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Abstract

The accurate prediction of protein–ligand binding affinities remains one of the cen-
tral challenges in computational drug discovery. Despite decades of methodological
advances in molecular docking and scoring functions, the quantitative reliability of
computational predictions often falls short of experimental accuracy. This disserta-
tion presents a novel framework that integrates physics-based molecular simulations
with modern machine learning architectures to achieve state-of-the-art binding affin-
ity prediction.

We introduce the Ensemble Graph Attention Network (EGAN), a deep learn-
ing architecture that operates directly on three-dimensional protein–ligand complex
representations. Unlike conventional methods that rely on hand-crafted geometric
features, EGAN learns interaction fingerprints through a hierarchical attention mech-
anism that captures both local atomic environments and global topological patterns.
The model is trained on a curated dataset of 14,000 experimentally measured binding
constants spanning seven major protein families.

Our results demonstrate a Pearson correlation coefficient of R = 0.89 on inde-
pendent test sets, representing a 23% improvement over the best-performing classical
scoring functions. We further show that EGAN generalizes effectively to challeng-
ing targets including intrinsically disordered proteins and metalloenzymes, domains
where traditional docking approaches consistently underperform. Ablation studies
confirm that the graph attention mechanism contributes significantly to model per-
formance, with attention weights aligning with experimentally validated binding hot
spots.

This work establishes a foundation for integrating deep learning into structure-

based drug design pipelines and suggests that hybrid physics-informed neural archi-

tectures represent a promising direction for the next generation of computational drug

discovery tools.
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CHAPTER 1

Introduction

1.1 Motivation and Significance

The discovery and development of new pharmaceutical compounds remains an ex-

traordinarily resource-intensive endeavor, with the average cost of bringing a single

drug to market exceeding $2.6 billion and timelines stretching beyond a decade [1].

At the heart of this challenge lies a fundamental molecular recognition problem: pre-

dicting how strongly a small molecule ligand will bind to its target protein. Ac-

curate binding affinity predictions can dramatically reduce the experimental burden

of early-stage drug discovery by enabling computational prioritization of candidate

molecules [2].

Structure-based drug design (SBDD) leverages the three-dimensional struc-

tures of protein targets to guide the optimization of lead compounds. Molecular

docking — the computational prediction of ligand binding poses and energies — has

served as the workhorse of SBDD for over three decades [3]. Classical scoring func-

tions, which estimate binding free energy through simplified physical models incor-

porating terms for van der Waals interactions, electrostatics, hydrogen bonding, and

desolvation, offer computational efficiency but often sacrifice quantitative accuracy.
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Key Insight

The central limitation of classical scoring functions is their reliance on linear

additive energy models. Protein–ligand binding is fundamentally governed by

non-additive effects including conformational entropy, solvent reorganization,

and cooperative hydrogen bond networks — phenomena that linear models

cannot adequately capture.

1.2 The Binding Affinity Prediction Problem

Formally, the binding affinity prediction problem can be stated as follows: given a

protein structure P and a ligand structure L, predict the equilibrium dissociation

constant Kd or the binding free energy ∆Gbind, related by the thermodynamic rela-

tionship:

∆Gbind = −RT lnKd = ∆Hbind − T∆Sbind (1.1)

where R is the gas constant, T is the absolute temperature, ∆Hbind is the

binding enthalpy, and ∆Sbind is the binding entropy. The challenge lies in the fact

that ∆Gbind is typically on the order of −5 to −15 kcal/mol, representing a small

difference between large opposing energetic contributions [4].

1.3 Contributions of This Dissertation

This dissertation makes four primary contributions to the field of computational bind-

ing affinity prediction:

(1) The Ensemble Graph Attention Network (EGAN), a novel deep learning archi-

tecture that operates on protein–ligand complex graphs with physics-informed

attention mechanisms.
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(2) A comprehensive benchmarking framework for evaluating binding affinity predic-

tors across diverse protein families, including intrinsically disordered regions and

metalloproteins.

(3) An integrated computational pipeline that combines molecular dynamics sam-

pling with graph neural network predictions, achieving state-of-the-art accuracy

on standard benchmarks.

(4) A systematic analysis of attention weight distributions that reveals interpretable

patterns corresponding to experimentally validated binding hot spots.

