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Resumo

Uma plataforma para a previsao de sensibilidade e sinergia de
farmacos em linhas celulares de cancro utilizando aprendiza-
gem profunda

Cancro é um termo aplicado a um conjunto diverso de doencas, sendo caracterizado pela prolifera-
cao anormal de células e sua potencial disseminacao. Devido a heterogeneidade inter- e intratumoral, a
descoberta de tratamentos eficazes para todos os tipos de cancro é uma tarefa complexa. A medicina de
precisao € uma abordagem inovadora na area da saude que consiste em estratificar doentes com base
nas suas caracteristicas genomicas e fenotipicas. Ao caracterizar extensivamente os tumores ao nivel
molecular utilizando tecnologias dmicas, torna-se possivel desenvolver tratamentos direcionados a subti-
pos moleculares especificos de cancro. Os algoritmos e as ferramentas de inteligéncia artificial poderao
auxiliar na identificacao dos farmacos mais promissores ao prever a sensibilidade das células canceri-
genas a farmacos individuais ou a combinacdes de compostos, reduzindo assim o esforco experimental
necessario.

Neste trabalho, métodos de aprendizagem profunda foram desenvolvidos para prever a resposta de
células tumorais a compostos quimicos com base em dados dmicos e propriedades quimicas dos com-
postos. Foram criados diversos modelos para varios problemas de previsao da resposta a medicamentos,
incluindo a previsao da sensibilidade de linhas celulares de cancro e de amostras tumorais derivadas de
pacientes e a previsdo dos efeitos de combinacdes de medicamentos em linhas celulares tumorais. O
impacto de diferentes escolhas metodologicas na capacidade preditiva dos modelos foi avaliado siste-
maticamente. Testaram-se diferentes estratégias de pré-processamento, métodos de representacao dos
dados, técnicas de selecao de atributos e de reducao de dimensionalidade, e diversas arquiteturas de
redes neuronais. Com base nestas analises, foi possivel identificar as estratégias que produzem modelos
com melhor desempenho preditivo. Demonstrou-se que os algoritmos de aprendizagem profunda s&o
adequados a este tipo de problema, tendo superado o desempenho de outros algoritmos de aprendi-
zagem maquina. Além disso, utilizando um método de interpretabilidade post hoc, demonstrou-se que
0s modelos de aprendizagem profunda tém a capacidade de associar corretamente a resposta celular a
caracteristicas bioldgicas e quimicas importantes. Apesar da existéncia de limitacoes na abordagem des-
crita nesta tese, os resultados conseguidos serao Uteis para guiar o desenvolvimento de novos métodos
de aprendizagem profunda para a previsdo da resposta de células tumorais a compostos quimicos.

Palavras-chave: Aprendizagem profunda, cancro, medicina de precisao, sensibilidade a farmacos,

sinergia farmacologica



Abstract

A framework for predicting drug sensitivity and synergy in can-
cer cells using deep learning

Cancer is a label applied to a diverse group of diseases, marked by abnormal cell proliferation and the
potential for metastasis. Due to intertumoral and intratumoral heterogeneity, finding successful treatments
for all types of cancers is a difficult endeavor. Precision medicine is an innovative approach to healthcare
focused on stratifying patients for treatment based on their genomic and phenotypic characteristics. By
extensively characterizing tumors at the molecular level using high-throughput omics technologies, it is pos-
sible to design targeted treatments aimed at specific molecular subtypes of cancer. Artificial intelligence
algorithms and tools can help identify the most promising drug candidates by predicting the sensitivity of
cancer cells to specific drugs or their combinations, reducing the experimental effort required.

In this work, deep learning (DL) methods were developed to predict drug response based on omics
data characterizing tumoral cells and chemical features of anti-cancer drug candidates. Models were
built for several drug response prediction problems, including the prediction of drug sensitivity for cancer
cell lines and patient-derived samples, and estimating the effects of drug combinations in cancer cell
lines. The impact of different methodological choices on the performance of these models was system-
atically evaluated. Different preprocessing strategies, feature representation methods, feature selection
and dimensionality reduction techniques, and neural network architectures were tested. Based on these
analyses, we were able to identify the strategies that generally lead to models with better predictive per-
formance. We also show that DL is a suitable choice for this type of problem, as the performance of the
DL models developed in this work surpasses that of other machine learning (ML) algorithms. In addition,
using a post hoc interpretability method, we also demonstrate that DL is able to correctly associate im-
portant biological and chemical features with drug response. Despite some limitations of the proposed
approach, our findings will be useful to guide the development of new DL-based drug response prediction
methods.

Keywords: Cancer, deep learning, drug sensitivity, drug synergy, precision medicine
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Introduction

1.1 Context and Motivation

Precision medicine represents a paradigm shift in drug development. Instead of trying to find a general,
“one-size-fits-all” solution for a given disease, it aims to tailor treatments to specific groups of patients,
according to their individual characteristics, in order to improve patient outcomes [1]. One of the most
prominent endeavors in the field has been the search for personalized cancer treatments.

The success of precision oncology relies on the extensive characterization of tumors at the molec-
ular level, and the effective translation of genomic and other “omics” data into prognostic and predic-
tive biomarkers [2]. Another relevant task is to generate drug sensitivity profiles, spanning many drugs
and genomic/epigenomic variants. The effectiveness of drug candidates can be evaluated through high-
throughput screening. In these experiments, multiple compounds are screened at different concentrations
across a panel of cell lines, and the cellular response to the drugs is measured, resulting in dose-response
relationships [3]. In recent years, several datasets from large-scale drug screening projects have been
made publicly available [3]-[8].

Computational methods are essential to gather insights from these large datasets. Additionally, al-
though high-throughput drug screening technologies allow many drug candidates to be tested at once,
experimentally screening all potential drug candidates would be impossible, for both practical and finan-
cial reasons [8], [9]. Computational methods can help limit the search space by identifying the most
promising candidates, before any experimental work is undertaken. Publicly available anti-cancer drug
screening datasets have already allowed the development of computational methods to identify putative
biomarkers, using statistical methods [3], [10] and ML models that predict drug sensitivity based on cell
line omics data and drug chemical features [11], [12].

A more complex problem is the prediction of drug synergy. The efficacy of single-drug therapies is
often diminished due to tumor drug resistance, either innate or arising in response to treatment [13].
Drug combinations are a common strategy to overcome resistance. Drug synergy is the enhancement of
combination effects beyond expected, and it is a highly desirable outcome, as it may increase treatment
efficacy without requiring an increase in dosage [14]. Novel drug combinations are also usually discovered



CHAPTER 1. INTRODUCTION

through high-throughput screening experiments. Once again, given the vast number of drug combinations
that are possible, screening all conceivable drug pairs would be unfeasible. Therefore, computational
methods that accurately predict drug synergy could also greatly reduce the experimental effort required
to develop effective combination therapies.

The Dialogue on Reverse Engineering Assessment and Methods (DREAM) Challenges crowdsourc-
ing initiative has launched several challenges over the past few years to accelerate the development of
drug response prediction methods. In the National Cancer Institute (NCI)-DREAM Drug Sensitivity Chal-
lenge [15], competing teams were asked to predict drug response based on genomics, epigenomics, and
proteomics data from several breast cancer cell-lines. The NCI-DREAM Drug Synergy Challenge [9] was
focused on predicting the effects of drug combinations on a lymphoma cell-line, with participants having
to rank compound pairs according to the predicted response. The more recent AstraZeneca-Sanger Drug
Combination Prediction Challenge was aimed at the development of ML methods to predict the effects
of drug combinations on an extensive panel of cancer cell lines [8]. Despite some encouraging results
from these challenges and other studies, the proposed solutions are still far from optimal and there is still
much room for improvement in terms of predictive performance, model generalizability [16], and model
interpretability.

DL is a subclass of ML based on artificial neural networks. Deep neural networks (DNNs) are com-
posed of multiple processing layers, which enables them to learn complex functions [17] and allows them
to discover suitable higher-order representations to handle raw data [18]. In addition, DL is able to han-
dle large volumes of high-dimensional and noisy data, such as omics datasets. By integrating several
data sources, smoothing and weighting different data, DL may be able to capture the complex biological
relationships present in the data. These characteristics make DL algorithms interesting candidates for
drug sensitivity and synergy prediction from large-scale omics and chemical datasets. Nevertheless, the
application of DL requires significant expertise and resources, which has hampered its use in this field.
As a result, the use of DL to model drug response has been underexplored until very recently.

In this work, the development of a framework based on DNN is proposed, aiming to address drug
sensitivity and synergy prediction from cancer cell omics data and drug chemical features. Methods
will be developed to train deep models using distinct data types and combine them to build effective
predictors. Different preprocessing techniques and DL architectures will be systematically evaluated. In
addition, state-of-the-art methods for model interpretability will also be explored.

1.2 Research Objectives

The main goal of this work is to develop a DL-based computational framework capable of predictng the
response of cancer cells when exposed to single drugs or drug combinations, based on distinct types
of data, including multiomics (genomics and transcriptomics) data characterizing the cancer cells and
chemical features of the drugs.



1.3. OUTLINE

This encompasses a set of specific scientific and technological objectives:

* To review the state-of-the-art of drug sensitivity and drug synergy prediction approaches, as well
as relevant literature on DL models and training/optimization algorithms, methods for handling
overfitting and ways to handle multimodal learning, databases and portals with relevant data on
cancer cells and drugs, and other relevant resources.

* To design and implement algorithms to train DL models to predict drug sensitivity and synergy
based on publicly available drug screening data, as well as omics data characterizing the cancer
cells and the chemical properties of the drug candidates. Given the modularity of DL models, this
will result in sets of models and model parts that can be reused by our team and the community;

* To validate the methods and the models developed above considering case studies including dif-
ferent types of cancer and different tasks (e.g. predicting drug sensitivity of cell line-drug pairs;
predicting drug combination effects for cell line-drug A-drug B triplets);

* To make the developed pipelines and models open to the community to foster their reuse and the
reproducibility of the studies;

* To write articles for peer-reviewed international journals and conferences with the main results of
the work.

1.3 Outline

This manuscript is structured as follows:

In Chapter 1 (the present chapter), the research problem is identified and the main research objectives
are set forth. At the end of the chapter, a brief overview of the structure of the manuscript is provided.

Chapter 2 provides the theoretical background for this work. The first part of the chapter introduces
ML and DL, from the basic concepts underlying these algorithms to common problems and the strategies
that have been proposed to overcome them. In the second part, cancer and drug-based cancer treatments
are briefly described. In addition, drug resistance is explained, the concepts of drug sensitivity and drug
synergy are defined, and the methodology behind high-throughput drug screens is described.

Chapter 3 is a review of recently published studies that have employed DL methods to predict drug
sensitivity and drug synergy in cancer. A brief description of DL and the main types of architectures that
have been used in these studies is provided. Additionally, a selection of publicly available drug screening
data resources that can be used to develop drug response prediction models are presented. Finally, we
also address the limitations of these approaches and provide a discussion on possible paths for further
improvement.
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Chapter 4 presents a study that was undertaken to determine which compound representation strate-
gies are most suitable for drug response prediction in cancer cell lines. Twelve different compound rep-
resentation methods were benchmarked on 5 anti-cancer drug sensitivity datasets. We also explore the
use of ensemble learning to improve performance, and show that our DL models can be explained using
a gradient-based feature attribution method.

Chapter 5 describes the process behind the development of a solution for a recent drug response
prediction DREAM challenge. The goal of this challenge was to predict the sensitivity of tumor specimens
obtained from acute myeloid leukemia (AML) patients to anti-cancer drugs, using compound features,
omics data and clinical features. This chapter provides a description of the different multimodal DL models
that were tested, and an analysis of the effects of using different combinations of input data sources and
different compound representations.

Chapter 6 reports the analysis of the impact of different methodological variables on the performance
of DL-based drug synergy prediction models, including different preprocessing steps, types of input data,
and DL architectures. We discuss the main results and identify promising modeling strategies that may
be useful for the development of new drug synergy prediction models in the future. We also show that
DL models are able learn to associate drug and cell line features with drug response in a biologically
meaningful way, and confirm that DL approaches may be better at predicting drug synergy than classical
ML approaches.

The main conclusions of this thesis are summarized in Chapter 7. The work undertaken in this thesis
is briefly analyzed and future perspectives and some ideas for improvement are also proposed in this
chapter.
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Background

2.1 Machine Learning

2.1.1 Definitions

The field of ML is focused on the design and application of algorithms that can learn information directly
from data, and make accurate predictions using a model that is inferred from input data alone [19].

ML can be divided into two main types of approaches, unsupervised learning and supervised learning,
although semi-supervised and reinforcement learning approaches also exist. In unsupervised learning,
the goal is for the ML algorithm to find structure in unlabeled data. In supervised learning, an estimator is
initially trained on a dataset that contains a set of input features and the corresponding response (output)
values. The goal is to obtain a function that maps the input variables to the output variable(s). Supervised
learning can be used for classification tasks (if the response variable is categorical), ranking tasks (if
it is ordered), or regression problems (when the output variable is continuous). A general workflow for
supervised machine learning tasks is shown in Figure 1.

_ Preprocess ___ Feature Model
_ Data 2 Reduction 5 Training

Hyperparameter |~
- Feature selection tuning

- Dimensionality reduction

Model
Evaluation

Predictions

Figure 1: A general workflow for supervised machine learning tasks.

In supervised learning, model training is accomplished by optimizing a particular objective function -
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usually minimizing a loss function - in order to estimate the model parameters given a training dataset.
A loss function is a measure of the penalty associated with prediction errors [20]; thus, the loss function
gives an idea of how well the model fits the data, while it may also encompass components measuring
the model’s capacity (or complexity). Once constructed, a supervised machine learning model can be
applied to previously unseen data to predict the corresponding output values.

A common problem in ML is overfitting. It occurs when the complexity of the model is high and there
is insufficient training data. The resulting model fits the training data well, but is unable to generalize to
unseen data. One common solution to this problem is to increase the size of the training set, but this
is not always possible. Another way to improve model generalization is to use a regularization method,
which penalizes complex models in the loss function.

Feature selection techniques can also reduce model complexity by considering only subsets of the
original variables. Feature selection also makes the learning process faster, and it simplifies the interpre-
tation of both the model and the data [21]. An alternative strategy to reduce model complexity is the use
of unsupervised dimensionality reduction techniques, such as principal component analysis (PCA).

To assess the quality of a given predictive model, it must be tested on a set of examples that were
not used to train the model and for which the output values are known. This test set can be obtained by
simply dividing the input data into two sets, and holding out one of the sets when training.

Other ways to generate training and test sets exist, such as cross-validation or bootstrapping. K-fold
cross-validation randomly partitions the input dataset into k subsets that are equal in size and mutually
exclusive. The estimator is evaluated k times, using one of the folds as the test set and the remaining
folds as the training set. The cross-validated model performance is the average of the performance score
calculated for the k iterations [22]. Leave-one-out cross-validation is the case where k is equal to the
number of samples in the training set. On the other hand, bootstrapping creates a validation set by
sampling from the original dataset with replacement.

While model parameters are optimized during model fitting, estimator hyperparameters must be op-
timized before training, as they must be set before the model fitting step. Hyperparameter optimization
can be achieved through manual tuning, or by performing an exhaustive search (grid search) across all
(or a set of) possible combinations of user-specified values or a random search that only evaluates a
number of hyperparameter combinations sampled from the entire search space. Cross-validation or other
unbiased estimation methods are used to compute performance metrics to evaluate each proposed set
of hyperparameters. The chosen set of hyperparameters will be the one that maximizes the predictive
performance of the model. Alternative methods for hyperparameter tuning also exist, such as Bayesian
hyperparameter optimization [23] or optimization metaheuristics.

2.1.2 Machine Learning Models and Algorithms

In this section, some of the most popular machine learning models are briefly reviewed, focusing on those
that are most used in drug discovery applications.
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Linear regression methods are one of the simplest machine learning regression algorithms. Linear
regression assumes that the relationship between the input features and the output variable is linear, and
attempts to find the linear function that best fits the data. In ordinary least squares linear regression, the
model parameters are estimated by minimizing the residual sum of squares (RSS) (Eq 2.1). Assuming
that N is the number of samples, p is the number of features, x; are the inputs, y; are the output values,
and [3; are the regression coefficients (model parameters), the RSS is defined as:

N p
RSS= " (yi= . xi;f;)? (2.1)
i=1 j=1

If the determined model is excessively complex, overfitting may occur, causing the model to lose
generalization capacity. To avoid overfitting, a regularization term that penalizes the size of the regres-
sion coefficients can be added. Ridge regression [24] is a linear least squares regression method with
regularization which uses L2 regularization, which corresponds to adding the sum of the squares of the

parameters as a penalty (Eq. 2.2).
N p p
Ridge loss = Z(yi - injﬂj)z +A Z ﬂjz (2.2)
i=1 j=1 j=1

In this loss function, A is the regularization coefficient, a parameter that represents the importance given
to the penalization term.

Least absolute shrinkage and selection operator (LASSO) [25] uses L1 regularization, adding a pe-
nalization term to the loss function that corresponds to the sum of the absolute values of the parameters
(Eq. 2.3).

N p P
LASSO loss = Z(yi - Z xij,Bj)z +1 Z|ﬁj| (2.3)
i=1 =1 j=1

Elastic net regression [26] adopts the penalties of both of the previous methods.

Logistic regression [27] is a statistical method for linear classification that is used when the depen-
dent variable is binary. It uses a sigmoid (logistic) function to model the probability of a given example
belonging to a given class. Similar to linear regression, the estimation of the parameters of the model is
an optimization problem. The parameters are estimated by minimizing classification errors through the
maximization of the log-likelihood. This optimization problem can be solved using analytical methods or
gradient descent algorithms.

Decision trees are recursive data structures including decision rules, which may be inferred from the
input data through appropriate algorithms. Each internal node (decision node) of the tree represents a
decision that is made regarding a particular feature, while branches represent the possible values for a
given feature and leaf nodes are the final predicted values [28]. There are several tree building algorithms,
one of which is the classification and regression trees (CART) algorithm [29]. To reduce overfitting and
improve model performance, decision tree algorithms can include a pruning step, which is guided by the

error on a validation set.



