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Abstract

PROteolysis TArgeting Chimeras (PROTACs) are molecules that induce the degradation of
targeted proteins by hijacking the ubiquitin–proteasome system in the cell. A PROTAC binds
simultaneously to an E3 ligase and a protein of interest (POI), forming a ternary complex. The
ubiquitin–proteasome system tags the POI with ubiquitin, marking it for degradation by the
proteasome. The formation of a good ternary complex is essential for the ubiquitination and
subsequent degradation of the POI.

Being able to accurately model ternary complexes thus provides critical advantages in the
development of PROTACs; however, data on PROTACs and their crystallized ternary
complexes are limited. Accurate predictions of these structures are desirable, but current
computational methods struggle to simulate the interactions between the PROTAC and both
proteins simultaneously.

AlphaFold, a machine learning tool, has been shown to accurately predict protein complexes.
Yet, research on applying AlphaFold to predict ternary complexes is scarce. In the first part
of this thesis, the ternary complex was modeled using AlphaFold by utilizing the sequences of
both natural and artificially linked POIs and E3 ligase. Nevertheless, it was determined that
AlphaFold was unable to accurately predict these complexes, reasonably because it was not
able to take the PROTAC into account in the predictions.

The second part of this thesis focused on generating data on PROTAC substructures,
essential for the development of these molecules. Despite the availability of such data,
obtaining high-quality data on substructures of specific PROTACs can be challenging and
time-consuming. To address this, the PROTAC Splitter, a novel machine learning tool based
on graph neural networks, was developed to predict these substructures. The PROTAC
Splitter predicts 99.7% of PROTACs, with known substructures, to a maximal error of 6
atoms wrong between the boundaries of the ligands and linker. It generalizes to PROTACs
with three unknown substructures, where 23.1% of these predictions satisfy the same criteria.
The code for the PROTAC splitter is available at
https://github.com/AndersKallberg/PROTAC_splitter. Although accurate predictions of
ternary complexes remain challenging, the PROTAC Splitter makes the substructures easily
accessible to anyone in this field of research.

In summary, the work presented in this thesis answers scientific questions in two complementary
areas of PROTAC development: (1) ternary (protein) structure prediction, and (2) PROTAC
component prediction. This information is limited and valuable, and accurate predictions of
these could accelerate the discovery of effective PROTACs and help in the fight against disease.

Keywords: PROTAC, Ternary Structure, Substructures, AlphaFold, Protein Structure
Prediction, Graph Neural Networks, Node Prediction, Link Prediction, Machine Learning, AI.
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1
Introduction

PROteolysis TArgeting Chimeras (PROTACs) are molecules that induce the degradation of
targeted proteins and show potential as a treatment for a range of diseases including
neurodegenerative diseases, in�ammatory diseases, cancers, and viral infections [1, 2].
Designing e�ective PROTACs is challenging, and current methods are mostly empirical [3].
Although computational methods for optimizing PROTAC degradation capacity hold
promise, they face multiple limitations due to the complex mechanism involving many
interactions and their initial design for small molecules rather than PROTACs [4].

A PROTAC consists of three substructures with distinct roles in its mechanism of action,
making them crucial for designing and optimizing PROTACs. Yet, no publicly available tool
currently predicts the substructures of a PROTAC, complicating their e�ective utilization in
various projects.

Research using machine learning to predict PROTAC degradation capacity is scarce. Only
one study has utilized the substructures and structural information of PROTAC-binding
pockets to predict its degradation capacity [5]. Despite that the full structure of the
PROTAC-protein complex is critical for its e�ectiveness [3, 6], no literature was found that
predicted the degradation capacity using this information.

Predicting the degradation capacity of PROTACs is challenging, partly due to the limited
amount and diversity of data. This thesis explores novel machine learning methods to expand
the publicly available data, to allow for better predictions of degradation capacity.
Speci�cally, it focuses on predicting PROTAC-protein complexes with AlphaFold and
developing a novel machine learning tool for predicting PROTAC substructures. Accurate
predictions of protein complexes and substructures could signi�cantly aid in the design and
development of new PROTACs, potentially reducing costs and shortening the time to
discovery in early drug development, and thereby saving lives.
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2
Background

2.1 The Ubiquitin�Proteasome System

PROTACs facilitate protein degradation by hijacking the cell's ubiquitin�proteasome system
(UPS) [2]. A PROTAC targets a protein for degradation by directing the UPS to degrade it.
The UPS naturally degrades proteins by tagging them with ubiquitin, a small protein of 76
amino acids [7]. This tagging directs the marked protein to the proteasome for degradation.

The process involves three critical types of proteins: E3 ubiquitin ligase (E3 ligase), E2
ubiquitin-conjugation enzyme (E2 enzyme), and E1 ubiquitin-activating enzyme (E1 enzyme)
[7]. The E1 enzyme �rst binds to ubiquitin and facilitates the activation of ubiquitin by ATP.
After activation, the E1 enzyme transfers the ubiquitin to the E2 enzyme and it forms a
thioester bond at a cysteine residue. The E2 enzyme then interacts with the E3 ligase and
the substrate protein to transfer ubiquitin to a lysine residue on the substrate protein,
forming an iso-peptide bond.

The mechanism by which ubiquitin is transferred to the substrate varies by the class of E3
ligase. It can occur directly from the E2 enzyme to the substrate or indirectly through the E3
ligase [2]. A protein can be tagged with one or several ubiquitins; additional ubiquitins can
attach either to other lysine residues on the substrate or to previously attached ubiquitins [8].
Once tagged, the protein is degraded by the proteasome.

