadvantages of the KNN Algorithm

• Does Not Scale: KNN is a lazy algorithm, requiring significant computational
power and memory as it stores all data points. This makes it resource-intensive for
large datasets.

• Curse of Dimensionality: The algorithm struggles with high-dimensional data,
leading to poor classification accuracy.

• Prone to Overfitting: KNN is affected by the curse of dimensionality, making
it prone to overfitting. Dimensionality reduction techniques are often required to
address this issue.

3.6 Molecular Descriptors

Molecular descriptors are quantitative representations of molecular properties that cap-
ture various chemical and physical attributes. They play a crucial role in machine learning
models for predicting protein-ligand binding affinities. Descriptors can be categorized into
the following types:

• Constitutional Descriptors: Represent basic molecular composition, such as
molecular weight and atom counts.

• Topological Descriptors: Capture the connectivity and graph-theoretical prop-
erties of the molecule.

• Geometrical Descriptors: Describe the three-dimensional spatial arrangement
of atoms.

• Electronic Descriptors: Reflect electronic properties, such as charge distribution
and polarizability.

Tools like Mordred facilitate the computation of a wide range of molecular descriptors,
offering a rich feature set for machine learning models. These descriptors complement
structural comparison methods like GED, enhancing both the predictive accuracy and
interpretability of binding affinity models.

3.7 Summary

The integration of machine learning techniques, GED, KNN, and molecular descriptors
provides a comprehensive approach to predicting protein-ligand binding affinity. This
multifaceted strategy enables the development of models that are not only accurate but
also interpretable, thereby advancing the field of computational drug discovery.
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3.8 Related Work

Several studies have integrated GED with machine learning techniques for molecular
similarity assessments and binding affinity predictions. Serratosa’s work on Fast Bipartite
Matching exemplifies how computational improvements can address scalability challenges
in GED. Additionally, the integration of molecular descriptors, such as those provided by
Mordred, has enabled models to achieve higher predictive accuracy by capturing diverse
chemical properties.

Figure 3.6: Molecular comparison flowcharts. Difference between traditional ErG meth-
ods and other proposals.

Figure 3.7: Workflow integrating GED, KNN, and molecular descriptors for binding
affinity prediction.

Conclusion: The combination of GED, KNN, and molecular descriptors represents
a robust framework for interpretable and efficient prediction of protein-ligand binding
affinity. This approach bridges the gap between structural comparisons and feature-based
machine learning, advancing computational drug discovery.
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Chapter 4

Methods

4.1 Overview of the Proposed Method

The proposed method integrates:

1. A visualization editor for structural comparisons.

2. GED for quantifying molecular differences.

3. KNN for binding affinity prediction.

4.2 Ligands and Proteins in Structural Analysis -

And Why Ligands?

In biochemistry and pharmacology, a ligand is a substance that forms a complex with
a biomolecule to serve a biological purpose. The etymology stems from Latin ligare,
which means ’to bind’. In protein-ligand binding, the ligand is usually a molecule which
produces a signal by binding to a site on a target protein.
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Figure 4.1: Protein-ligand Binding

Ligands are relatively small molecules, typically comprising 20 to 30 nodes. In con-
trast, proteins are significantly larger, with structures often containing thousands of nodes
(e.g., 3000, 4000, or even 5000 nodes). Due to their smaller size, ligands are commonly
used in structural analyses and computational projects, including our thesis.

In our thesis project, we focused exclusively on ligands due to their manageable size
and computational feasibility. However, there is a new initiative aimed at including
proteins in structural analyses. This shift presents challenges, primarily related to storage
and computational requirements. Traditionally, proteins are represented as sequences
rather than as graphs due to the substantial space needed for graph-based representations.
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Figure 4.2: Protein-ligand Binding site

4.3 IC50 Determination

The IC50, or the half-maximal inhibitory concentration, represents a measure used in
pharmacology to evaluate the potency of a compound in inhibiting a specific biological
or biochemical function. The graphical illustration of IC50 determination can be found
in Figure 4.3, and more details are available on the Wikipedia page for IC50.

4.4 SARS-CoV-2 M-pro Database

4.4.1 Dataset Composition

The learning dataset used in this project consists of 223 SARS-CoV-2 main protease
(M-pro) crystallized structures, each bound to an inhibitor with a known pIC50. This
dataset includes:

• 160 compounds in the learning set:

– 53 compounds sourced from the well-known Protein Data Bank (PDB) database
(RCSB PDB).

– 107 compounds obtained from the FRAGALYSIS database (FRAGALYSIS).

• 63 compounds in the test set.

While the PDB and FRAGALYSIS databases contain numerous structures, only a
subset of inhibitors has experimentally determined pIC50 values obtained from a biotech-
nological lab. This dataset was previously employed in drug discovery research, as docu-
mented in Fadlallah et al., 2023 [127].
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Figure 4.3: Graphical illustration of IC50 determination.

4.4.2 Graph Representation of Drug-Protein Pairs

For each drug-protein pair, a singular attributed graph is constructed. This graph repre-
sents the complete drug molecule along with the atoms and bonds of the protein within
proximity to any drug atom forming a bond. The key features of the graph are as follows:

• Nodes: Represent atoms from both the drug and the protein.

– Attributes include:

∗ 3D positions of the atoms.

∗ Atomic numbers.

∗ Number of bonds.

∗ Electric charges.

• Edges: Represent bonds between atoms.

– No additional attributes are assigned to the edges.

To accommodate the maximum observed size of a compound (drug + binding site
atoms), all graphs are padded to include 146 nodes. The pIC50 value is treated as a
global property in this context.

Making them more practical for testing, our initial tests focused exclusively on ligands.

4.5 Graph Edit Distance Computation

The most well-known model is the Graph Edit Distance (GED). Node substitution, inser-
tion, and deletion costs are parameterized for flexibility. Edge substitution costs account
for bond type mismatches.
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Figure 4.4 shows a representation of edit operations: delete edge, delete node, insert
node, insert edge, and substitute node.

Figure 4.4: An example of an edit path between two graphs. Green arrows represent
substitutions. Studded lines indicate deletions. Dotted lines indicate insertions.

The basic idea behind the Graph Edit Distance (GED) is to define a dissimilarity
measure between two graphs, which is defined as the minimum amount of required dis-
tortion to transform one graph into the other. To this end, a number of distortion or edit
operations are defined, consisting of insertion, deletion, and substitution of both nodes
and edges.

For every pair of graphs Gp and Gq, there is a sequence of edit operations, or an edit
path:

editPath(Gp, Gq) = (σ1, . . . , σk),

where each σi denotes an edit operation that transforms one graph into the other.
In general, several edit paths may exist between two given graphs. Figure 4.5 shows an
example of an edit path that transforms Gp into Gq. It is composed of the following five
edit operations: delete edge, delete node, insert node, insert edge, and substitute node.
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Figure 4.5: One of the edit paths that transforms Gp into Gq.

To quantitatively evaluate which edit path is the best, edit cost functions are intro-
duced. The basic idea is to assign a penalty or cost to each edit operation according to
the amount of distortion that it introduces in the transformation.

4.5.1 Graph Edit Distance (GED)

GED is defined as the minimum amount of required distortion to transform one graph
into another. To this end, a number of distortion or edit functions consisting of deletion,
insertion, and substitution of nodes and edges are defined. To quantitatively evaluate
the graph transformation, an edit cost is assigned to each edit operation according to the
amount of distortion that it introduces in the transformation.

Figure 4.6: Example of two graphs to be compared. The GED between G and G′ is the
cost of substituting two nodes, deleting a node, inserting a node, substituting an edge,
deleting an edge, and inserting an edge.

For instance, in Figure 4.6, GED(G,G′) is defined such that G is transformed into G′

given the transformations highlighted by the arrows. This is done by substituting v3 by
v′3 and v2 by v′2. Moreover, v1 is deleted and v′1 is inserted. The distance is the sum of
the costs of these operations:

SubsNode(v3, v
′
3)+SubsNode(v2, v

′
2)+DelNode(v1)+InsNode(v′1)+SubsEdge(v3, v2, v

′
3, v

′
2)+DelEdge(v3, v1)+InsEdge(v′3, v

′
1)

Other transformations generate other costs, and thus, the distance becomes the min-
imum of the costs of all transformations.
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The structural and semantic dissimilarity of graphs is only correctly reflected by the
GED if the underlying edit costs are defined appropriately and depending on the appli-
cation at hand.

As we have seen in the Serratosa paper. GED is calculated using a bipartite matching
approach.