CHAPTER 2. BACKGROUND

Support vector machines (SVMs) [30] are kernel-based machine learning methods. To be able to
model non-linear problems, SVMs start by mapping the input features to a new, high-dimensional feature
space using a kernel function. In this new feature space, the algorithm searches for the optimal linear
hyperplane that maximizes the separation (margin) between classes. The input examples that define
the margin constitute the support vectors; thus, the SVM model is only dependent upon a subset of the
training data [30].

To improve model performance, multiple estimators can be combined in ensembles. A simple en-
semble is one where predictions from several different estimators are averaged, giving the final prediction
values. Stacking is another ensemble strategy, where predictions from various models are used as input
for another estimator that makes the final prediction [31].

Random forests (RFs) [32] and gradient boosting (GB) [33] are more elaborate ensembles. Both
typically use decision trees as their base estimator.

RFs apply the bootstrap aggregating (bagging) method to create different models. Bagging generates
a number of distinct training subsets by sampling from the training set with replacement (bootstrapping).
Each tree is grown using a modified version of the CART algorithm, which tests a random selection of
features at each node instead of all the remaining features.

The RF predictions are an average of the predictions from the individual trees. The forest growth
process is guided by the out-of-bag error, an estimate of the generalization error on each training sample,
when predicted using the trees where bagging did not include the sample in their training set. This internal
estimate is also used to determine feature importance.

GB also usually uses CART trees as a base estimator. In GB, the gradient descent optimization
method is used to minimize an arbitrary differentiable loss function. The base estimators are trained in a
sequential manner (boosting), guided by the negative gradient of the loss function being minimized. This
strategy is used to iteratively transform weak learners into more predictive estimators. For each iteration,
the base estimator is fit with a subset of samples that is randomly chosen without replacement from the
full training dataset [34].

2.1.3 Artificial Neural Networks

Artificial neural networks (NNs) are a group of machine learning techniques, which are inspired by their
biological counterparts. Both supervised and unsupervised NN models exist.

Supervised NNs are comprised of several connected layers which contain several units (also called
“neurons”). The most used NNs are fully-connected networks composed of an input layer, a single hidden
layer, and an output layer (Figure 2), also called a multilayer perceptron (MLP). However, NNs may have
more than one hidden layer. These models are feed-forward networks, which means that they constitute
an acyclic graph in which information flows in only one direction, from input nodes to output nodes [35,
p. 164].
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Input Hidden Output

Figure 2: An example of an artificial neural network with a single hidden layer.

In hidden or output layers, each unit receives its inputs from the preceding layer. The connections
between nodes in adjacent layers, called edges, each have an associated weight, reflecting the relative
importance of a given input. Each unit applies an activation function, typically non-linear, to the weighted
sum of its inputs to calculate its output value [17]. Some of the most widely adopted non-linear activation
functions for hidden units are the sigmoid function, the hyperbolic tangent (tanh) function, and, in recent
years, the rectified linear unit (ReLU) function (see Figure 3). This forward propagation of information is
continued until the final output value is predicted.

a) sigmoid b) tanh
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1 1
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c) ReLU

Figure 3: Common activation functions: a) sigmoid function; b) hyperbolic tangent (tanh) function; c)
rectified linear unit (ReLU) function.
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Training a NN is an optimization problem, where the goal is to minimize the difference between the
predicted output values and the real values, that is, to minimize the error. Once an input case has been
forward propagated until the output layer, the predicted and real output values are compared, and the
error is determined using a loss function.

To train the network, the gradient of the loss function can be calculated, and then the backpropagation
algorithm can be applied so that the error is propagated backwards, from the output layer to the input
layer [17]. In this manner, the gradients with respect to the weights can be computed. The weights can
then be adjusted using gradient methods, such as stochastic gradient descent (SGD), or variants such as
the Adam algorithm [36]. Therefore, learning is achieved by iteratively modifying the weights.

2.1.4 Deep Learning

DL refers to a set of computational models that are based on the principles described above, but are
more complex, having multiple hierarchical processing layers [17]. Due to this, DL models are capable of
learning complex functions and, unlike most traditional machine learning methods, they typically do not
require feature selection before training, since they have the ability to learn representations directly from
raw input data [18].

There are many different types of DL architectures. Specific types of DL architectures that have been
used for drug response prediction will be described in more detail in the following chapters.

DL approaches are well-suited to and perform better when trained on large amounts of data. In some
cases, this can be a disadvantage, as obtaining sufficiently large sets of complete and labeled data for
certain prediction tasks may be difficult. With smaller datasets, it may even be preferable to use more
traditional machine learning methods. Unsupervised pre-training on a larger set of unlabeled data and
then fine-tuning the model for a more specific prediction task using smaller datasets can help to overcome
this issue.

Since DL models are complex and have many parameters to learn, they have a tendency to overfit.
To avoid this, regularization technigues can be applied. The dropout technique temporarily eliminates
randomly selected units during the training step [37]. Early stopping of model training, when a validation
metric stops improving, can also avoid over-training the network.

Multi-task learning may also help reduce overfitting. In this approach, a single network is built to
predict several different outcomes, therefore forcing it to learn features relevant for a variety of prediction
tasks instead of a single, specific task.

The complexity of deep learning models poses additional challenges, including the more extensive
hyperparameter optimization that is required, as well as the difficulty involved in training these models,
which calls for greater computational capacity when compared to shallow methods.

Finally, one characteristic of DL models that has limited their application to biological and health
related problems is their lack of interpretability. However, a few methods to improve the interpretability
of NNs have recently been described in the literature. Some of the proposed methods include assigning

10
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an importance score to input features by backpropagating an importance signal throughout the network
[38], using an additional ML model to learn important features based on the predictions of DL models
[39], [40], or using the concept of dropout applied to the input layer to rank input features [41].

2.2 Cancer Treatment and Drug Response

2.2.1 Cancer Treatment

Cancer is a label applied to a group of many diseases that may affect a variety of organs and tissues,
all characterized by abnormal cell proliferation. Other defining characteristics, progressively acquired
by many tumors and considered to be the hallmarks of cancer, include the ability to maintain prolifera-
tive signaling, evasion of growth suppression, activation of invasion and metastasis, enabling replicative
immortality, inducing angiogenesis, cell death resistance, the deregulation and modification of cellular
metabolism, and evading immunological destruction [42]. These progressive changes at the phenotype
level are driven by changes at the genetic and epigenetic levels.

Despite these common features, tumors are very diverse, not only in terms of tissue of origin, but also
at the molecular level. This diversity is reflected in the variety of strategies that are currently used to treat
cancer. The main types of cancer treatment modalities are surgery, radiation therapy, chemotherapy, tar-
geted therapies, hormone therapy, targeted therapies (molecularly targeted drugs), and immunotherapy.
Cancer treatment plans frequently include a combination of different treatment modalities [43].

While chemotherapy may also encompass molecularly targeted drugs, itis usually used as a synonym
for cytotoxic drugs. Cytotoxic drugs are those that kill all rapidly proliferating cells, tumoral or otherwise
[44]. Due to this, chemotherapy may cause negative side effects. Recent anti-cancer drug discovery efforts
have been focusing on more targeted forms of treatment. Molecularly targeted drugs specifically target
proteins that are altered in tumors, with the aim of inhibiting the biochemical pathways that are crucial for
tumor maintenance [45], and that underlie the previously mentioned cancer hallmarks. Targeted therapy
may also refer to the use of immunotherapeutic agents such as monoclonal antibodies to stimulate an
immune response against the tumor [45]. The goal with targeted therapy is to affect the tumor cells, while
having little or no effect on normal cells, thus reducing the negative side effects of the treatment. Table 1
lists some of the main types of chemotherapeutic and targeted drugs.

In recent years, there has also been a shift towards more personalized treatments, thanks to the
appearance of next-generation sequencing and other high-throughput “omics” technologies. Cancer cell
lines and tumors have been studied at the genomics, transcriptomics, epigenomics, proteomics and
metabolomics levels. These data have revealed that there is a great degree of heterogeneity even among
tumors of the same histological subtype [47], and new molecular subtypes have been described [48],
[49]. These findings highlight the complexity of developing successful cancer treatments. The hope with
personalized medicine is that, by extensively characterizing the tumors at the molecular level, it will be

11
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Table 1: Some of the main classes of chemotherapeutic and targeted anti-cancer drugs [46].

Drug Type Examples

Chemotherapy

Alkylating agents Temozolomide, Cyclophosphamide
Platinum coordination complexes Cisplatin, Carboplatin
Antimetabolites Gemcitabine, Fluorouracil (5-fluorouracil)
Mitotic inhibitors Vinorelbine, Paclitaxel
Topoisomerase inhibitors Topotecan, Irinotecan

Anti-tumor antibiotics Doxorubicin, Dactinomycin
Targeted Therapies

Tyrosine kinase inhibitors Imatinib, erlotinib

mTOR inhibitors Everolimus, Vemurafenib

PARP inhibitors Olaparib

Proteosome inhibitors Bortezomib

Monoclonal antibodies Trastuzumab, Bevacizumab

possible to design treatments specifically adapted to the characteristics of a particular molecular subgroup
of tumors, increasing treatment success.

2.2.2 Drug Resistance and Drug Combinations

After an initial period of responsiveness, the efficacy of drug-based anti-cancer therapies is often reduced,
due to the existence of tumor drug resistance mechanisms [13]. Resistance may be intrinsic or acquired.
Intrinsic resistance is caused by the presence of resistance-conferring characteristics in the tumor cells
prior to therapy, while acquired resistance develops during treatment as an adaptive response of the tumor.
Furthermore, owing to intratumoral heterogeneity, drug-resistant cells may be positively selected during
treatment [13], [47], which can lead to future relapse.

A variety of mechanisms have been implicated in drug resistance in cancerTumors undergoing treat-
ment may adapt by activating pathways that are functionally similar to the targeted pathway [13]. Survival
signaling pathways may also be activated, and death signaling pathways may be suppressed [13]. DNA
repair mechanisms may be able to reverse the harmful effects of DNA-damaging drugs [13], [50]. Drug
target alterations, such as mutations and or overexpression, may reduce the effectiveness of the treatment
[13], [50]. Epigenetic modifications, such as DNA methylation and histone modification, can also con-
tribute to drug resistance, by altering the expression levels of drug targets and other important proteins,
such as those that are necessary for drug activation or DNA repair [50]. Other mechanisms involved in
drug resistance include a lack of drug activation or complete inactivation of the drug before it can affect its
target [50], altered drug transport across cell membranes [13], [50], and the protective role of the tumor
microenvironment [13].

A common strategy to overcome drug resistance is the administration of two or more drugs in com-
bination. These can be a mixture of chemotherapy drugs, a mixture of targeted therapies, or a mixture of
both targeted and chemotherapeutic drugs. Some examples of drug combinations that include targeted

12
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drugs and are currently being evaluated in clinical trials are the pertuzumab/trastuzumab/docetaxel drug
combination [51], which is a combination of two targeted immunotherapeutic agents with a chemothera-
peutic drug (docetaxel), and the everolimus/trastuzumab/vinorelbine combination [52], a combination of
a molecularly targeted drug (everolimus), a monoclonal antibody (trastuzumab) and a chemotherapeutic
drug (vinorelbine).

Drug combinations may circumvent pre-existing resistance mechanisms more easily, as well as pre-
vent the development of acquired resistance mechanisms [44]. Combinations of targeted therapies ac-
complish this by inhibiting the same target through multiple mechanisms, by targeting different proteins
within the same pathway, or by targeting parallel pathways [44]. Furthermore, certain combinations may
be more effective than would be expected when taking into account the effects of each of the constituent
compounds on their own, a phenomenon called drug synergy. Drug synergy increases treatment efficacy
without requiring an increase in drug dosage, potentially avoiding an increase in toxicity as well [14]. Given
this, ideal drug combinations are those that produce synergistic effects.

2.2.3 Drug Response Screening

High-throughput screening is a common first step in drug development to determine which compounds
will potentially result in effective treatments. In vitro screening experiments can be biochemistry-based or
cell-based assays [53]. Several recent anti-cancer drug discovery efforts have used cell-based screening
[3], [4]. In these cell viability assays, many candidate drugs are screened across a panel of cancer cell
lines. The compounds are administered at different concentrations and the cellular response to the drug
is measured [3].

Screening results can be represented as dose-response curves, one for each compound-cell line pair
tested. A dose-response curve plots the measured effect of a given drug as a function of the dose (concen-
tration) that was administered. Drug dose is usually plotted on a logarithmic scale, producing a sigmoidal
dose-response curve [46] (Figure 4). A mathematical model, such as the widely used Hill equation/four
parameter logistic model [54], [55], is then fit to the dose-response data. Drug effects can be summarized
by the parameters derived from these models, such as the half maximal effective concentration (ECsp),
half maximal inhibitory concentration (ICsg), or the drug concentration that causes growth inhibition of
50% of cells (Glsg), among others.

The effect of drug combinations is also assessed in a similar manner. In this case, multiple com-
pounds are administered simultaneously at several different concentrations and different ratios, and the
resulting combination effect is described by a dose-response surface (Figure 5), from which the single-drug
dose-response curves can then be derived [57].

When multiple drugs are jointly administered, the combination effect can be classified based on the
difference between the observed response and the response that would be expected assuming that the
drugs do not interact with each other [58]. If the resulting combination effect is the expected effect, it
is considered additive. A drug combination is considered synergistic if the drug response is enhanced
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Figure 4: An example of a dose-response curve. Figure generated using Combenefit [56].
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Figure 5: An example of a dose-response surface for the combination of two drugs. Figure generated
using Combenefit [56].

beyond expected [14], whereas if the response is reduced when compared to the anticipated response,
the combined effect is antagonistic.

Several reference models have been proposed to quantify drug combination effects. The definition
of expected combination response differs between reference models, and, therefore, the identification
of synergy/antagonism also varies between models. One of the most widely used reference models is
the Loewe additivity model [59]. Loewe additivity postulates that a compound cannot have a synergistic
interaction with itself, and that both compounds have similar mechanisms of action [60]. Another popular
reference model is the Bliss independence model [61], which is based on the assumption that the drugs
in a combination act in an independent manner, through different mechanisms [60].
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Deep Learning for Drug Response Prediction in
Cancer

This chapter is an unmodified version
of a review article [62] published in
Briefings in Bioinformatics, written in
co-authorship with Pedro G. Ferreira
and Miguel Rocha. The manuscript
was up-to-date at the time of

submission (September 2019).

3.1 Introduction

Precision medicine represents a challenge for this century, with the search for personalized cancer treat-
ments being one of the most prominent endeavors in the field. The hope with precision medicine is
that by profiling tumors at the molecular level it will be possible to design treatments specifically adapted
to the characteristics of a particular molecular subgroup of tumors or even individual patients, improv-
ing treatment outcomes. The success of precision medicine relies, therefore, on effectively translating
the combination of clinical data with genomics and other “omics” data into prognostic and predictive
biomarkers.

Besides the characterization of tumors at the molecular level, another relevant task for precision
oncology is to generate drug response profiles, spanning a wide range of drugs and cancer subtypes.
In recent years, data from several large-scale drug screening initiatives [3]-[5], [63] have been made
publicly available, helping to further the field of precision oncology. These projects have screened known
and candidate anti-cancer drugs against cancer cell lines which have been extensively characterized at
the molecular level. The data from these initiatives have already enabled the identification of putative drug
response biomarkers using computational methods (elastic net regression) [3], [10] and the development
of predictive models, such as elastic net and RF models to predict drug sensitivity [12].
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Indeed, computational methods are crucial to make sense of these large drug screening datasets.
Although high-throughput screening is a common first step in drug discovery, experimentally screening
all possible candidate drugs or drug combinations is not feasible, for both practical and financial reasons
[8], [9]. Therefore, the development of computational strategies to predict drug response is essential to
limit the search space and guide the discovery process, reducing the experimental effort required. Since
performing screening assays in cell cultures is currently the only alternative enabling high-throughput
drug screening, computational methods are also needed to translate the knowledge obtained from cell
line-based screens to drug response profiles of specific patients.

A variety of computational methods for drug response prediction and the discovery of drug response
biomarkers have already been reported in the literature, including ML-based approaches such as SVMs
[64], Bayesian multitask multiple kernel learning [15], [65], RFs [12], [66]-[68], and neural network [11]
models. Nevertheless, there is still much room for improvement of these computational models in terms
of predictive performance and model generalizability [16].

A particular subclass of machine learning algorithms referred to collectively as DL might be well-suited
to the prediction of drug response based on pharmacological and cell line omics data. Since DL methods
can handle large volumes of high-dimensional and noisy data, they may be able to capture the nonlinear
and complex relationships typical of biological data better than other types of ML algorithms. Furthermore,
DL has already been successfully applied to a wide range of other drug discovery-related tasks. For most of
these tasks, the predictive performance of DL-based models is at least on par with other ML approaches,
if not better [69]. For instance, DL has been shown to outperform traditional ML approaches in the
prediction of compound activity [70]-[72], compound toxicity [73], and other compound properties [74].
Nevertheless, the application of DL to drug response prediction problems has been under-explored until
very recently.

In this article, we review the state-of-the-art of DL-based drug response prediction methods. First, we
introduce the concept of deep learning and describe the main types of DL architectures (Table 2 defines
some of the technical terms that will be used throughout the manuscript). We then present a selection
of publicly available drug screening data resources that can be used to develop drug response prediction
models. Next, we briefly describe and comment on the DL models for drug response prediction that
have been reported in the literature. We address both the strengths and limitations of these models, and
discuss suggestions for further improvement. The insights gleaned from these studies will undoubtedly
be useful in guiding the future development of computational methods for the rational design of effective
anti-cancer treatments.
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Table 2: Terminology box.

