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Machine Learning for Predicting Targeted Protein Degradation

A deep learning-based system for predicting protein degradation activity in PROTAC
systems

STEFANO RIBES

Department of Computer Science and Engineering

Chalmers University of Technology and University of Gothenburg

Abstract

PROteolysis TArgeting Chimeras (PROTACS) are an emerging high-potential thera-
peutic technology. PROTACS leverage the ubiquitination and proteasome processes
within a cell to degrade a Protein Of Interest (POI). Designing new PROTAC
molecules, however, is a challenging task, as assessing the degradation efficacy of
PROTAC:S often requires extensive effort, mostly in terms of expertise, cost and time,
for instance via laboratory assays. Machine Learning (ML) and Deep Learning (DL)
technologies are revolutionizing many scientific fields, including the drug development
pipeline. In this thesis, we present the data collection and curation strategy, as well
as several candidate DL models, for ultimately predicting the degradation efficacy
of PROTAC molecules. In order to train and evaluate our system, we propose a
curated version of open source datasets from literature. Relevant features such as
pDC50, Dpas, E3 ligase type, POI amino acid sequence, and experimental cell type
are carefully organized and parsed via a Named Entity Recognition system based on
a BERT model. The curated datasets have been used for developing three candidate
DL models. Each DL model is designed to leverage different PROTAC representa-
tions: molecular fingerprints, molecular graphs and tokenized SMILES. The proposed
models are evaluated against an XGBoost model baseline and the State-of-The-Art
(SOTA) model for predicting PROTACs degradation activity. Overall, our best DL
models achieved a validation accuracy of 80.26% versus SOTA’s 77.95% score, and a
Receiver Operating Characteristic Area Under the Curve (ROC AUC) validation
score of 0.849 versus SOTA’ 0.847.

Keywords: Deep learning, Chemoinformatics, PROTAC, Drug design.
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1

Introduction

Accurate prediction of Protein-Ligand Interactions (PLI) is an essential step in
therapeutics design and discovery. One area in which PLIs are particularly challenging
to predict is in the design of PROteolysis TArgeting Chimeras (PROTAC) [1].
PROTACS are an interesting emerging modality in medicinal chemistry. PROTACs
bind to a Protein Of Interest (POI) implicated in a particular disease pathway and
at the same time to a ligase, such as an E3 ubiquitin ligase. Bringing these into
close contact leads to ubiquitination of the POI and its eventual degradation by the
proteasome, effectively destroying the POI and making it unable to fulfil its function
anymore.

PROTAC S offer several advantages in drug development [1]. PROTACs have the
potential for low doses due to their ability to degrade multiple target proteins,
enabling effective treatment with reduced systemic toxicity. Additionally, PROTACs
can leverage even weak binding interactions with target proteins, expanding the range
of druggable targets. This unique feature enables the development of therapeutics
for proteins that lack well-defined binding sites, greatly broadening the scope of drug
discovery.! Many studies are also showing the potential of PROTACS in the treatment
of diseases, such as neurodegenerative disorders [2] or cancers [3], by targeting specific
proteins associated with the pathogenesis of these diseases. However, as experience
with PROTACSs has grown, limitations have also emerged, such as PROTACs’ large
sizes, limited cell permeabilities, and limited number of suitable E3 ligases to exploit
for ubiquitination [1]. In particular, PROTACSs do not easily degrade many types
of proteins and their performance depends on several diverse factors, such as the
binding affinity of the PROTAC and the POI, which is often hard to predict in silico,
i.e., computationally. In fact, the performance of PROTAC:S is typically assessed
using a specifically designed concentration-response assay, a laboratory test that
measures the activity of the target protein (i.e., the POI) in the presence of different
concentrations of the candidate PROTAC. Nonetheless, designing and conducting
such assays is generally a complex, time consuming, and expensive procedure.

For all these reasons, the use of Machine Learning (DL) models, and in particular
Deep Learning (DL) models, could speed up the evaluation and identification of novel

!Conventional drugs, on the other hand, typically work by directly binding to specific target
proteins and modulating their activity. They often act as inhibitors or activators, interfering with
the normal function of the target protein. This modulation can alter signaling pathways, block the
interaction with other molecules, or inhibit enzymatic activity, resulting in a desired therapeutic
effect.
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PROTAC candidates. In the ideal scenario, having a system for accurately predicting
PROTAC performance would limit the number of experiments needed to identify
the most promising PROTACS in a drug discovery campaign, effectively accelerating
the overall drug design process. On top of that, accurate predictions of PROTAC
efficacy can be used as a scoring metric to boost the performance of molecular deep
generative models, like reinforcement learning-based [4] or diffusion-based generative
models, and in turn improve the de novo design of PROTAC molecules.

In this project we developed a machine learning system for predicting PROTAC
degradation activity in terms of DC5y and D,,.,. To do so, we propose, design, and
evaluate several candidate models for predicting the capacity for protein degradation
of a given PROTAC. To train and assess our system, we introduce a curated version
of the open-source PROTAC-DB [5] and PROTAC-Pedia [6] datasets. We compare
our proposed models with an XGBoost model baseline and the recent DeepPROTACs
model [7]. Our top-performing deep learning models achieved a validation accuracy
of 80.26%, outperforming DeepPROTACSs’ score of 77.95%, and attained an AUC of
0.849 compared to DeepPROTACs’ 0.847.

The remainder of this report is organized as follows. Chapter 2 includes background
information for better understanding our research work. Chapter 3 gives an overview
of the literature work related to this thesis. Then, Chapter 4 builds upon the
background theory to detail our followed methodology. Finally, in Chapter 5 we
show and discuss the obtained results before drawing our conclusions in Chapter 6.
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Background

This chapter introduces and gives a general overview of the main theoretical concepts
behind protein degradation via PROTACs and machine learning algorithms, with a
focus on deep learning applied to the drug design process.

2.1 Protein Degradation and PROTACs

Proteins are large biomolecules made of long chains of amino acids and are responsible
for virtually any function within living beings. As proteins are constantly generated
inside a cell, cells regulate the quantity of specific proteins by getting rid of those
which are unnecessary, do not fold correctly, or do not function properly. One way
to degrade and recycle such unnecessary proteins is via a process involving the
ubitiquination and proteolysis mechanisms, depicted in the upper part of Figure 2.1.
During ubitiquination, in the top-left corner, a E3 ligase protein binds to the target
and recruits another ligase, K2, which carries an ubiquitin protein and transfers it
to certain amino acids on the surface of the target protein. The target protein gets
ubiquitinated and is thus marked for degradation. In the end, the degradation, also
called proteolysis, of a target is performed by the proteasome, a protein which breaks
ubiquitin-marked peptide bonds of the target protein.

PROTAC S are bifunctional small molecules! that leverage the aforementioned in-
tracellular degradation process in order to degrade a target POI (e.g., a foreign
protein originated from a viral infection). To do so, PROTACSs consist of three main
components, highlighted in the bottom left of Figure 2.1: a warhead which binds to
a POI, a E3 ligand which binds to a specific E3 ligase protein, and a linker which
connects the warhead and the ligand together, i.e., the two binding domains. Thanks
to these different elements, PROTACs can then bind to a POI and to the E3 ligase,
bringing them close together. If a successful ternary structure, also called ternary
compler, is formed, the E3 ligase will then ubiquitinate the POI, eventually triggering
the POI’s degradation by the proteasome, as showed in the bottom right part of
Figure 2.1. In this scenario, PROTACs represent an elegant solution for “connecting”
a E3 ligase enzyme to ideally any POI, even when the E3 does not bind directly to
the POL.

'PROTAC S are classified as small molecules, however, they are rather large since they consist of
two small molecules connected via a linker.
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"Well-Synthesized"
Proteins

"Defective” "Defective” - the "Defective"
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i T Degradation of
E3 Ligand Warhead target POI

Proteasome

|
ATL
Al

Linker

PROTAC

Figure 2.1: Visual representation of the ubitiquination and proteolysis processes
degrading: a defective protein within a cell (top part of the figure), and a target POI
in a PROTAC system (bottom part of the figure). Ubiquitin proteins are referred as
“Ub’?.

Despite straightforward in theory, in practice bringing the E3 ligase, the PROTAC,
and the POI into close proximity to form ternary complexes is a challenging task
[7]. In fact, due to the high number of actors and parameters involved into the
degradation process, it is hard to precisely estimate the efficacy of a PROTAC
molecule. Generally, one would desire to predict with high confidence the activity of
a compound, in order to identify which ones most likely to be effective degraders
and eventually removing the majority of candidates from needing to be synthesized
and tested experimentally.

2.1.1 Measuring PROTAC Performance

One possible metric to assess PROTAC performance consists of the half-maximal
Degradation Concentration 50% (DC5g, or pDCsq when expressed in negative loga-
rithmic units, or Logio(M)). The DCjp value measures the potency of a compound
in degrading a target protein, where a lower value indicates that a compound is a
more effective degrader. In particular, DCjy, represents the molecular concentration
at the inflection point of the dose-response curve. More precisely, DCj is half of the

concentration at the maximum degradation (D) achieved, as illustrated in Figure
2.2a.