GED = Node Cost + Edge Cost

4.5.2 Solving the Graph Edit Distance by Bipartite Algorithm

Bipartite algorithm (BP) implemented by Serratosa is one of the newest methods pre-
sented to solve the GED and new optimization techniques of this algorithm have recently
appeared. Experimental validation shows that, currently, it is one of the best sub-optimal
algorithms since it obtains a good approximation of the distance value in cubic compu-
tational cost. BP algorithm is composed of three main steps. The first step defines a
cost matrix, the second step applies a linear solver such as the Hungarian method or the
Jonker-Volgenant method to this matrix and deduces the matching f ∗. The third step
computes the edit cost given this matching between both graphs EditCost(G∗, G′, f ∗).
Figure 4.7 shows the cost matrix of the BP algorithm in which n and m are the graph
orders.

Quadrant Q1 denotes the combination of substituting stars of both graphs. That is,
Cij = CEditvs(N

i
v, N

j
v′). While computing Cij, we can also use the BP algorithm but

restricted to only mapping the neighbour nodes of the stars. The diagonal of quadrant
Q2 denotes the whole costs Cii of deleting stars N i

v. In this case, the total cost is the cost
of deleting the central node and the neighbour nodes of the star plus the cost of deleting
the edges that connect the central node to the neighbour nodes. Similarly, the diagonal
of quadrant Q3 denotes the whole costs Cjj of inserting stars N j

v′ . Quadrant Q4 is filled
with zeros since the substitution between null stars has a zero cost.

Figure 4.7: Cost matrix of the BP algorithm.

Equation 5 summarizes the costs of substituting, deleting, and inserting stars (these
expressions are used in the next section). The star substitution cost is composed of
three terms: substitution of the !1 central nodes: Cvs(v

i, vj), deleting or inserting the
external nodes: Tij : (Kv +Ke), and substitution of the external nodes: Cvs(v

e
t′ , v

e
t ). The

value Tij = |ni
v − nj

v| is the difference between the order of stars. Function Cvs(v
e
t′ , v

e
t )

is computed through a linear solver that obtains the best mapping f between external
nodes of the star. Therefore,

Cvs(v
i, vj) =

Mij∑
t=1

(Cvs(v
e
t′ , v

e
t ) + Cvs(e

e
t′ , e

e
t )),
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where Mij is the number of substituted external nodes, Mij = min{ni
v, n

j
v}. Node vet′

represents the t-th external node of the star. We assume Mij external nodes and edges are
deleted (or inserted) while computing the substitution of two stars. It was demonstrated
in [?] that this assumption always holds if the costs are defined such that the GED is
really a distance function in a Euclidean space. In other words, if

2 ·Kv + 2 ·Ke ≥ Cvs(v
e
t′ , v

e
t ) + Cvs(e

e
t′ , e

e
t ),

then:

Substituting two stars: Cij = Cvs(v
i, vj) + Tij · (Kv +Ke) + Cvs(v

e
t′ , v

e
t ),

Deleting a star: Cii = Kv + ni
v · (Kv +Ke),

Inserting a star: Cjj = Kv + nj
v · (Kv +Ke).

(5)

The Hungarian [?] or Jonker-Volgenant [?] algorithms used in its original form are
optimal for solving the linear sum assignment problem but they are suboptimal for solving
the GED in the second step of the BP algorithm. This is due to the fact that the
stars are considered individually. For this reason, BP can overestimate the GED. The
computational cost of the method is O((n+m)3). The learning method presented in [?]
is inspired in this algorithm.

4.6 Mordred Descriptor Extraction

Descriptors are computed using Mordred for all compounds in the dataset. Missing values
are handled by imputation, and descriptors are normalized for compatibility with machine
learning models.

4.6.1 Mordred: Molecular Descriptor Calculator

Mordred was designed to be a software program that is easy to install and use, supports
abundant molecular descriptors, has a high calculation speed, and includes automated
tests. Molecular-descriptor calculation programs usually have many dependent software
programs that must be manually installed. All direct dependent libraries in Mordred,
except for RDKit and NumPy, are coded in pure Python (enum34, networkx, six, tqdm)
to simplify the installation. RDKit and NumPy are widely used Python libraries and
can be easily installed via the pre-compiled libraries distributed by the Anaconda cloud.
Therefore, users can install Mordred using a single command. Because Mordred can be
employed as a web service or from a CLI, and with Python 2 and 3 libraries, users ranging
from beginners to experts can employ it.

Preprocessing of molecules affects the descriptor values in most molecular-descriptor
calculators. However, for each descriptor, Mordred automatically preprocesses molecules
(adds or removes hydrogen atoms, performs Kekulization, and detects molecular aro-
maticity). For example, a topological index descriptor was reported by Balaban et al.
along with a numerical example. To reproduce the values, the input molecule should not
have explicit hydrogen atoms. Therefore, explicit hydrogen atoms are automatically re-
moved in Mordred. This procedure ensures correctness of preprocessing, which is usually
not checked in other software.

Mordred calculates more than 1800 default molecular descriptors, including all those
implemented by RDKit (seven modules) and original implementations (42 modules).
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Figure 4.8: Overview of Mordred library. Mordred consists of two main classes: descriptor
and calculator. Users can register descriptors on a Calculator instance. A Calculator
instance can calculate descriptors in parallel.

4.7 K-Nearest Neighbors Model

The KNN model predicts affinities by combining GED with molecular descriptors as input
features. The affinity of a query compound is calculated as:

ŷ =
1

k

k∑
i=1

yi

where yi represents the affinity of the i-th nearest neighbor.

4.8 Graphical Editor

A Python-based GUI allows users to:

1. Visualize molecules and structural differences.

2. Compare compounds using GED.

3. Predict affinities using KNN.
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Chapter 5

Implementation Summary

5.1 Part 1: Real-Time Ligand Comparison

This part focuses on comparing two ligand structures in real time using their .sdf files.
Key features include:

5.1.1 Interactive GUI Editor

• Enables users to select two .sdf files dynamically from the system.

• Provides options to customize GED costs:

– Node substitution cost.

– Node deletion cost.

– Node insertion cost.

– Edge substitution cost.

– Edge deletion cost.

– Edge insertion cost.

5.1.2 Visualization

• Displays the molecular structure of both ligands and their differences.

• Annotates differences such as deleted nodes and edges, substitution costs, and in-
serted nodes or edges.

• Includes compound names for clarity.

5.1.3 Real-Time GED Calculation

• Incorporates real-time GED calculations under various structural modification sce-
narios:

– Edge Deletion.

– Node Substitution.

– Node Insertion.
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– Node Deletion.

– Edge Insertion.

5.1.4 Case-Specific GED Calculations

• Handles structural modifications (e.g., deletion of a node with its associated bonds)
and calculates GED appropriately.

• Outputs user-friendly descriptions of structural differences, such as the number of
bonds deleted with a node.

5.2 Part 2: Database-Wide GED and Affinity Anal-

ysis

This part involves comparing a selected ligand against an entire database of ligands:

5.2.1 Editor Features

• Allows users to:

– Select a single .sdf file for comparison.

– Select a folder containing multiple .sdf files along with an affinity.txt file.

5.2.2 GED and Affinity Analysis

• Computes GED between the selected ligand and all ligands in the folder.

• Identifies and visualizes the ligand with the minimum GED, along with its affinity
value.

5.2.3 KNN Analysis

• Divides the dataset into 75% training and 25% testing.

• Predicts KNN values for the test set and computes errors (square of the difference
between predicted and actual affinity).

• Visualizes test errors and compares them through bar plots.

• Calculates Mean Square Error (MSE) for the predictions.

5.3 Part 3: Statistical Analysis

This part focuses on analyzing GED and affinity values for two datasets (test and learn):

5.3.1 Input

• Two folders: test and learn, each containing .sdf files and affinity.txt.
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5.3.2 GED Distance Matrix

• Computes GED distances between all compounds in the test and learn folders.

5.3.3 Affinity Difference Matrix

• Computes absolute differences in affinity values.

5.3.4 Scatter Plot Visualization

• Plots GED against absolute affinity differences.

• Enhances scatter plots to trend toward a line (indicating improved predictive per-
formance with increased training data).

5.3.5 Experimentation with Substitution Costs

• Analyzes the impact of varying substitution costs (e.g., setting substitution cost to
0.5).

5.4 Extended Analyses and Neural Network Integra-

tion

Descriptor-Based Analysis

• Incorporates Mordred descriptor vectors for comparison.

• Uses Euclidean distances for affinity prediction and comparison.

5.4.1 Neural Network Model (Optional)

• Uses Mordred descriptors as input vectors.

• Trains a neural network to predict binding affinity.

• Analyzes prediction accuracy using test and training sets (75% train, 25% test).