Term

Definition

Activation function

Attention mechanism

Backpropagation

Drug response

biomarker

Classification

Cross-validation

Data augmentation
Discriminative model

Dose-response
relationship

Dropout

Drug sensitivity

Drug synergy

End-to-end learning

Ensemble learning

A function that each unit in a neural network applies to the weighted sum
of its inputs to calculate its output value [17]

A method from the field of machine translation that identifies which parts
of an input sequence are relevant to the output [75]

An algorithm which propagates the prediction error of a neural network
backwards, from the output layer to the input layer so that the gradients
with respect to the weights of each unit can be computed [17]

A biological characteristic that is predictive of the response of a tumor to
a given treatment [76]

A supervised learning task where the output variable is categorical

A model validation technique where data is divided into several subsets
(folds) which are successively held out from the training set and used to
estimate model performance

Increasing the number of training data points
Learns the conditional probability of the output given the inputs [77]

The relationship between the observed effect (response) of a drug and
its concentration (dose) [46]

A technique that “drops” some neurons from a neural network in each
iteration to reduce overfitting [37]

The susceptibility of a cell line/tumor to a drug

A phenomenon where the response to a combination is enhanced, going
beyond the effect that would be expected based on the responses to each
individual drug [14]

A learning approach where feature learning/extraction and outcome pre-
diction are automatically performed by a single neural network instead of
requiring multiple steps

Methods that combine the predictions of multiple machine learning mod-
els (base models), forming a single model
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Table 2 continued from previous page

Term

Definition

Feature selection

Generative model

High-throughput
screening

Hyperparameter

Loss function

Machine learning

Molecular descriptors

Molecular fingerprints

Molecular graph

Multimodal learning

Omics data

One-hot encoding

A method to reduce model complexity by only considering smaller subsets
of the original variables.

Generative models learn the joint probability distribution of input and out-
put variables being able to generate new inputs for a given distribution
[77]

In the context of this paper, high-throughput screening refers to experi-
ments where many candidate drugs are screened at varying concentra-
tions across a panel of cancer cell lines and response to the drug is

measured [3]

A model parameter that is not learned during training and must be set
beforehand

A function that measures the penalty associated with prediction errors
[20]

A subfield of artificial intelligence that refers to algorithms that can learn
information directly from data, and make accurate predictions using a
model that is inferred from input data alone [19]

Experimentally determined or theoretical properties of compounds sum-

marized in numerical form [78]

A representation of the structure in the form of numerical vectors (e.g.
binary fingerprints represent the presence of absence of certain chemical
substructures within a molecule) [78]

A representation of the structure of a compound in the form of a graph,
where nodes represent atoms and edges represent bonds [79]

Using models that can relate and learn from data from different modali-
ties (i.e. different input data types) [80]

Fields of study in biology that focus on characterizing particular biological
entities and interactions. Genomics studies genomes of organisms; tran-
scriptomics the set of RNA transcripts; epigenomics the epigenetic modi-
fications; proteomics the proteins of an organism; and metabolomics the

concentration of compounds

Converting categorical variables into a numerical (binary) form
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Table 2 continued from previous page

Term Definition
o Overfitting occurs when a model fits the training data well, but is unable
Overfitting _
to generalize to unseen data
Regression A supervised learning task where the output variable is continuous

Representation learn-
ing

Semi-supervised
learning

SMILES strings

Supervised learning

(Model) Training (fit-
ting)

Transfer learning

Unsupervised learn-

ing

The process through which relevant features are learned automatically
from the input data

A type of machine learning task where an estimator is trained on both
labeled and unlabeled data to learn a function mapping input variables
to output variables.

A representation of compound structures in the form of ASCII strings

A type of machine learning task where an estimator is trained on labeled
data (a dataset that contains a set of input features and the corresponding
output values) to predict the output for unseen samples of input data

The process through which the parameters of a model (in DL, the weights

in a neural networks) are estimated

A machine learning method where a model developed for one prediction
task (a pre-trained network) is reused as the starting point for a similar
task [35]

A type of machine learning where the goal is for the algorithm to find
structure in unlabeled data

In the hidden or output layers, each unit receives its inputs from the preceding layer. The connections

3.2 Deep Learning

DL refers to a distinct class of machine learning algorithms based on artificial NNs, which, as the name
suggests, are inspired by their biological counterparts. Artificial NNs consist of several connected layers,
each containing multiple units, also called neurons. A shallow NN is composed of an input layer, a single
hidden layer, and an output layer, while DNN are typically composed of multiple processing layers [17].
This characteristic allows these models to learn complex non-linear functions. Furthermore, unlike most
traditional ML methods, DL approaches typically do not require extensive feature selection before training,
since they have the ability to learn higher-order representations directly from raw input data [18].

between nodes in adjacent layers, called edges, each have an associated weight, reflecting the relative
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importance of a given input. Each unit applies an activation function to the weighted sum of its inputs to
calculate its output value [17]. This forward propagation of information is continued until the final output
values (last layer) are predicted.

Training a NN is an optimization problem, where the goal is to minimize the difference between the
predicted output values and the real values, that is, to minimize the error defined by a suitable loss
function. Once an input example has been forward propagated until the output layer, the predicted and
real output values are compared, and the error is determined using the defined loss function. To train the
network, the gradient of the loss function can be calculated, and then the backpropagation algorithm can
be applied so that the error is propagated backwards, from the output layer to the input layer [17]. In this
manner, the gradients with respect to the weights can be computed. The weights can then be adjusted
using gradient methods, such as SGD, or variants such as the Adam algorithm [36]. Therefore, learning
is achieved by iteratively modifying the weights.

There is a wide variety of DL architectures, some of which are illustrated in Figure 6. In the following
paragraphs, we will describe the main types DL models that have been applied to the problem of drug
response prediction.

The simplest DL models are fully connected DNNs (Figure 6a). They are similar to the previously
described shallow (single hidden layer) artificial NNs, but have a greater number of hidden layers. These
networks are feedforward networks, which means that they constitute an acyclic graph in which information
flows in only one direction, from input nodes to output nodes [35, p. 164]. DNNs have already been used to
estimate drug response in cancer cell lines [82]. More complex models composed of multiple subnetworks
(described in section 3.5) also usually use a DNN as the final subnetwork that predicts drug response.

Convolutional neural networks (CNNs) (Figure 6d) represent another type of feedforward DL model
[83]. As the name implies, these NNs apply convolutions in some of their layers, usually in the initial
layers of the network. Other common operations in CNNs include pooling and normalization, while the
final layers of these networks are usually fully connected layers to allow for supervised classification or
regression. Unlike DNNs, CNNs have sparse or local connectivity, which means that units in one layer are
only directly connected to certain units in the previous layer [17]. This characteristic helps to preserve the
local structure of the data [84]. CNNs also have comparatively fewer parameters to learn as the weights
are shared, making them easier to train [17]. 2D CNNs are particularly well-suited to handle input data in
the form of a grid (multi-dimensional arrays), such as images [17], and they can be used for drug response
prediction if the input data is represented in the required format (e.g. using compound images as input
[85]). 1D CNNs are more appropriate for data in the form of sequences, such as compound Simplified
Molecular-Input Line-Entry System (SMILES) strings.

Recurrent neural networks (RNNs) (Figure 6b) are a distinct class of NNs characterized by the existence
of cycles in the networks, typically formed due to edges that connect adjacent time steps (recurrent edges)
[86]. Nodes with incoming recurrent connections can receive as input not only the current data point, but
also the values of hidden units from previous time steps. This makes RNNs suitable to model data that
is sequential in nature, such as natural language or time series. An RNN can be unfolded in time and
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Figure 6: Deep learning architectures that have been used in drug response prediction models. a) A
fully-connected feedforward deep neural network (DNN). b) A recurrent neural network (RNN) and the
corresponding computational graph unfolded in time (t-1, t, and t+1 denote different time steps); adapted
from [17]. c) A deep belief network (DBN); adapted from [81]. d) A convolutional neural network (CNN). e)
A deep autoencoder (AE). f) A variational autoencoder (VAE); u and o are vectors of parameters defining
the distributions of the latent variables.
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represented as deep feedforward networks with the same weights being shared among layers [17]. In drug
response prediction models, feature encoders with recurrent layers can be used to learn representations
from SMILES strings, for example [87].

Unsupervised DL methods also exist. Autoencoders (AEs) are typically used for dimensionality reduc-
tion and feature representation learning before using other ML or DL methods for prediction (Figure 6e).
An AE is a NN that learns to reconstruct its inputs [88]. By restricting the number of units in the hidden
layers of the network and creating a bottleneck, the AE can learn a low-dimensional latent representation
of the original input data, called a “code”. A basic AE is therefore composed of two parts: an encoder,
which produces the code; and a decoder, which attempts to reconstruct the input from the code [89].
Deep AEs are formed by stacking several AEs. AEs can be used to encode both compounds and omics
data, and these learned representations can be fed into a predictive model to estimate drug response
[90]-[92].

There are other variants of AEs, such as variational autoencoders (VAEs) [93], for instance (Figure 6f).
A VAE is a generative model based on approximate inference. A VAE models the underlying probability
distribution of the latent representations of the inputs. Like other AEs, VAEs are also composed of two
networks. The encoder network learns a Gaussian distribution of the possible values of the latent repre-
sentation from which a given sample could have been generated, while the decoder learns the distribution

of the possible values of a sample that could be produced given a certain latent representation [93].

A less common type of DL model is the deep belief network (DBN) [94] (Figure 6¢c). A DBN is a
generative model that consists of several layers of latent variables. The connections between the first two
layers are undirected, while the connections between the remaining layers are all directed. DBNs can be
considered stacks of restricted Boltzmann machines (RBMs) [95], which are composed of a visible layer
and a hidden layer, with undirected connections between the two layers and without connections between
units in the same layer. They can thus be trained layer by layer [94]. With the addition of a discriminative
fine-tuning step at the end, DBNs can also be transformed into discriminative models [94]. DBN models

have already been used to predict the response of cancer cell lines to drug combinations [96].

DL models can be implemented using one of the many open source DL libraries that are available.
Some of the most popular DL libraries are Python-based, including PyTorch [97] and the TensorFlow [98]
Python Application Programming Interface (API). Keras [99] is a higher-level DL API written in Python
that facilitates the use of other lower-level libraries such as TensorFlow. Most of the models described in
this review were implemented using one of these Python libraries. Another Python library that may be of
interest to researchers in this field is DeepChem [100], a DL framework built on top of TensorFlow that
offers implementations of chemistry-specific DL architectures and featurization techniques.
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3.3 Data Resources

The high-throughput screening of compounds is a common step in the drug discovery process. Its purpose
is to determine which compounds or combinations of compounds will potentially result in effective treat-
ments. In recent years, several large-scale anti-cancer drug screens have been undertaken, the results of
which have been made available through public repositories. Projects such as Genomics of Drug Sensitiv-
ity in Cancer (GDSC) [4], Cancer Cell Line Encyclopedia (CCLE) [3], Cancer Therapeutics Response Portal
(CTRP) [5], [63] and NCI-60 [101] provide access to drug sensitivity profiles for a wide variety of cancer
cell lines. An extended list of single-drug screening datasets is provided in Table 3. Large pan-cancer drug
combination screening datasets have also been made available to the public (Table 4). These datasets
can serve as the basis for the development of DL-based drug response prediction models.

In addition to the dose-response data gathered from the high-throughput screening experiments, some
of these databases also provide access to omics data characterizing the cancer cell lines that the com-
pounds were screened against. The cancer cell lines used in the National Cancer Institute 60 Human
Cancer Cell Line Screen (NCI-60), CCLE, and GDSC screening panels, for example, have all been ex-
tensively characterized at the molecular level. All three projects provide genomic, transcriptomic, and
epigenomic data characterizing the cell lines, and proteomics [102], [103] and metabolomics [104] data
is available for the NCI-60 and CCLE cell lines. If there is a considerable overlap between cell lines, the
omics data available from these databases can also be useful to extend other screening datasets that only
include pharmacological dose-response data, such as the CTRPv2 dataset, for example.

The CCLE, GDSC and NCI-60 projects only offer baseline cell line data, that is, data obtained before
treatment. The Connectivity Map (CMap) [105], [106] and the Library of Integrated Network-Based Cellular
Signatures (LINCS) [107], [108] projects are resources that provide data on the transcriptional responses
of cancer cells after treatment with small molecules. Another project recently analyzed the response of
cells to treatment with small molecules at the proteomic and epigenomic levels [109]. These cellular
response signatures can complement the data from other drug screening initiatives and may be a very
valuable source of information when building drug response prediction models.

Smaller-scale and more specific (single cancer) drug screening datasets that were not included in Table
3 or Table 4 may cover other cell lines or compounds that were not contemplated by the larger screening
initiatives. These datasets may be used to fine-tune models trained on larger pan-cancer datasets, making

them more specific to certain tumor types.

Ideally, the datasets used to train drug response prediction models would come from patient cohorts,
as cancer cell lines may not be representative of their tumors of origin [110], [111]. Although high-
throughput screening has already been attempted using patient-derived xenografts [112] and organoids
[113], the vast majority of anti-cancer drug response datasets are currently from cell line-based screening
experiments. As a result, DL models are usually trained on the more abundant cell line-based screening
data. Nevertheless, patient-derived data can be particularly useful to validate and refine drug response
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prediction models trained on in vitro data, improving their clinical applicability. For example, patient-
level data can be incorporated into DL models of cellular drug response by using the molecular data
characterizing patient tumors in a pre-training step, as proposed in a recent study [92]. Large-scale
patient-level omics datasets can be obtained from resources such as the Genomic Data Commons (GDC)
Portal [114] and the International Cancer Genome Consortium (ICGC) [115].

Prior knowledge from additional data sources can complement and enrich the data from these publicly
available drug screening datasets. Further information on the compounds screened in these experiments
can be retrieved from PubChem [116], ChEMBL [117] or DrugBank [118], for instance. Information on
drug targets and the pathways underlying drug response can be acquired from public databases, such as
search tool for interactions of chemicals (STITCH) [119] and the Guide to Pharmacology [120].

External data sources can also be useful when exploring cell line omics data. The Catalogue Of
Somatic Mutations In Cancer (COSMIC) database [121] is an important source of information on somatic
mutations in cancer. Project Achilles [122], now a part of Cancer Dependency Map (DepMap) [123],
is a project that aims to provide information on gene essentiality for cancer cell lines that have been
extensively characterized at the molecular level. The Pharmacogenomics Knowledgebase (PharmGKB)
[124] provides information regarding the influence of genetic variation on drug response. Besides these,
many other sources of prior biological knowledge can be leveraged to enrich the drug response datasets
and create more biologically informed models.

The DREAM challenges initiative is a community effort aimed at developing new computational ap-
proaches to address important biological and human health questions. In recent years, the DREAM com-
munity has proposed several challenges which can be useful sources of drug response data. In 2012, the
community launched the NCI-DREAM Drug Sensitivity [15] and Drug Synergy [9] Challenges. The Drug
Sensitivity challenge was aimed at building models to predict and rank the sensitivity of breast cancer
cell lines to individual compounds, while the goal of the Drug Synergy challenge [9] was to predict the
effect of drug combinations on a diffuse large B-cell lymphoma cell line. In September 2015, the DREAM
community launched the AstraZeneca-Sanger Drug Combination Prediction challenge [8] to gather more
insight on the factors underlying drug synergy and to accelerate the development of methods to predict
drug combination effects. Challenge participants had access to a drug combination screening dataset
provided by AstraZeneca which has now been published [8].

Other similar, but not cancer-specific, DREAM challenges can also be important sources of data that
can complement the large anti-cancer drug screening datasets. For instance, the NIEHS-NCATS-UNC
DREAM Toxicogenetics Challenge [125], which was aimed at predicting the cytotoxicity of compounds in
humans, provides access to data that can be used to determine the toxic effects of anti-cancer drugs on
patients.
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Table 3: Datasets from single-drug pan-cancer screening studies.

Dataset Website # Compounds # Cell Lines PHARM MUT CNV mRNAEXP miRNAEXP METHYL PROT METAB
https:
//dtp.cancer.
NCI-60[101] gov/discovery_ ~50,000 60 X X X X X X X X
development/
nci-60/
GlaxoSmithKline
[126] 19 311 X
https://portals.
CCLE 13], [103], broadinstitute. 24 479* X X X X X X X X
[104]
org/ccle
https://www.
GDSC1 [4] cancerrxgene. 320 988 X X X X X
org/
https://www.
GDSC? [4] cancerrxgene. 175 810 X X X X X
org/
https://portals.
CTRPv1 [63] broadinstitute. 354 242 X
org/ctrp.vl/
https://portals.
CTRPv2 [5] broadinstitute. 481 860 X
org/ctrp/
http:
gCsI [127] //research-pub. 16 410 X X x X
gene.com/
gCSl-cellline-data/
FIMM [128] 52 50 X

*1,457 characterized cell lines in total

PHARM: Pharmaceutical data; MUT: mutation data; CNV: copy number variation data; mRNA EXP: mRNA expression data; miRNA EXP: microRNA expression data; METHYL: methylation

data; PROT: proteomics data; METAB: metabolomics data
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Table 4: Datasets from large-scale pan-cancer drug combination screening studies.

Dataset Website #Compounds + Combina- #Cel o o mur oy MRNAL MIRNAyerive PROT METAB
tions Lines EXP EXP
Merck Com-
pound Screen 38 583 39 X
[6]
NCI- https://dtp.
ALMANAC cancer.gov/ 104 5,232 60 X X X X X X X X
[7] ncialmanac
AstraZeneca :;t/tr?asp/s é v(v)vrv;
Sanger IS o 118 910 85 X
DREAM [8] #!Synapse:
syn4231880

PHARM: Pharmaceutical data; MUT: mutation data; CNV: copy number variation data; mRNA EXP: mRNA expression data; miRNA EXP: microRNA expression data; METHYL: methylation

data; PROT: proteomics data; METAB: metabolomics data
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3.4 Implementing Deep Learning Workflows for Drug

Most

Response Prediction

drug response prediction workflows follow the same general steps, which are shown in Figure 7.

These include:

1. Selecting a DL framework to implement the model.

2.

Defining the prediction problem (drug sensitivity vs. drug synergy prediction).