2.2 PROTAC Structure and Mechanism of Action

PROTACs are engineered to bind simultaneously to a protein of interest (POI) implicated in
a speci�c disease pathway and an E3 ligase [2]. By binding to both the POI and E3 ligase,
PROTACs facilitate the formation of a ternary complex, bringing these proteins into proximity.
The ternary complex interacts with the UPS similarly to how a natural substrate protein would,
leading to the ubiquitination and subsequent degradation of the POI. This process is illustrated
in Figure 2.1.

PROTACs reversibly bind to the POI, enabling them to be reused in subsequent cycles to recruit
additional POI and E3 ligase pairs. This allows PROTACs to act as catalysts, facilitating
degradation of proteins that normally do not occur in the cell and can be reused after each
reaction [3].

3



2. Background

Figure 2.1: An overview over the mechanism of a PROTAC and the
ubiquitin-proteasome system. An image was retrieved from [2] and adapted to this
work.

A PROTAC consists of two ligands joined together by a molecular linker [1]. One ligand binds
to the POI targeted for degradation, and the other to an E3 ligase. These ligands are known
as thewarheadand the E3 ligand, respectively. The linker not only facilitates the formation of
the ternary complex but also signi�cantly in�uences the degradation capacity, selectivity, and
binding strength between the POI and E3 ligase [9, 2]. Additionally, it a�ects the PROTAC's
solubility and biological properties, such as membrane permeability, metabolic stability, and
biodistribution. The design of linkers varies, with no universally applicable method; the optimal
length, composition, and rigidity depend on the speci�c E3 ligand and warhead. Figure 2.2
presents an example of a PROTAC, highlighting its substructures and arti�cial attachment
points, which illustrate how the components are connected within the PROTAC.

Figure 2.2: Example of a PROTAC (left) and its warhead (center left), linker (center
right) and E3 ligand (right).

Generally, a the complex a PROTAC induces includes a POI, PROTAC, E3 ligase, but also
adaptor proteins, sca�olding proteins, and an E2 enzyme [7]. Adaptor proteins bind the E3
ligase, connecting it to the sca�olding proteins, which in turn bind the E2 enzyme. Figure 2.3
shows an example of a PROTAC complex.

An "E3 ligase" is not an speci�c protein, but rather a family of >600 proteins in the human
proteome [11]. Combined with the fact that di�erent E3 ligases can recruit di�erent adaptor
and sca�olding proteins it further increases the complexity of this �eld of study. Another layer
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2.3. PROTAC Degradation Metrics

Figure 2.3: Example of a PROTAC complex. The E2 Enzyme and Ubiquitin are not
displayed. An image was retrieved from [10] and adapted to this work.

of complexity is that ubiquitination of one POI and a speci�c E3 ligase have been shown to
increase stability of the POI [12].

Despite the complexity of the �eld, Crowe 2024 et. al. have proposed a mechanistic theory
explaining the likelihood of ubiquitination of a POI. According to this theory, lysines on the
POI that are closer and properly oriented towards the E2-ubiquitin thioester bond are more
likely to be ubiquitinated. This ubiquitination depends on the proximity and orientation of
the POI, particularly whether proximate lysines are positioned towards or away from the
E2-ubiquitin bond. These factors are critical in determining the selectivity of
PROTAC-mediated ubiquitination. Additionally, the �exibility of the complex enables it to
ubiquitinate multiple lysines on the POI and to target already ubiquitinated lysines for
further tagging. Thus, it is not merely the formation of a ternary complex that dictates the
degradation capability of a PROTAC, but also its structural arrangement that ensures lysines
are accessible to the E2-ubiquitin thioester bond.

2.3 PROTAC Degradation Metrics

The e�cacy of a PROTAC is quanti�ed by two key metrics: the maximal degradation
percentage of the POI, DMax , and the concentration of PROTAC required to degrade 50% of
the maximum amount of the POI, designated DC50 [2]. These metrics are depicted in Figure
2.4. Also illustrated in this Figure is the Hook e�ect, which represents a decrease in
degradation e�ciency at higher PROTAC concentrations. This e�ect arises when the
concentrations of PROTAC are relatively high compared to those of the POI and E3 ligase,
increasing the likelihood that the POI and E3 ligase bind to separate PROTAC molecules,
thus inhibiting the formation of e�ective ternary complexes. Figure 2.4 serves an educational
purpose, demonstrating the typical characteristics of a degradation pro�le, but it does not
perfectly capture all nuances of degradation pro�les.

5



2. Background

Figure 2.4: A degradation pro�le for a PROTAC. The �gure was created using
Biorender.

2.4 PROTACs from a Pharmaceutical Perspective

Historically, the pharmaceutical industry has relied on small molecules to target proteins for
disease treatment. Yet, many proteins lack targetable or functional binding pockets,
categorizing them as "undruggable" [13]. PROTACs have demonstrated the capability to
degrade several of these undruggable proteins [14, 15], promising to broaden the spectrum of
targetable proteins. Unlike small molecules, PROTACs do not require binding to functional
pockets, due to their distinct mechanism of action [9].