The dose-response curve of a drug is typically described as a Hill function [8], as in

4



2. Background

Ternary complexes

x
L4 (POI degradation)
g Binary complexes
CED_ @ a (no degradation)
8 (Nodcomp‘;efes) Hook Effect
5 no degradation
2
e
5
; G
=
=
POI Degradation [%] »
A Concentration
* Measured experimental data POI Degradation [%] [-log(M)]
0% A
— Fitted dose-response curve o
50% % 0% = 14 + -
‘ 50%I )y ® Measured experimental data
50% T % g — Fitted dose-response curve
b K
; I - Doserespones e shoing

D maz 1 D
'maz

100% > 100% >

Concentration Concentration
pDCs [Hog(M)] #DCs [Hog()
(a) Dose-Response curve. (b) Dose-Response curve with hook effect.

Figure 2.2: Example of degradation activity versus concentration in a dose-response
curve plot. (a) Dose-response curve fitted on experimental points. (b) Dose-response
curve showing hook effect.

Equation 2.1, which has been fitted on data collected via laboratory assays?.

ECiy; — Ey
1+ exp (a (log(a:) — log(IC'50))

In the equation, Ej is the observed response in absence of the drug, whereas ECj,¢
represents the maximum response caused by the drug. The IC5q value stands for
the concentration required to inhibit 50% of a cell growth. On the other hand,
the parameter « is associated to the slope of the function. By plugging in several
measurements into the function (by substituting the = value), it is possible to
interpolate the dose-response curve and estimate the IC5g and « values.

For PROTACGs, the EC}, ¢ value can be substituted by the D4, , whereas DCsy can
mapped in the equation to IC59. However, the equation is typically used to model
the response of a given drug, and it’s not tailored to PROTAC molecules. Because
of that, the Hill equation modeling the dose-response curve for PROTACSs presents
some limitations, in particular when it comes to describe a phenomenon called hook
effect [9], as shown in Figure 2.2b. The hook effect can happen if the formation
of new ternary complexes decreases when the concentration of a given PROTAC
increases. This is because the PROTAC, present in high concentrations, binds to
either the available E3 ligase or POIs, forming binary complexes (PROTAC-POI and
PROTAC-E3 ligase) preventing the formation of ternary complexes.

2Equation 2.1 reports the Hill function in a more numerically stable form which involves
logarithms and exponents.
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2.2 Embedding Vectors and Molecular Represen-
tations

In machine learning, data features and characteristics are often transformed into
a continuous high-dimensional numerical representation called an embedding vec-
tor, or simply embedding. Embedding vectors can be seen as functions mapping
information from a data point into a single n-dimensional real-value vector. One
key advantage of dealing with embedding vectors rather than raw numerical data
is that distances between different data points, and in turn their similarity, can
be easily measured. Typically, embedding vectors are automatically generated via
training ML algorithms. However, generating efficient embedding vectors able to
model the relationships across data points can be challenging and generally depends
on the selected data representation. Hence, it is fundamentally important to find
a proper data representation that captures all relevant information one wants to
feed into the ML algorithm. Because of that, we would need to find an efficient
numerical representations of chemical molecules. In computational chemistry and
bioinformatics, there exist several ways to represent molecules to be processed by
computer systems. In the remaining part of this section, we describe the three
common molecular representations which are most relevant for this research work.

2.2.1 Molecular Fingerprints

A simple yet effective representation of PROTAC molecules consists of molecular
fingerprints. Briefly, a molecular fingerprint is a bit vector which describes, via on or
off bits, specific molecule characteristics. Their key advantage compared to a bare
chemical formula is that fingerprints allow for a more informative representation of the
chemical structure of a molecule, making them suitable for computational algorithms
and machine learning. There exist several algorithms for designing fingerprints, most
notably: circular-based like Morgan fingerprints [10], based on structural keys like
Molecular ACCess System (MACCS) [11], and path-based fingerprints [12]. A visual
intuition of the aforementioned fingerprints types is shown in Figure 2.3.

One of the main limitations of molecular fingerprints is a possible loss of information
when a bit-vector is not sufficiently long or when the molecule to encode presents many
symmetries. In fact, in order to obtain the final bit-vector, fingerprint algorithms
iteratively update a common set of characteristics of the atoms and their neighbours.
Once the set is complete, a final hashing function applied to the set allows to extract
the requested bit-vector. Molecular characteristics, however, might not be uniquely
encoded in the process, for instance if the bit length assigned to the hash function
doesn’t guarantee uniqueness. Ultimately, this might lead to overlapping encodings
for different characteristics, resulting in bit vectors for which one set bit can encode
multiple characteristics (with the extreme case of having same fingerprints for different
molecules).

6
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Figure 2.3: Examples of different fingerprint types. Inspired from [13].

2.2.2 Molecular Graphs

Graph theory can be applied to represent molecules and their structure. A graph
consists of a pair of sets, the set of vertices, or nodes, V' and the set of edges E. In
the context of chemical graphs, each edge can be defined as a pair (a;, a;), usually
representing a chemical bond between two atoms a; and a; in V. We limit our
analysis to unidirected graphs, i.e., where any edge (a;,a;) is equal to (a;,a;) for
i1 # j, effectively expressing one chemical bond per atom pair, no matter their order.
We also assume graphs with no self-directed edges, e.g., with no edges (a;, a;) when
i=].

Given the above statements, graphs, and in turn molecules, can then be described
by special matrices characterizing relationships between atoms. One example is the
n X n adjacency matriz, whose entries (i, j) are zeros except from when there exists
an edge connecting the atom pair (a;,a;), for any of the n atoms in V. Another
useful graph encoding is the degree matriz, which includes the degree of each atom,
defined as the number of edges connected to it.

Finally, each atom and/or bond can be associated to a set of features, such as atom
type or bond type, atom weight, et cetera.

2.2.3 SMILES

Chemical graphs and their corresponding matrices are a comprehensive and efficient
way of representing molecules. However, a more compact way is given by Simplified
Molecular-Input Line-Entry System (SMILES) [14], a character string that describes
their structures. Many valid SMILES strings can be generated from a given molecule.
On the other hand, each SMILES always uniquely encodes a specific molecule. A
classic example is the ethanol molecule, Cs HgO, which can be written as CCO, 0CC,
and C(0)C.

First, cycles are broken down in order to create a spanning tree of the molecule,
i.e., any acyclic graph that includes all atoms. At this point, the tree is depth-first
traversed and symbol nodes, like atoms and bond types, are sequentially added to
the SMILES string. Additionally, extremes of cycles are numerically labelled, while

7
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Figure 2.4: Typical flow for training a ML model given a training set of data.

branches are enclosed by nested parentheses.

Compared to a graph representation, SMILES strings result in an efficient and
compact way of encoding molecular structures, allowing the use of Natural Language
Processing (NLP) techniques.

2.3 Deep Learning

Machine learning and deep learning algorithms fall under the umbrella of Artificial
Intelligence (AI). Deep Learning (DL) in particular comprises statistical models
usually consisting of several interconnected layers, which process the incoming flow of
data to approximate a desired function. To do so, each layer applies to its incoming
input a differentiable function, which typically includes a set of trainable, i.e., tunable,
parameters. The obtained output values are then fed as inputs to the next layer,
until reaching a final model output.

The DL model performance depends on a careful selection and tuning of its parameters.
In order to tune the model parameters, and to learn a specific task to perform, the
model needs to be trained, and in a supervised setting it requires to process a large
amount of training data. In summary, during training the input-output data pairs
are used to minimize a loss function, which depends on the expected desired output
and the generated output from the model, which in turns depends on its internal
parameters. By adjusting the model parameters, for example via stochastic gradient
descent or any suitable optimizer algorithm, the loss function can be minimized,
allowing the model to effectively map given inputs to the desired outputs encountered
during training. The overall process is illustrated in Figure 2.4.

The structure and layer types of a model typically vary according to the end task the
model is trying to achieve. In our specific setting, i.e., Al applied to drug design, a

8
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sequence of layers tailored to capture molecular features is usually employed within
a model, like graph-based layers.

In addition to more sophisticated layers, reported hereafter, the simplest layer type
that can be thought of is a linear operation, followed by a non-linear function,
referred as activation function, for example a Rectified Linear Unit (ReLU) operation
[15]. Without losing generality, and avoiding some mathematical details for brevity,
Equations 2.2 and 2.3 reports a Linear and a ReLU layers, respectively, when
processing a vector input x € R™. Connecting n of these layers pairs together
back-to-back form a Multi-Layer Perceptron (MLP) architecture, which function is
highlighted in Equation 2.4.

Linear(z) = b+ zw;; (2.2)
]
ReLU(x) = max{0, x} (2.3)
MLP(z) = ReLU™ (Linear™ (... ReLUW (LinearV(z))...)) (2.4)

Despite being simple, MLP models are fairly powerful and versatile and used in
many practical applications [16]. However, they might not efficiently capture latent
input features, like relationships between elements of the same input, e.g., between
any x; and z;, i, j € {1,...,n}. More specifically, if we would like to predict specific
characteristics of a molecule, their 2D and 3D structure, such as atom bonds for

instance, would be better encoded via graph-based layers, like Graph Convolution
(GC) or Graph ATtention (GAT) layers.