1.4 Organization of the Dissertation

The remainder of this dissertation is organized as follows. Chapter 2 provides essen-

tial background on molecular recognition, classical scoring functions, and the applica-

tion of graph neural networks to molecular property prediction. Chapter 3 describes

the EGAN architecture in detail, including the ensemble sampling strategy and the

physics-informed attention mechanism. Chapter 4 presents comprehensive bench-

marking results across multiple protein families and compares EGAN performance

against established methods. Chapter 5 discusses implications for drug discovery,

limitations of the current approach, and directions for future research.
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CHAPTER 2

Background and Related Work

2.1 Classical Approaches to Binding Affinity Pre-

diction

Classical scoring functions can be broadly categorized into three families: force-field-

based, empirical, and knowledge-based [5]. Force-field-based methods compute non-

bonded interaction energies using molecular mechanics potentials, typically with an

AMBER or CHARMM parameterization. Empirical scoring functions fit weighted

sums of physically motivated terms to experimental binding data. Knowledge-based

potentials derive statistical pair potentials from the frequency of interatomic contacts

observed in structural databases.

Table 2.1 summarizes the key characteristics of representative scoring functions

from each family.
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Table 2.1: Representative scoring functions across three classical families.

Function Core Methodology Type Year

AutoDock Vina Hybrid empirical/knowledge-based
scoring

Empirical 2010

GlideScore SP Force-field with empirical
hydrophobic term

Force-field 2004

DrugScore Distance-dependent pair potentials
from PDB statistics

Knowledge-based 2006

X-Score Atomic-level empirical scoring with
desolvation

Empirical 2002

PMF04 Statistical potential with
protein-specific corrections

Knowledge-based 2004

GoldScore Genetic algorithm-optimized
hydrogen bonding terms

Empirical 1997

DSX Distance-scaled finite ideal-gas
reference state

Knowledge-based 2011

2.2 Deep Learning in Molecular Property Predic-

tion

Recent years have witnessed an explosion of interest in applying deep learning to

molecular problems. Graph neural networks (GNNs) have emerged as a particularly

natural framework for modeling molecular structures, where atoms represent nodes

and bonds represent edges [6]. The message-passing paradigm, in which node repre-

sentations are iteratively updated by aggregating information from neighboring nodes,

provides a flexible inductive bias well-suited to chemical systems.

2.2.1 Graph Neural Network Architectures

The fundamental operation in a message-passing neural network can be expressed as:

h(k+1)
v = U

h(k)
v ,

⊕
u∈N (v)

M
(
h(k)
v ,h(k)

u , evu
) (2.1)
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where h
(k)
v is the feature vector of node v at layer k, N (v) denotes the neighbors

of v, evu is the edge feature between nodes v and u, M is the message function,
⊕

is

a permutation-invariant aggregation operator (typically sum, mean, or max), and U

is the update function. Both M and U are implemented as learnable neural network

layers.

2.2.2 Application to Binding Affinity Prediction

Several groups have applied GNN architectures to binding affinity prediction with

promising results. The PDBbind benchmark dataset [7] provides a standardized eval-

uation framework, containing approximately 19,000 protein–ligand complexes with

experimentally measured binding constants. State-of-the-art GNN-based methods

achieve Pearson correlation coefficients in the range of R = 0.80 to 0.84 on PDBbind

core sets, representing substantial improvements over classical scoring functions.

Limitations of Current Approaches

Most existing deep learning methods for binding affinity prediction operate ex-

clusively on ligand structures, treating the protein environment implicitly or

through pre-computed descriptors. This simplification discards critical infor-

mation about protein conformational dynamics, solvent effects, and long-range

electrostatic interactions that are known to modulate binding thermodynamics.

2.3 Ensemble Methods in Computational Chem-

istry

Molecular recognition occurs on rugged free energy landscapes characterized by multi-

ple local minima separated by appreciable kinetic barriers. Single-structure represen-

tations — whether from X-ray crystallography, NMR spectroscopy, or single docking

poses — capture only one snapshot of this dynamic equilibrium. Ensemble methods
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address this limitation by sampling multiple conformations and weighting predictions

by their thermodynamic populations [8].

The EGAN architecture introduced in this work extends the ensemble paradigm

to graph neural networks. Rather than operating on a single protein–ligand complex

graph, EGAN processes an ensemble of conformations sampled from molecular dy-

namics trajectories, with an attention mechanism that learns to weight conformations

according to their relevance for binding affinity prediction. This approach bridges the

gap between the statistical mechanical foundations of binding thermodynamics and

the representational power of modern deep learning.
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