. Selecting the dataset(s) used to train the model (see Tables 3 and 4 for lists of datasets for each

type of problem);

Defining which data types will be used as inputs (Figure 8 provides an overview of the most common
types of input data and output variables used in these models, as well as some of the most common
preprocessing steps).

Deciding how multiple data types will be handled. Users must decide whether they will concatenate
all features irrespective of data type, or if they will use a multimodal strategy with separate feature-

encoding subnetworks for each data type.

Defining the model architecture. Input data type will determine the types of DL architectures that
can be used for each network, as well as the preprocessing methods that need to be applied.
For example, RNN-based architectures will require input data that is sequential in nature, such as
SMILES strings.

7. Preprocessing and selecting appropriate data representations.

10.

Training the model and tuning hyperparameters. Hyperparameter optimization can be achieved
through manual tuning, by performing a search across all or a subset of possible combinations of
user-specified values, or by using other optimization techniques.

Evaluating model performance. Researchers need to select appropriate scoring metrics, define
how the screening dataset will be split into training and validation/test sets, and select any external

datasets that will be used to validate the model.

Interpreting and explaining model predictions. Many of the model explanation methods mentioned
in section 3.8 have been implemented as Python packages and can be easily incorporated into the
workflow. Other post hoc analyses of the predictions can also be performed, as described in many
of the studies reviewed here.

To illustrate these steps, we present a hypothetical drug response prediction workflow for the problem

of drug sensitivity prediction. The first steps could be selecting the GDSC dataset for model training and
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Figure 7: The usual steps in a deep learning-based drug response prediction workflow. A drug screening
dataset is obtained from Genomics of Drug Sensitivity in Cancer (GDSC), Cancer Cell Line Encyclopedia
(CCLE) or other resources. Complementary data and prior knowledge from other databases can also be
collected at this stage. The data is then preprocessed according to data type. This results in a set of
drug features and multiple omics features characterizing the cell lines. Afterwards, these distinct sets
of features are either merged into a single training set or fed into separate encoding subnetworks. The
model is then fit on the training set. Model hyperparameters can be optimized during the training stage.
Different model validation techniques are used to evaluate model performance and select the best model.
After training, the model can be used to predict drug response for new samples.

deciding to use gene expression data and one-hot encoded SMILES strings as input data. We could opt to
use a multimodal model with a subnetwork for gene expression composed of fully connected layers and
an encoding subnetwork for compounds that is a 1D CNN, both linked to a final prediction DNN. Such a
network could be implemented using the Keras Python package. Hyperparameter optimization could be
performed using grid search with cross-validation. After training the model, a model interpretability tool
such as the shap Python package could be used to explain the model and determine feature importance.
Model performance could be evaluated using the leave-drug-out and leave-cell-line out approaches, and
the model could be further validated on the CCLE dataset. Considering that the problem is a regression
task, we would use regression-specific scoring metrics such as R? to measure model performance.

The workflow would be very similar for a hypothetical drug synergy prediction problem. The main
differences would be the screening datasets used for training and external validation, the output variable
(measuring drug combination effects instead of drug sensitivity), and the model architecture would have
to be adapted to allow for more than one drug. Since the hypothetical NN described in the previous
example is modular and already includes a compound-encoding subnetwork, it could simply be extended
by, for example, adding a subnetwork for the second compound which could share weights with the first
compound subnetwork.
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Figure 8: Input and output data types commonly used when building deep learning-based drug response
prediction models. Compound structures are usually represented as Simplified Molecular-Input Line-Entry
System (SMILES) strings in drug screening datasets. SMILES can be fed directly into deep learning models
that learn embeddings, or they can be used to calculate molecular descriptors or molecular fingerprints.
SMILES strings can also be one-hot encoded, transformed into the corresponding molecular graphs, which
can then be used as input to graph convolutional networks, or converted into an image of the compound,
which can be used as input to regular convolutional neural networks. Cell line input features are usu-
ally somatic mutations, copy number variations and gene expression data, although other omics data
(epigenomics, proteomics, etc.) can also be incorporated into the models. Somatic mutations are usually
binarized (presence/absence of an alteration). Copy number variations can be summarized as binary
features, as scores (e.g. G-scores [129]), or in some other form. Gene expression features are usually
continuous features which have undergone some form of normalization. Target information, when used,
is usually used to derive features that reflect the pathways a particular target is associated with. The
outputs of drug response prediction models are values describing the dose-response relationships. For
single drugs, this is usually half maximal inhibitory concentration (ICsq), growth inhibition of 50% of cells
(Glsg) or area under the dose-response curve (AUC). For drug combinations, the output variable is usually
a score that quantifies drug combination effects based on a given reference model, such as the Loewe
additivity [130] or Bliss independence [61] models.29

Drug combinations




CHAPTER 3. DEEP LEARNING FOR DRUG RESPONSE PREDICTION IN CANCER

3.5 Drug Response Prediction Models

Until recently, DL had seldom been applied to pharmacogenomics problems such as drug response pre-
diction, but interest in DL approaches has greatly increased in the last few years. In this section, we first
introduce readers to the main steps involved in DL-based workflows for drug response prediction, and then
we briefly review the DL models for drug response prediction that have been published so far. For the
most part, we did not consider preprints that have not been peer-reviewed yet. Table 5 summarizes the
first few studies that have included DL in some form in their drug response prediction workflows. Tables
6 and 7 summarize the performance scores achieved by DL-based drug response prediction models for
single drugs and drug combinations, respectively, as reported by the original studies.

Table 5: Published studies that have used deep learning for drug response prediction.

Training .
Study Model Input Data Types Prediction Task
Datasets
) Deep AEs + elas- MUT, CNV, o
Ding et al. [90] . GDSC Drug sensitivity
tic nets/SVMs mRNA EXP
Joint  modeling
o mRNA EXP (be- of drug sen-
VAE + logistic re- o
Dr.VAE [131] . Cmap & CTRPv2 fore & after treat-  sitivity & drug
gression .
ment) perturbation
signatures
Stacked AE + o
DeepDSC [91] ONN CCLE & GDSC mRNA EXP, FP Drug sensitivity
DNN with
separate feature-
encoding
subnetworks GDC & CCLE & o
DeepDR [92] MUT, mRNA EXP  Drug sensitivity
for each data GDSC

type (encoders
pre-trained  on

patient data)
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Table 5 continued from previous page

Training .
Study Model Input Data Types Prediction Task
Datasets
DL models with
a gene expres-
sion encoder
with an attention
. mRNA EXP, o
PaccMann [87]  mechanism & GDSC Drug sensitivity
SMILES
a compound
encoder (bRNN,
SCNN, SA, CA,
or MCA)
DNN with
separate feature-
_ MUT, CNV, o
MOLI [132] encoding GDSC Drug sensitivity
mRNA EXP
subnetworks for
each data type
1D CNN, with
separate en-
MUT, CNV, o
tCNNS [133] coders for drugs GDSC Drug sensitivity
. SMILES
and genomic
data
CNN models pre- Compound
KekuleScope . . ) o
185] trained on Ima- ChEMBL images (Kekulé Drug sensitivity
geNet structures)
mRNA EXP
Heterogeneous
Matlock et al. CCLE, GDSC, or and/or o
ensembles that ) Drug sensitivity
[134] _ synthetic data DSCRPTR, target
include DNNs , ,
information
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Table 5 continued from previous page

Training .
Study Model Input Data Types Prediction Task
Datasets
mRNA EXP, drug
activity and cell
line sensitiv-
Heterogeneous , ,
CCLE, GDSC, ity  signatures o
ELDAP [135] ensembles that . Drug sensitivity
. LINCS derived from
include DNNs .
drug-induced
gene expression
profiles
Ensemble of 5 MUT, FP & o
CDRScan [136] COSMIC, GDSC Drug sensitivity
CNNs DSCRPTR
GDSC & Merck mRNA EXP, FP &
DeepSynergy
182] DNN Compound other compound Drug synergy
Screen features
DNN with
separate feature- mRNA EXP,
. _ NCI-ALMANAC & ,
Xia et al. [137] encoding NCLEO PROT, miRNA Drug synergy
subnetworks for EXP, DSCRPTR
each data type
AstraZeneca- mRNA EXP,
Chenetal. [96] DBN Sanger DREAM ontology finger- Drug synergy
& GDSC prints
DL model with MUT, target,
AstraZeneca-
“DMIS new four different drug & cell
_ Sanger DREAM Drug synergy
model” [8] feature-encoding line-related
& GDSC
modules features

MUT: mutation data; CNV: copy number variation data; mRNA EXP: mRNA expression data; miRNA EXP: mi-
croRNA expression data; PROT: proteomics data; SMILES: Simplified Molecular-Input Line-Entry System strings;
FP: molecular fingerprints; DSCRPTR: molecular descriptors; bRNN: bidirectional recurrent neural network; SCNN:
stacked convolutional neural network; SA: self-attention; CA: contextual attention; MCA: multichannel convolutional
attentive
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3.5.1 Predicting Single-Drug Sensitivity

Unlike many traditional machine learning algorithms, DL can be used not only to predict the outcome of
single-drug or combination anti-cancer treatments, but also to directly learn internal, lower-dimensional
representations of the input data. This reduces the need for the explicit calculation of molecular features
or extensive feature selection prior to training, as the features that are most predictive of drug response
are automatically learned during the training process.

Some research groups have investigated the use of AEs for unsupervised feature learning and di-
mensionality reduction as a first step in the drug response prediction workflow. Ding et al. [90] recently
showed that deep AEs are able to capture relevant information on the state of tumor cells prior to treat-
ment. In this study, deep AEs were used to derive compressed representations from input data consisting
of somatic mutations, copy number variations (CNVs), and gene expression data. The learned features
were subsequently used to train elastic net classifiers to predict drug sensitivity in cancer cell lines. The
encoded representations improved model performance, especially for drugs that were not well modeled
when using either the original features or a selection of known genomic markers of drug sensitivity as
input. The high sensitivity (true positive rate (TPR)) and specificity (true negative rate (TNR)) scores (Table
6) show that the model was able to correctly identify drug sensitivity/non-sensitivity, but the modest area
under the receiver operating characteristic curve (AUROC) score achieved on an external test set suggests
that the model had more difficulty generalizing to data from a different screen experiment.

Dr.VAE [131] is a semi-supervised approach that simultaneously trains a generative model of drug-
induced changes in gene expression and a predictor that estimates drug response. As the name suggests,
the method uses a VAE to create latent representations of the pre-treatment gene expression profiles. This
latent representation is used to predict a latent representation of the corresponding post-treatment gene
expression profile. Both latent representations are then fed into a logistic regression classifier to predict
drug response. Dr. VAE was compared to other machine learning methods that were not trained on the
same latent representations, and was shown to have achieved superior cross-validated AUROC scores.
The joint modeling of drug perturbation signatures was key to improving the predictive performance of the
drug response classifier.

Other research groups have used DL in a more end-to-end manner to predict drug response. Many
of these models take advantage of the modular nature of DL networks when integrating multiple data
types. Instead of concatenating different feature types into a single training dataset, distinct subnetworks
for each type of data are constructed, and then the learned representations are fed into a final prediction
subnetwork.
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Table 6: Performance scores for some of the drug response prediction models for single compounds referred to in this review.

RMSE R?

Model Screening Validation MSE r Is AUROC AUPRC TPR TNR
Dataset scheme
Ding et al. GDSC 25-fold CV 1.96 0.82 0.82
[90]  (perdrug
results)
Ding et al. [90] GDSC 25-fold CV 0.80 0.82
(percell line re-
sults)
Dingetal. [90] CCLE External test set 0.67
Dr. VAE (per- CTRPv2 100 train- 0.706 0.718
drug models) validation-test
splits (20 x
5-fold CV)
DeepDSC [91] CCLE 10-fold CV 023 0.78
DeepDSC [91] GDSC 10-fold CV 0.52 0.78
DeepDSC [91] CCLE Leave-one- 0.28 0.73
tissue-out
DeepDSC [91] GDSC Leave-one- 0.64 0.66
tissue-out
DeepDSC [91] CCLE Leave-one-drug- 0.61 0.05
out
DeepDSC [91] GDSC Leave-one-drug- 1.24  0.04

out
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Table 6 continued from previous page

Model Screening Validation MSE  RMSE R? r rs AUROC AUPRC TPR TNR
Dataset scheme

DeepDR [92] GDSC 100 train- 1.96

validation-test (me-

splits dian)
PaccMann [87] GDSC 25-fold CV (only 0.118
(bRNN) different  cell

lines & drugs in

test fold)
PaccMann [87] GDSC 25-fold CV (only 0.133
(SCNN) different  cell

lines & drugs in

test fold)
PaccMann [87] GDSC 25-fold CV (only 0.112
(SA) different  cell

lines & drugs in

test fold)
PaccMann [87] GDSC 25-fold CV (only 0.110
(CA) different  cell

lines & drugs in
test fold)
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Table 6 continued from previous page

Model

Screening
Dataset

Validation
scheme

MSE

RMSE

R? r

I's

AUROC AUPRC TPR

TNR

9¢

PaccMann [87]
(MCA)

tCNNS [133]

tCNNS [133]

CDRScan [136]

CDRScan [136]

GDSC

GDSC

GDSC

GDSC

GDSC

25-fold CV (only
different  cell
lines & drugs in
test fold)

50 train-
validation-

test splits
(80%,/10%,/10%)
(different inter-
action pairs in
each set)
Leave-one-
tissue-out
traintest  split
(95%/5%)
5-fold CV

0.120

0.027

0.039

1.069

0.826 0.909

0.665 0.818

0.843

0.847

0.98

MSE: mean squared error; RMSE:root mean squared error; MAE: mean absolute error; RZ: coefficient of determination; r: Pearson correlation coefficient; r:
Spearman'’s rank correlation coefficient; AUROC: area under the receiver operating characteristic curve; AUPRC: area under the precision-recall curve; TPR: true
positive rate/recall/sensitivity; TNR: true negative rate/specificity; CV: cross-validation; bRNN: bidirectional recurrent neural network; SCNN: stacked convolutional

neural network; SA: self-attention; CA: contextual attention; MCA: multichannel convolutional attentive
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The DeepDSC model [91] uses DL methods both for dimensionality reduction and to predict drug
sensitivity. It first employs a stacked deep AE to encode gene expression data characterizing the cancer cell
lines as compressed representations. The encoded features were merged with pre-computed molecular
fingerprints and then fed into a fully connected predictive network. DeepDSC was trained and evaluated
on both GDSC and CCLE. For both datasets, they found that model performance decreased drastically
when using the leaving drugs out of the training set, showing that the model is not generalizing well to
compounds it has never seen before, despite having achieved relatively high R? scores when a 10-fold
cross-validation scheme was used.

The modular nature of the models also allows for transfer learning, by reusing parts of networks that
have been pre-trained on other datasets. DeepDR [92] is a DL model that predicts drug sensitivity based
on the mutation and expression profiles of cancer cell lines or tumors. It consists of three subnetworks,
the first two of which are a mutation encoder and a gene expression encoder, both pre-trained using data
retrieved from the GDC database. The final subnetwork integrates the previous two and predicts ICsq
values. The model was fully trained on cell line data from CCLE and GDSC, and then used to predict
drug response in cancer patients. The DeepDR model outperformed linear regression models, SVMs,
and DNNs without pre-training, having achieved lower mean squared error (MSE) scores (around an 80%
improvement over linear regression and SVM models). Furthermore, by analyzing the genomic profiles of
GDC patients predicted to be highly sensitive or resistant to a given drug, the authors showed that DeepDR
was able to uncover the mechanisms underlying the response of cancer patients to well-known anti-cancer
drugs, and was also capable of discovering potential therapeutic indications for novel compounds.

PaccMann [87], presented at the NIPS 2018 “Machine Learning for Molecules and Materials” work-
shop, is another end-to-end DL method for drug sensitivity prediction. It uses baseline gene expression
data and SMILES representations of compounds to predict ICsg. SMILES enumeration [138], which takes
advantage of the fact that several different SMILES strings can represent a given compound, was employed
as a data augmentation strategy. The Paccmann model is composed of a gene expression encoder, a
compound encoder and a prediction subnetwork which takes as input the encoded features. The gene
expression encoder includes an attention mechanism, a method borrowed from the machine translation
field which assigns higher weights to the most informative input features. For the compound encoder, the
authors evaluated five different methods, having concluded that the encoders that include an attention
mechanism performed best. The validation results for each of these models are shown in Table 6.

MOLI [132] is another DL model for drug response prediction that uses distinct encoding subnetworks
for each data type. Three separate encoders learn representations for somatic mutations, CNVs and gene
expression data, and a final subnetwork uses the concatenated features to classify the response of cancer
cells to a given drug. MOLI was trained on cancer cell line data from GDSC, and validated on data from
patient derived xenografts and patient samples (GDC). When training the network, the authors adopted a
unigue combined loss function consisting of a binary cross-entropy loss and a triplet loss, which helped
improve model performance. The authors also observed that using multiple omics data was preferable
to single omics data, and that integrating the different data types after representation learning led to
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CHAPTER 3. DEEP LEARNING FOR DRUG RESPONSE PREDICTION IN CANCER

better performance when compared to approaches that merge different feature types before training.
MOLI models were originally drug-specific, but the authors found that training on a dataset consisting of
multiple drugs with the same target improved model performance.

The tCNNS model [133] also consists of separate encoding subnetworks - one which receives one-
hot encoded representations of compound SMILES and another for genomic features. The two encoders
are linked to a final prediction subnetwork. Both encoding subnetworks are 1D convolutional networks
instead of the DNNs used in the previously described models. tCNNS performed well when predicting drug
sensitivity for unknown drug-cell line pairs, having achieved high R? and Pearson correlation scores (Table
6) that were better than the previously reported models that it was compared to. However, the authors
noted that the model performed much worse when making predictions for unknown drugs achieving R?
and Pearson correlation values close to zero. This is similar to what has been observed for other models
[91], and it is a problem that should be more carefully assessed in future studies.