5.4.2 Comparison Metrics

• GED vs. Affinity Scatter Plot.

• Mordred vs. Affinity Scatter Plot.

• GED vs. KNN MSE.

• Mordred vs. KNN MSE.
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Chapter 6

Database, The Code used and Its
implementaion

6.1 Database and Data Preprocessing

The dataset consists of protein-ligand pairs in ‘.sdf‘ format and affinity scores in a text
file. Molecules are converted to graphs using RDKit and NetworkX.

6.1.1 Dataset Overview

The dataset used in this project consists of structural and affinity data for a collection
of protein-ligand pairs, specifically focused on SARS-CoV-2 main protease (M-pro). The
dataset includes:

6.1.2 Protein Structures

• Crystallized structures of M-pro in .pdb format, representing the 3D geometry of
the proteins.

• These structures are obtained from widely used databases like the Protein Data
Bank (PDB).

6.1.3 Ligand Structures

• Chemical compounds, represented in .sdf format, which act as potential inhibitors
for the main protease.

• These ligands include experimentally validated compounds with known binding
affinities.

6.1.4 Affinity Data

• Binding affinities are provided in the Affinity.txt file, where each entry specifies
the protein-ligand pair and its corresponding (binding affinity) value.

• These affinities represent experimentally determined measures of interaction strength,
sourced from biotechnological studies.
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6.1.5 Dataset Breakdown

Learning Set

• Includes a primary set of protein-ligand pairs used for training predictive models.

• Sourced from the PDB and other databases like FRAGALYSIS, focusing on in-
hibitors with experimentally validated binding affinities.

Test Set

• Comprises a subset of protein-ligand pairs designated for model evaluation.

• Ensures an independent evaluation of predictive performance.

The dataset represents a targeted selection of inhibitors for SARS-CoV-2 main pro-
tease, previously used in drug discovery research. Each protein-ligand pair has been
carefully curated to ensure data quality, with affinity values providing a reliable bench-
mark for machine learning models.

6.2 Graphical User Interface for Real-Time Molecu-

lar Comparison

The Python program is a Graphical User Interface (GUI) tool for real-time comparison
of two molecular structures (ligands) stored in .sdf format. It calculates the Graph
Edit Distance (GED) between the two molecules and visualizes the differences in their
structures.

6.2.1 Dependencies and Libraries

• Tkinter: Provides the GUI framework.

• RDKit: A cheminformatics toolkit for working with molecular data.

• NetworkX: Used to represent molecules as graphs for GED calculation.

• SciPy: For solving optimization problems like node and edge matching in GED.

• Pillow: For handling image data and visualizing molecules.

6.2.2 Molecule Representation as Graphs

Each molecule is converted into a graph:

• Nodes: Represent atoms with attributes such as element symbol and atomic num-
ber.

• Edges: Represent bonds with attributes such as bond type.
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6.2.3 Graphical User Interface (GUI) Components

• File Selection: Allows the user to select two .sdf files using file dialogs.

• Cost Configuration: Entry fields for user-defined GED costs.

• Comparison Button: Triggers molecule comparison, GED calculation, and visu-
alization.

• Visualization Panel: Displays both molecules, highlighting differences with color-
coded atoms and bonds.

6.3 Graph Edit Distance Implementation

6.3.1 Graph Edit Distance (GED) Computation

Found in firstpart.py. GED is computed using:

• Node substitution, insertion, and deletion costs.

• Edge substitution, insertion, and deletion costs.

6.3.2 Principal Functions for GED

molecule to attributed graph(molecule)

• Converts an RDKit molecule into a NetworkX graph representation.

• Parameters: molecule (RDKit molecule object).

• Nodes represent atoms with attributes such as element symbol and atomic number.

• Edges represent bonds with attributes such as bond type.

calculate ged(graph1, graph2, ...)

• Computes the Graph Edit Distance (GED) between two molecular graphs.

• Parameters:

– graph1, graph2: Molecular graphs.

– Costs for node substitution, deletion, and insertion.

– Costs for edge substitution, deletion, and insertion.

• Utilizes bipartite graph matching to compute optimal GED values.

6.4 Mordred Descriptor Integration

This section discusses the integration of Mordred descriptors found in the files secondpart.py,
part3 analysis.py, and new.py.
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6.4.1 Key Functionality

calculate molecular descriptors(molecule)

• Computes molecular descriptors using Mordred.

• Parameters: molecule (RDKit molecule object).

• Extracted descriptors provide detailed information on molecular structure, such as
size, weight, polarity, and functional groups.

normalize and calculate distance(desc1, desc2)

• Found in new.py and part3 analysis.py.

• Normalizes descriptor vectors and computes Euclidean distances.

• Parameters: Descriptor vectors desc1, desc2.

• Normalization ensures uniform scale and reduces the impact of large value ranges
across different descriptors.

6.4.2 Extended Mordred Usage

Mordred descriptors were integrated to provide a quantitative representation of molecular
features:

• Used alongside GED values to create a comprehensive feature set for molecular
comparison.

• Enables KNN-based similarity computation for enhanced precision.

• Optimized for real-time calculations within the GUI framework.

6.5 KNN Implementation

The KNN model is implemented using Scikit-learn, trained on a split of 75% learning
and 25% testing data. Furthermore, Mordred descriptors and GED values are combined
as features for similarity calculations. Found in secondpart.py.
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Figure 6.1: KNN GUI built with Tkinter.

6.5.1 Principal Functions

apply knn(selected mol, folder mols, affinities, selected graph)

• Applies K-Nearest Neighbors (KNN) to find the closest molecules in a dataset.

• Parameters:

– selected mol: Molecule being compared.

– folder mols: Folder containing multiple molecules for comparison.

– affinities: List of affinity scores corresponding to molecules.

• Combines GED and normalized Mordred descriptor distances for similarity metrics.

compare with folder(selected mol, folder mols, affinities)

• Compares a selected molecule with all molecules in a folder and identifies the best
match.

• Incorporates both GED and Mordred-based similarity metrics.

6.6 Extended Tools for Nodes and Edges

node.py and edge.py provide interactive tools for modifying molecules:

• Node Editing: Functions to insert, substitute, or delete nodes, with GED recal-
culated after each operation.

• Edge Editing: Functions to insert or delete edges, reflecting changes in molecular
graphs.

6.7 Analysis Pipeline and Visualization

The analysis pipeline and visualization functionality are implemented in the files firstpart.py,
secondpartanalysis.py, Mordredanalysis.py, and part3 analysis.py.
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6.7.1 Principal Analysis Functions

analyze ged and affinity(test folder, learn folder, test affinities, learn affinities)

• Analyzes Graph Edit Distance (GED) and affinity differences across test and learn-
ing datasets.

• Combines structural comparison (GED) with molecular descriptor-based metrics
for a robust evaluation.

• Parameters:

– test folder: Path to the folder containing test data.

– learn folder: Path to the folder containing learning data.

– test affinities: Affinity values corresponding to test data.

– learn affinities: Affinity values corresponding to learning data.

• This function integrates molecular descriptors and GED for comparative analysis.

visualize scatter(ged matrix, affinity diff matrix)

• Generates scatter plots to visualize GED vs. affinity differences.

• Highlights correlation patterns between structural and affinity metrics.

export results(...)

• Exports GED and affinity difference matrices for further analysis.

• Provides detailed insights for performance evaluation.

6.7.2 Running the Analysis Pipeline

main analysis() orchestrates the entire process, combining GED, descriptors, and affini-
ties to evaluate molecular similarities and differences.

6.7.3 Protein-Ligand Interactive Comparison Tool

This Python code implements a Protein-Ligand Interactive Comparison tool with a
Graphical User Interface (GUI) using Tkinter. It allows users to compare two molecular
structures provided in .sdf format and visualize their differences. The code calculates
the Graph Edit Distance (GED) and a similarity metric based on K-Nearest Neighbors
(KNN). Additionally, it visualizes the two molecules with color-coded differences.

6.7.4 Code Explanation

1. Dependencies and Libraries

The tool relies on the following key libraries:

• RDKit: Used for molecule handling and visualization.

• NetworkX: To represent molecules as attributed graphs.
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• Scipy and Sklearn: Used for calculations (e.g., graph matching and KNN).

• Tkinter: To create a graphical user interface.

• Pillow (PIL): For handling images of molecules.

2. Key Functions

• molecule to attributed graph(molecule):

– Converts an RDKit molecule into a graph representation using NetworkX.

– Nodes represent atoms, with attributes such as symbol and atomic number.

– Edges represent bonds, with attributes like bond type.