2.3.1 Graph Neural Networks

DL models processing graph data are typically referred as Graph Neural Networks
(GNN). GNNs leverage graph representations, such as adjacency matrix and node or
edge features, to make predictions about or label each node or the graph as a whole.
They do so by iteratively updating node embeddings by aggregating information
coming from neighboring nodes. The aggregation is typically referred as message
passing and it is performed by specialized layers. One example are GC layers [17],
which compute a weighted sum of the features of the neighboring nodes, before
passing it through a non-linear activation function, similarly to what is done by a
Linear layer followed by a ReLLU one.

Mathematically, an adjacency matrix A of a graph is a square matrix indicating
whether two nodes are connected together by an edge. The adjacency matrix has
zeroes on the main diagonal, unless nodes have self-connections. Hence, the identity
matrix I is added to the adjacency matrix in order to construct a new square
matrix A which includes each node contributions. Given A and a diagonal matrix
Dy = > Aij, we can define the output H of the [-th GC layer as in Equation 2.5.

HO = U(Dé;us% H(”)W(l)) (2.5)
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In Equation 2.5, o stands for a generic non-linear function and W® for a set of
learnable parameters. Computing D :AD :isa way of scaling and normalizing
the adjacency matrix in order to prevent exploding/vanishing gradients when used
in a deep neural network model, as described in [17].

This message passing operation is then repeated by stacking together multiple of
such layers. In this way, the embedding of one node is progressively updated by the
information coming from more and more distant nodes. A variant of message passing
employs attention and self-attention mechanisms to better capture graph and nodal
information. Attention can be summarized as a way of learning the different and
most relevant relationships among the sub-elements of a data point while filtering out
noise or irrelevant information. For instance, in NLP, words positioned at opposite
ends of a sentence might have long-term dependencies, e.g., can be linked together
by a subject-verb-object relationship. More specifically, in GAT layers [18], the
neighboring nodes contributions z; of a node i are aggregated according to Equation
2.6:

Zi = Zaijh]’ (26)
J

where h; is the feature vector for neighboring node j, and «;; is an attention weight
between node i and j. Attention weights can be computed using a Softmax function
[19], as specified in Equation 2.7:

Softmax(e;;)
Oéij = .
>or Softmaz(ey)

(2.7)

where e;; is a scalar value that measures the similarity between the feature vectors
of nodes 7 and j, as defined in Equation 2.8

eij = LeakyReLU (a” [Wh;||Wh;]) (2.8)

where a, W are learnable parameters, || denotes concatenation, and LeakyReLU is a
variant of the ReLU activation function [20].

Attention mechanisms, and self-attention in particular, are also extensively exploited
by Transformer models. First proposed in 2017 [21], Transformers models and their
building blocks have gained widespread popularity for their ability to efficiently
encode cross-information within their inputs.

2.3.2 Transformers

SMILES can be viewed as a series of symbols describing parts of a molecular graph,
similarly to how groups of words form a sentence. Because of that, language models
can be leveraged to process SMILES strings. In order to do so, the first step is
to utilize a tokenizer to break down, tokenize, a given SMILES string into tokens,
which can then be fed as input to a Transformer model, which is particularly suited
for processing sequence of data. Tokenization can be learned by ML models via
statistically identifying patters in the training data, i.e. the SMILES strings one
desires to process. Once an input SMILES is tokenized, it can be processed in parallel
via self-attention mechanisms, effectively extracting the most important information

10
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out of it. The architecture of Transformer models typically includes an encoder and
a decoder. The encoder, in particular, is in charge of transforming the input tokens
into a sequence of hidden states, i.e., embeddings.

One of the most popular Transformers encoders is BERT (Bidirectional Encoder
Representations from Transformers)[22], which was originally pre-trained on a large
corpus of text data. What sets BERT apart from previous language models is that
it is bidirectional, meaning it takes into account both the left and right context of
a sentence when generating embeddings. This allows it to capture more complex
relationships between tokens, effectively improving its performance. BERT and in
general pre-trained Transformers are particularly suited to be fine-tuned for tasks
different from the ones they have been trained for. By fine-tuning, a pre-trained
model can be further trained for a specific task, usually requiring less extensive
training and smaller datasets.

In conclusion, linear, graph-based, and attention-based layers constitute the main
building blocks employed in this project, giving us the foundations for building the
more advanced models proposed in the later chapters of the thesis.
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Related Work

This chapter gives a brief overview of the recent and current research works most
relevant to ours.

As PROTAC:S are relatively novel, not many publications cover the use of machine
learning techniques applied to PROTACs. On the other hand, most of the related
work focuses instead on the prediction of the half maximal Inhibitory Concentration
(1Cs) score of ligands, and its dual p/Cjy expressed in negative logarithmic units,
which measures how well molecules bind to a target protein. Given this formulation,
IC5y can also give a quantitative estimation of the potency of a candidate molecule
at inhibiting target proteins. Ligands with typically high pIC5q are defined as active.

In this regard, measuring the IC5y value can also be applicable to PROTACs. In
fact, PROTACSs need to bind to both an E3 ligase and a POI, therefore each binding
can be measured by its own IC5y value. In turn, knowing the different 1C5y values
of a given PROTAC might still be useful for predicting its degradation activity.

In recent years, multiple GNN architectures have been developed for predicting
binary activity and efficacy of the complexes formed by a ligand and a protein’s
structure. Knutson et al. [23] propose two GNN models to assess the activity and
plCsg score of protein-ligand complexes. The first model GNN is designed to encode
the features from the protein docking of the ligands, whereas a second one, GNNp,
takes as input the protein and the ligand separately. The proposed architectures
are able to accurately predict pIC59 and protein-ligand activity, but also show some
limitations. In fact, despite providing lower RMSE compared to GNNp, GNNg
requires expensive preprocessing via protein-docking calculations. On the other hand,
GNNp is simpler, but does not achieve the same level of RMSE. On top of that,
their solution only focuses on predicting pIC'so , which is not ideal for assessing the
biological activity of PROTAC molecules.

The work of Moesser et al. [24] proposes instead to encode protein-ligand complex
information via different representations, namely: fingerprints or molecular graphs,
and protein sequences. This information, after feature extraction, is then processed
by different deep networks in separate “branches”, before being concatenated together
to produce a prediction as output. However, their work is not specifically designed

for PROTACs and PROTACSs complexes.

Closest to our work is DeepPROTACS, from Li et al. [7], a deep learning model for
predicting PROTAC activity. In DeepPROTACs, PROTAC molecules are defined

13
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as active when their D,,,, reaches more than 80% and their DC5 is below 100 nM
(equivalently to pDCjg greater than 7). The model consists of several LSTM- and
GNN-based branches concatenated together before a prediction head. Each branch
processes different features of the PROTAC-POI complex, for instance the E3 ligase
and POI binding pockets, and the separate PROTAC components, i.e., warhead,
linker and E3 ligand. The model achieves 77.95% average prediction accuracy and
0.8470 ROC-AUC score on a test set extracted from the PROTAC-DB.

Despite its performance, the model presents several limitations. First, it is possible
that some information is lost when the PROTAC SMILES is split in its E3 ligand,
warhead and linker and fed into three different model branches. Second, the authors
perform advanced molecular docking of the whole PROTAC-POI-E3 ligase complex,
but then only consider the information of the 3D binding pockets of the POI and E3
ligase, making it difficult to experimentally reproduce and use. Third, the model
was not compared to other state-of-the-art and high performance models, such as
XGBoost. Finally, the authors were not careful to prevent a possible data leakage in
the hyperparameter search and training process, eventually requiring more accurate
testing. For all these reasons, we believe that the DeepPROTACs model might not
be suitable for accurately predict target protein degradation and for developing other
downstream tasks, like PROTAC molecular generation [4].

14
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Methods

In this chapter we report our research methodology. We start by detailing the
data curation process we performed. We then proceed to list our candidate models
for predicting targeted protein degradation. Finally, the chapter concludes with a
description of the experimental setup.

4.1 Data Curation Process

Our work is based on public data coming from two regularly updated datasets:
PROTAC-DB [5], which contains around four thousands PROTAC complexes and
data web-scraped from related scientific literature, and PROTAC-Pedia [6], including
around one thousands crowd-sourced entries about PROTAC molecules, their charac-
teristics and degradation activity. In order for a PROTAC complex to be processed
by our models, we extracted numerical features from relevant information such as:
molecular SMILES, the cell type in which the PROTAC was tested, E3 ligase, POI

sequence, and its degradation performance in terms of pDCsy and D45 -

Each entry of the datasets reports the SMILES string of the PROTAC molecule.
All SMILES are converted to canonical representation and their stereochemistry
information is removed. In PROTAC-DB, most of the entries present cell type
information in the textual assay description, for example: “degradation in LNCaP
cells after 6 h at 0.1/1000/10000 nM”". Such information are parsed and extracted via
a Named Entity Recognition (NER) system based on a BERT Transformer [25] (the
treatment time is also extracted but not considered in our work). We encoded the
various cell types via a SKlearn ordinal encoder, so that each type is mapped to an
integer class. Another SKlearn ordinal encoder! was used to encode the PROTAC
complex E3 ligase in a similar fashion. The POI amino acid sequence for each entry
were instead web scraped. We then applied gene mutations by substituting and/or
removing amino acids (represented as characters) or sub-sequences when reported in
the entry. Finally, we employed a SKlearn count vectorizer to store the counts of
m-to-n-grams of the mutated POI sequence into an integer vector.?