Compared to small molecule inhibitors, which modulate protein function by binding, PROTACs
eliminate the protein entirely. This often allows for lower dosages because PROTACs utilize
a catalytic mechanism rather than an occupancy-driven one, which small molecule inhibitors
does. For instance, an exceptionally e�ective PROTAC have achieved a DMax of 99% and a
DC50 of 0.01 nM for the androgen receptor [16], which highlights their potential for reduced side
e�ects and toxicity due to lower required concentrations [17]. However, designing PROTACs
with optimal properties remains challenging due to their complex structure [18] and the fact
that they do not conform to "Lipinski's Rule of 5" for designing drugs [19]. Additionally,
PROTACs generally exhibit lower oral bioavailability, solubility, and permeability compared to
small molecules. The prediction of these properties in PROTACs is particularly di�cult due
to their complexity and the limited data available [4].

Small molecules can be repurposed as warheads for PROTACs, enhancing selectivity beyond
that of the small molecule alone. This increased selectivity stems from the speci�c interactions
within the ternary complex formed between the POI, PROTAC, and E3 ligase [20], as supported
by the proposed theory by Crowe 2024 et. al..

As of 2022, 23 PROTACs have entered clinical trials, 20 of which target various cancers [21].
PROTACs have also been developed against other age related diseases, such as Alzheimer's
disease, where they target the Tau protein [22, 23] (not in clinical trials).

PROTACs belong to class of molecules named targeted protein degraders, which also includes
'molecular glues' [10]. Although generally smaller, molecular glues operate similarly by forming
a ternary complex with a POI and E3 ligase to ubiquitinate and degrade the POI. Figure 2.5
provides an example of such a complex, although the E2 enzyme and ubiquitin are not displayed
.

6



2.5. Available Data

Figure 2.5: Comparison of complex structures mediated by a molecular glue and
PROTAC. An image was retrieved from [24] and adapted to this work.

2.5 Available Data

The two primary public databases for PROTACs, PROTAC DB [25] and PROTAC Pedia [26],
catalog information on PROTAC structure and substructures (SMILES), UniProt ID of the
POI and E3 ligase, PDB ID, DMax, DC50, and physicochemical properties. Together, these
databases cover approximately 5000 PROTACs. However, speci�c data types, such as PDB
IDs for ternary complex crystal structures, are limited; PROTAC DB contains only 18 entries
with such PDB IDs.

2.6 Protein Crystal Structures

X-ray crystallography is a pivotal method in structural biology, o�ering a detailed
three-dimensional map of atomic positions within proteins [27]. This map is crucial for
understanding the mechanistic aspects of protein functions and interactions. However,
crystallizing proteins poses signi�cant challenges. The process involves purifying the protein,
experimenting with various crystallization conditions to promote crystal growth, and
ultimately growing crystals that are suitable for high-resolution di�raction. Each step can be
time-consuming and labor-intensive, often requiring a trial-and-error approach to identify
optimal conditions.

As of 2024, there exists 190 000 structures in the Protein Data Bank (PDB) [28]. This has
allowed the development protein structure prediction tools, such as AlphaFold [29], which are
based on machine learning (see Section 2.8 for details).

2.7 Applying Conventional Computational Tools for
PROTACs

Once the protein structure is obtained, various computational tools can be employed, such as
Molecular dynamics (MD) and Docking simulations. MD simulations is a type of method for
simulating the motion of atoms and molecules by calculating force �elds and applying
Newtons laws of motion to calculate the evolution of the system [30]. In the context of
PROTACs, MD is useful for identifying binding sites, predicting binding a�nities, [4],
generating a conformal ensemble of a protein to utilize in docking [31]. MD have been used to
analyse the protein-protein interfaces of PROTAC ternary complexes, as well as to evaluate
PROTAC binding a�nity and cooperativity [32], and scoring plausible ternary complexes
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2. Background

[33]. MD have also been successfully utilized to predict PROTAC dissociation constants and
the a parameter which characterizes the hook-e�ect [34]. However, MD is challenging because
there are many interacting components that need to be simulated with short time steps (1� 2
fs per step), which requires large computational resources for longer simulations. Also, if a
binding event is rare, as the binding strength is weak, it may require a long time.

Docking simulates molecular interactions between molecules and proteins [35], where these may
be rigid or �exible bodies, in contrast to MD which simulates movements down to the level of
atoms. This makes docking faster than MD. Docking can be used to predict binding modes
and binding a�nities of molecules to proteins, which can be used to screen for molecules that
bind to a target protein.

Custom made tools and protocols have been developed to predict experimental PROTAC
ternary structures, but the success of these have so far been limited [34]. The di�culty of
predicting the ternary structure can partly be attributed to that the task combines the challenge
of protein-protein docking with protein-ligand docking simultaneously, and current docking
tools do not sample poses of small molecules and proteins simultaneously [4].

Quantitative Structure-Activity Relationship (QSAR) models, which are widely used in drug
discovery, utilize molecular descriptors to predict properties of molecules using a variety of
mapping functions [36]. These functions can predict either numerical values or categories. The
range of mapping functions includes multiple linear regression, nonlinear regression, partial
least squares, and linear discriminant analysis, as well as more complex models like Bayesian
classi�ers, decision trees, k-nearest neighbors, support vector machines, and neural networks.
Generally, it is di�cult to build e�ective QSAR models with limited data, as is the case for
PROTACs.

2.8 AlphaFold

AlphaFold2 is a deep learning tool which represents a signi�cant advancement in the �eld of
computational biology by addressing the protein folding problem [29]. This problem, which has
challenged researchers for over half a century, involves predicting a protein's three-dimensional
structure from its amino acid sequence.