• calculate ged(graph1, graph2, ...):

– Computes the Graph Edit Distance (GED) between two molecular graphs
using bipartite graph matching.

– GED accounts for the cost of substituting, deleting, or inserting nodes (atoms)
and edges (bonds).

• calculate knn(mol1, mol2):

– Computes a similarity metric based on normalized Euclidean distances of
molecular descriptors (random descriptors used as placeholders).

• Visualization:

– generate molecule image: Draws molecule structures with RDKit and high-
lights atom differences using colors:

∗ Green: Common atoms between both molecules.

∗ Red: Atoms unique to the first molecule.

∗ Blue: Atoms unique to the second molecule.

6.8 Total Implementation using GUI

The GUI is built with Tkinter, integrating functionalities for ligand selection, visualiza-
tion, and real time comparison.

GUI Implementation

• Ligand Selection:

– Users select two .sdf files for comparison using file dialog buttons.

• GED Cost Configuration:

– Users input costs for node substitution, deletion, insertion, and similar edge
costs.

• Comparison Process:
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– Molecules are loaded from .sdf files.

– Their graphs are created, and GED is computed using user-defined costs.

– KNN similarity is calculated based on descriptor vectors.

• Visualization:

– Molecules are displayed with color-coded differences.

– A legend explains the color codes.

Running the Program

The program launches the GUI (handled by the MoleculeEditor class) and displays:

• File selection buttons for two ligands.

• Input fields for GED costs.

• A button to perform the comparison.

Figure 6.2: GUI for real-time comparison.
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Chapter 7

Experimental Results

7.1 For Part 1 - Real-Time Ligand Comparison Frame-

work

7.1.1 Real-Time Ligand Comparison Framework

The proposed framework focuses on the real-time comparison of ligand structures from
.sdf files. The primary objective is to provide an intuitive and efficient platform for
users to perform structural comparisons and analysis without relying on a pre-existing
database. The following functionalities and features are included in the framework:

7.1.2 Analysis of Results

The provided data reflects a series of experiments modifying the cost parameters for
Graph Edit Distance (GED) calculations between two ligands, 5RFA ligand.sdf and
5RGV ligand.sdf. The experiments demonstrate how changes to cost parameters influ-
ence the computed GED, offering insights into the sensitivity of the comparison process.

7.1.3 Key Observations

1. Initial Configuration (Default Costs)

• Node Costs: Substitution = 1.0, Deletion = 0.5, Insertion = 0.5

• Edge Costs: Substitution = 1.0, Deletion = 0.5, Insertion = 0.5

• GED: 13.5

Impact: This serves as the baseline for comparison. The default costs assign equal
weights to substitution operations while penalizing insertions and deletions at half the
rate.
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Figure 7.1: Visualization of GED with initial configuration of costs.

2. Effect of Increasing Node Deletion Cost

• Node Deletion Cost: Increased from 0.5 → 1.0.

• GED: Increased to 16.0.

Impact: Increasing the node deletion cost directly raises the overall GED. This indicates
that deletions are now more penalized, contributing more to the edit distance.
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Figure 7.2: Impact of increasing Node Deletion Cost on GED.

3. Effect of Increasing Node Insertion Cost

• Node Insertion Cost: Increased from 0.5 → 1.0.

• GED: No further increase (remains 16.0).

Impact: The unchanged GED implies that insertions and deletions occur in a balanced
manner within the graph comparison, with deletions dominating the cost contribution.
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Figure 7.3: Impact of increasing Node Insertion Cost on GED.

4. Effect of Decreasing Edge Substitution Cost

• Edge Substitution Cost: Reduced from 1.0 → 0.5.

• GED: Reduced to 13.0.

Impact: Lowering the edge substitution cost reduces the penalty for substituting edges,
resulting in a smaller GED. This suggests that edge substitutions play a significant role
in determining the GED.
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Figure 7.4: Impact of decreasing Edge Substitution Cost on GED.

5. Effect of Increasing Edge Deletion Cost

• Edge Deletion Cost: Increased from 0.5 → 1.0.

• GED: Increased to 16.0.

Impact: Similar to node deletion, increasing the edge deletion cost penalizes deletions
more heavily, increasing the overall GED.
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Figure 7.5: Impact of increasing Edge Deletion Cost on GED.

6. Effect of Increasing Edge Insertion Cost

• Edge Insertion Cost: Increased from 0.5 → 1.0.

• GED: Remains 16.0.

Impact: Similar to node insertion, this does not further increase GED, likely because
edge insertions are infrequent in this comparison or balanced by deletions.
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Figure 7.6: Impact of increasing Edge Insertion Cost on GED.

7. Effect of Decreasing Node Substitution Cost

• Node Substitution Cost: Reduced from 1.0 → 0.5.

• GED: Reduced to 15.0.

Impact: Reducing node substitution cost lowers the penalty for these operations, reduc-
ing the overall GED. Node substitutions are significant contributors to the edit distance
in this case.
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Figure 7.7: Impact of decreasing Node Substitution Cost on GED.

7.1.4 Summary of Sensitivities

• Most Sensitive Parameters:

– Node Deletion and Edge Deletion Costs: Increasing these costs consistently
raises the GED significantly, indicating their dominance in the edit distance
calculation.

• Moderately Sensitive Parameters:

– Edge Substitution Cost: Reducing this cost decreases GED, showing a clear
impact on overall distance.

• Less Sensitive Parameters:

– Node and Edge Insertion Costs: Changing these costs has a limited or no effect
on GED, likely due to their lower frequency in the comparison process.

• Balanced Parameters:

– Node Substitution Cost: Reducing this cost decreases the GED, suggesting
that substitutions play a role but not as dominant as deletions.
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Scenario Node Substitution Node Deletion Node Insertion Edge Substitution Edge Deletion Edge Insertion GED
Default 1.0 0.5 0.5 1.0 0.5 0.5 13.5

Node Deletion ↑ 1.0 1.0 0.5 1.0 0.5 0.5 16.0
Node Insertion ↑ 1.0 1.0 1.0 1.0 0.5 0.5 16.0

Edge Substitution ↓ 1.0 1.0 1.0 0.5 0.5 0.5 13.0
Edge Deletion ↑ 1.0 1.0 1.0 0.5 1.0 0.5 16.0
Edge Insertion ↑ 1.0 1.0 1.0 0.5 1.0 1.0 16.0

Node Substitution ↓ 0.5 1.0 1.0 0.5 1.0 1.0 15.0

Table 7.1: Comparison of GED with Changing Costs

7.1.5 Scientific Implications

This framework provides an advanced tool for ligand analysis, enabling researchers to:

• Compare molecular structures with precision.

• Tailor comparison metrics to the specific requirements of their study.

• Visualize and analyze structural differences in an interactive, real-time environment.

Such a tool is critical for tasks like drug design, where structural similarity and binding
affinity play pivotal roles.

7.2 Graph Edit Distance (GED) Calculation and Case

Analysis for Protein-Ligand Compound Compar-

ison

This section describes the development of a compound comparison editor designed to
calculate Graph Edit Distance (GED) between two structurally similar molecules repre-
sented in .sdf files. The editor is tailored to accommodate changes in real-time in the
graph structure, such as node insertions, deletions, substitutions, and edge modifications.
These operations are evaluated based on a set cost function, ensuring the GED reflects
the structural differences precisely.

7.2.1 Editor Overview

The editor enables users to select two .sdf files representing chemical compounds for
comparison. The key features include:

• Compound Loading: Supports loading structurally valid and invalid compounds,
ensuring GED calculations proceed even with incomplete or erroneous structures.

• Case-Based GED Analysis: Allows detailed GED calculation based on specific
structural changes outlined in the cases below.

• Error Handling: Provides a user-friendly explanation of changes, detailing node
and edge modifications.
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7.2.2 Graph Representation

In the context of molecular graphs:

• Nodes: Represent atoms, characterized by their attributes (e.g., element type,
charge).

• Edges: Represent bonds, characterized by bond type (e.g., single, double).

GED is calculated as the sum of costs for the following operations:

1. Node insertion.

2. Node deletion.

3. Node substitution (attribute modification).

4. Edge insertion.

5. Edge deletion.

Each operation’s cost is predefined and context-dependent, reflecting the chemical or
structural significance of the change.

7.2.3 Few examples for GED Analysis and how the Editor works
real time

Case 1: Node Deletion

Scenario: A node is deleted from bbb, along with all its edges (bonds).
Calculation:

GED = Cost of node deletion +Nbonds deleted × Cost of bond deletion. (7.1)

Output: Specifies the deleted node, the number of bonds removed, and the total cost.