Regarding PROTAC degradation activity, we follow the work of DeepPROTACS][7]

Thttps://scikit-learn.org/stable/modules/generated /sklearn.preprocessing.OrdinalEncoder.html

2For instance, if considering one- and bi-grams, a count vectorizer would return a concatenated
vector of the counts of each amino acid, together with the count of each possible combination of
pairs of amino acids that can occur in the POI sequence.
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in defining entries with pDC5y higher than 7 and D,,,, higher than 80% as active,
inactive otherwise. All PROTAC-Pedia entries report being either active or inactive.
However, their definition of “being active” is less conservative, being pDC5o higher
than 6 and D,,,q, higher than 30%. Because of that, we calculated the DeepPROTACSs
active/inactive definition for those entries reporting DC5y and D,,,, information.
On the other hand, PROTAC-DB required additional effort in extracting pDCsg
and D, values for determining PROTAC activity. In fact, PROTAC-DB entries
reported degradation activity in either one of two pairs of columns:

o either concentrations and degradation percentages that describe points on the
dose-response curve, combined with the assay description,

o or DC5y concentration and D,,., percent degradation, together with the corre-
sponding assay description.

For the first type of information, the DC'5q value is not directly reported, so it would
be required to estimate it via a dose-response curve fitting of the data, provided
there are enough data points in the entry. For lack of time, we are only considering
entries which report the second type of information, i.e., the DC5¢ & D4 pair, as
performing dose-response curve fitting for PROTAC complexes is challenging and
not straightforward due to the hook effect, as mentioned in Section 2.1.

In the end, once the data curation process is complete, each data point consists
of a binary variable for it being active/inactive, a PROTAC SMILES string, the
respective class identifiers of cell type and E3 ligase, and an integer vector for the
POI sequence m-to-n-grams counts.

4.2 Proposed Deep Learning Model

One of the main challenges of the thesis work is to efficiently encode information about
PROTAC-POI-E3 ligase complex to be processed by a DL model. Following previous
work on predicting Protein-ligand interaction and DeepPROTACsS [7], we propose a
model architecture which concatenates the embeddings produced by different model
branches, each one processing different features of the complex. The respective
embedding vectors are eventually concatenated before being fed into a final MLP or
Linear head. An overview of the model architecture is depicted in Figure 4.1.

The E3 ligase and cell type integer classes are concatenated together with the
POI m-to-n-grams as an input to an MLP model, as shown in the bottom right
part of Figure 4.1. On the other hand, PROTAC molecules have several possible
representations, as described in Section 2.2. Hence, we propose different model
architectures for generating PROTAC embeddings, each one tailored to a specific
molecular representation. Since all the considered molecular representations are
derived from SMILES, we refer to this model branch as SMILES encoder. Different
SMILES encoder architectures are summarized in Figure 4.2.
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Figure 4.1: Proposed deep learning model architecture. The PROTAC SMILES string
is processed by a specialized SMILES encoder. On the other hand, an MLP model is
in charge of processing the numerically encoded extra features of the complex, such
as the cell type, POI sequence and E3 ligase classes. The outputs of the two model
branches are concatenated together before being fed to an additional MLP model,
which is in charge of computing the final predictions.

4.2.1 PROTAC Encoding via Molecular Fingerprints

Starting from the PROTACs SMILES, we generate Morgan, MACCS and path-based
fingerprints by using the RDKit library toolkit [26]. Since molecular fingerprints are
bit vectors, we propose a simple MLP model for extracting PROTAC embeddings.
The sub-model is depicted in Figure 4.2a.

4.2.2 PROTAC Encoding via Molecular Graphs

Since PROTAC molecules can be represented as chemical graphs, we employed the
Pytorch Geometric library [27] to generate their respective graph encodings. In
particular, the SMILES of each data entry is encoded as an adjacency matrix and
node features matrix. A GNN-based sub-model is then employed to process graph
encodings, as showed in Figure 4.2b.

4.2.3 PROTAC Encoding via SMILES String

PROTACs SMILES strings can be processed by Transformer-based models, such
as BERT. For this proposed model instance we rely on pre-trained BERT-based
Transformers, such as [28]. The selected BERT model can then be fine-tuned on

our specific task, eventually learning a suitable PROTAC embedding representation,
which can be extracted from the CLS output head of BERT|[22]. The Transformer-
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Figure 4.2: Proposed architectures for the SMILES encoder module. The SMILES
transformations and feature extractions depicted in the gray modules are all done
offline outside the DL model. (a) Molecular fingerprint encoder. (b) Molecular graph
encoder. (c¢) BERT-based encoder.

based SMILES encoder can be viewed in Figure 4.2¢ .

4.2.3.1 Self-Supervised Learning and Transfer Learning

Self-Supervised Learning (SSL) is a machine learning technique that allows models to
learn from unlabeled data [29]. As explained in Section 2.3, in traditional supervised
learning, models are trained on labeled datasets where each input is associated with
a corresponding target or label. However, in SSL, a given model is trained to predict
certain properties or relationships within the data itself, without the need for explicit
labels. In doing so, the model learns the inner relationships between the data, and
in turn their latent features.

SSL offers a potential solution to the lack of large training datasets by leveraging
the abundance of unlabeled data available. As better highlighted later in Chapter
5, Table 5.1, most of the entries in PROTAC-DB and PROTAC-Pedia are in fact
missing the required information for marking them as active or inactive. Because
of that, we decided to experiment with SSL applied to Transformer-based models.
This is typically done by creating auxiliary tasks that require the model to predict
missing parts of the input, such as masked words in a sentence or missing pixels in
an image. The model is then trained to reconstruct the original input, effectively
learning to capture high-level features and structures within the data.
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Figure 4.3: SSL training of a BERT-based model wrapped in a MLM model. The
MLM is trained to predict the masked tokens by outputting a log-likelihood over
all possible tokens. Once SLL is complete, the BERT model can be extracted and
finetuned on other downstream tasks, e.g., as a SMILES encoder.

A detailed overview of SSL training applied to a Transformer BERT-based model is
illustrated in Figure 4.3. The idea is to wrap a BERT model into a Masked Language
Model (MLM), effectively taking the embeddings generated by BERT and forwarding
them to a MLP head first and finally to a Softmax function. In the example of the
figure, the token CC= is masked out and the model is trained to predict it back by
assigning to the masked token the highest probability (expressed as logits) among
all possible tokens.

Once the model is pre-trained using SSL, it can then be extracted from MLM model
as is and fine-tuned on specific downstream tasks using a smaller labeled datasets. In
our case, the SSL model is integrated as a SMILES encoder in our proposed model.
This transfer learning approach allows the SMILES encoder to leverage the learned
representations from the self-supervised phase, ideally improving the performance of
the overall model even with limited labeled data.

In our work, we assembled an SSL dataset from the discarded entries of PROTAC-DB
and the ones assigned to the training set, leaving out the data from the validation
dataset and from PROTAC-Pedia, which is used for assembling the test set. Then, we
proceeded to swap and mask out around 15% of tokens obtained from each molecular
SMILES of the SSL dataset data. Finally, we trained the candidate Transformer
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Table 4.1: The baseline model and the candidate SMILES encoder models.

Baseline and SMILES Encoders Design Point

Fingerprints at 1024 bit

Fingerprints at 2048 bit

Fingerprints at 4096 bit

Fingerprints at 1024 bit w/ extra features
Fingerprints at 2048 bit w/ extra features
Fingerprints at 4096 bit w/ extra features
Fingerprints at 1024 bit

MLP-based Fingerprints at 2048 bit

Fingerprints at 4096 bit

AttentiveFP [33]

GAT [18]

GCN [17]

GIN [34]

Roberta_ zinc_ 480m [35]
ChemBERTa-zinc-base-v1 [36]
ChemBERTa-10M-MTR [37]

SSL_ Roberta_ zinc_ 480m [35]

SSL_ ChemBERTa-zinc-base-v1 [36]
SSL_ ChemBERTa-10M-MTR [37]

XGBoost baseline

GNN-based

Transformer-based

models to predict the original SMILES string.

4.3 Experimental Setup

In order to evaluate the proposed model, consisting of different SMILES encoder
architectures, we developed a PyTorch Lightning module following the design of
Figure 4.1. Within the module, another PyTorch module representing the SMILES
encoder is instantiated.