AlphaFold2 predicts protein structures by utilizing publicly available protein crystal
structures from the Protein Data Bank (PDB). It uses the amino acid sequence of a protein
to search databases, creating multiple sequence alignments (MSA) and identifying similar
sequences used as structural templates. These are encoded and processed in a unique neural
network architecture, where the MSA representation and structural representation iteratively
update each other. A structure model then uses these representations to formulate a 3D
structure adhering to physiochemical constraints such as bond angles and distances. To re�ne
this predicted structure further, the predicted structure undergoes three additional iterations
through AlphaFold2, followed by energy minimization to correct any stereochemical
inaccuracies.

AlphaFold2 have been shown to be able to predict multimer interactions by joining proteins
with a �exible linker, despite it being trained on single chain proteins [37]. However, it remained
a challenge in many cases. To this end, AlphaFold-Multimer was developed and it is a model
that is speci�cally trained on multimeric protein complexes and it show an improved accuracy
at predicting multimers than AlphaFold2.
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Originally publicized in July 2021, AlphaFold2 enhanced the foundational model by
improving accuracy and expanding functionality. Building on this, AlphaFold3 was released
in May 2024, showcasing superior accuracy in predicting protein-protein interactions, and is
now also capable of predicting the structure of proteins interacting with ions, small molecules
and nucleic acids, as well as to predict protein structures with modi�ed residues [38].
AlphaFold3 predicts protein-ligand, protein-nucleic acid, and antibody-antigen interactions
more accurately than state of the art docking tools, nucleic-acid-speci�c predictors and
AlphaFold-Multimer respectively.

2.9 Molecular Representations

2.9.1 SMILES and Molecular Graphs

The Simpli�ed Molecular Input Line Entry System (SMILES) [39] is a method for
representing molecular structures and is extensively utilized in chemoinformatics. SMILES
notations are human-readable; for instance, the SMILES representation for ethanol is 'CCO'.
In this format, hydrogens and bond orders are implicitly understood. Despite being a linear
text sequence, SMILES can encode more complex 2D and 3D features, such as rings and
chiral centers respectively. Furthermore, multiple SMILES notations can describe the same
molecule (e.g., 'OCC' and 'C(O)C' for ethanol), it is possible to standardize these variations
to a so called canonical SMILES (in this case 'CCO'), which is crucial for data processing.
Not all SMILES strings are valid; for instance, 'C1CO' suggests a ring structure beginning at
the �rst carbon without a designated endpoint, representing an example of invalid grammar.
Meanwhile, 'CC#O' implies a triple bond to an oxygen atom, which, although grammatically
correct, is chemically invalid. These examples underscore the importance of using SMILES
notation that accurately corresponds to chemically valid molecules.

Molecular graphs use graph theory to represent molecules, where atoms are represented as
nodes and bonds as edges [40]. This forms a two-dimensional representation of nodes and
edges with chemical and structural information that can be embedded one-to-one from atoms
and bonds.

By drawing further upon graph theory, graph centralities can be calculated and embedded into
the nodes [41]. A graph centrality quanti�es the importance of nodes within the network, using
a given formula. Essentially it encodes information which is purely related to the structure
of the graph. Common centrality measures includeBetweenness, Closeness, and Eigenvector
centrality .

Betweennesscentrality measures the extent to which a node appears on the shortest paths
between other nodes. This is useful for identifying nodes that act as bridges between di�erent
clusters within the graph.

Closenesscentrality re�ects how close a node is to all other nodes in the graph, calculated as
the inverse of the sum of the shortest path distances from the node to all others. This measure
highlights nodes that can quickly connect to all other nodes.

Eigenvector centrality evaluates how in�uential a node is, considering both the number and the
signi�cance of its connections. A node linked to other highly connected nodes will have a high
eigenvector centrality, indicating its in�uence within the network.

9



2. Background

2.9.2 Fingerprints

Molecular �ngerprints are vectors that capture structural and molecular properties of a molecule
[42]. These vectors can be binary, indicating the presence or absence of various substructures,
or count-based, recording the frequency of each substructure. Although most �ngerprints only
capture 2D information from the molecular graph, it is also possible to include information
from a molecule's 3D structure.

In this work, the count-based Extended-Connectivity Fingerprint (ECFP) and Topological
�ngerprint (RDKitFP) in RDKit were utilized [43]. The ECFP, commonly referred to as
ECFP4 when using a standard radius of 2, is the most commonly used �ngerprint and it
captures structures within a circular neighborhood around each atom up to a diameter of four
atoms [42]. Figure 2.6 presents simpli�ed examples of these �ngerprints, highlighting structures
associated with speci�c atoms, although each �ngerprint aggregates information from every
atom in the molecule.

(a) Morgan �ngerprint (b) Path �ngerprint

Figure 2.6: Examples of molecular �ngerprints, inspired by [44]. The illustration
focuses on one atom, where as the full �ngerprints uses information from all atoms.

2.9.3 Murcko Sca�olds and Frameworks

A Murcko Framework is a molecular representation consisting of all ring systems and linker
atoms that connect them [45]. This representation is useful for grouping similar molecules
and emphasizing the core structure of a molecule. Unlike Murcko Frameworks, the Python
library RDKit generates Murcko Sca�olds, which includes the framework plus all attached
non-rotatable systems [43]. However, RDKit's documentation is unclear, as it de�nes Murcko
Sca�olds to be Murcko Frameworks, yet it is not exactly true, so the exact de�nition RDKit
uses for a Murcko Sca�old is unknown.