Figure 7.8: Visualization of Case 1: Node Deletion

When a node is deleted from the graph, the Graph Edit Distance (GED) is updated
to reflect the deletion of the node and its associated bonds. In this example, a single node
deletion incurs a cost of 1.0, and the removal of its two bonds adds 1.0 more, resulting
in a total GED increase of 2.0.
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Debug: Node to delete = 10, Edges to delete = [(10, 8), (10, 0)]

Debug: Node deletion cost = 1.0, Edge deletion cost = 1.0

Debug: Total GED = 2.0

Figure 7.9: A depiction of the node deletion event. The removal of Node 10 and its two
connected edges increased the GED by 2.0 units.

Case 2: Edge Deletion

Scenario: The .sdf files Molecule 1 and Molecule 2 are worked on here and one edge
(bond) is removed from bbb.
Calculation:

GED = Cost of edge deletion. (7.2)

Output: Specifies the removed bond and the associated cost.

Figure 7.10: Visualization of Case 2: Edge Deletion.

Case 3: Node Substitution

Scenario: In second molecule, the attribute of one atom (node) is substituted.
Calculation:

GED = Cost of node substitution. (7.3)

Output: Specifies the node’s attribute change and associated cost.
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Figure 7.11: Visualization of Case 3: Node Substitution.

Case 5: Node Insertion

Scenario: A new node (atom) is added to bbb with distinct attributes.
Calculation:

GED = Cost of node insertion. (7.4)

Output: Specifies the new node and the associated cost.

Figure 7.12: Visualization of Case 5: Node Insertion.

Case 6: Edge Insertion

Scenario: A new edge (bond) is added to bbb.
Calculation:

GED = Cost of edge insertion. (7.5)
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Output: Specifies the inserted bond and the associated cost.

Figure 7.13: Visualization of Case 6: Edge Insertion.

For Part 2: KNN-Based Binding Affinity Prediction

• Use KNN to predict the binding affinity of compounds based on the URV database.

• Related Code: secondpart.py, secondpartanalysis.py, mordredplot.py:

– Implements KNN-based prediction using descriptors (Mordred/PaDEL) and
GED as features.

– apply knn in secondpart.py and knn analysis mordred in mordredplot.py

are central to this.

• Performs KNN analysis on test/learn datasets split from a database.

• Focuses on descriptor-based affinity prediction and error visualization.

Editor Implementation of KNN and GED-Based Comparison

In the second stage of the project, we implemented a user interface—referred to here
as the ”editor”—that allows for streamlined input selection and automated comparative
analysis. Within this editor, users are first prompted to select a single SDF file represent-
ing the reference compound of interest. Next, they are given the option to select a folder
containing multiple SDF files and a corresponding affinity.txt file, which provides
affinity values associated with each molecule in that dataset.

Once these inputs are specified, the system computes the Graph Edit Distance (GED)
between the user-selected reference compound and every compound within the chosen
folder. The GED serves as a measure of structural similarity: a lower GED indicates a
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molecule that more closely resembles the reference structure. Subsequently, a k-Nearest
Neighbors (kNN) regression model is applied, integrating both molecular descriptors and
computed GED values to predict affinity. Through this approach, the system identifies
the molecule that exhibits the minimum GED relative to the reference compound, thus
highlighting the most structurally similar candidate within the provided dataset.

Finally, the interface displays the minimum GED value, visualizes the identified
molecule, and presents the corresponding affinity associated with this closest structural
match. This integrated solution provides both a quantitative measure of molecular sim-
ilarity and a predictive estimate of affinity, thereby offering a valuable tool for efficient
structure-affinity exploration and decision-making in drug discovery workflows.

Figure 7.14: KNN-Based Binding Affinity Prediction.png

Code Flow

1. User Input of Reference Molecule: The user selects the primary SDF file
representing the reference compound of interest.

2. User Input of Dataset Folder: The user then selects a directory containing a
collection of SDF files and an accompanying affinity.txt file, ensuring that each
molecule in the dataset has an associated affinity value.

3. Data Preparation: The system parses the reference SDF file and all SDF files in
the dataset folder, converting each molecule into its corresponding graph represen-
tation.

4. GED Computation: For every molecule in the selected dataset, the system cal-
culates the Graph Edit Distance (GED) relative to the reference molecule. This
step quantifies structural similarity, with lower GED values indicating greater re-
semblance.

5. Identification of Closest Match: The system identifies the molecule in the
dataset that yields the minimum GED value, thereby pinpointing the compound
most structurally similar to the reference molecule.

6. Molecular Visualization: The identified closest-match molecule is rendered and
displayed visually within the editor, providing users with an immediate understand-
ing of its structural features.
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7. Affinity Retrieval and Reporting: The affinity value corresponding to the
closest-match molecule is extracted from the affinity.txt file, and presented
alongside the minimum GED value.

8. Application of kNN Regression: A k-Nearest Neighbors (kNN) model is applied
to integrate molecular descriptors and GED values, ultimately refining the system’s
insight into structure-affinity relationships.

9. Result Display: The editor outputs the minimum GED, the affinity associated
with the closest-match molecule, and the visual representation of that molecule,
thereby delivering a comprehensive overview of structural and affinity-based com-
parisons.

Structure-affinity relationship analysis

In this stage of the project, the code performs a structure-affinity relationship analysis:
it takes a reference molecule, compares it to a database of molecules using molecular
descriptors and the Graph Edit Distance (GED), trains a k-Nearest Neighbors (kNN)
model from that database’s known affinities, and then uses the model to predict the
affinity of the reference molecule. The terminal output shown below represents debugging
print statements illustrating the internal data processing steps and the final predicted
affinity.

Terminal Output

The selected molecule’s descriptors were calculated as:

Selected molecule descriptors: {’MolWt’: 209.24899999999997,

’NumHDonors’: 1, ’NumHAcceptors’: 4, ’TPSA’: 56.150000000000006,

’NumRotatableBonds’: 3, ’MolLogP’: 0.3289}

The folder molecules were compared, and their descriptors and GED values computed.
A sample of the output is:

Descriptors for 7M8M_ligand.sdf: {’MolWt’: 450.8820000000002, ’NumHDonors’: 2, ’NumHAcceptors’: 6,

’TPSA’: 109.84, ’NumRotatableBonds’: 6, ’MolLogP’: 3.3853000000000018}, GED: 38.0

...

Training feature vectors: [[4.50882e+02 2.00000e+00 6.00000e+00 1.09840e+02 6.00000e+00 3.38530e+00

3.80000e+01]

...

Feature vector for selected molecule: [209.24899999999997, 1, 4, 56.150000000000006, 3, 0.3289, 0]

Predicted affinity: 5.11985012202609

GUI Output

After running the code with the chosen SDF files and the corresponding affinity.txt

file, the user interface displays the predicted affinity value for the selected reference
molecule.
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Figure 7.15: Terminal output showing debugging statements, computed descriptors,
GEDs, and final predicted affinity.

Figure 7.16: GUI display showing the predicted affinity for the selected reference molecule.

In summary, the process involves:

1. Calculating molecular descriptors for the reference and database molecules.

2. Computing the Graph Edit Distance between the reference molecule and each
database molecule.

3. Constructing feature vectors from descriptors and GED values.

4. Training a KNN model on the database molecules with known affinities.

5. Predicting the affinity of the reference molecule using the trained KNN model.

This integrated approach provides a quantitative way to link molecular structure to
affinity estimates, enhancing decision-making in drug discovery workflows.

7.3 Descriptor Distance and Affinity Analysis

Descriptor Distance Calculation using Mordred

This section highlights the calculation of descriptor distances between two ligand files
(e.g., 5RFA ligand.sdf and 7GBV ligand.sdf) using Mordred molecular descriptors.
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The descriptor distance is calculated based on the normalized Euclidean distance be-
tween the descriptors of the two ligands.

The GUI displays the calculated descriptor distance as shown in Figure ??.

Figure 7.17: GUI displaying the descriptor distance between two ligands.

Terminal Output and Calculations

The terminal output provides detailed calculations, including descriptor values, normal-
ization steps, and the final descriptor distance. Below is a LaTeX representation of the
calculations:

Descriptors for Molecule 1 (5RFA ligand.sdf):

SpAbs A SpMax A SpDiam A LogEE A MW AMW
19.2982 2.2992 4.4583 3.6314 209.1164 6.9705

Descriptors for Molecule 2 (7GBV ligand.sdf):

SpAbs A SpMax A SpDiam A LogEE A MW AMW
24.7706 2.4088 4.8176 3.9100 288.1029 7.7866

Normalized Descriptors: The descriptors are normalized before calculating the Eu-
clidean distance:

Normalized Descriptors 1: [0, 0, 0, . . . , 0, 0, 0]

Normalized Descriptors 2: [0, 0, 0, . . . , 1, 1, 1]

Euclidean Distance:

Distance =

√√√√ n∑
i=1

(d1i − d2i)2

Final Descriptor Distance: 34.0147 ≈ 34
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Figure 7.18: Terminal output showing descriptor calculations and normalized Euclidean
distance.