KekuleScope [85] is a unique end-to-end method for drug response prediction. It uses transfer learning
by employing CNNs that have been pre-trained on the unrelated ImageNet dataset [139]. These pre-trained
CNNs were minimally modified and then trained on images of compounds (Kekulé structures) to predict
drug sensitivity for eight cell line-specific cytotoxicity datasets from ChEMBL. KekuleScope was able to
achieve similar performance to DNNs and RFs trained using Morgan fingerprints as input. The authors
found that data augmentation by using modified versions of the compound images greatly improved the
predictive performance of the models. The authors also observed that performance increased when
the CNNs and the RF fingerprint-based model were joined in simple averaging ensemble. They suggest
that this is an indication that the pre-trained CNNs were able to extract compound features containing
information that is distinct from that encoded in Morgan fingerprints.

Combining multiple, complementary machine learning models is a strategy that has been shown to
improve the predictive performance of drug response prediction models [15], even if only slightly [8].
Additionally, it increases model robustness [15]. Some recent drug response studies have included DL-
based models in ensembles.

Matlock et al. [134] evaluated a variety of ensembles that were trained to predict drug sensitivity, some
of which included DNNs. The authors found that an ensemble of five different base models, including a
DL model trained on gene expression data, achieved the best performance overall.

Another heterogeneous ensemble, called ELDAP [135] is composed of four different base models,
including a multitask DNN with two hidden layers. Apart from the ELDAP ensemble, this study also
evaluated the performance of single models and ensembles composed of a single base learner. The
results of this assessment showed that ensembles of multitask NNs were able to achieve significantly
lower MSE values than single NN models on both the GDSC and CCLE datasets.

CDRscan is an ensemble entirely composed of DL base learners [136]. It consists of five CNNs,
four of which adopt a “dual convergence architecture”. In the dual convergence models, a series of
convolutions are performed on each input data type (mutations and molecular fingerprints) separately.
The two sets of convoluted features are then merged and convolution is applied again before predicting
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the 1Csq values for cell line-drug pairs from the GDSC. CDRscan achieved high predictive performance,
showing a considerable improvement in terms of R? when compared to RF and SVM models (21% and
50% improvement, respectively). The authors found that base models that adopted the dual convergence
architecture performed better. They also noted that two of the base models performed better than the
ensemble, which suggests that individual DL models might sometimes be sufficient. However, they argue
that the ensemble approach improves the robustness and generalizability of the model.

3.5.2 Predicting Drug Combination Effects

After an initial period of responsiveness, the efficacy of drug-based anti-cancer therapies is often reduced
due to the existence of intrinsic or acquired tumor drug resistance mechanisms [13]. A common strategy
to overcome drug resistance is the administration of two or more drugs in combination. Drug synergy, the
enhancement of combination effects beyond expected, is a highly desirable outcome, as it may increase
treatment efficacy without requiring an increase in drug dosage [14]. Once again, computational methods
could greatly reduce the experimental effort required, but predicting drug combination effects is an even
more complex problem than the prediction of sensitivity to single drugs.

A recent study [82] was the first in the literature to propose the use of DL to predict drug combination
effects. The model, named DeepSynergy, is a DNN that uses drug response data, chemical features and
gene expression data to predict a drug synergy score. The model was trained using pharmacological data
from the Merck Compound Screen [6] and omics data from GDSC [12]. The DNN achieved relatively high
performance scores. Wilcoxon signed rank-sum tests confirmed that DeepSynergy performed significantly
better than the gradient boosting, RFs, SVMs, and elastic net models it was compared to, in terms of several
different scoring metrics. It was able to achieve a MSE that was 7.2% lower than the second-best method
(gradient boosting), and a 5.8% improvement in terms of Pearson correlation. Nevertheless, the authors
noted that DeepSynergy, as well as all of the other evaluated methods, had difficulties predicting drug
synergy when presented with data from previously unseen cell lines or compounds [82]. DeepSynergy
was also evaluated as a classifier, and results for a variety of scoring metrics were reported. While the
high AUROC score seems to be an indication of good predictive performance, other metrics show that this
might be overly optimistic. This makes clear that assessing multiple scoring metrics is necessary to fully
evaluate the performance of a model.
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Table 7: Performance scores for some of the drug response prediction models for drug combinations referred to in this review.

Drug i
Model Response V:l'::;‘;” MSE RMSE MAE R r  r. AUROCAUPRC TPR TNR ACC BACC PREC K  F1
Dataset
5-fold
Merck stratified
DeepSynergy  Com- — nested 5 /915 9 0.73 090 059 057 095 092 076 056 0.5
[82] pound CV (leave-
Screen combinations-
out)
Merck
DeepSynergy Com- Leave-
82] bound drugs-out 435.9219.90 0.48
Screen
Merck
DeepSynergy Com- Leave-
celHines- 405.4018.74 0.57
[82] pound
out
Screen
5-fold
Xia et al. NCI- .
137] ALMANAC stragcled 0.0158 0.0833 0.9440 0.972 0.965
AstraZeneca-
Chen et Sanger Leave-
al. [96] DREAM one-out 0.602 0.715 0.654
challenge

MSE: mean squared error; RMSE:root mean squared error; MAE: mean absolute error; R2: coefficient of determination; r. Pearson correlation coefficient; rs: Spearman’s rank
correlation coefficient; AUROC: area under the receiver operating characteristic curve; AUPRC: area under the precision-recall curve; TPR: true positive rate/recall/sensitivity; TNR:true
negative rate/specificity; ACC: accuracy; BACC: balanced accuracy; PREC: precision; K: Cohen's kappa; F1: F1 score; CV: cross-validation
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Another promising DL model for the prediction of drug combination effects was proposed by Xia
et al. [137]. The model was trained on data from the large A Large Matrix of Anti-Neoplastic Agent
Combinations (ALMANAC) [7] dataset. Similarly to many of the previously described drug sensitivity
models, this model consists of separate feature encoding subnetworks for each type of input data (drug
descriptors, gene expression, microRNA, and proteomics data), and a final prediction subnetwork that
estimates growth inhibition. All of the weights and layers in the drug descriptor subnetwork are shared
between the two drugs in a given drug combination, allowing data from single-drug experiments to also
be used as input. The model was able to achieve R2 Pearson correlation and Spearman correlation
values that were quite high (see Table 7) when compared to models built for other drug discovery-related
prediction tasks. Furthermore, the model was able to correctly identify the majority of the most promising
drug combinations. Unfortunately, the model was only evaluated through 5-fold cross-validation. It would
have been interesting to see if the model could maintain its high predictive performance when applied to
previously unseen drugs or cell lines. A performance comparison to other state-of-the-art methods trained
on the same dataset is also missing.

The supplementary information provided alongside the recently published AstraZeneca-Sanger Drug
Combination DREAM challenge paper [8] also briefly mentions the use of a multimodal DL model to
predict drug combination effects. The post-challenge model developed by the DMIS team included four
subnetworks that separately encode mutations, target proteins, chemical and pharmacological features,
and other cell-line related features, and a final prediction network that predicts a continuous synergy score.
When evaluated on an external dataset, the model outperformed the original model developed by the team
and other top-ranking challenge submissions evaluated on the same test set.

Chen et al. used a completely different DL architecture, DBNSs, to classify the effects of drug combi-
nation experiments as synergistic or non-synergistic [96]. The study used baseline gene expression data
and drug target information from the AstraZeneca-Sanger Drug Combination DREAM challenge [8]. Unlike
many of the previously mentioned studies, drug target information played a essential role, having been
used to derive ontology fingerprints [140] for the target genes and information on the pathways targeted by
each drug. The authors claim that their approach outperformed other ML models submitted to the DREAM
challenge, having achieved higher precision, recall and F1 scores. We note, however, that the DBN model
was evaluated using the leave-one-out approach, while the challenge submissions were evaluated on an
external dataset to which the participants did not have access.

3.5.3 The Potential for Drug Repurposing

Drug repurposing refers to the act of discovering new therapeutic indications for existing drugs that were
originally intended for other purposes [141]. The main advantage of this strategy is that these compounds
have already been well-studied in terms of their pharmacokinetic and safety profiles, which can help
accelerate drug development. Several DL models for in silico drug repurposing have already been reported
in the literature [142]-[144].
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Besides predicting how cells respond to novel drugs, the drug response models described in this
review can also be used for drug repurposing. The large screening initiatives mentioned in section 3.3
have screened both experimental compounds and drugs that have already been approved. Therefore,
if a high-performing model trained on one of these large screening datasets predicts that a given cell
type is sensitive to a drug that was not approved for that particular cancer type, it may be an indication
of the repurposing potential of that particular drug. Furthermore, databases of approved drugs can be
“screened” in silico, using the drug sensitivity models to predict how cancer cell lines would respond to
these compounds. The authors of CDRScan [136] studied the drug repurposing potential of their model
by using it to predict the response of 787 cancer cell lines to over a thousand approved drugs from the
DrugBank database [118]. CDRScan predicted that 23 known anti-cancer drugs were also active against
at least one other cancer type besides their approved indications. It was also able to uncover potential
anti-cancer indications for 27 non-oncological drugs [136]. A similar approach could be employed to
determine the drug repurposing potential of other DL-based drug sensitivity prediction models.

3.6 Model Evaluation

When evaluating the performance of a drug response prediction model, the choice of an adequate valida-
tion strategy is essential to ensure that the model is able to generalize well to new drugs and cell lines.
Many of the models surveyed in this review used some form of cross-validation to evaluate model perfor-
mance and generalizability, but not all of them guarantee that the validation set only includes previously
unseen cell lines and drugs/drug combinations (see Tables 6 and 7. Preuer et al. [82] and found that
their DeepSynergy model performed poorly when predicting drug response for test cases with drugs or
cell lines that were distinct from those seen during the training phase. This highlights the importance of
using more rigorous validation schemes, such as “leave-drug-out” or “leave-cell-line-out” (Figure 9).

When using a “leave-drug-out” cross-validation scheme, one or more compounds are held out from
the training set. This is repeated until all of the drugs have been held out once. The results of this type of
validation more accurately reflect how a model would behave when presented with a new compound.

The “leave-cell-line-out” validation strategy leaves out cell lines from the training set, while a “leave-
tissue-out” validation scheme leaves out all cell lines of a particular tissue type. Leaving specific cell lines
or tissue out from training is important to assess whether the model is just learning to identify the cell
line or the tissue type based on the omics features and associating it with a certain response [90]. A
useful drug response prediction model is one that is able to uncover tumor-specific associations between
omics features and response, reflecting the heterogeneity of responses [12] that is often seen even among
tumors of the same type.

Many of the studies also used external datasets from different screening initiatives with some degree
of overlap with the training dataset to further validate the models. Since different datasets may have been
generated using different screening methodologies, this overlap can be particularly useful to assess the
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Figure 9: Different model validation schemes. a) A dataset can be split once or multiple times into training,
validation and test sets. b) In k-fold cross-validation, a dataset is split into k different folds, and in each
iteration a different fold is used as the validation set. In these cases, the held out validation sets consist
of randomly selected drug-cell line interaction pairs. c) The leave-cell-line-out and leave-drug-out validation
methods hold out one or more specific cell lines or drugs when training and use them as the validation
set.

robustness of the models with respect to different experimental conditions. A model can be considered
robust if it is able make similar predictions for the same interaction pairs in different datasets, and if the
same candidate drug response biomarkers are identified irrespective of the experimental setup.

Another specific validation step reported in some of the studies is evaluating if a model is able to
identify gene-drug associations that are have already been well-studied in the literature. This step helps
to confirm the clinical usefulness of the response biomarkers identified by the model.

The choice of adequate scoring metrics to evaluate and compare different drug response prediction
models is also crucial. Some commonly used metrics such as MSE/root mean squared error (RMSE) are
dataset-specific and may not be the best for comparing between models trained on different datasets, for
instance. Problem-tailored scoring metrics such as the weighted scoring metrics proposed in past DREAM
challenges [8], [15] may provide a more accurate idea of the predictive performance and generalization
capacity of the models. In any case, the use of multiple scoring metrics is recommended, as different
scoring metrics may offer different insights.
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Most of the reviewed studies also compared their proposed DL models to traditional ML models.
However, the hyperparameter space for the ML models is usually not as extensively explored and the
models may be trained using slightly different input data, as feature selection techniques may need to be
employed. Furthermore, some studies do not directly compare the proposed models to the state-of-the-art
ML-based drug response prediction models. This may lead to optimistic results showing that DL models
perform better, when in fact the DL models are not being compared to the best possible traditional ML

alternatives.

Now that several DL-based drug response models have been published, it would also be interesting
to compare them with one another. However, as can be seen in Tables 6 and 7, different studies use
different scoring metrics and validation strategies, with little overlap between studies. This highlights the
importance of defining a benchmarking strategy for the community, so that performance can be easily

compared across methods.

3.7 Improving Model Performance

Although these initial studies have demonstrated that DL drug response models are usually able to outper-
form traditional ML models, there is still room for improvement. For instance, although several DL models
have already achieved R? scores greater than 0.80 (see Tables 6 and 7) when predicting drug response
for unknown drug-cell line pairs, drug response prediction models in general still struggle to generalize

well to novel cell lines and drugs.

Diverse neural network architectures have been used to build drug response prediction models, from
simple DNNs, to CNNs or natural language processing (NLP)-inspired approaches. One of the main advan-
tages of using DL to predict drug response is that DL models can learn to learn higher-order representations
directly from input data. Many of these models have already taken advantage of this unique characteristic
of DL models. However, none have tested the use of graph convolutions [79], [145]. Graph convolutional
networks are able to learn representations of compound structures represented as molecular graphs,
and have been used in various other drug discovery prediction tasks [146]. Besides graph convolutions,
other DL methods to learn continuous representations of compounds, such as the NLP-inspired Seq2seq
fingerprint [147] for example, have yet to be explored.

As demonstrated in some of the studies reviewed in this article, DL can also be used to learn repre-
sentations of cell line omics data. The development of suitable DL methods for feature extraction from
these types of data should continue to be investigated.

It is important to note, however, that it is still unclear if features learned directly from raw input data
always perform better than manually-engineered features. Two recent studies [148], [149] have reached
different conclusions when comparing the performance of learned representations of compounds and
pre-computed molecular descriptors and fingerprints. Another study found that learned representations
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of compounds do not perform well when the training dataset is small or highly imbalanced [146]. Further-
more, manually-engineered features may be more interpretable.

In addition, previous drug response prediction studies [8], [15] have observed that the type of ML
algorithm used does not have a considerable effect on the predictive performance of the models, as
opposed to the way the input data is processed and integrated into the model.

Most of the models referred to in this review still use prior biological knowledge such as pathway data
to filter out less relevant features and to refine the models. Some preprocessing and filtering of the input
datasets is still necessary due to the fact that these drug response datasets are multidimensional and
very noisy, especially the omics datasets characterizing the cell lines. The success of DL models in this
field will probably depend on the successful combination of learned representations of the original data
and carefully selected manually-engineered features.

Drug response prediction models are usually trained on heterogeneous datasets, comprising both
pharmacological data and various types of omics data. Integrating multiple input data types is a complex
task. Each feature type must be preprocessed differently before being fed into the network, and variable
types and value ranges may greatly differ between different data types. The problem of biological data
integration has been addressed in more detail in another review [150]. Several DL drug response models
[87], [92], [132], [133], [136], [137] have adopted a multimodal learning approach, in which separate
subnetworks with distinct architectures are used to model different input data types. In the future, most,
if not all, DL-based drug response models will probably follow a similar multimodal, modular approach.

Besides the choice of network architecture, assessing which combinations of different data types are
the most predictive is essential. Gene expression data is by far the most commonly used input data type
for drug response models. Several studies have found that gene expression is indeed the most informative
data type [12], [15], but a recent DL-based study found that drug descriptors were more predictive than
cell line features [137]. One study also found that, in a tissue-specific setting, genomic features were more
predictive of drug response than gene expression [12]. Furthermore, certain types of data may be more
readily available in a clinical setting than others, and it is important to also take this into consideration
when selecting the input data types for these models.

There are many sources of data that could be valuable when building drug response prediction models,
but leveraging these data may not always be feasible. For instance, the lack of target information for
compounds may limit the use of pathway data. Integrating additional data may also be difficult due to the
lack of sufficient overlap between different resources. Tan et al. [135] observed that the lack of overlap
(in terms of compounds) between LINCS and the drug screening datasets from GDSC and CCLE was a
limiting factor. Semi-supervised learning can be used to overcome this problem in some cases [131].

Since DL models are complex and have many learnable parameters, they have a tendency to overfit.
Due to this, DL models perform better when trained on large amounts of data [69], [84], [151]. The
scarcity of sufficiently large anti-cancer drug screening datasets has limited the use of DL for drug response
prediction. However, it is important to note that the need for large, high-quality drug screening datasets is
common to all types of ML-based drug response prediction models [16], and not just DL models. Larger
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and more diverse training sets are therefore necessary to be able to obtain drug response models that

can generalize well to a wider range of drugs and cell lines than is currently possible.

Integrating several drug screening datasets could be a way to create datasets with a greater amount
of samples representing a wider variety of drugs and cell lines. However, this may not be a simple task.
Data from different screening initiatives may have been obtained using different experimental methods
and under different conditions, and the way drug response is quantified may be different. It may also
be necessary to standardize gene and compound identifiers to guarantee that they are uniform across
the different datasets. Furthermore, some authors have expressed concerns regarding the inconsistency
between different drug screening datasets [152], [153], although others are more optimistic [127], [154],
[155].

An alternative way to increase the size of the training set may be to employ data augmentation tech-
niques, such as the SMILES enumeration technique [138]. DL methods such as generative adversarial
networks (GANs) [156] could also be used for data augmentation purposes by generating artificial data
based on the original training set [157].

Transfer learning can also help mitigate the effects of small training datasets. Pre-training compound
encoder subnetworks using larger, more general compound datasets may help to create more robust
compound encoders. Omics feature encoders can also be pre-trained in a similar manner. In addition,
using patient-level data to pre-train parts of the networks can aid in the extraction of clinically relevant
features. This type of approach might help overcome the differences between the cell type contexts in cell
lines and patients that prevent translatability to the clinic. Nevertheless, it is still unclear if DL models will
be able to fully resolve this issue.