Further, Murcko Frameworks can be abstracted to what is sometimes called a Graph
Framework, where atoms and bonds are represented generically [45, 43]. Figure 2.7 shows
examples of a Murcko Sca�old and a Graph Framework for a PROTAC and its substructures.
Note that substructures in the Figure are marked with arti�cial attachment points indicated
by a star "*" and a number which indicates how the substructures connect to each other. In
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this work *:1 will always refer to the warhead-linker boundary and *:2 to the E3 ligase-linker
boundary.

It is important to note that generating a Murcko Sca�old or Graph Framework for a linker
typically returns no atoms, as linkers generally lack rings. For this study, the de�nition for
linkers has been adapted: �rst, a ring is attached at each attachment point; then, the Murcko
Sca�old or Graph Framework is derived; �nally, these rings are removed.

(a) Example of a PROTAC and its substructures with attachment points (A copy of Figure 2.2).

(b) Murcko sca�olds of the PROTAC and its substructures.

(c) Graph frameworks of the PROTAC and its substructures.

Figure 2.7: Example of a PROTAC and its substructures, represented as molecules
with attachment points, as Murcko Sca�olds and Graph Frameworks.

2.10 Molecular Similarity

Molecular similarity is commonly quanti�ed using Tanimoto similarity, a standard method that
uses a pair of molecular �ngerprints [42]. This similarity metric is calculated as:

jA \ B j
jA [ B j

where A and B represent the sets of structural properties in molecules A and B. For clarity, the
Tanimoto similarity is the fraction over the amount of structural properties that the molecules
share (intersection) to the amount of structural properties they have combined (union). While
other measures exist in literature, this thesis only utilizes the Tanimoto similarity.
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As an example, Figure 2.8 compares two PROTACs with identical warheads and E3 ligands
but have di�erent linkers. The molecular similarity between the complete PROTAC structures
is approximately 0.7, signi�cantly higher than the similarity of just their linkers, which is about
0.03. These similarities were calculated using both Morgan and Path �ngerprints.

(a) PROTAC similarity: *0.67, **0.74

(b) Linker similarity: *0.02, **0.04

Figure 2.8: Tanimoto similarity between the PROTACs and their respective linkers,
using a *Morgan �ngerprint and the **Path �ngerprint. The warheads and E3 ligands
are identical.

2.11 Machine Learning

Machine learning encompasses a variety of methods aimed at clustering data, reducing
dimensions, and visualizing high-dimensional data, as well as techniques for making numerical
and categorical predictions [46]. A speci�c subset of machine learning includes neural
networks, such as feedforward neural networks and graph neural networks, which process
one-dimensional data and graph-based data, respectively.

Elementary concepts of machine learning will be further detailed in Appendix A. This section
will include de�nitions of commonly used evaluation metrics and essential concepts such as
regression, classi�cation, data leakage, data imbalance, learning rate, batch size, epoch,
over�tting, regularization, hyperparameter optimization, and cross-validation.

2.11.1 Feed-forward Neural Networks

Feed-forward neural networks are a foundational type of arti�cial neural network [47]. This
architecture channels information straight through from input to output, with data moving
in one direction across multiple layers, each of which performs di�erent transformations on
its inputs. Feed-forward networks consists of an input, hidden, and output layers, which are
trained to minimize the error between a predicted and true value, using a loss function. With
the Universal approximation theorem, it is shown that feed-forward networks can approximate
a wide range of functions, making them applicable for a broad range of tasks.
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2.11.2 Graph Neural Networks

Graph neural networks (GNNs) are a specialized type of neural network designed to directly
operate on the graph structure, making them well-suited for processing data represented in
graphs [48]. These networks e�ciently capture the dependency relationships within the data
by leveraging the structural information of the graph. This capability allows them to learn
from not just the features of individual nodes and edges, but also from the connections between
nodes.

GNNs process graph-structured data by aggregating information from neighboring nodes and
edges through a technique known as message passing [48]. In each layer of a GNN, nodes
update their states by processing and combining features from their own attributes and those
of adjacent nodes. These updates are facilitated by an update function, which merges these
features to create a new state for each node. There are various types of layers, each with
di�erent update functions, but all possess a set of trainable parameters that enable learning
from the data. The output of a GNN varies according to the speci�c task: it can produce
node-level predictions (e.g., classifying types of users in a social network), edge-level predictions
(e.g., predicting interactions between proteins), or graph-level outputs (e.g., classifying entire
molecular graphs as toxic or non-toxic).

2.12 Related Work

This thesis project builds upon a previous thesis [44], with the aim of creating a deep learning
model which predicts if a PROTAC is is an e�ective degrader or not. The previous project
used various deep learning models (Feed-forward, Transformer, Graph Neural Network, and
XGBoost) multiple molecular representations (�ngerprints, graphs, SMILES) and used various
protein descriptors (amino acid sequence, cell type and E3 ligase type) to classify if a degrader
is active or not. The best model in this study used XGBoost and the author reasons that one
possible reason for this could be that the other deep learning models su�er more from the lack
of data. It was highlighted that the 3D information of ternary complexes could enhance the
accuracy and explainability of the model, however, this data is even more limited.

In March 2024, a preprint was published examining AlphaFold-Multimer's capability to predict
protein-protein interfaces within PROTAC ternary structures [49]. While AlphaFold-Multimer
accurately predicted most large and small interfaces in this study, including interfaces mediated
by ligands, it struggled with PROTAC-mediated interfaces. The authors suggest this limitation
arises because AlphaFold-Multimer was trained on naturally occurring complexes, whereas
ternary structure interfaces are arti�cially induced by PROTACs and do not occur naturally.