Validation for Identical Molecules

When comparing identical molecules (e.g., aaa.sdf and bbb.sdf), the descriptor distance
is correctly calculated as zero, as shown in the terminal output and GUI.

Figure 7.19: GUI displaying descriptor distance of 0 for identical molecules (aaa.sdf and
bbb.sdf).

Descriptors for Molecule 1 (aaa.sdf):

SpAbs A SpMax A SpDiam A LogEE A MW AMW
19.2982 2.2992 4.4583 3.6314 209.1164 6.9705

Descriptors for Molecule 2 (bbb.sdf):

SpAbs A SpMax A SpDiam A LogEE A MW AMW
19.2982 2.2992 4.4583 3.6314 209.1164 6.9705

Normalized Descriptors: The descriptors for both molecules are identical:

Normalized Descriptors 1: [0, 0, 0, . . . , 0, 0, 0]

Normalized Descriptors 2: [0, 0, 0, . . . , 0, 0, 0]
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Euclidean Distance:

Distance =

√√√√ n∑
i=1

(d1i − d2i)2 = 0

Final Descriptor Distance: 0

Figure 7.20: Terminal output showing descriptor calculations and normalized Euclidean
distance.

Validation Check

As we saw above, To validate the descriptor distance calculation:

• Identical Molecules: Comparing identical molecules (e.g., aaa.sdf and bbb.sdf)
results in a descriptor distance of 0, as shown in Figure 7.19.

• Similar Molecules: Descriptor distances for structurally similar ligands should
be relatively small.

• Dissimilar Molecules: Descriptor distances for structurally dissimilar ligands
should be relatively large.

mordredanalysis.py

This part of the thesis project analyzes molecular descriptors and affinity differences for
protein-ligand interactions.

• Computes descriptor distances and affinity differences between test and learning
sets.

• Visualizes the relationship between descriptor distances and affinity differences us-
ing scatter plots.

Its functionality can be summarized as follows:

1. Molecular Descriptor Calculation:

• Uses the Mordred library to compute molecular descriptors that capture chem-
ical and structural properties of test and learning molecules.

2. Descriptor Distance Matrix:
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• Calculates pairwise Euclidean distances between normalized descriptors of test
and learning datasets, representing structural similarity.

• The Euclidean distance between two descriptor vectors xi and xj is calculated
as:

d(xi,xj) =

√√√√ n∑
k=1

(xi,k − xj,k)
2

where xi,k and xj,k represent the k-th feature of the i-th and j-th descriptors,
respectively.

3. Affinity Difference Matrix:

• Computes the absolute differences in binding affinities between test and learn-
ing molecules.

• The absolute affinity difference for molecule i in the test set and molecule j in
the learning set is computed as:

∆Ai,j = |Ai − Aj|

where Ai and Aj are the affinities of the i-th test molecule and j-th learning
molecule, respectively.

4. Visualization:

• Generates a scatter plot to illustrate the relationship between descriptor dis-
tances (x-axis) and affinity differences (y-axis), revealing potential correlations.

5. Output:

• Prints intermediate results (e.g., descriptor values, matrices) for debugging
and insight.

• Saves the scatter plot as a PNG file for further analysis and inclusion in doc-
umentation.

Output Description

• Descriptor Distance Matrix (Example):
9.76 11.56 10.86 · · · 15.34
13.91 15.88 13.24 · · · 19.55
13.54 13.36 13.62 · · · 17.29
...

...
...

. . .
...

10.65 12.66 10.74 · · · 16.18


• Affinity Difference Matrix (Example):

0.00 0.18 0.33 · · · 0.62
0.18 0.00 0.15 · · · 0.43
0.33 0.15 0.00 · · · 0.28
...

...
...

. . .
...

0.62 0.43 0.28 · · · 0.00


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Equations Used in the Analysis

– Normalization:

xnormalized =
x− xmin

xmax − xmin

where x is the original descriptor value, and xmin and xmax are the minimum
and maximum values of the descriptor across the dataset.

– Descriptor Distance:

d(xi,xj) =

√√√√ n∑
k=1

(xi,k − xj,k)
2

– Absolute Affinity Difference:

∆Ai,j = |Ai − Aj|

Example Output (Truncated)

Loading Test Molecules and Affinities...

Loaded 12 molecules and 233 affinities from /home/kuldeep/Documents/Final Codes/test

and /home/kuldeep/Documents/Final Codes/Affinity.txt

Loading Learn Molecules and Affinities...

Loaded 131 molecules and 233 affinities from /home/kuldeep/Documents/Final Codes/learn

and /home/kuldeep/Documents/Final Codes/Affinity.txt

Calculating Descriptor Distance Matrix...

Descriptor Distance Matrix:

[[ 9.76 11.56 10.86 ... 15.34]

[13.91 15.88 13.24 ... 19.55]

...

[10.65 12.66 10.74 ... 16.18]]

Calculating Affinity Difference Matrix...

Affinity Difference Matrix:

[[0.00 0.18 0.33 ... 0.62]

[0.18 0.00 0.15 ... 0.43]

...

[0.62 0.43 0.28 ... 0.00]]

Visualizing Results...

Plot saved as descriptor_distance_vs_affinity_difference.png
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Figure 7.21: Scatter plot of Descriptor Distance vs Affinity Difference.

• Scatter Plot:

– Shows clusters of data points where smaller descriptor distances correspond to
lower affinity differences, indicating a potential relationship between molecular
structure and binding affinity.

– The plot reveals variability at larger distances, suggesting the need for further
exploration of non-linear patterns.

mordredplot.py

This part of the Masters Thesis project implements a K-Nearest Neighbors (KNN) re-
gression model using Mordred molecular descriptors to predict molecular affinities for
protein-ligand interactions.

• Uses Mordred descriptors and KNN regression to predict molecular affinities.

• Visualizes predictions, errors, and true affinities using bar plots.

Below is a summary of its functionality:

1. Molecular Descriptor Calculation:

• Uses the Mordred library to compute chemical and structural properties (de-
scriptors) for test and learning molecules.

• Descriptors are normalized using Min-Max scaling to ensure uniformity:

xnormalized =
x− xmin

xmax − xmin

where x is the original descriptor value, and xmin and xmax are the minimum
and maximum values in the dataset.

2. Data Loading:
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• Reads molecular structures from .sdf files and their corresponding affinity
values from a separate affinity file.

• Molecules are grouped into ”test” and ”learning” sets.

3. KNN Regression:

• Trains a KNN regression model using molecular descriptors of the learning set
and their affinities.

• Uses the trained model to predict affinities for the test set based on their
descriptors.

4. Error and MSE Calculation:

• Computes squared errors between predicted and true affinities for each test
molecule:

Errori = (True Affinityi − Predicted Affinityi)
2

• Calculates the Mean Squared Error (MSE) as:

MSE =
1

N

N∑
i=1

(True Affinityi − Predicted Affinityi)
2

where N is the number of test molecules.

5. Visualization:

• Plots a bar chart showing squared errors for each compound.

• Overlays true and predicted affinities on the same plot to visualize deviations.

Output Description

The output of the script includes the following:

1. Detailed Results: The true affinities, predicted affinities, and squared errors for
each compound are summarized in Table 7.2.

Table 7.2: True Affinities, Predicted Affinities, and Errors for Test Compounds.

Compound True Affinity Predicted Affinity Error (Squared)
1 4.2147 4.3250 0.0122
2 4.0379 4.4588 0.1772
3 5.0737 4.5458 0.2786
4 4.3388 4.2935 0.0021
5 4.2007 5.1698 0.9393
6 5.6383 5.7243 0.0074
7 4.0044 4.0070 0.0000
8 4.1884 4.8821 0.4812
9 4.6990 4.0472 0.4248
10 4.5850 5.7153 1.2776
11 5.1401 5.7454 0.3664
12 4.3565 4.2912 0.0043
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2. Mean Squared Error (MSE): The MSE is calculated as:

MSE =
1

12

12∑
i=1

Errori

Substituting the squared errors from Table 7.2, the final MSE is:

MSE = 0.3309

3. Visualization: The generated plot includes:

• A bar chart showing the squared error for each compound.

• Line plots for true affinities and predicted affinities for direct comparison.