The majority of the models described in this review are not cell line or drug-specific models, but
integrate drug response data from a variety of compounds screened against of variety of cancer cell
lines representing different types of tumors. Training pan-drug and pan-cancer drug response prediction
models is necessary because the amount of data available for certain cancer cell lines or drugs that are
underrepresented in the available screening datasets may be insufficient to train robust DL models for
these cases. It may also help the model to learn more general features, increasing model generalizability.
These general models can be subsequently fine-tuned using smaller, more specific datasets (limited to a
specific tumor type, or a certain class of drugs), enabling the creation of models that are more specific

and clinically useful.

Finally, as the complexity of DL drug response prediction models increases, the financial and environ-
mental costs associated with building these models will also increase substantially [158], [159]. In the
future, balancing model performance and clinical applicability with these additional factors will become

increasingly important.
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3.8 Model Interpretability

One of the main characteristics of DL models that has limited their application to biological and health-
related problems in general is their lack of interpretability [69], [84], [151], although some of the traditional
ML models commonly used in pharmaceutical research also have this problem [69], and the quality of the
input data itself can also affect the biological interpretability of model predictions [16]. While the ability to
extract relevant features directly from raw data may be considered an advantage of using DL, the abstract
learned representations may be very difficult for humans to interpret.

DL models are generally considered “black boxes”, but the ability to easily to interpret the results of a
drug response model is essential for its acceptance and application in the pharmaceutical industry or in
the clinic. Ensuring that these models are interpretable would improve our understanding of the factors
underlying drug sensitivity/resistance or drug synergy, rather than merely predicting drug response. Only
a few of the studies mentioned in this review addressed the issue of interpretability, but if DL-based drug
response models are to be relevant, techniques to make these types of models more interpretable must
continue to be explored.

A step in this direction is to build models trained on different combinations of input data to find out
which data types are the most predictive, as described in the work of Xia et al [137], for example. However,
although this provides an idea of which datasets might be the most informative, it still does not reveal how
specific features influence prediction.

Determining which input features contributed most to a certain prediction would help to uncover
potential drug response biomarkers or allow the identification of structural features of drugs that are
associated with improved drug response. Discovering new biomarkers of drug response is particularly
important for precision medicine, as its main purpose is to help to stratify patients for treatment [12].
Furthermore, putative biomarkers identified in cell lines and confirmed in patients could be a way to
translate the insights gained from cell line models to the clinic. Confirming that a well-known biomarker-
drug association is still observed when a given model trained on cell lines predicts drug responses for
patients (e.g. greater sensitivity predicted for patients with a known biomarker than those without) would
also be an additional confirmation of the translatability of the model.

The field of “explainable artifical intelligence” is a very active one, and numerous strategies to increase
the explainability of DL models have been proposed. Including one of these methods into the drug response
prediction workflow may help identify the most predictive features. We refer readers to a recent article on
model interpretability for a more comprehensive review on the topic [160].

Some of these strategies determine feature importance by perturbing specific input units and evaluat-
ing the effects on the outputs. Local Interpretable Model-agnostic Explanations (LIME), for instance, uses
an additional ML model to learn important features based on the predictions of DL models [40]. Another
perturbation-based method applies dropout, a technique which ignores certain units in a network during
training, to the input layer to rank input features [41]. Another class of model interpretability methods are
backpropagation-based approaches, which propagate importance backwards through the network using
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gradients [161]. Examples include the Integrated Gradients method [162] and DeepLIFT [161].

SHapley Additive exPlanations (SHAP) [163] unifies several popular model explanation methods, in-
cluding LIME and DeepLIFT, and Shapley value estimation methods from the field of game theory under
a single framework. It approximates Shapley values [164] to determine the contribution of each feature
to a given prediction [163].

Incorporating attention mechanisms within the network itself is a more direct way of making a DL
model more explainable. Attention mechanisms assign weights to the input features during training. In
PaccMann [87], learned attention weights allowed the identification of the specific genes or the specific
atoms and bonds within a molecule that were most predictive of drug response.

Methods to increase the interpretability of DL models can also be borrowed from other subfields
of artificial intelligence. For example, given input examples and background knowledge, inductive logic
programming (ILP) models learn logic programs [165] which are much more humanly interpretable than
NNs. Combining ILP and DL [166] may therefore produce models that are more easily understood.

The increased complexity of DL models can lead to greater predictive performance, but it is also what
makes these models very difficult to explain. Due to this trade-off between accuracy and interpretability,
better-performing, complex models will probably always be more difficult to explain than simpler models,
even if the previously suggested methods to improve interpretability are employed. Some authors argue
that designing models that are inherently interpretable should be preferred over attempting to explain
“black box” DL models a posteriori [167]. However, recent efforts in the field of explainable artificial
intelligence, such as self-explaining neural networks [168], have shown that it may be possible to build DL
models that are interpretable by design.

3.9 Conclusion

In this article, we reviewed some of the first studies that have employed DL to predict the effects of single
drugs and drug combinations on cancer cell lines. The results of these initial studies are promising,
demonstrating that DL-based models are able to perform as well as, or even better than, traditional ML-
based models on drug response prediction tasks. Nevertheless, there is still room for improvement, and
the future success of DL in this field will depend on the improvement of both the generalizability and the
interpretability of these models.

Many of the studies reviewed here highlight the potential clinical applicability of the DL-based drug
response models they report on, but direct application to patients in a clinical setting is still far from being
a reality. Few of these studies have been able to demonstrate how cell line models could actually translate
to patients. Due to the lack of interpretability of the models and the fact that most were trained on cell
line data only, the current results do not substantiate these claims. Furthermore, we must also consider
that the variety of omics data types characterizing cancer cell lines may not be readily available when it
comes to patients, as obtaining samples from tumors or performing certain analyses may not always be
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possible.

Although they are still far from being clinically applicable, these models help us get closer to achieving
the goal of precision medicine in the clinic. The results of these studies will be useful to direct future efforts
towards the development of computational methods for the rational design of novel effective anti-cancer

treatments.
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4

A comparison of different compound
representations for drug sensitivity prediction

This chapter is an extended version of
a paper [169] (written in co-authorship
with Jodo Correia, Bruno Pereira and
Miguel Rocha) that was presented at
the 15th edition of the Practical
Applications of Computational Biology

& Bioinformatics (PACBB) conference.

4.1 Introduction

In recent years, ML has become an important tool for computer-aided drug design. Quantitative structure-
activity relationship (QSAR) modeling, for example, typically uses ML models to predict molecular proper-
ties or the bioactivity of compounds. ML has been an especially popular choice for the modeling of drug
response in cancer [170], [171].

One of the first steps in a ML workflow for drug discovery is the selection of suitable input features.
Chemical compounds are typically represented using molecular descriptors or molecular fingerprints (Fig-
ure 10). Molecular descriptors are the experimentally obtained or theoretical physical and chemical prop-
erties of a compound. Molecular fingerprints encode molecules as bit or count vectors. The type of
information that is encoded depends on the type of fingerprint. Substructure key-based fingerprints set
the bits of the bit vector to one or zero depending on the presence or absence in the compound of certain
substructures or features from a list of predefined structural keys [172]. Path-based fingerprints enumer-
ate the different linear paths between atoms in a molecule to determine which types of fragments are
present. Circular fingerprints describe the surrounding environment of each atom in the molecule up to
a predefined radius [172].
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Figure 10: Traditional representations of compounds for machine learning tasks.

Another alternative is to use end-to-end DL approaches that can learn relevant features directly from
raw input data, eliminating the need for explicitly calculated descriptors and fingerprints (Figure 11). Cer-
tain types of DL algorithms are able to learn directly from line notations, such as SMILES strings. RNNs
and 1D CNNs are particularly well-suited to this type of sequential input. Additionally, natural language
processing methods can be applied to sequential inputs like SMILES strings to create continuous embed-
dings of molecules. Graph neural networks (GNNs) are able to learn features from compound structures
represented as molecular graphs.

In recent years, several benchmarking studies have been undertaken to determine whether learned
representations of compounds perform better than traditional descriptors and fingerprints. Hop et al.
found that GNNs outperformed fully-connected neural networks (FCNNs) trained on molecular fingerprints
on a majority of benchmark tasks [149]. In contrast, another study [148] reached the opposite conclusion:
learned representations performed worse than traditional features. An extensive benchmarking study
using the MoleculeNet collection of datasets concluded that learned representations do not perform well
when the training dataset is small or highly imbalanced [146]. Therefore, the most suitable representation
for a given prediction problem probably depends on the type of problem itself, as well as other factors
such as dataset size, making it essential to evaluate this for each specific application.

In this study, we tested several compound featurization methods and DL algorithms to try to under-
stand which representations are the most suitable for predicting drug sensitivity in cancer cell lines. We
used a new Python package, developed in-house and named DeepMol, to perform this analysis. All of
the datasets and scripts used for this study are available online at https://github.com/BioSystemsUM/
DeepMol/tree/pacbb21/pacbb21_paper.
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Figure 11: Learned representations of compounds. a) Representations can be learned directly from
SMILES strings using DL architectures such as RNNs or 1D CNNs. b) Natural language processing-
inspired methods can be used to generate continuous embeddings of molecules. ¢) GNNs can be used
to learn representations directly from molecular graphs.

4.2 Methods

4.2.1 Data sets

We benchmarked a selection of DL models on several human cancer cell line drug screening datasets
(Table 8). Single-cell line datasets were used so that it would be possible to study the effect of different
compound representations without having to take cell line features into account.

The NCI 1 and NCI 109 human tumor cell line growth inhibition datasets were used to develop binary
classification models. These datasets were chosen because they have been widely used in the literature to
validate graph classification algorithms. In our case, we opted to use balanced versions of these datasets
[173], available from https://github.com/shiruipan/graph_datasets. In each dataset, the output variable
indicates whether a given compound is active or inactive in a specific cell line.

To develop and evaluate regression models, we used two single-cell line cytotoxicity datasets (PC-3
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Table 8: Details on the datasets used in this study.

Dataset Compounds Output Variable Task Type
NCI 1 3466 sensitive/not sensitive  classification
NCI 109 3431 sensitive/not sensitive  classification
PC-3 4294 —log(ICsp) regression
CCRF-CEM 3047 —log(ICsp) regression
A549/ATCC 20730 —log(Glso) regression

and CCRF-CEM) from a recent drug sensitivity prediction study [85]. The authors of this study obtained the
original datasets from ChEMBL [174], performed some filtering and data cleaning steps, and transformed
the original ICsq values into —log(ICsp) values (pICsp). These plCsq values were used as the output
variable in our regression models.

The previously mentioned datasets are all relatively small, each comprised of less than 5,000 com-
pounds. However, these smaller datasets were preferred because we assumed that they would more
closely reflect the behavior of the compound representation methods when used in drug sensitivity predic-
tion models trained on publicly available anti-cancer screening datasets, which usually have data for even
fewer compounds. Indeed, the original version of the popular GDSC resource [4], for example, provides
access to a dataset (GDSC1) containing screening data for only 367 compounds, while the CTRPv2 [5]
dataset has data for only 481 compounds.

Nevertheless, we also evaluated DL models on a larger dataset derived from the NCI-60 dataset.
We selected the A549/ATCC cell line and, after removing low quality experiments, compounds without
sensitivity data, and compounds that we were unable to map to SMILES strings using the files provided by
the Developmental Therapeutics Program (DTP), we obtained a dataset with sensitivity values, measured
as —logGlsp (growth inhibition of 50% of cells) for 20,730 compounds.

Prior to modeling, all SMILES strings were preprocessed using the ChEMBL Structure Pipeline [175].

4.2.2 Models
4.2.2.1 Pre-computed features

We evaluated six different types of molecular fingerprints in this work: extended connectivity fingerprint
(ECFP) (ECFP4 and ECFP6), Molecular ACCess System (MACCS) keys, atom pair fingerprints (AtomPair),
RDKit fingerprints (RDKitFP) and RDKit layered fingerprints (LayeredFP). ECFP fingerprints [176] are a
popular circular fingerprint based on the Morgan algorithm [177]. ECFP4 fingerprints use a radius of
2 to define the circular neighborhood surrounding each atom, while ECFP6 fingerprints use a radius of
3. MACCS is a type of substructure key-based fingerprint which uses 166 predefined keys [178]. The
AtomPair fingerprint is a topological fingerprint based on determining the shortest distance between all
pairs of atoms within a molecule. [179]. The RDKItFP is another topological fingerprint that was developed
by the RDKit [180] project. The algorithm finds all subgraphs in a molecule containing a number of bonds
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within a predefined range, hashes the subgraphs, and then uses these hashes to generate a bit vector
of fixed length. The LayeredFP [180] uses the same algorithm as the RDKItFP to identify subgraphs,
but different bits are set in the final fingerprint based on different “layers” (different atom and bond type
definitions).

Compound structures were encoded as bit vectors using each fingerprinting algorithm and the result-
ing fingerprints were used as inputs to FCNNs. With the exception of MACCS fingerprints, which have a
fixed length, we limited the size of all fingerprints to 1024 bits.

4.2.2.2 Mol2vec embeddings

Mol2vec is an unsupervised method that generates continuous vectors representing molecules using the
Word2vec word embedding algorithm [181]. Each molecule is considered a “sentence” and molecular
substructures (calculated using the Morgan algorithm) are considered “words”. We used a pre-trained
Mol2vec model to generate 300-dimensional embeddings for the molecules in each dataset, and fed
these embeddings into FCNNSs.

4.2.2.3 TextCNN

TextCNN is a 1D CNN that was originally developed for sentence classification [182]. We used a modified
version of this algorithm (implemented in DeepChem [100]) which uses one-hot encoded SMILES strings
as inputs instead of words. It applies several 1D convolutional filters, followed by a max-over-time pooling
operation, which summarizes each filter using its maximum value. These learned features are then fed
into fully-connected layers to predict the output.

4.2.2.4 Graph Neural Networks

The structure of a chemical compound can be represented as a molecular graph, where nodes are atoms
and edges represent bonds. Conventional NN architectures, such as FCNNs or CNNs, are unable to learn
directly from this type of data.

GNNs generalize deep neural networks to graph-structured data. Inputs to a GNN are usually node
features (e.g. atom type) and adjacency matrices encoding the structure of the graph, and sometimes can
also include edge features as well. The node and edge features are used to initialize the graph. In gen-
eral, GNNs apply learnable functions to update the node-level representations, progressively incorporating
information about the neigborhood of a node into its representation. After several rounds of updates, a
pooling operation can be used to obtain a graph-level (molecular-level) representation. The graph-level
representations can then be fed into fully-connected layers to predict a given output.

In this work, we benchmarked four different GNN algorithms: neural fingerprints (GraphConv) [79],
graph convolutional network (GCN) [183], graph attention network (GAT) [184] and the AttentiveFP algo-
rithm [185].
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4.2.3 Model training and evaluation

The modeling workflow that was followed in this study is shown in Figure 12.
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Figure 12: General data preprocessing and machine learning steps followed in this work.

Each dataset was split into a training set (70%) and a test set (30%). All models were trained and
evaluated using the same splits for each dataset.

All models were trained for 100 epochs with a batch size of 256 samples, and used the Adam [36]
optimization algorithm. Binary cross-entropy was used as the loss function for all classification models,
while the mean squared error was used for regression models. Other model-specific hyperparameters
were tuned using a 5-fold cross-validated randomized search, in which 30 different hyperparameter com-
binations were tested. These included the number of hidden layers and hidden units and the use of reg-
ularization methods, such as L2 weight regularization and dropout [37], among others. The best model
that was found for each algorithm was then refit on the entire training set and evaluated on the held-out
test set. Additional details on the models (including the full search space and the best hyperparameters
found for each type of model) are available online (https://github.com/BioSystemsUM/DeepMol/blob/
pacbb21/pacbb21_paper/supplementary_material.pdf).

4.2.4 Model ensembling

Besides evaluating individual models, simple voting ensembles were also built to determine if combining
predictions from multiple models could further improve performance. For classification tasks, majority
voting ensembles were built, where the final prediction is the label predicted by the majority of the individual
classifiers. For regression tasks, the ensembles simply averaged the individual predictions to obtain the
final prediction. The hyperparameter values that were used for each individual model were the optimal
values that had been previously tuned using randomized search.

4.2.5 Feature importance

Feature importance was determined using the Deep SHAP method implemented in the SHAP Python
package (version 0.39.0) [163]. Deep SHAP approximates SHAP values for DL models by using a modified
version of the DeepLIFT [161] algorithm.
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4.2.6 DeepMol

All preprocessing, featurization and modeling steps were implemented using DeepMol, a newly developed
chemoinformatics package developed from our host group. DeepMol is a python-based machine and
deep learning framework for drug discovery. It offers a variety of functionalities that enable a smoother
approach to many drug discovery and chemoinformatics problems. This framework uses Tensorflow [98],
Keras [99], Scikit-learn [186] and DeepChem [100] to either build custom ML and DL models or make
use of pre-built models. It also uses the RDKit [180] framework to perform operations on molecular data.

Regarding compound standardization, it allows users to use the ChEMBL Structure Pipeline [175]
or apply custom standardization steps using RDKit [180] standardization methods. Some of these steps
include standardization of some non-standard valence states, molecule sanitization, charge neutralization,
stereochemistry removal, the removal of smaller fragments, kekulization, among others.

DeepMol also offers several featurization methods including molecular fingerprints, molecular embed-
dings and graph-based featurizers.

In summary, DeepMol offers a complete workflow to perform machine and deep learning tasks for
molecules represented as SMILES strings. It has modules that perform standard tasks, such as loading
and standardizing data, computing molecular features, performing feature selection and data splitting. It
also provides methods to deal with unbalanced datasets and to do unsupervised exploration of the data.
This way, DeepMol provides a common platform to treat the data and build, train, optimize and evaluate
ML and DL models using different ML frameworks.

4.3 Results and Discussion

4.3.1 Individual models

In this section, we report and discuss the performance of 12 DL algorithms benchmarked on 5 drug
response datasets of variable size and with different output variables. Figure 13 reports the results for
classification tasks, with model performance quantified using the area under the receiver operating char-
acteristic curve (ROC-AUC). For regression problems, model performance scores are reported in Figure
14, using the RMSE values. The full results tables and plots for additional scoring metrics are available
from https://github.com/BioSystemsUM/DeepMol/tree/pacbb21/pacbb21_paper/results.