In the context of machine learning applications to PROTAC degradation, only one study,
DeepPROTAC, has been identi�ed that utilizes 3D structural information of the POI and E3
ligase, likewise its the only found study which utilized substructures for predicting if a PROTAC
is active (which they de�ne as DC50 < 100 nM and DMax > 80%) [5]. This study used graph
neural networks to encode the ligands and binding pockets, with the linker represented as
SMILES and encoded using a Long Short-Term Memory network.

Research on the use of machine learning to predict DC50 remains scarce. Besides the previous
thesis and DeepPROTAC, only two other studies have been identi�ed that use machine learning
to score DC50 within a generative model for PROTAC design [50] [51]. To date, no published
machine learning model predicts DC50 by fully utilizing the ternary structure, despite its crucial
role in PROTAC e�cacy.
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No literature was found on using machine learning to predict PROTAC substructures. However,
unpublished work by Stefano Ribes explored using transformers to predict the SMILES of
the three substructures, framing it as a text-to-text translation task. However, the model
sometimes generated invalid SMILES, incorrectly predicted the number of substructures, and
produced substructures with incorrect numbers of atoms compared to the original PROTACs.
Only 11 % of the PROTACs in the validation set were successfully split with no mistakes. The
limited performance was explained by the limited amount of available data, as transformers
tend to require much data to be trained.
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3
Predicting Ternary Complex

Structure with AlphaFold

AlphaFold2 [29] and AlphaFold-Multimer [37] were used for the purpose of generating the
structure of ternary complexes and including 3D structural information in the model. The
rationale for seeking 3D structural information is that the formation of the complex is
essential for the degradation of the POI. Hence, there should be information about the
proteins, PROTAC, and their interactions, which would indicate their ability to form a
complex leading to the degradation of the POI. AlphaFold2 and AlphaFold-Multimer were
chosen because they has been shown to work well for protein folding and were readily
available for use at the start of this master's project.

3.1 Method

3.1.1 Data Preparation

The PDB IDs were obtained from PROTAC-DB [52], and the corresponding protein sequences
for the POI and E3 ligase were retrieved from the PDB entries. The referenced UniProt IDs
within each PDB-page were also retrived and are presented in Appendix B.3 in Table B.1. Some
sequences from the PDB included point mutations or arti�cial sequences, such as 6xHis tags,
which are left overs from the crystallization procedure. To simplify the analysis and reduce
the number of simulations, the Longest Common Sequence (LCS) was identi�ed and used for
proteins that appeared in multiple crystal structures. An example of an LCS is provided in
Appendix B.1.

As there are crystal structures with similar amino acid sequences between the POI and E3
ligase, these were grouped into "complex groups." PDB IDs were assigned a complex group
based on its similarity to the amino acid sequences in other PDB IDs. BRD4 which has two
distinct PROTAC binding domains that have been crystallized separately with VHL, so despite
originating from the same protein, the crystallized sequences of the two binding domains di�er,
which is why it is listed twice in Table 3.1. A representative crystal structure from each group
was selected based on the highest resolution available in the PDB. It was veri�ed that the
chosen reference structure did not signi�cantly di�er structurally from other structures within
the same complex group. The representative crystal structures selected are listed in Table 3.1,
along with the remaining PDB IDs in that group. This selection process aimed to minimize the
number of comparisons required for each analysis. It's important to note that the resolution
pertains to the entire complex, which may include additional proteins beyond the POI and
E3 ligase. Additionally, the PDB structures within the same complex group might contain
di�erent PROTACs. Further details on these PROTACs are available in Appendix B.6.
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3. Predicting Ternary Complex Structure with AlphaFold

Table 3.1: Summary of POI and E3 ligase pairs with the chosen reference crystal
structure and its resolution. *6BNB is visually di�erent to other PDB structures within
the same complex group.

Complex group POI E3 Reference PDB ID Resolution [Å] Other PDB IDs
1 BTK CIAP1 6W7O 2.17 6W8I
2 BRD4 (BD1) CRBN 6BOY 3.33 6BN7, 6BN8, 6BN9, 6BNB*
3 BCL-xL VHL 6ZHC 1.92
4 BRD4 (BD2) VHL 5T35 2.70 6SIS
5 BRD4 (BD1) VHL 7KHH 2.28
6 FAK VHL 7PI4 2.24
7 SMARCA2 VHL 6HAY 2.24 6HAX
8 SMARCA4 VHL 6HR2 1.76
9 WDR5 VHL 7JTO 1.70 7Q2J, 7JTP

A small database of all full-length sequences from UniProt, of all POI and E3 ligases, of the
reference crystal structures was constructed. A BLAST was performed for all sequences in this
database against all other sequences, to check if there were any very similar proteins.

3.1.2 Using AlphaFold-Multimer

Most ternary structures only contained a POI, E3 ligase and adaptor proteins. This limits which
experiments can be properly evaluated to these proteins. However, to reduce the complexity
of the task, only the POI and E3 ligase were simulated simultaneously with AlphaFold2, using
the LCS from the PDB sequences and UniProt sequences.

AlphaFold-Multimer uses two inputs to predict the structure of proteins; the amino acid
sequence and structural templates. It is optional to use custom templates as
AlphaFold-Multimer creates templates automatically. Using a custom template was deemed a
non-trivial task and beyond the time scope of this project. Therefore, only the amino acid
sequence was used as input to AlphaFold-Multimer.