Figure 7.22: Bar plot showing the squared errors for each compound along with the true
and predicted affinities. The bar chart represents the squared errors for each compound,
while the line plots overlay the true and predicted affinities, providing a clear visualization
of the KNN model’s performance.

Key Insights

• The KNN model performs reasonably well with a low MSE (0.3309), suggesting
that predicted affinities are close to true affinities on average.

• Larger errors for some compounds (e.g., Compound 10) may indicate outliers or
limitations of the model.

• The visualization effectively highlights deviations between true and predicted val-
ues, providing insights into the model’s predictive performance for each compound.
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Chapter 8

For Part 3: Analysis and Discussion

8.1 Error Analysis

The method’s errors are analyzed across different affinity ranges. High-affinity compounds
show reduced errors compared to low-affinity compounds.

1. Error Analysis

Requirement

• Analyze errors per compound and calculate Mean Squared Error (MSE).

• Split the database by binding affinity and identify trends in error reduction.

Related Code

• part3 analysis.py and secondpartanalysis.py:

– Perform detailed analysis by comparing GED with affinity differences and
calculating MSE.

– Split datasets to study variations in error distribution.

8.1.1 K-Nearest Neighbors (KNN) Regression Analysis

This part of the thesis project calculates molecular descriptors for chemical compounds
using the Mordred library, processes the data, and uses these descriptors as features for
machine learning. Molecules are loaded from .sdf files, and their corresponding affinity
scores from a text file, splitting the dataset into training (75%) and testing (25%) sets. A
K-Nearest Neighbors (KNN) regression model is trained to predict affinities for the test
set, and the performance is evaluated using the Mean Squared Error (MSE). The results,
including true and predicted affinities and their errors, are visualized in plots and saved
in the specified output directory for further analysis.

Results:

• Mean Squared Error (MSE): 1.0416
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• Visualizations: The plot showing squared errors for each compound and true vs.
predicted affinities is saved as knn mordred analysis.png.

Figure 8.1: KNN Regression: Predicted vs. True Affinity and Errors

Detailed Calculations (Sample Results):

Compound True Affinity Predicted Affinity Error (Squared)
Compound 1 4.4498 5.7651 1.7301
Compound 2 5.6027 6.0436 0.1944
Compound 3 4.0044 5.4042 1.9595
Compound 7 7.9431 4.4906 11.9196
Compound 56 0.0000 2.6692 7.1247

Table 8.1: Sample results of true and predicted affinities with errors.

Key Observations:

• Most predicted affinities are reasonably close to the true values, with lower errors
for high-affinity compounds.

• Larger errors are observed for compounds with low affinities, such as Compound 7
and Compound 56.

8.1.2 GED vs. Affinity Differences - The structural differences
and binding affinity differences for molecules stored in the
test and learn folders.

This computes the relationship between Graph Edit Distance (GED) and absolute bind-
ing affinity differences for chemical compounds. Molecules are converted into attributed
graphs, with nodes representing atoms and edges representing bonds. A GED matrix is
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computed to represent structural differences, while an Affinity Difference Matrix calcu-
lates the absolute differences between binding affinities for corresponding GED entries.

This part of the thesis project analyzes the relationship between structural differences
and binding affinity differences for molecules stored in the test and learn folders. It
converts molecular structures from .sdf files into attributed graphs and calculates the
Graph Edit Distance (GED) to quantify structural dissimilarity. It computes the
absolute difference in binding affinities using values loaded from affinity.txt files.

The results are saved as two matrices:

• GED Matrix.csv (containing GED values)

• Affinity Difference Matrix.csv (containing absolute affinity differences).

Summary statistics (mean, median, standard deviation, min, and max) for both ma-
trices are printed to the console. A scatter plot visualizing the correlation between GED
and affinity differences is generated and saved as GED vs Affinity Difference.png.
This analysis helps identify trends between molecular structural changes and their im-
pact on binding affinity differences.

Output

(protein_ligand_env) kuldeep@andromeda-System-Product-Name:~/Documents/Final Codes$ python thirdpart.py

GED Matrix Summary:

Mean: 16.38, Median: 15.00, Std Dev: 8.65

Min: 0.00, Max: 50.00

Affinity Difference Matrix Summary:

Mean: 0.90, Median: 0.68, Std Dev: 0.84

Min: 0.00, Max: 5.39

Matrices saved as CSV files: GED_Matrix.csv and Affinity_Difference_Matrix.csv.

Pearson correlation coefficient: 0.3106, p-value: 1.6554e-36

Scatter plot saved as GED_vs_Affinity_Difference.png.

(protein_ligand_env) kuldeep@andromeda-System-Product-Name:~/Documents/Final Codes$

Output Analysis

Matrix Summaries

GED Matrix Summary

• Mean (16.38): On average, the Graph Edit Distance (GED) between molecules
in the test and learn folders is 16.38.

• Median (15.00): Half of the GED values are below 15.00, and half are above.

• Standard Deviation (8.65): There is moderate variation in GED values, indi-
cating diverse molecular differences.

• Min (0.00): The closest pair of molecules (in terms of graph structure) has a GED
of 0.00, meaning they are identical.

• Max (50.00): The most dissimilar pair of molecules has a GED of 50.00.
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Affinity Difference Matrix Summary

• Mean (0.90): On average, the absolute difference in binding affinity between pairs
of molecules is 0.90.

• Median (0.68): Half of the affinity differences are below 0.68, and half are above.

• Standard Deviation (0.84): There is considerable variation in affinity differ-
ences, suggesting some molecules have very similar affinities, while others differ
significantly.

• Min (0.00): Some molecules have identical binding affinities.

• Max (5.39): The largest affinity difference between any pair is 5.39.

Scatter Plot Analysis

X-Axis: Graph Edit Distance (GED) Represents the structural dissimilarity be-
tween a pair of molecules.

Y-Axis: Absolute Affinity Difference Represents the absolute difference in binding
affinities for each pair.

Observations

• Low GED, Low Affinity Difference: Points near the origin (low x and y values)
represent molecules that are structurally similar and have similar binding affinities.
These pairs likely have only minor variations in structure and binding behavior.

• High GED, High Affinity Difference: Points in the top-right corner indicate
molecules with significant structural differences and large affinity differences. These
pairs might belong to entirely different categories of compounds.

• Low GED, High Affinity Difference: Points along the lower-right region (low
x, high y) suggest that even minor structural differences can lead to significant
binding affinity differences. These pairs could represent cases where small changes
in structure drastically affect binding, such as key functional group alterations.

• High GED, Low Affinity Difference: Points along the upper-left region (high x,
low y) suggest that even with significant structural differences, the binding affinity
remains similar. This could indicate redundancy in binding sites or structural
changes that do not affect functional regions.

Results:

• Pearson Correlation Coefficient: 0.3106

• P-value: 1.6554× 10−36

• Visualizations: The scatter plot of GED vs. Absolute Affinity Differences is saved
as ged vs affinity diff.png.
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Compound Pair GED Absolute Affinity Difference
7B5Z vs. 8ACD 29.0 5.0414
7B5Z vs. 7GFG 15.0 0.2614
7B5Z vs. 7GFZ 16.0 0.3533
7B5Z vs. 7GG7 22.0 1.1126
7B5Z vs. 7GGY 18.0 0.4079

Table 8.2: Sample GED and absolute affinity differences for compound pairs.

Detailed Calculations (Sample Results):

Figure 8.2: GED vs. Absolute Affinity Differences

Key Observations:

• Points in the scatter plot are concentrated in the lower-left quadrant, indicating
many compounds have small structural differences (low GED) and small affinity
differences.

• A moderate positive correlation exists between GED and affinity differences, but
outliers highlight cases with significant deviations.

Key Insights

Relationship Between GED and Affinity Difference: The scatter plot shows a
weak positive correlation (Pearson correlation coefficient: 0.3106), indicating that
structural differences do not always predict affinity differences in a straightforward man-
ner. There is no strictly linear relationship, suggesting the influence of additional factors
beyond structural similarity.

Clustering Patterns: Clustering patterns in the scatter plot may be explored further
to understand molecule groups with specific characteristics.
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Further Analysis:

• Analyze specific pairs with the highest GED and affinity differences to understand
outliers.

• Compare clusters of molecules with low GED and similar affinities to identify struc-
turally redundant compounds.