ECFP4 fingerprints outperformed other fingerprints and end-to-end DL models on the NCI 1 classi-
fication task, having achieved a ROC-AUC score of 0.83. The LayeredFP model achieved a very similar
ROC-AUC score (also 0.83, when rounded), while the best end-to-end DL model (TextCNN) reached a
score of 0.81. On the NCI 109 dataset, the GCN algorithm ranked first in terms of performance, but
other methods such as LayeredFP, TextCNN and GraphConv were not far behind (Figure 13). With the
exception of the LayeredFP model, fingerprint-based methods generally performed worse than most of the
end-to-end DL models on this dataset.
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Figure 13: Performance (ROC-AUC) of different deep learning models on the NCI 1 and NCI 109 classifi-
cation tasks. Higher scores mean better performance.

On the PC-3 dataset, the TextCNN model achieved the the lowest RMSE (0.61), followed by the Lay-
eredFP model and the GraphConv model, both with a RMSE of 0.65 (Figure 14). Other GNNs did not
perform as well as GraphConv, having been surpassed by most of the fingerprint-based models. In the
CCRF-CEM regression task, several fingerprint-based models (AtomPair, RDKitFP and MACCS) outper-
formed the best end-to-end DL model, which was once again the TextCNN model (RMSE = 0.76) (Figure
14). On the larger A549 dataset (Figure 14), TextCNN was the best model (RMSE = 0.79), followed by
AtomPair and GCN which both reached a RMSE value of 0.81. The increase in dataset size did not benefit
all of the end-to-end DL models, however.

In general, performance scores were usually similar between many of the models. This finding is
in agreement with the MoleculeNet benchmarking study, which was also unable to find clear differences
between models when benchmarking on smaller datasets (less than 3000 compounds) [146]. The best
type of compound representation method seems to depend on the dataset itself, even when the prediction
tasks are similar. Other factors, such as the particular data split that was used or the limited number
of hyperparameter combinations that were explored using random search, could also have influenced
the results. Surprisingly, results were consistently worse when using Mol2vec embeddings, which were
generated using a model that had been pre-trained on a dataset with over 19 million molecules [181].
The Mol2vec models performed poorly on the training sets as well, indicating that these models were
underfitting. Although the original Mol2vec study does not mention the need for scaling the embeddings
before using them as inputs to ML models, some of the values in the embeddings are outside the ideal
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Figure 14: Performance (RMSE) of different deep learning models on the PC-3, CCRF-CEM and NCI-60
AbB49 regression tasks. Lower scores mean better performance.

range (between 0 and 1) for DL models. Scaling the embeddings prior to learning might be necessary
to improve learning. In addition, dataset-specific fine-tuning of the embedding model might also help

improve the performance of FCNNs trained on these embeddings.

End-to-end DL models performed as well as, and at times even surpassed, models trained on pre-
computed features. TextCNN models, in particular, ranked highly across all datasets. GNNs also per-
formed relatively well on some of the prediction tasks. This is contrary to what would be expected given
the limited number of compounds and the fact that these models were not pre-trained on larger chemical
datasets beforehand. However, we found that more complex GNNs with attention mechanisms (GAT and
AttentiveFP) did not always perform as well as other end-to-end methods on the datasets that were used
in this study, indicating that applying self-attention to the molecular graph nodes does not seem to be
particularly advantageous in this case.

Regarding molecular fingerprints, LayeredFP consistently performed well across all datasets, and
models trained using atom pair fingerprints also performed relatively well, both outperforming the more
popular ECFP fingerprints in 4 out of 5 datasets. LayeredFPs are able to encode information about larger
subsets of the molecular graphs than ECFPs, capturing more information on the global structure of the
molecules. AtomPair fingerprints also encode more global features since all pairs of atoms are taken into
account. The results suggest that global molecular features might be important for the prediction of drug
sensitivity. Therefore, these less well-known fingerprints might be interesting alternatives to some of the

more commonly used options, at least for drug response prediction tasks.

Despite the use of regularization methods, most models still had a tendency to overfit. In the future,
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an early stopping mechanism could be implemented similar to the Keras EarlyStopping callback for all
models in DeepMol to try to mitigate this.

4.3.2 Ensemble models vs. individual models

For each prediction task, the best individual models were also compared to two different ensembles: an
11-model ensemble comprising all models except Mol2Vec models, and an ensemble comprising only the
5 best individual models for a specific task. Results for the classification tasks and the regression tasks
are provided in Tables 9 and 10, respectively.

Table 9: Ensemble results for classification tasks.

Task Model ROC-AUC Accuracy PRC-AUC Precision Recall

ECFP4 0.831 0.831 0.870 0.826 0.831

NCI'1  1l-model ensemble  0.862 0.862 0.898 0.881 0.831
5-model ensemble 0.851 0.852 0.888 0.866  0.825

GCN 0.824 0.824 0.864 0.809 0.842

NCI 109 11-model ensemble  0.856 0.856 0.894 0.878 0.822
5-model ensemble 0.845 0.845 0.882 0.847 0.838

Using the 11-model ensembles improved performance scores across all prediction tasks relative to
the best individual models for nearly all of the scoring metrics considered. The 5-model ensembles also
outperformed single models on all tasks, and performed better than the larger ensembles on the regression
tasks, having achieved lower RMSE scores. The improvement in performance, when using ensembles
instead of single models, is likely due to the fact that different representations capture different molecular
features. Therefore, combining several drug representations is a strategy that should be considered when
developing drug response prediction models in the future.

Table 10: Ensemble results for regression tasks.

Task Model RMSE  Pearson R? Spearman

TextCNN 0.607 0.806 0.641 0.773

PC-3 11-model ensemble 0.581 0.831 0.671 0.797
5-model ensemble  0.555 0.837 0.700 0.811

AtomPair 0.742 0.798 0.629 0.761

CCRF-CEM  11-model ensemble 0.706 0.840 0.664 0.817
5-model ensemble  0.645 0.849 0.720 0.825

TextCNN 0.787 0.667 0.421 0.593

A549/ATCC 1l-model ensemble 0.741  0.715 0.487 0.641
5-model ensemble  0.736  0.711  0.494 0.637
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4.3.3 Feature importance

We were able to determine which features were the most important for the test set predictions by analyzing
the values computed by SHAP. Features with greater absolute SHAP values will be the most important, and
global feature importance can be determined by averaging the absolute SHAP values across all samples
in the dataset. The top 20 most important features (calculated for the test sets) for the best individual
models for the NCI 1 classification task (ECFP4 model) and the CCRF-CEM regression task (AtomPair
model) are shown in figures 15 and 16, respectively. Through the use of color, these plots also allow us

to visualize how the value of a given feature impacts the model prediction.
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Figure 15: Global feature importance for the ECFP4 model trained on the NCI 1 dataset. Only the 20
most important features are shown, and features are ordered according to their importance. Each point
represents a sample in the test set, and the color of the points represents the value of a particular feature
for that sample.

For NCI 1, we can use the SHAP values to determine which fingerprint bits generally lead the model
to predict whether the cell line will be sensitive to a given compound or not when the bits are set to 1.
For example, ECFP4 bits 724, 947, 453, 353, 324, 832, 434, 695, 856, 302, and 272 have a positive
effect on the model output, indicating that the presence of these fragments in a compound is associated
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Figure 16: Global feature importance for the AtomPair model trained on the CCRF-CEM dataset. Only
the 20 most important features are shown, and features are ordered according to their importance. Each
point represents a sample in the test set, and the color of the points represents the value of a particular
feature for that sample.

with drug sensitivity. Likewise, in the CCRF-CEM task, fingerprint bits that have higher SHAP values are
compound fragments that, when present, contribute to increase the plCsg values. This indicates that
the sensitivity of the CCRF-CEM cell to treatment is greater when these substructures are present in the
screened compounds.

SHAP values can also be analyzed at the sample level, allowing to explain how specific features affect
a single prediction. Figure 17 shows how each feature contributes to increase or decrease the model
prediction from a base value of 0.46 for sample 537 from the NCI 1 test set, which had been correctly
predicted as “sensitive” (class label=1) by the ECFP4 model. Fingerprint bits that are set to, 1 and move
the predicted value towards 1, are features present in the compound that explain the sensitivity of the cell
line used in the NCI 1 assay towards this compound.

Figure 18 depicts the top ten ECFP4 bits and the corresponding substructures that most influenced
the model prediction for sample 537. The compound in question is (7-Acetamido-1,2,10-trimethoxy-9-oxo-
6,7-dihydro-bH-benzo[a]heptalen-3-yl) ethyl carbonate, a colchicine analog. Colchicine and its analogs
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Figure 17. SHAP explanation of the prediction made by the ECFP4 model for sample 537 from the NCI 1
test set, represented as a waterfall plot. Features are ordered by their impact on the model output. Only
the top 20 features that contribute the most to the prediction are shown.

bind to tubulin [187]. The top 10 most important ECFP4 bits identified for sample 537 correspond to
substructures that have been identified as essential for the bioactivity of colchicine binding site inhibitors
[187], [188]. Bit 899 corresponds to the trimethoxyphenyl ring that is essential for interaction with the
binding site [187]. Bits 575 and 705 also represent parts of the trimethoxyphenyl moiety, and are centered
on atoms that are part of the methoxy groups where drug-protein interactions are more likely to occur
[187]. Bits 812, 723 and 333 are centered on atoms belonging to the phenyl ring that is part of the
trimethoxyphenyl group as well, which has been shown to be essential for maintaining the geometry of
the molecule required at the binding site [187]. Bit 906 is centered on a keto group where an important
drug-tubulin interaction can occur in the form of a hydrogen bond [187], [188], and bit 946 is centered
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on a carbon atom that is linked to a methoxy group, which also might potentially be involved in drug-
protein interactions [187]. Bit 301 is more difficult to interpret, but it appears to be representing part of
the central 7-membered ring. These results indicate that the DL model was capable of learning which
molecular features are the most relevant for predicting drug response in this particular case.
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Figure 18: Molecular fragments corresponding to the ten ECFP4 bits that contribute the most towards the
prediction for sample 537 from the NCI 1 test set.

Using SHAP values, we were also able to determine which AtomPair fingerprint bits are most predictive
of drug sensitivity for sample 90 in the CCRF-CEM test set (Figure 19), which has a predicted pIC50 value
that is very close to the true pIC50 value. Unfortunately, due to the use of a hashed version of AtomPair
fingerprints with a fixed length, we were unable to obtain more information on the specific fragments that
are associated with drug sensitivity for the CCRF-CEM task, making these fingerprints more difficult to
interpret than ECFP4 fingerprints.

SHAP values were only calculated for the NCI 1 and CCRF-CEM tasks because we were unable to
apply SHAP directly to TextCNN (best type of model for the PC-3 and A549/ATCC datasets) and GCN
(best model on the NCI 109 task). More explanation methods, including graph-specific methods such as
GNNExplainer [189], should be added to DeepMol in the future.
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Figure 19: SHAP explanation of the prediction made by the AtomPair model for sample 90 from the CCRF-
CEM test set, represented as a waterfall plot. Features are ordered by their impact on the model output.
Only the top 20 features that contribute the most to the prediction are shown.

4.4 Conclusion

In this study, we used DeepMol, a new Python package developed in-house for chemoinformatics, to
evaluate the performance of different compound representation methods and DL algorithms on several
cancer drug sensitivity prediction tasks. We found that end-to-end DL models are capable of outperform-
ing traditional fingerprint-based models even on small datasets. Additionally, less well-known molecular
fingerprints may be interesting alternatives to some of the more popular types of molecular fingerprints.
We also assessed the effect of combining multiple compound representation methods into ensembles of
models and found that this strategy led to improved predictive performance. Finally, we also showed that
SHAP can be used to increase the interpretability of some of the models. These findings can help guide
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the development of new DL-based drug response prediction models trained on screening data from other
screening projects.

The DeepMol framework is under constant development and it is currently at a pre-release version.
New models and features will be added in the future.
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Predicting the ex vivo drug sensitivity of acute
myeloid leukemia specimens

Part of this work was used in a
submission to the CTD? Beat AML
DREAM Challenge.

5.1 Introduction

AML is a rapidly progressing hematological cancer. Prognosis is poor, especially among older patients
[190], [191]. Recurrence is common [190] and long term survival rates are low [191].

AML is a complex disease and, therefore, difficult to treat. Few treatment options are currently avail-
able for AML, and the standard of care has remained relatively unchanged for several decades [192].
The standard therapy consists of remission induction with cytarabine and an anthracycline, followed by
post-remission therapy [192]. This is an intensive treatment regimen that some patients, particularly
the elderly, may not be able to tolerate [193]. Targeted drugs, designed against specific proteins that
are frequently mutated in AML, have only begun to emerge in recent years [194]-[196]. These newly
approved therapies have shown promising results, including an improvement in patient survival [197].
However, disease recurrence remains a challenge [194], [197]. Accelerating the discovery of improved
targeted treatments tailored to specific patients, and determining which patients will benefit most from
these therapies is, therefore, essential.

Next generation sequencing has enabled the extensive molecular characterization of AML tumors,
providing deeper insight into the complexity of this disease. Large-scale sequencing studies have identified
important mutational events and co-mutation patterns [198]-[200], revealing several distinct molecular
subtypes [199]. Many of these genetic alterations are prognostic [199], and can be particularly useful for
the therapeutic stratification of patients.
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A recent study published by the Beat AML initiative examined the relationship between changes at
the genetic and transcriptional levels and drug sensitivity in AML tumors [200]. Tumor samples obtained
from AML patients were characterized using RNA and whole-exome sequencing, and ex vivo drug screens
were performed. The project identified several mutational patterns and gene expression signatures that
are correlated with drug sensitivity and resistance [200].

In late 2019, the CTD? Beat AML DREAM challenge was launched with the goal of discovering new
drug sensitivity biomarkers for AML patients and, ultimately, identifying patient subpopulations that may
benefit from certain treatments [201]. The challenge was divided into two subchallenges. Subchallenge
1 was focused on the development of computational methods to predict the sensitivity of patient-derived
tumor specimens to anti-cancer drugs using genomics, transcriptomics, and clinical data from the Beat
AML project. The goal of the second subchallenge was to predict patient survival. The solutions were
evaluated on an unpublished cohort of patients from the Beat AML project.

In this study, we describe the process behind the development of a method to predict drug sensitivity,
using the data provided by the Cancer Target Discovery and Development (CTD?) Beat AML challenge.
The proposed solution is a multimodal DL-based model that requires minimal preprocessing and feature
selection prior to training. DL was chosen because, unlike traditional ML algorithms, it can be used not
only to predict an outcome such as drug sensitivity, but also to directly learn internal, lower-dimensional
representations of the input data [18]. Furthermore, the modular nature of DL models also makes it
easier to integrate multiple data types [80]. Several recently published DL-based models for drug response
prediction have employed this multimodal approach [92], [132], [202].

Lack of interpretability is one of the main drawbacks of DL methods. In this study, through the use
of a state-of-the-art feature attribution method, we demonstrate that our DL model can learn to associate
important AML biomarkers with drug sensitivity.

5.2 Methods

5.2.1 Dataset

The datasets used for the analyses described in this chapter were contributed by Oregon Health & Science
University (research supported by the National Cancer Institute (NCI) grant number U01 CA217862). They
were obtained as part of the CTD? Beat AML DREAM Challenge through Synapse [syn209405].

Drug sensitivity data were provided in the form of area under the dose-response curve (AUC) values
for specimen-inhibitor pairs. The challenge also provided access to several additional files containing
omics data (high-confidence somatic mutations and RNA-Seq gene expression data) and clinical data
(categorical and numerical features) characterizing the patient-derived specimens. The only information
on the screened inhibitors that was provided were their names.

In the Beat AML challenge, the drug sensitivity data were split into three different sets: a training set;
a leaderboard set, to which challenge participants only had access at a later stage; and a final validation

67



CHAPTER 5. PREDICTING THE EX VIVO DRUG SENSITIVITY OF ACUTE MYELOID LEUKEMIA SPECIMENS

set, which was not made public. The training set comprised a total of 20,242 specimen-inhibitor pairs,
corresponding to 213 specimens and 122 drugs. The leaderboard dataset had a total of 7,850 specimen-
inhibitor pairs, corresponding to 80 new specimens and the same 122 drugs. In this work, the challenge
training and leaderboard datasets were merged into a single dataset (merged dataset), giving a total of
28,092 specimen-inhibitor pairs.

5.2.2 Preprocessing

The inhibitor names were used to retrieve the corresponding canonical SMILES strings from PubChem
using the pubchempy (version 1.0.4) Python package. The SMILES strings were then used to compute
1024-bit ECFP4 or ECFP6 molecular fingerprints (using the RDKit python package, version 2019.09.3.0),
Mol2vec embeddings [181] (mol2vec package, version 0.1), or they were one-hot encoded or label-
encoded using scikitlearn (version 0.22.1), depending on the type of architecture that was chosen for
the drug subnetwork.

The omics and clinical datasets were further preprocessed using the pandas (version 1.0.1) and scikit-
learn (version 0.22.1) python packages. The gene expression dataset (expr), in which the expression of a
gene in a given specimen was originally reported as logo (CPM), was rescaled per gene so that each feature
has zero-mean and unit variance. Due to the high dimensionality of the gene expression dataset (63,677
features), feature selection methods were also employed. Initially, we reduced the number of features by
only selecting the N most variable genes before rescaling the dataset (eXpry most variable Mmodels). Since this
method did not produce satisfactory results, we also tried selecting features using univariate statistical
tests (after rescaling the dataset), using the SelectkBest class from scikit-learn (exprseectkgest models). In
both of these strategies, the number of features to be kept was considered a tunable hyperparameter. As
an alternative to these approaches, we also used a file obtained from Ensembl to select genes by gene
type, keeping 20,408 protein-coding genes in the final gene expression dataset (exprprotein coding Models).