The predicted structures were evaluated by calculating the root mean square distance (RMSD
of � -carbons of the amino acids) using the reference crystal structure. This was done for the
ternary structure as a whole and separately for the POI and the E3 ligase. As the sequence of
the predicted structure could di�er from the crystal structure (due to point mutations, protein
tags, etc.) the longest common sequence was used for calculating the RMSD.

To evaluate why a predicted structure is disorganized, either due to AlphaFold2 or
AlphaFold-Mulimer failing to predict the structure or if that protein is disorganised, the
amino acid sequence of disorganised predictions were analyzed with the intrinsically
disorganised structure predictor IUPRED3 [53].

3.1.3 Using AlphaFold-Multimer on Chimeric Proteins

It had been shown that AlphaFold2 (not AlphaFold-Multimer) could predict complexes if the
proteins were linked end-to-end [37], so this strategy was employed. To do this, each reference
complex was visualized in the Molecular Operating Environment (MOE) and a linker of 50
glycines was decided to be long and �exible enough to minimally disturb the folding by
AlphaFold2. The PDB-LCS of the POI and E3 ligase were linked with a 50 glycine linker and
inputted to AlphaFold2. The resulting protein from linking two proteins will here forth be
refereed to a chimeric protein.
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Another strategy was to join the POI and E3 ligase with short linkers at their interfaces as in
the PDB, as to enforce them to contact at that point. To place a linker at the protein-protein
interface, a new N and C terminus needs to be introduced, so the POI and E3 were split
(into nPOI & cPOI and nE3 & cE3) and joined together with two linkers as each split created
two new ends, resulting in two new chimeras: nPOI-linker-cE3 and nE3-linker-cPOI. The POI
and E3 ligase were cut and linked at amino acids in �exible loops between� sheets or �
helices. The lengths of these linkers varied between 0 and 4 amino acids, as to enforce close
contact. Some pairs of linkers were set to di�erent lengths, as to explore if this could a�ect the
rotation between the proteins. The linkers were made either of glycine, for its �exibility and
hypothetical minimal disruption to protein-protein interactions, or of proline, for its inherent
rotation. Likewise, proline was tested as to explore potential to in�uence the rotation between
the linked POI and E3 ligase. It was ensured that each selected linker would not majorly
disrupt the secondary structures after minimizing the energy of the structure in MOE. With
the �nal sequence of both chimeric proteins, they were inputted into AlphaFold-Multimer.

Complex groups 1, 2, 3, 7, and 9 were selected for experiments involving linking at the interface.
This selection encompassed all three E3 ligases present in the crystal structures and all POIs
except for FAK as well as BRD4 (BD2) and SMARCA4, which are structurally similar to
BRD4 (BD1) and SMARCA2, respectively. Complex group 4 and 8 contained BRD4 (BD2)
and SMARCA4 which are similar to BRD4 (BD1) and SMARCA2 respectivly, so they was
excluded. Complex group 5 was excluded since it contained BRD4 (BD1), which complex group
2 has. Complex group 5 with FAK was not included, as the number of planned experiments
with chosen complex groups was quite large already.

Combining both linking strategies was also tested, by linking a the POI and E3 ligase at the
interface using the same methodology as before and linking end-to-end with a 50 glycine linker.

Using MOE, a PROTAC was forcibly into a structure to calculate the strain on the bonds of
the PROTAC. A high strain would indicate that it would be very unlikely that the PROTAC
would not be in this conformation, and if that conformation corresponds to the binding pose
of a PROTAC to a predicted complex, then that complex would very unlikely to have that
structure. This was done by using the reference structure as a starting point: The linker was
removed and the ligands were �xed to their proteins and then aligned to the predicted POI and
E3 ligase individually. The linker was the built up manually and joined to the ligands, followed
by an energy minimization of only the linker. Using a built in function in MOE, TorAnalyzer,
the torsional strain was calculated for the bonds in MOE.

The RMSD between the reference and the chimeric proteins was calculated by aligning the
reference POI with the nPOI and cPOI, and likewise for the E3 ligase.

3.1.4 Analysis of the Protein-Protein Interface

PyMol was used to calculate the solvent accessible surface area (SASA) for each amino acid
for the proteins in isolation and as a complex. The SASA of each amino acid for the isolated
proteins and complex was summed to get their total surface areas. The interface area is de�ned
as the di�erence of the SASA of the isolated proteins and the SASA of their complex, which is
illustrated in �gure 3.1. As this interface includes the area from both the POI and E3 ligase
it was divided by two to get the average (or "half interface"), as to represent the areabetween
the POI and E3 ligase.
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Figure 3.1: Calculations for interface area of a complex.

The SASA of the individual amino acids between the isolated proteins and complex was
compared, and if the SASA di�ered the amino acid was de�ned to be part of the interface.
From this, the SASA of all amino acids in the interface (from both the POI and E3 ligase)
was calculated. To get an overview, the amino acids were grouped by their types: Positive,
negative, polar, aromatic, aliphatic, and special. Special were de�ned as Glycine, Proline
Cystine and Selenocystine. The SASA for each amino acid type was then calculated.