8.1.3 GED and Affinity Difference Matrices - A small example
for better understanding

GED Matrix:

1 2 3 4 5 6 7 8 9 10
1 21 21 33 48 41 47 12 13 38 22
2 22 4 33 49 30 36 15 19 27 8
3 21 10 34 50 36 41 12 14 32 12
4 20 19 33 48 40 46 11 14 36 20
5 22 8 31 50 31 39 15 20 28 4
6 24 26 30 24 9 18 31 48 9 30
7 10 11 25 39 26 32 6 24 22 11
8 16 12 30 44 32 38 8 17 29 14
9 9 14 23 36 28 37 4 25 26 16
10 16 12 31 44 32 38 8 17 29 14

Table 8.3: Graph Edit Distance (GED) matrix. GED(i, j) represents the structural
difference between test molecule i and learn molecule j.

Affinity Difference Matrix:

1 2 3 4 5 6 7 8 9 10
1 0.69 1.67 1.66 3.63 1.06 3.88 1.07 3.94 5.39 0.62
2 0.51 1.49 1.48 3.45 0.88 3.70 0.88 3.75 5.21 0.43
3 0.36 1.34 1.33 3.30 0.73 3.55 0.73 3.60 5.06 0.28
4 0.66 1.64 1.63 3.60 1.03 3.85 1.03 3.91 5.36 0.59
5 0.44 0.54 0.53 2.50 0.07 2.75 0.07 2.80 4.26 0.52
6 0.94 0.04 0.03 2.00 0.57 2.25 0.57 2.30 3.76 1.01
7 0.50 1.48 1.46 3.44 0.86 3.69 0.87 3.74 5.20 0.42
8 0.00 0.98 0.97 2.94 0.37 3.19 0.37 3.24 4.70 0.08
9 0.11 1.09 1.08 3.05 0.48 3.30 0.49 3.36 4.81 0.04
10 0.34 1.32 1.31 3.28 0.71 3.53 0.71 3.59 5.04 0.27

Table 8.4: Affinity Difference matrix. AffinityDiff(i, j) represents the absolute binding
affinity difference between test molecule i and learn molecule j.

Interpretation:

• GED Matrix:

– Each value GED(i, j) represents the structural difference between test molecule
i and learn molecule j.
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• Affinity Difference Matrix:

– Each value AffinityDiff(i, j) is the absolute difference in binding affinities be-
tween test molecule i and learn molecule j.

Figure 8.3: GED vs. Absolute Affinity Difference with Interpretation. Points near the
x-axis for high GED values may indicate unrelated molecules with significant structural
differences, while points far from the x-axis for low GED values suggest minor structural
changes significantly affect binding affinity.

• Analyzing Results:

– Points close to the x-axis (low affinity differences) for higher GED values might
indicate unrelated molecules with significant structural differences.

– Points far from the x-axis (high affinity differences) for low GED values might
suggest minor structural changes significantly affect binding affinity.

8.2 Comparison to Other Methods

The GED-KNN approach is compared to deep learning-based methods, highlighting its
interpretability and efficiency.

nn.py

• Combines KNN and neural network models for affinity prediction.

• Compares prediction performance and visualizes the results.
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8.3 Results and Discussion

This section summarizes the prediction of molecular affinities using Mordred descriptors
and evaluates the performance of K-Nearest Neighbors (KNN) and feedforward Neural
Network (NN) models.
1. Data Preprocessing Ligand structure files (.sdf) and affinity data are read. Mor-
dred descriptors are computed and scaled using MinMaxScaler. The dataset is split into
75% training and 25% testing subsets.

2. KNN Model The KNN model predicts affinities, evaluated using the Mean Square
Error (MSE). Predictions are compared to true values.

3. Feedforward Neural Network A neural network with three hidden layers predicts
affinities. The model architecture includes:

• Input layer for Mordred descriptors.

• Three hidden layers with activation functions.

• Output layer for affinity prediction.

Training loss convergence is monitored through loss curves.

4. Performance Comparison Both models are evaluated using MSE. Results focus on
model accuracy and visual comparison of predicted and true affinities.

5. Summary of Results The KNN model provides baseline predictions, while the
Neural Network demonstrates improved accuracy, as shown by the MSE values and loss
curves.

8.3.1 Neural Network Training Loss Curve

The training loss decreases quickly initially and stabilizes at a low value, indicating the
model is learning effectively. The validation loss fluctuates but remains relatively close
to the training loss, suggesting the model generalizes well but might experience minor
overfitting or noise.
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Figure 8.4: Neural Network Training Loss Curve

8.3.2 KNN vs Neural Network Predictions

The plot compares the true affinities (green line) with KNN predictions (blue line)
and Neural Network predictions (red line). Both models closely follow the true affin-
ity trend, but the Neural Network predictions appear smoother, while KNN predictions
fluctuate more. Some deviations exist, especially for compounds with outlier affinity
values, suggesting areas for further model tuning.
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Figure 8.5: KNN vs Neural Network Predictions

8.3.3 Overall Performance

Overall, both models perform well, with the Neural Network providing slightly smoother
predictions. Fine-tuning hyperparameters or adjusting the data preprocessing (e.g., de-
scriptor scaling) could further improve results.

8.4 Limitations

The following limitations were identified in the current approach:

• Sensitivity to parameter selection in GED: The performance of Graph Edit
Distance (GED) is highly sensitive to the choice of substitution, insertion, and dele-
tion costs. Incorrect parameter tuning can significantly affect similarity calculations
and subsequent predictions.

• Descriptor-based methods may overlook 3D structural information: While
molecular descriptors capture key chemical properties, they primarily focus on 2D
representations of molecules. This can result in the loss of important 3D spatial
information critical for predicting binding affinity.

• Computational complexity of GED: The computation of GED, especially for
large molecular graphs, is computationally expensive. This limits its scalability for
larger datasets or more complex molecules.

• Limited generalizability of models: Models trained on a specific dataset may
not generalize well to other datasets due to differences in molecular structures,
descriptor distributions, or binding properties.
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• Dependence on high-quality input data: The accuracy of predictions heavily
relies on the quality of input data, including correctly formatted ligand files and
reliable affinity measurements. Errors in input data can propagate through the
entire pipeline.

• Simplified molecular representations: The use of simplified molecular graphs
or descriptors may not fully capture dynamic molecular behavior, such as confor-
mational changes or interactions in a biological environment.

• Limited interpretability of neural network models: Although neural net-
works achieve high accuracy, they often lack interpretability, making it difficult to
explain how predictions are generated or identify key features driving the results.
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Chapter 9

Conclusion and Future Work

This work presents a comprehensive approach to molecular affinity prediction by com-
bining structural comparison, machine learning techniques, and visualization
tools. The primary objective was to evaluate whether structural analysis of ligands is
sufficient to predict their biological activity, specifically the pIC50 values.

We compared two structural analysis methods: Graph Edit Distance (GED) and
Mordred descriptor-based techniques. The predictive performance of these methods
was analyzed using K-Nearest Neighbors (KNN), while a neural network (NN)
model integrated with Mordred descriptors served as the reference benchmark (ground
truth).

Key Findings

• GED vs. Affinity: The relationship between GED and affinity differences revealed
a weak positive correlation (Pearson correlation coefficient: 0.3106), suggesting
that structural similarity alone is not always sufficient to predict affinity variations
accurately. Additional factors likely influence the ligand-activity relationship.

• Mordred Descriptors: Descriptor-based methods, particularly when integrated
with neural networks, demonstrated superior predictive performance compared to
GED-based approaches.

• Benchmark Performance: The Mordred + NN model served as an effective
reference standard, offering improved accuracy and highlighting the potential of
descriptor-based machine learning methods.

Novel Contribution

This thesis introduces a novel method that utilizes a real-time structural compar-
ison editor for predicting protein-ligand binding affinity using structural compar-
isons and KNN. By integrating GED and molecular descriptors, this method provides
interpretable insights into the underlying binding mechanisms. Specifically, the tool en-
ables:

• Real-time interaction and editing of protein and ligand structures.

• Integration of machine learning models (GED-KNN, Mordred + NN) for real-time
affinity prediction and comparison.
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• Dynamic visualization of structural changes and their effects on biological activity.

Future Work

Future directions for this work include:

• Exploring Graph Neural Networks (GNNs) to enhance predictive accuracy by
leveraging structural graph-based learning.

• Expanding the dataset to include other protein targets to validate and generalize
the proposed approach across a broader range of biological systems.

In conclusion, while structural comparison methods like GED provide valuable insights,
integrating advanced machine learning models with real-time tools opens new opportu-
nities for accurate, interpretable, and efficient affinity prediction. This thesis lays the
groundwork for further innovations in computational drug discovery and protein-
ligand interaction studies.
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[40] Garćıa-Hernández, C., Fernández, A., and Serratosa, F. (2019). Ligand-based vir-
tual screening using graph edit distance as molecular similarity measure. Journal of
Chemical Information and Modeling, 59(4):1410–1421.
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