Both the model and its SMILES encoder modules present a series of hyperparameters,
like the number of layers and the their size, for example, that require a careful selection
in order to obtain the best model performance. Because of that, we employed the
Optuna optimization framework [30] for tuning the models’ hyperparameters. For
each candidate model, Optuna was setup to use an Hyperband optimization scheduler
and a TPE sampler to find the best hyperparameters combination among 1,000
trials.

We used an XGBoost-based model [31] as a baseline to compare DL models to. It
leverages a series of weak learners, e.g., trees, to make predictions in a ensembled
fashion. XGBoost is a popular and high performing model [32] based on gradient
boosting and as such it was chosen as a control model in our evaluation.

All the candidate SMILES encoder together with variations of the baseline model
are listed in Table 4.1. The design points reflect some hyperparameters that we
fixed, i.e., did not let Optuna optimize. For example, in case of XGBoost- and
MLP-based models, we did so to investigate and compare the effects on performance
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of certain molecular fingerprint bitwidths. In particular, XGBoost baselines were
evaluated both including and not including extra features such as the E3 ligase and
cell types and the POI m-to-n-grams counts. In case of GNNs instead, we wanted
to compare different popular GNN architectures [17], [18], [33], [34]. Similarly, for
the Transformer-based SMILES encoders, we selected three popular BERT models
from the Hugging Face hub [38]: Roberta_zinc_480m [35] (57,920 downloads in
May 2023), ChemBERTa-zinc-base-v1 [36] (10,139 downloads in May 2023) and
ChemBERTa-10M-MTR [37] (974 downloads in May 2023). The Transformer models
are also included after performing SSL training on each one of them (in the table,
they are marked with the “SSL_ " prefix).

A complete list of hyperparameters ranges, i.e., the Optuna search space, can be
viewed in Appendix A.
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Results and Discussion

This chapter reports the results obtained by following the methodology described in
Chapter 4. It also includes a comprehensive discussion of the gathered experimental
results.

5.1 Data Distributions

As we can see in Table 5.1, the data curation process discarded most of the data
points in PROTAC-DB and PROTAC-Pedia, removing 90.8% and 86.4% of the
entries, respectively. Since the number of curated entries is higher for PROTAC-DB,
we decided to use it as train and validation dataset, whereas PROTAC-Pedia is
treated as a test set. We randomly split PROTAC-DB assigning 80% of its entries to
the training set and the remaining 20% to the validation set. In order to prevent data
leakage, we further made sure that the same SMILES entry would not show up in
both train and validation sets. On top of that, we removed from the PROTAC-Pedia
test set all SMILES entries already present in the training set. Figure 5.1 reports
the final number of active and inactive entries, i.e., the binary labels, in the train,
validation and test sets. Because of the number of inactive entries in the train set
being only 12.8% more than the active ones, we did not deem it necessary to apply
data balancing techniques such as data up-/down-sampling or using class weights.

Before continuing with the feature distributions, Figure 5.2 illustrates the obtained
distribution of D,,,, versus pDC5y values (which define the active/inactive binary
labels). Figures 5.2a and 5.2b refer to the curated data from PROTAC-DB and
PROTAC-Pedia, respectively. For both datasets, as the pDC}5y value increases, the
range for D,,., values gets progressively narrowed, suggesting a general trend where
potent PROTACS, i.e., with high pDCj value, tend to higher degradation efficiency,
i.€., Dpee values.

Table 5.1: Number of curated data extracted from the PROTAC-DB and PROTAC-
Pedia datasets.

# Entries before # Entries after

Dataset data curation data curation Difference Removed / Remaining
PROTAC-DB 5,388 426 4,892 90.8% / 9.2 %
PROTAC-Pedia 1,203 164 1,039 86.4% / 13.6%
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Figure 5.1: Number of active and inactive entries per train/val/test datasets.
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Figure 5.2: Distribution of D,,,,, versus pDC5y values for PROTAC-DB and PROTAC-
Pedia datasets after data curation.

Regarding the distribution of the model’s input features, Figure 5.3 highlights the E3
ligase type, cell type and POI amino acid class distributions, respectively, for both
the curated PROTAC-DB and PROTAC-Pedia. We are showing the distributions
for the entire curated datasets, as they provide better insights compared to the
same distributions withing the train/val/test sets. Since the train/val/test sets were
randomly split, their resulting distributions are anyway similar to the ones of the
entire curated datasets. There is a class imbalance for the VHL and Cereblon (CRBN)
types in both PROTAC-DB and PROTAC-Pedia datasets and is due to the VHL and
CRBN E3 ligase being the most common ones referred in the literature, as shown in
Figures 5.3a and 5.3b. If we look at the most common cell types instead, in Figures
5.3c and 5.3d, apart from Hela, PC3 and LNCAP cells, the two datasets include
different cell type in their top-20 most frequent ones. A similar observation can be
made for the most common POI, shown in Figures 5.3e and 5.3f after their amino
acid sequences have been encoded via a SKlearn ordinal encoder. Out of the top-20
most frequent POlIs, ten are common between PROTAC-DB and PROTAC-Pedia.
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Figure 5.3: Distributions of the model’s input features. (a) E3 ligase classes in
PROTAC-DB. (b) E3 ligase classes in PROTAC-Pedia. (c¢) Cell types in PROTAC-
DB. (d) Cell types in PROTAC-Pedia. (e) Top-20 most frequent POI classes in
PROTAC-DB. (f) Top-20 most frequent POI classes in PROTAC-Pedia.
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Figure 5.4: Perplexity score before and after SSL finetuning of the candidate Trans-
former models.

5.2 Self-Supervised Learning Perplexity Scores

Before showing the experimental results and comparison of the different candidate
models we considered, this section includes the perplexity scores achieved by the
Transformer models trained in a SSL fashioned. Perplexity is a measure of how well
a language model predicts a given sequence of words or tokens. It quantifies the
uncertainty or “perplexity” of the model when trying to predict the next word or
token in a sequence. Perplexity can be estimated via Equation 5.1.

Perplexity = e:z:p( — ;{Z > log(P(ti|t1, to, ... ti_l))> (5.1)
N i

In our case, N represents the number of SMILES in the evaluation dataset, whereas ¢;
denotes the i-th token in the sequence. P(t;|t1,ts,...,t;—1) is the probability assigned
by the language model to predict the i-th token given the preceding tokens in the
given sequence, i.e., SMILES. Such probabilities are returned by the language model
as logits, i.e., log(P(ti|t1,t2, s ti_1)), and therefore they need to be summed for
each evaluated SMILES (also refer to Figure 4.3 for a visual representation of the
model output).

The perplexity formula essentially calculates the average negative log-likelihood of
the tokens in the tokenized SMILES sequences according to the language model®.
By exponentiating the result, one can obtain a perplexity value that is easier to
interpret, with lower values implying that the model is more confident about its
predictions, thus suggesting better predictive performance.

Figure 5.4 shows the perplexity score on the validation set before and after finetuning
the three candidate Transformer models via SSL. We can observe that for all models

1Using logarithms in the computation also helps with numerical stability. For example, while
multiplying together probabilities, having their logarithms turns the operation into a sum, thus
preventing that one very small probability rounds the whole result to zero.
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Table 5.2: XGBoost optimal model combinations of fixed hyperparameters.

Hyperparameters Values

M, M, M; M, M; M
fp_ bits (fixed) 167 1024 2048 2048 167 4096
extra_ features (fixed) True False True False True False
fp_type MACCS Morgan Morgan Morgan MACCS Path
fp_ radius - 2 3 2 - 7
fp_max_ path - - - - - 10
booster ghtree gblinear dart gblinear dart dart
lambda 3e-07 0.005 9e-06 1e-06 0.003 4e-05
alpha 2e-08 5e-05 6e-08 2e-06 0.003 1e-06
max_ depth 20 - 7 - 10 10
eta 0.03 - 0.0005 - 0.04 3e-06
gamma 0.004 - 1e-07 - 0.0005 7e-05
grow__policy lossguide - depthwise - lossguide lossguide
sample_ type - - uniform - weighted uniform
normalize_ type - - forest - forest tree
rate_ drop - - 0.05 - 7e-05 le-07
skip_ drop - - 0.2 - 0.5 4e-06
Scores
Accuracy [%] (Validation) 81.58 76.32 73.68 80.26 81.58 73.68
Accuracy [%)] (Test) 56.98 51.16 53.49 48.84 56.98 61.63
ROC AUC (Validation) 0.8261 0.7980  0.8611 0.8136  0.8261 0.8278
ROC AUC (Test) 0.7095 0.5765  0.5692 0.5020  0.6983 0.6275

the perplexity score decreases after SSL training, with an improvement of two order
of magnitudes for the ChemBERTa-10M-MTR model and of 2.21x and 3.38x for
Roberta_ zinc_ 480m and ChemBERTa-zinc-base-v1, respectively.

5.3 Experimental Results: Optimal Hyperparam-
eters and Performance Scores

We here report the experimental results collected after following the experimental
setup described in 4.3, i.e., after hyperparameter optimization via Optuna and
training of the candidate models.