As a reference, the half interface area was calculated for 314 antibodies, from a dataset provided
by Leonardo De Maria. The PDB IDs of these antibodies are provided in Appendix B.2.
Likewise, the half interface area and amino acid composition of the interface was calculated
for 14 molecular glues, whose PDB IDs are found in the same appendix. The PDB IDs of the
molecular glues was obtained by searching the PDB.
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3.2. Results

3.2 Results

3.2.1 PDB Reference Structures

Nine crystal structures were selected as representatives for each complex group and are
presented in Table 3.1. The POI (blue) and E3 ligase (cyan), along with the crystallized
PROTAC for each representative PDB structure, are shown in Figure 3.2. Any crystallized
adaptor proteins are not displayed in the Figure but are listed in Table B.1 in Appendix B.3.

Additional crystal structures of PROTAC ternary complexes were later identi�ed in the PDB
but were not listed in PROTAC-DB. Due to the project plan was determined and already
included many experiments, these crystal structures were not examined. The corresponding
PDB IDs for these structures are provided in Appendix B.2.

3.2.2 Predicted Structures from Full-length Sequence

AlphaFold-Multimer was unsuccessful in predicting the ternary structures primarily due to
instances where the POI and E3 ligase either did not make contact or were misoriented when
in contact. All predicted UniProt structures can be seen in Figure 3.3. However,
AlphaFold-Multimer e�ectively folded the individual POI and E3 ligase, as evidenced by the
low RMSD values in Table 3.2. This Table presents the median RMSD values for the POI
and E3 ligase individually, re�ecting the �ve predictions generated by AlphaFold-Multimer
for each input sequence. The RSMD of the 5 predicted structures of all predicted complexes
are available in Appendix B.4 Table B.3.

Table 3.2: Median RMSD of the 5 predictions from AlphaFold-Multimer, for the
UniProt POI and E3 ligase.

Complex group POI RMSD [Å] E3 RMSD [Å]
1 0.9 BTK 0.5 CIAP1
2 0.9 BRD4 (BD1) 0.8 CRBN
3 2.1 BCL-xL 0.5 VHL
4 1.2 BRD4 (BD2) 0.6 VHL
5 0.9 BRD4 (BD1) 0.4 VHL
6 2.4 FAK 0.7 VHL
7 1.0 SMARCA2 0.8 VHL
8 0.9 SMARCA4 0.5 VHL
9 0.5 WDR5 1.4 VHL

In many predicted structures, the POI and E3 ligase are not in contact. This often occurred
when the predicted structure contained a large number of disordered amino acids. The the full
length sequences were often signi�cantly longer than their corresponding reference structures
sequence, and the sequence extending beyond that which is found in the PDB were generally
more disordered compared to the PDB structures. Note that the RMSD can only calculated
with the amino acids in the reference structure, implying that most disorganised amino acids
in the predicted structure is not re�ected in the RMSD. Also, the reference POI and E3 ligase
were superimposedindividually onto the predicted structure before the RMSD was calculated.
The RMSD values between the full and crystallized predicted complexes were high and found
not indicate anything else than they do not match well, which Figure 3.3 clearly displays.
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(a) Complex group 1 (b) Complex group 2 (c) Complex group 3

(d) Complex group 4 (e) Complex group 5 (f) Complex group 6

(g) Complex group 7 (h) Complex group 8 (i) Complex group 9

Figure 3.2: All reference PDB structures for PROTAC ternary complexes as displayed
in Table 3.1. The POI is shown in blue and E3 ligase in cyan. The adaptor proteins
are not shown.
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3.2.3 Predicting Disorganized-structure-score

Several predicted structures for the full length sequences were disorganised. To examine if these
proteins have a large proportion of disorganised amino acids or if AlphaFold-Multimer failed to
predict this structure, the median IUPRED3 score of amino acids are presented in Table 3.3.
For clarity, half of the amino acids have a predicted probability of being disorganised which is
equal to or greater than the value speci�ed in Table 3.3. Comparing the Table to Figure 3.3,
there seems to be a correlation between the how disorganised the predicted structure is to how
great the median IUPRED score is.

Table 3.3: Median IUPRED score of the full length amino acid sequence.

Complex group POI, % disorganised E3, % disorganised
1 0.21 BTK 0.19 CIAP1
2 0.88 BRD4 0.17 CRBN
3 0.24 BCL-xL 0.43 VHL
4 0.88 BRD4 0.43 VHL
5 0.88 BRD4 0.43 VHL
6 0.30 FAK 0.43 VHL
7 0.51 SMARCA2 0.43 VHL
8 0.53 SMARCA4 0.43 VHL
9 0.16 WDR5 0.43 VHL

3.2.4 Predicted PDB Structures

The predicted PDB structures did not correspond well with their respective references. Figure
3.4 showcases characteristic di�erences between them. As shown in Figure 3.4a, the relative
placements of the POI and E3 ligase often di�ered from the reference crystal structure. While
Figure 3.4b demonstrates relatively good placement, it's important to note that the orientation
wasn't accurate. Conversely, Figure 3.4c illustrates poor placement and orientation. Using
MOE and applying energy minimization on the predicted structures did not tend to make the
position or orientation more alike the reference structure. However, the individual structures
of the POI and E3 ligase was predicted accuracy, as indicated by the low RMSD values as
shown in Table 3.4. The RMSD values between the full and crystallized predicted complexes
were high and found not indicate anything else than they do not match well. Figure 3.5
displays the predicted structure from the full length sequence, with the reference POI and E3
ligase superimposedindividually . It visually demonstrates how well AlphaFold-Multimer is at
predicting the structure of the individual proteins. A key di�erence between these structures
and the predicted structures from the full length sequence is that the POI and E3 ligase were
always in contact for the predicted PDB structures, which seems to be due to (another key
di�erence) that there are no large disorganised sequences among the predicted structures.
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