Tables 5.2, 5.3, 5.4, and 5.5 show the found hyperparameters and performance scores
for the XGBoost baseline, the MLP-, GNN-, and BERT-based models, respectively.
In the tables, hyperparameters marked as “fixed” are not optimized during the
optimization search and generate the combinations listed in Table 4.1. The different
combinations of models with fixed hyperparameters are progressively marked as
My, ..., M,,. Figures 5.5 and 5.6 show instead a comparison of the accuracy and
Receiver Operating Characteristic Area Under the Curve (ROC AUC) scores, re-
spectively, of the different models. A dummy score was added for both accuracy and
AUC results. For accuracy, the dummy model always outputs the most frequent
class in the dataset, meaning that its accuracy score will be equal to the percentage
of most abundant class label. On the other hand, we assume perfect error for true

27



5. Results and Discussion

Table 5.3: Optimal hyperparameters of MLP-based SMILES encoder models found
after Optuna optimization search.

Hyperparameters Values

M, M, M;
num_epochs (fixed) 10 10 10
num_ layers_extra_ features 5 3 4
layer_ sizes [480, 928, 224, 224, 448] [352, 192, 288] [480, 736, 672, 128]
dropout 0.6 0.2 0.3
learning_ rate 0.002 0.0001 0.0003
batch size 32 64 64

SMILES Encoder-specific

fp__bits (fixed) 1024 2048 4096
fp_ type Morgan Morgan Morgan
fp_ radius 2 3 )
fp__max_path - - -
num__layers 2 2 2
layer_ 0_ size 608 576 32
layer_1_ size 768 352 704
dropout 0.2 0.6 0.2
Scores
Accuracy [%] (Validation) 75.00 75.00 80.26
Accuracy [%)] (Test) 55.81 67.44 54.65
ROC AUC (Validation) 0.82 0.80 0.81
ROC AUC (Test) 0.61 0.68 0.59

Table 5.4: Optimal hyperparameters of GNN-based SMILES encoder models found
after Optuna optimization search.

Hyperparameters Values

M, M, M; M,
num_epochs (fixed) 50 50 50 50
num_ layers extra_ features 4 2 3 2
layer_sizes [288, 256, 192, 352] [96, 64] [384, 256, 96] [448, 384]
dropout 0.12 0.20 0.10 0.07
learning rate 8e-05 0.001 0.0003 2e-05
batch size 8 8 8 4

SMILES Encoder-specific

gnn_type (fixed) Attentivefp GAT GCN GIN
jk - last last Istm
hidden channels 320 128 384 128
num__ layers 8 6 3 3
dropout 0.59 0.39 0.66 0.61
out channels 768 64 64 -
num__timesteps 64 - - -
accumulate__grad_ batches 1 4 1 8
Scores
Accuracy [%] (Validation) 69.74 68.42  76.32 72.37
Accuracy [%] (Test) 50.00 4419  62.79 60.47
ROC AUC (Validation) 0.71 0.74 0.74 0.71
ROC AUC (Test) 0.50 0.46 0.63 0.63
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Table 5.5: Optimal hyperparameters of BERT-based SMILES encoder models found
after Optuna optimization search.

Hyperparameters Values

M, M, M; M, M; Mg
num__epochs (fixed) 5 5 5 5 5 5
num_ layers_extra_features 5 4 6 4 8 4
layer 0 size 384 512 224 384 288 480
layer 1 _size 448 384 384 384 192 96
layer 2 size 384 320 384 288 512 192
layer 3 size 352 128 192 416 512 288
layer 4 size 64 - 192 - 512 -
layer 5 size - - 224 - 512 -
layer 6 size - - - - 128 -
layer 7 size - - - - 512 -
dropout 0.33 0.13 0.40 0.35 0.03 0.56
learning rate 4e-05 1e-05 0.0002 3e-05 T7e-05 0.0001
batch size 4 4 8 4 8 8

SMILES Encoder-specific

SSL (fixed) False False False True True True
bert_ type (fixed) (reference) [35]  [36] [37] [35]  [36]  [37]
accumulate grad_batches 4 4 2 4 8 2
Scores
Accuracy [%] (Validation) 72.37 78.95 76.32 76.32 77.63 73.68
Accuracy [%] (Test) 55.81 63.95 63.95 61.63 59.30 63.95
ROC AUC (Validation) 0.87 0.86 0.81 0.83 0.82 0.81
ROC AUC (Test) 0.57 0.62 0.61 0.64 0.61 0.59

and false positive outputs, leading to a 0.50 AUC score for the dummy model.

On average, XGBoost models achieved a validation accuracy of approximately 77.8%
and a validation ROC AUC of 0.83. The best-performing XGBoost models achieved
a validation accuracy of 81.58% and a validation ROC AUC of 0.83. On the test set,
the average accuracy for XGBoost models was around 54.9%, with an average ROC
AUC of 0.62. The best XGBoost model achieved a test accuracy of 61.6% and a test
ROC AUC of 0.71.

The average accuracy on the validation set for MLP models was approximately 76.8%,
with an average ROC AUC of 0.81. The best MLP models achieved a validation
accuracy of 80.3% and a validation ROC AUC of 0.82. On the test set, MLP models
achieved an average accuracy of 59.3% and an average ROC AUC of 0.62. The best
MLP models achieved a test accuracy of 67.4% and a test ROC AUC of 0.68.

The average accuracy on the validation set for GNN models was around 70.8%, with
an average ROC AUC of 0.73. The best GNN models achieved a validation accuracy
of 76.3% and a validation ROC AUC of 0.74. On the test set, GNN models achieved
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Figure 5.5: Accuracy scores of the candidate models. The higher the better.

an average accuracy of 51.9% and an average ROC AUC of 0.56. The best GNN
models achieved a test accuracy of 62.8% and a test ROC AUC of 0.63.

Transformer models achieved an average accuracy of approximately 75.9% on the
validation set, with an average ROC AUC of 0.83. The best Transformer models
achieved a validation accuracy of 78.9% and a validation ROC AUC of 0.87. On the
test set, Transformer models achieved an average accuracy of 58.67% and an average
ROC AUC of 0.62. The best Transformer models achieved a test accuracy of 64.0%
and a test ROC AUC of 0.64.

5.4 Discussion

The results indicate that XGBoost models achieve competitive performance across
different feature representations, with the highest validation accuracy achieved by
XGBoost - MACCS-1024b with extra features (validation accuracy of 81.58%) and the
highest validation ROC AUC achieved by XGBoost - MORGAN-2048b (validation
AUC of 0.861). MLP models also demonstrated promising performance, with MLP -
MORGAN-2048b achieving a validation accuracy of 80.26%. GNN models, including
AttentiveFP, GAT, GCN, and GIN, exhibited relatively lower performance compared
to XGBoost and MLP models, indicating the potential limitations of graph-based
approaches for the curated data. Similarly, Transformer models, such as BERT -
Roberta zinc 480m and BERT - ChemBERTa-zinc-base-v1, achieved moderate
performance in terms of validation accuracy and ROC AUC.

5.4.1 Comparison with DeepPROTACSs

In [7], the authors evaluate DeepPROTACSs via randomly splitting the PROTAC-DB
dataset in 80%-20% percentages. Despite following the same splitting percentages,
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Figure 5.6: AUC scores of the candidate models. The higher the better.

we did not have access to their specific datasets. Moreover, despite being open source,
the model is not straightforward to use, since it makes use of advanced and time
consuming molecular docking outputs as input features. Thus, we did not manage
to evaluate DeepPROTAC on our test set based on PROTAC-Pedia. Hence, we
reported its validation results values from their publication, while omitting its test
performance.

The validation performance of DeepPROTACSs was relatively lower compared to the
other models in the dataset. DeepPROTACS achieved a validation accuracy of 77.95%
and a validation ROC AUC of 0.847, which are lower than our highest performing
models by 3.6% and 0.02 in terms of these metrics, respectively. This indicates that
our models, possibly due to their specific architectures, feature representations, or
training methodologies, were more effective in capturing and utilizing the relevant
patterns and characteristics of the PROTAC complexes despite the limited amount
of data available.

Overall, the lower validation performance of DeepPROTACS could indicate potential
limitations in its approach or suggest that further optimization or simplifications are
required to improve its performance on this particular dataset.

5.4.2 Performance Drops from Validation to Test Sets

The results indicate that several models may have experienced overfitting on the
limited data available in the training dataset. Overfitting occurs when a model
becomes too complex or overly specialized to the training data, leading to reduced
performance on unseen data. One indicator of potential overfitting is when there is
a significant difference between the performance on the training/validation data and
the performance on the test data. In our case, in Figure 5.7 we observe large drops in
accuracy and ROC AUC from the validation set to the test set, suggesting that the
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models may have learned to perform well on the specific patterns and characteristics
of the training/validation data in PROTAC-DB, but failed to generalize to new,
unseen examples in PROTAC-Pedia.
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Figure 5.7: Accuracy drops from validation to test sets in the proposed models. The
lower the better. (a) Accuracy drops per models. (b) Accuracy drops grouped by
model type.

From Figure 5.7b, the XGBoost models exhibit considerably validation-test accuracy
drops (23.0% on average). Some models, such as XGBoost - PATH-4096b, showed
relatively small drops (12.1% on accuracy), indicating a reasonable level of generaliza-
tion. However, other XGBoost models, like XGBoost - MORGAN-2048b, experienced
larger drops (31.4% on accuracy), suggesting a more pronounced overfitting issue.
In general, XGBoost tends to work well when the dataset has limited training data
points like in our setup. Deep learning models often require a large amount of data to
train effectively, as they are capable of learning complex representations and patterns.
In contrast, XGBoost can perform well even with a relatively smaller training dataset
due to its ensemble learning nature and the strength of decision trees in capturing
relevant features.

Conversely , MLP models demonstrated mixed results in terms of validation-test accu-
racy drops. While MLP - MORGAN-2048b exhibited a relatively small drop (7.6%),
indicating better generalization, MLP - MORGAN-1024b showed a considerable drop
(25.6%), implying a higher likelihood of overfitting.

Furthermore, GNN models, including AttentiveFP, GAT, GCN, and GIN, generally
experienced significant validation-test accuracy drops (17.4% on average). This
suggests that these models may have learned to fit the training/validation data
closely, but struggled to generalize their predictions to unseen PROTAC complexes.
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On the other hand, Transformer models demonstrated relatively consistent validation-
test accuracy drops (14.4% on average). For instance, BERT - Roberta_zinc 480m
experienced a drop of 16.6%, while BERT - ChemBERTa-zinc-base-v1 had a drop
of 15.0%. These results indicate that the Transformer models maintained a similar
level of performance when applied to unseen data, suggesting a relatively good
generalization capability. On top of that, the model that was finetuned after self-
supervised learning (SSL), SSL._ ChemBERTa-10M-MTR, demonstrated the smallest
validation-test accuracy drop (9.7%) compared to other Transformer models in the
evaluation. This indicates that the SSL pretraining process might have contributed
to enhancing the model’s ability to generalize to unseen data. In general, however,
we see that, compared to non-SSL finetuned models, SSL training does not guarantee
high performance in neither accuracy nor AUC scores.

5.4.3 Effect of Hyperparameters

In this Section, we discuss how different hyperparameters could affect the candidate
models performance.

5.4.3.1 Fingerprints Bitwidth and Extra Features on XGBoost

As reported in Appendix A, Table A.1, for XGBoost-based models, we wanted to
experiment how different fingerprint bitwidths and the presence or absence of “extra
features”, which refer to additional information such as POI amino acid sequence,
cell type, and E3 ligase type, which are incorporated as input features alongside the
molecular fingerprints. In particular, for each combination, we allowed Optuna to
search and optimize the type of fingerprints to use, being it either Morgan, MACCS
or path-based.

Generally, increasing the bitwidth allows for more detailed representation of molecular
features, potentially capturing more intricate patterns in the data. This can lead to
improved accuracy and AUC scores. However, our analysis indicates that the impact
of bitwidth on XGBoost performance is not straightforward. While some higher
bitwidths (e.g., 4096) achieved relatively higher accuracy and AUC scores, lower
bitwidths (e.g., 1024) also demonstrated competitive performance. Regarding the use
“extra features” in XGBoost, we see that their inclusion can have a positive impact
on the accuracy and AUC scores. By incorporating contextual information related
to the POI, the cellular environment, and the specific E3 ligase type, the model can
potentially capture more relevant information for making predictions. This can lead
to improved performance compared to using only the molecular fingerprints. Finally,
for XGBoost MACCS fingerprints generally yielded higher accuracy and AUC scores
(81.6% accuracy and 0.83 AUC on the validation set). The superior performance of
MACCS fingerprints suggests that the structural characteristics captured by MACCS
are more informative compared to Morgan and path-based fingerprints.

5.4.3.2 Fingerprints Bitwidth on MLP Models

Increasing the fingerprint bitwidth generally allows for a more detailed representation
of molecular features, enabling the model to capture finer patterns in the data. Our
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analysis reveals that higher bitwidths, such as 2048 and 4096, achieved relatively
higher accuracy and AUC scores compared to the lower bitwidth of 1024. This
indicates that a larger bitwidth provides more information and potentially improves
the model’s ability to discriminate between different PROTAC molecules, leading to
higher performance. In addition to this, the selection of the MORGAN fingerprint
type as the best-performing type by Optuna suggests its effectiveness in capturing
local and global structural features, leading to improved model performance.

5.4.3.3 Architecture Type on GNN Models

The absence of a specific GNN architecture that outperformed the others suggests that
the performance of GNNs in this scenario might be more dependent on factors beyond
the architecture itself. We speculate that the comparatively worse performance of
all candidate GNNs could be attributed to potentially limited data availability for
training compared to fine-tuned BERT models, as well as the high complexity of
the selected GNN architectures, which can make them more prone to overfitting.
Additionally, since typical PROTAC molecules are fairly long, the limited number of
message passing layers in the GNNs could have prevented them from learning from
distant nodes in the molecular graphs.
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Conclusion

This document described our research work on developing a DL-based system for
predicting the degradation activity of PROTACSs, a class of small molecules for
targeted protein degradation.

In Chapter 4 we presented the curation process of the PROTAC-DB dataset. Chapter
4 also reports the proposed model architectures and the experimental setup. In
Chapter 5 we showed the results of the methodology described in Chapter 4, which
includes an analysis of the curated datasets, together with the accuracy and AUC
scores of the candidate models. Chapter 5 ends with a comprehensive discussion on
the obtained results, including a comparison with DeepPROTACs and the effects of
a limited training dataset on the models performance.

In conclusion, the XGBoost algorithm demonstrated superior performance compared
to the DL models (MLP, GNN, Transformer) on the given PROTAC-DB dataset.
This could be attributed to XGBoost’s ability to effectively handle tabular data, like
binary vectors, and its capacity to perform well with limited training data points.
Conversely, the DL models, with their higher complexity and greater parameter count,
have struggled to generalize effectively due to the limited training data available,
but still showed competing performance with respect to XGBoost. Our work also
proves the limitations of DeepPROTACs [7] and its lower performance compared
to our models. Regarding the test dataset based on PROTAC-Pedia, no clear best
model emerged, further highlighting the difficulty of learning PROTACs degradation
activity when lacking large amounts of usable training data. We believe that further
exploration of data augmentation techniques, regularization methods, and acquiring
additional labeled data could potentially enhance the performance of the proposed
DL models.

6.1 Future Work

This section reports future ideas and approaches for possible continuations of this
thesis work.

6.1.1 Tackling the Problem of Few Data Points

As discussed in Chapter 5, the limited amount of data greatly influenced and
affected the ability of the proposed models to generalise to unseen data. In fact, DL
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models are generally data-hungry models, which struggle to learn complex features
representations from few training data. Because of that, one of the most effective way
of improving model generalization ability would be to apply data-centric approaches,
as described in the following sub-sections.

6.1.1.1 Interpolating Data on the Dose-Response Curve

Around 300 entries of the PROTAC-DB dataset do not explicitly include the exact
DC5 value, but instead report experimental data points on the dose-response curve,
as mentioned in Chapter 4, Section 4.1. In order to estimate the DCjy, value, one
could interpolate such points via an Hill equation, provided there are sufficient data
points per entry (in PROTAC-DB, they range from one to four points per entry).
However, there are possible limitations on the interpolated data. To start, there is
no way to know the true DCj5y value, so such entries shall not be used for validation
nor testing models. Additionally,

6.1.1.2 Semi-Supervised and Active Learning

Semi-supervised learning aims at training machine learning models by using small
datasets of labelled data and a large ones of unlabelled data [39], [40]. One of the
assumptions behind semi-supervised learning is that data with same, or very similar,
labels are close in high-density regions of the feature space. Hence, by leveraging
correlations and similarities between labelled and unlabelled data points one could
potentially still learn meaningful data representations and therefore train an ML
model.

Another possible way to exploit unlabelled data would be to apply active learning
techniques [41], [42]. For instance, an oracle model pretrained on the labeled dataset
can be used to label unlabeled data. The newly labeled data that reach a high
confidence score are then included into the training set. Such updated training set
can then be used to train a new model to repeat the labeling on the remaining
unlabelled points.

6.1.1.3 Transfer Learning

Contrary to PROTAC-DB, the PROTAC-Pedia dataset presents many more ac-
tive/inactive entries. However, PROTAC-Pedia definition of an active PROTAC
is less strict compared to PROTAC-DB, being active when D,,,, > 30% and
DC5 < 10uM. A possible way to train a model to predict PROTAC-DB defi-
nition of active/inactive entries (Dyq. > 80% and DCs9 < 0.1uM) would then be
to train a model on PROTAC-Pedia entries and then finetune the same model on
PROTAC-DB. This will effectively increase the amount of training data points, but
might still not be sufficient for avoiding overfitting on the few available data of

PROTAC-DB.
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6.1.1.4 Advanced Data Analysis

Principal Component Analysis (PCA) [43] and t-Distributed Stochastic Neighbor
Embedding (t-SNE) [44] are two popular dimensionality reduction techniques that can
provide valuable insights about data. In future work, such techniques can be applied
to different molecular and PROTAC complex representations in order to extract
deeper insights from the available data. For example, clustering algorithms can be
applied to the reduced feature space obtained from t-SNE to identify distinct groups
within the data or within specific datasets. Furthermore, correlation analysis can be
performed on the principal components generated by PCA to uncover relationships
between features. Additionally, feature selection techniques can be employed using
feature importance scores obtained from PCA to identify the most relevant variables
for modeling or further analysis.

6.1.2 More Advanced Feature Representations

Due to time constraints, we focused our research work on the most promising and
popular PROTAC-POI-E3 ligase complex representations. There are however many
possible ways to encode more advanced representations into our candidate deep
learning model.

6.1.2.1 More Molecular Representations

As mentioned in Chapter 2, Section 2.2.1, many molecular representations have
been proposed in literature. For instance, Winter et al. [45] propose a new method
for learning and generating Continuous and Data-Driven molecular Descriptors
(CDDD). Their methodology is based on the idea of translating equivalent chemical
representations into a continuous space. The authors first translate the molecules into
a set of equivalent chemical representations. This can be done via SMILES strings,
InChl strings, 3D structures, et cetera. Once the molecules have been translated, they
are then embedded into a common latent space. This is done using a neural network
(a variational autoencoder [46]), which learns to map the molecules from their original
representations to the latent space. The descriptors are finally learned by projecting
the molecules from the latent space back to their original representations. This is
done using a linear projection, which is trained to minimize the reconstruction error.
A possible future work direction could be designing a SMILES encoder that leverage
CDDD vectors extracted from PROTAC SMILES and compare it to other molecular
representations.

6.1.2.2 3D Information from the PROTAC-POI-E3 Ligase Complex

By incorporating 3D information, we could leverage the structural characteristics of
PROTACSs and their target proteins to enhance the accuracy and performance of
machine learning models for predicting degradation activity. This can help capture
critical features related to binding affinity, shape complementarity, and specific
protein-ligand interactions that can influence degradation activity. Future work could
explore different techniques for modelling and encoding 3D information. For example,
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the PRosettaC software [47] is able to accurately predict the binding affinities of
PROTACS to their targets, as well as the efficiency of the PROTACS in inducing
target degradation. It does so by modeling the formation of ternary complexes
between PROTACS, protein targets, and E3 ligases. These models could eventually
be leveraged as additional input features to more advanced machine learning models.
Potentially, 3D simulations could also be learned from bare PROTAC SMILES and
amino acid sequences of the POI and E3 ligase, perhaps via exploiting and modifying
layer modules from the Alpha- and Open-Fold projects [48], [49].

6.1.3 Predicting Protein Degradation as a Regression Task

Since the degradation activity of PROTACS is not unanimously defined, it might
useful to directly predict the D, and DC5q values of a given PROTAC molecule.
This, however, introduces additional challenges in designing an accurate machine
learning system for this task. The D,,,, and DC5q values reported in PROTAC-DB
and PROTAC-Pedia are themselves interpolated values on the dose-response curve,
whose approximation highly depend on the amount and quality of the data points
measured during laboratory assays (refer to Figure 2.2a). As such, D, and DCj
values alone might be far from an accurate description of PROTACs behavior. Hence,
it might be extremely challenging for a model to learn to predict them. On top of
that, we are currently facing an overfitting problem due to the low amount of data.
We speculate that for training on a regression task, the required number of data
points might increase, becoming too high to overcome for the current state of the
available open PROTACs datasets.

6.1.4 Explainability

Deep learning models are generally treated as black-boxes, meaning that their inner
parameters are hard to interpret and the layers input-output relationship are difficult
to comprehend. Despite this, in recent years there has been an increasing interest in
understanding models parameters and explaining their role in generating the models’
outputs [50]. In fact, knowing more about how a model reacts to different inputs can
become beneficial for identifying weaknesses in the model itself and/or gain more
insights about the data it processes. In future work, advanced visualization tools
like SHAP [51] can be applied to trained models in order to get more information
about their parameters in relation to the data features.

6.1.4.1 Feature Importance

Feature importance is a technique used in XGBoost and other machine learning
algorithms to measure the relative importance of each data feature in predicting the
target variable. To do so, it assigns a score to each feature based on its contribution
to the model’s performance. The higher the score, the more important the feature is
in making predictions. Thanks to this score, our proposed trained XGBoost models
can be inspected in order to identify which bit positions in the fingerprints are the
most relevant for predicting PROTAC degradation activity. In turn, such bit can
ideally tell us which molecular characteristics are the most informative for training
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machine learning models. However, fingerprints might have single bits encoding
information from multiple characteristics, as described in Chapter 2, Section 2.2.1.
Because of that, it is not straightforward to reverse engineer feature importance
scores.
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A

Hyperparameters Search Space

Hyperparameter optimization plays a crucial role in machine learning and model
development. Fine-tuning the hyperparameters can significantly impact the per-
formance and generalization of a model. In this Appendix chapter, we present
the hyperparameters search space of the different candidate models we proposed
in our work. In the following tables, hyperparameters not marked as “fixed” have
been optimized via Optuna. In particular, values within curly brackets {} represent
categorical choices, whereas those in square brackets | | report a range of possible
values to be selected.

Table A.1 summarizes the hyperparameters for the XGBoost-based baseline model. It
includes parameters such as the type of fingerprint used, e.g., MORGAN fingerprint,
MACCS fingerprint, path fingerprint, fingerprint radius, and maximum path length.
Additionally, XGBoost-specific parameters such as the booster type, regularization
parameters (lambda and alpha), and growth policies are presented.

Table A.2 provides an overview of the hyperparameters for the candidate model with
MLP-based SMILES encoder. It includes parameters such as the number of layers,
hidden channels, and dropout rates for the SMILES encoder.

The hyperparameters for the GNN model are presented in Table A.3. It includes the
choice of GNN type (like “gin” and “attentivefp”), number of layers, dropout rates,
and conditional parameters such as output channels and JK (Jumping Knowledge)
mechanisms.

Finally, Table A.4 outlines the hyperparameters for the BERT-based model. It
includes parameters such as the number of layers, hidden channels, and dropout rates
for the extra features branch, together with learning rate, batch size, and accumulate
gradient batches.



A. Hyperparameters Search Space

Table A.1: XGBoost models hyperparameters.

Hyperparameter Range

Fingerprint-specific
fp_ bits {1024, 2048, 4096} (fixed)
fp_ type {morgan_ fp, maccs_ fp, path_fp}
fp_ radius 2, 10]
fp_ max_ path 8, 10]

XGBoost-specific

booster {gbtree, gblinear, dart}
lambda [1e-8, 1.0] (log scale)
alpha [1e-8, 1.0] (log scale)

Additional hyperparameters for booster=gbtree or booster=dart

max__depth 1, 16]

eta [1e-8, 1.0] (log scale)

gamma [1e-8, 1.0] (log scale)

grow_ policy {depthwise, lossguide}

Additional hyperparameters for booster=dart

sample_ type {uniform, weighted}

normalize_ type {tree, forest}

rate_ drop [1e-8, 1.0] (log scale)

skip_drop [1e-8, 1.0] (log scale)

Additional hyperparameters (conditional)

fp_use extra_features {True, False}

Table A.2: Hyperparameters of MLP-based SMILES encoder models.

Hyperparameter Range

num__epochs (fixed value)

num_ layers_extra 2, §]

hidden_ channels_ extra_ features [32 1024] (step=32)
[

dropout 0.1, 0.8]
learning rate [le-5, 1le-2] (log scale)
batch_ size {16, 32, 64, 128}

SMILES Encoder-specific
fp_bits {1024, 2048, 4096} (fixed)
fp_type {morgan_ fp, maccs_ fp, path_fp}
fp_ radius 2, 10] (for MORGAN only)
fp__max_ path 8, 10] (for path-based only)

hidden channels 32, 1024] (step=32)

8,
num__layers 2, 8]

[
dropout 0.
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Table A.3: Hyperparameters of GNN-based SMILES encoder models.

Hyperparameter

Range

num_ epochs
num_ layers extra
hidden channels extra features

(fixed value)

2, 8]
[64 512] (step=32)
[

dropout 0.01, 0.8]
learning_ rate [le-5, 1le-2] (log scale)
batch size {4, 8}
SMILES Encoder-specific
gnn__type {gin, gat, gcn, attentivefp} (fixed)

hidden channels
num__layers
dropout

out channels

num__timesteps
jk

[64, 768] (step=64)

2, 8]

[0.01, 0.8]

{64, 128, 256, 512, 768}

{8, 16, 32, 64, 128, 256, 512, 768}
{max, last, cat, lstm}

Table A.4: Hyperparameters of Transformer-based SMILES encoder models.

Hyperparameter

Range

num__epochs
num_ layers extra

hidden channels extra features

(fixed value)

[2, 8]
(64, 512] (step=32)
[

dropout 0.01, 0.8]
learning_ rate [le-5, 1le-2] (log scale)
batch size {4, 8}
SMILES Encoder-specific
bert_ model (fixed value)

accumulate grad_ batches

{1, 2, 4, 8}
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