When using a 1D CNN for the gene expression-encoding subnetwork (exprip cnn, protein coding + mut +
drug models), hierarchical clustering was used to find a new order for the features so that the position of
the genes in the input tensor would be biologically meaningful. A dendrogram was created based on the
clustering results, and the positions of the leaves were used to rearrange the features. Using this method,
genes positioned close to each other in the input tensor will have similar expression patterns across the
samples.

The mutation data provided by the challenge were binarized and summarized at the gene level, with
‘1" indicating that a given sample had at least one alteration in a certain gene and zero indicating the
absence of mutations. Since the merged (training + leaderboard) dataset and the challenge validation
dataset might not have the same genes, only the genes included in the merged dataset were kept as
features, and any missing values were set to zero. The final mutation dataset had a total of 302 features.

When using clinical data, non-binary categorical features were one-hot encoded, and any missing
values were ignored. For binary features, all missing values were set to zero. Missing values in the
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numerical clinical features were either replaced with the median value or with zero. We tested models
trained on all of the clinical features (exprprotein coding + Mut + clinicaly + drug models), as well as models
that only used a small subset of the clinical features (expr + clinicalsejecteq + drug models) that provided
information on the mutation status of important AML genes and the molecular subtypes of the specimens
belong (Table 11) as an alternative to using the mutation dataset.

Table 11: Selected clinical features.

Feature Description

FLT34TD Presence (1) or absence (0) of internal tandem duplication (ITD) in the
FLT3 gene.

NPM1 Presence (1) or absence (0) of mutations in the NPM1 gene.

finalFusion The type of fusion genes detected in the specimens, if any exist.

specificDxAtAcquisition Specific diagnosis at time of earliest specimen inclusion by collection date.

Includes information on the molecular subtype of the tumors.
FAB/Blast.Morphology FAB classification of the specimen if noted in the electronic medical record.

After input-specific preprocessing, each of the input datasets was separately merged with the data in
the drug sensitivity file to obtain the corresponding features for each specimen-inhibitor pair. The dataset
was then split into three subsets - a test set comprising 15% of the merged dataset, which was used
for internal validation of the models, a validation set corresponding to another 15% of the data, and the
remaining 70% of the data were used as the training set.

5.2.3 Deep learning models

A multimodal approach was used to build the DL models. Each data type was input to its corresponding
feature-encoding subnetwork, and then the learned representations from each subnetwork were concate-
nated into a single tensor before being fed into a final fully connected AUC prediction subnetwork. An
example of such a model is shown in Figure 20. All of the models were implemented using the Keras
subpackage in Tensorflow [98] (version 2.0.0).

Throughout this work, we tested 4 different combinations of the input data types that were provided
by the challenge (expression data (expr); mutations (mut); clinical features; and drug data):

* expr+drug
* expr+ mut + drug
o expr + clinicalsgjecteq + drug

* expr + mut + clinicalyy + drug
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Figure 20: A schematic representation of a multimodal model for drug sensitivity prediction similar to the
models developed in this work.

The mutation and clinical subnetworks were always composed of fully connected layers. The gene ex-
pression subnetwork was either a fully connected neural network or a 1D CNN (exprip ¢, protein coding SUb-
networks). When the drugs were featurized using molecular fingerprints (ECFP4/ECFP6) or pre-computed
Mol2vec embeddings, the drug subnetwork was also a fully connected neural network (drugecrpa, drugecrpe,
and druguoizvec SUbnetworks)). We also evaluated the use of 1D CNN subnetworks, such as the drugip cnw
subnetwork, which is based on the drug encoding subnetwork in the DeepDTA model [203] and the drug
Textchn Subnetwork [182], as implemented in the DeepChem [100] package (version 2.4.0). In addition, a
subnetwork (drugsmieststm) that learns directly from one-hot or label encoded SMILES strings using long
short-term memory (LSTM) layers, taken from a recent large-scale benchmarking study [148], was also
tested.

Since the prediction of the continuous AUC values is a regression problem, the output unit always had
a linear activation function and the MSE was used as the loss function. The Adam algorithm was used as
the optimization method, with a learning rate of 0.001. All of the models were trained for a maximum of
500 epochs, using the EarlyStopping callback with a patience of 15 epochs to stop the learning process
once the loss stopped improving. A mini-batch size of 32 was used for all models. The validation dataset
was used to tune additional hyperparameters using a randomized search approach, with a maximum of
60 combinations of hyperparameter values being tested before selecting the best model.

After optimizing the hyperparameters, the models were evaluated on the held out test set. Several
scoring metrics were used to evaluate model performance, including the MSE, Spearman correlation,
Pearson correlation, and coefficient of determination (R?) scores. The main scoring metric, however, was
the metric defined by the challenge, which is calculated as the average of the per-inhibitor Spearman
correlations. This metric was used both to optimize the hyperparameter values and to evaluate the final
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models.

The model architecture that was selected for submission to the challenge was retrained on the full
dataset (merged dataset), and then it was saved so that it could be used to make new predictions in the
future. All models submitted to the challenge were further evaluated on a private validation dataset that
participants did not have access to at any time during the challenge. Submissions were evaluated using
the average per-inhibitor Spearman correlation as the primary scoring metric and the average per-inhibitor
Pearson correlation as a secondary metric. The challenge organizers used bootstrap sampling of the test
set (1000 bootstrap samples) to calculate the final performance scores and to determine if the scores
were significantly different between submissions.

5.2.4 Machine learning models

We also evaluated several ML models to determine if the use of DL provided any benefit. Our DL models
were compared against elastic net [26], support vector regression (SVR) [204], RF [32], extreme gradient
boost (XGBoost) [205] and light gradient boosting machine (LGBM) [206] models. The XGBoost model
was implemented using the xgboost Python package (version 1.1.1), LGBM was implemented using the
lightgbm package (version 2.3.1), and the remaining models were developed using scikit-learn [186] (ver-
sion 0.22.1).

All of the ML models were trained on gene expression, mutation and drug features. The gene expres-
sion features were limited to protein coding genes only. After concatenating the different input types into
a single dataset, features were selected using univariate statistical tests (using the SelectKBest class from
scikit-learn), and only the k best features were kept.

Hyperparameters were optimized using the same random search approach as described for the DL
models. Besides model-specific hyperparameters, the number of features (k) that were kept was also
considered a tunable hyperparameter.

5.2.5 Heterogeneous ensembles

A heterogeneous ensemble was also built to determine if combining different models could further improve
performance. The ensemble included the top 5 DL models developed in this work as well as the top 3
ML models. The predictions of the individual models were averaged to obtain the final prediction. The
hyperparameter values used for each individual model were the optimal values that had been previously
found using randomized search.

5.2.6 Feature importance

The SHAP Python package (version 0.39.0) [163] was used to analyze feature importance. More specifi-
cally, we used the Deep SHAP method, which uses an adaptation of the Deep Learning Important FeaTures
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(DeepLIFT) [161] feature attribution algorithm to approximate SHAP values. The SHAP value for a given
feature reflects the change in the expected model prediction when conditioning on that feature [163].

5.2.7 Code availability

All of the code developed in this study is available online at https://gitlab.bio.di.uminho.pt/dlrsb/beat_
aml. The full results tables and additional details on the models (including the full hyperparameter search
spaces and the best hyperparameters found for each type of model) are also provided in this repository.

5.3 Results

5.3.1 Challenge solution

Our submission to the challenge was a multi-input (exprprotein coding + Mut + drugecrps) DL model compris-
ing three input-specific feature-encoding subnetworks (expression, mutation and drug subnetworks) and
a final drug sensitivity prediction subnetwork. The model was trained on gene expression data limited to
protein coding genes, binarized mutations, and drug data in the form of ECFP4 molecular fingerprints.
The drug-encoding subnetwork has three hidden layers containing 1000, 500, and 250 hidden units. The
mutation-encoding subnetwork has two hidden layers with 150 and 75 hidden units. The gene expres-
sion subnetwork also has two hidden layers, with 625 and 312 hidden units. The prediction subnetwork
consists of a single hidden layer with 1000 hidden units, and an output layer with a single unit. All of the
layers were fully connected, and all hidden units used the ReLU activation function. Batch normalization
was performed after each hidden layer, and a dropout rate of 0.3 was used during training.

This model was selected because it had achieved the highest average per-inhibitor Spearman value
(0.656) out of all of the models that we had evaluated using our internal validation workflow (for the
full results, see Supplementary Table 13). However, after the challenge we found that the data splitting
process had not been implemented properly, meaning that the models that had been tested up until that
point were not comparable as they had been evaluated on different test sets. For this reason, after the
challenge was over we repeated our analysis, guaranteeing that the training, validation and test sets were
always the same for all models. The results of this reanalysis are described in more detail in the next
subsection.

The challenge results are shown in Figure 21. Our submission (UM-BISBII-AML) achieved an average
per-inhibitor Spearman correlation of 0.312 and an average per-inhibitor Pearson correlation of 0.331.
It was the 13th best model out of a total of 28 submissions in terms of the bootstrapped average per-
inhibitor Spearman correlation, and 11th best in terms of the average per-inhibitor Pearson correlation.
For comparison, the winning solution achieved average per-inhibitor Spearman and Pearson correlation
values of 0.369 and 0.378, respectively.
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Figure 21: Final results for subchallenge 1 of the CTD? Beat AML DREAM Challenge [207]. Our submission
is named ‘UM-BISBII-AML.

0

These scores are lower than our internal validation results. The final validation dataset used by the
challenge had data for 65 new specimens, all of which had not been previously seen by our model. In
retrospect, creating training, validation and test sets with non-overlapping specimens instead of randomly
splitting the data would have been a more rigorous validation scheme for our internal validation workflow.

5.3.2 Internal validation results

As mentioned in the previous section, after discovering that the data splitting process was not being
performed correctly, we repeated our analysis so that the models would be comparable.

First, the effect of using different input combinations was evaluated. Three types of input combinations
were tested: expr + drug, expr + mut + drug and expr + clinicalsgiecteq + drug. In our preliminary study,
the first solutions that were developed all used the “N most variable genes” feature selection approach
for the expression dataset, so this was maintained when repeating the analysis. The results of these tests
are shown in Figure 22.

Models trained on expression, mutation and drug features clearly outperformed models trained without
using mutation data as input. Substituting mutations with clinical features that refer to known molecular
subtypes or genetic alterations in AML slightly improved model performance when compared with models
that only used expression and drug features. Nevertheless, these models still performed considerably

73



CHAPTER 5. PREDICTING THE EX VIVO DRUG SENSITIVITY OF ACUTE MYELOID LEUKEMIA SPECIMENS

0.4

C

2

=

f©

g

—_

8 0.3

- Drug subnetwork
g mmm Mol2vec

s - TextCNN
802 = ECFP4

wn mmm ECFP6

()

b= mmm SmilesLSTM
L === 1D CNN

©

e

O

0.0
expr + mut + drug expr + drug expr + clinical + drug
Input data type combination

Figure 22: Average per-inhibitor Spearman correlation scores for models trained on different input type
combinations. All models used the “N most variable genes” feature selection approach to reduce the
number of features in the expression dataset prior to training.

worse than those that had used mutation data instead. The selected clinical features contained information
on the mutational status of a few AML-related genes, but this was not sufficient to adequately predict drug
sensitivity. Combinatorial mutational events are important in AML and different combinations produce
different response to drugs [200]. The full mutation dataset may contain additional information regarding
co-mutation patterns that the selected clinical features do not provide. Given these results, the models
that were developed afterwards always included mutation features as inputs.

Since the performance scores of the models were quite low when using the “N most variable genes”
feature selection method, we decided to test two alternatives - feature selection based on univariate statis-
tical tests (SelectKBest) and only using protein coding genes. The use of these feature selection methods
greatly improved model performance (Figure 23). When using the new splits to train and validate the
models, the model configuration that we had chosen to submit to the challenge (exprpotein coding + mut +
drugecrps) still achieved a similar average per-inhibitor Spearman correlation value (0.660). However, with
the new splits we found that two SelectKBest models (exprsejectigest + Mut + drugecrps and eXprselectkBest +
mut + druggcrp4) also had average per-inhibitor Spearman correlation scores similar to the exprprotein coding
+ mut + drugecrpq model (Figure 23 and Supplementary Table 14).

Additionally, in an attempt to improve model performance after the challenge was over, two new types
of models were also tested: exprip cnw, protein coding + Mut + drug and exprptein coding + MUt + clinicaly
+ drug models. Six variations of these were developed, with different drug subnetworks (ECFP4, ECFPS,
Mol2vec, TextCNN, 1D CNN or SmilesLSTM). Figure 24 compares the results of the exprip cnw, protein coding
+ mut + drugecrps and eXprprotein coding + MUt + clinicaly; + drugecrps models with the model configura-
tion that had been submitted to the challenge. Results for the other drug subnetworks are reported in
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Figure 23: Average per-inhibitor Spearman correlation scores for models trained on different gene expres-
sion features selected using different feature selection methods.

Supplementary Table 14.

Using a 1D CNN for the gene expression subnetwork instead of fully connected layers decreased the
average per-inhibitor Spearman correlation score. Although clustering was used to rearrange the genes in
a more biologically meaningful order, this result is not surprising, as the expression data is not sequential
in nature and the position of the genes in the input tensor may not be relevant to the prediction task.
Therefore, it does not seem like there is any advantage in using this approach for this type of data.

Including clinical features in addition to the expression, mutation and drug features slightly improved
performance when compared to the exprotein coding + Mut + drugecrpa approach. The expryrotein coding +
mut + clinicalyy + drugecrps model was the best model overall, with an average per-inhibitor Spearman
correlation value of 0.666. The addition of clinical features also improved the performance of most of the
other models with different drug subnetworks (Supplementary Table 14). Thus, it might be beneficial to
include clinical variables when developing drug response prediction models for patients, if these features
are available.

Throughout this work, both traditional molecular fingerprints (ECFP4 and ECFP6) and learned rep-
resentations of compounds (Mol2vec, TextCNN, 1D CNN and SmilesLSTM subnetworks) were tested. In
general, our internal validation results show that the type of architecture used for the drug subnetwork
had less impact on the predictive performance of the models than the types of input features that were
used, as can be seen in Figures 22 and 23.

Finally, there is a discrepancy between the challenge score (average of the per-inhibitor Spearman
correlations) and the Spearman correlation values that were calculated using our internal validation setup
(Supplementary Table 14). This is an indication that our models are not accurately predicting drug sensi-
tivity for some of the inhibitors.
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Figure 24: Average per-inhibitor Spearman correlation scores for the model configuration that had been
submitted to the challenge (expryrotein coding + mut + drug) and two additional models that were developed
after the challenge (exprip cnw, protein coding + mut + drug and exprprotein coding + Mut + clinicaly; + drug).

5.3.3 Comparison with other ML algorithms

Our best model (exprprotein coding + Mut + clinicalyy + druggcrps) outperformed all of the traditional machine
learning models by a wide margin (Figure 25). The best ML model was LGBM, which achieved an average
per-inhibitor Spearman correlation value of 0.527. Most of the DL models that either used SelectkBest
or a list of protein coding genes to filter the expression data performed better than the LGBM model,
including the exprprotein coding + Mut + drugecrp4 model (Supplementary Table 14).
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Figure 25: Comparison between the best DL model developed in this study and other ML algorithms.

5.3.4 Hetereogeneous ensemble

The simple heterogeneous ensemble (top 5 DL + top 3 ML models) achieved an average per-inhibitor
Spearman correlation value of 0.687, which is an improvement over the best individual DL model (average
per-inhibitor Spearman correlation=0.666).

5.3.5 Feature importance

Feature importance was determined based on the mean absolute SHAP values calculated for each feature.
The top 20 most important features for the exprprotein coding + Mut + clinicaly + drugecrp4 model, are shown
in Figure 26. These are the variables that had the greatest impact on the output of the model. Among
the top features are several drug features (ECFP4 bits) and genes from the mutation dataset, as well as
two clinical features that are key prognostic factors in AML (%.Blasts.in.PB and WBC.count).

The most important mutation features correspond to some of the most frequently mutated genes
in AML [198]-[200]. Many are known prognostic biomarkers [199], and mutations in these genes can
influence drug response [200]. In the original Beat AML study, mutations in the KRAS and NRAS proto-
oncogenes were associated with resistance to most drugs [200]. Alterations in the FLT3 gene were also
highly associated with drug response [200]. IDH1 mutations were linked to resistance to most drugs,
while mutations in IDH2 were associated with enhanced sensitivity to many of the drugs screened in the
Beat AML study [200]. These findings reveal that our DL model correctly learned to associate important
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Figure 26: Top 20 most important features ranked by mean absolute SHAP values.

mutational events in AML with drug response.

None of the gene expression features appear in the top 20 and in general the SHAP values for individual
expression features were relatively low (Supplementary Figure 40). However, when analyzing the mean
absolute SHAP values for features grouped by input type, we found that the expression dataset as a whole
was the second most important group of features (Table 12).
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Table 12: Mean absolute SHAP values for features grouped by input type. SHAP values for groups of
features were calculated by summing the SHAP values of all of the individual features, and then the mean
absolute SHAP value across all samples was calculated for the combined features.

Input type  Mean absolute SHAP value for grouped features

expr 18.86

mut 3.62
clinical 0.62

drug 30.53

5.4 Discussion

Although our internal validation results seem promising, the DL models developed in this work are still far
from being clinically applicable and there is still much room for improvement. The discrepancy between
our internal validation results and the challenge scoring of our submission highlights the importance of
choosing an adequate validation scheme to estimate the real generalization capacity of the models when
faced with new patients or drugs.

DL models perform best when training data is abundant. The Beat AML challenge dataset is a
moderately-sized screening dataset, with over 20 thousand experiments, but the number of unique com-
pounds (122) and specimens (293) in the dataset is relatively small, which makes it more difficult for
the models to generalize well to new scenarios. Therefore, pre-training the feature-specific encoding sub-
networks on larger datasets might be beneficial. The drug subnetwork could be pretrained using large
compound datasets from PubChem [208] or ChEMBL [174], for example. Additional mutational and
transcriptomics data could be obtained from other AML patient cohorts, such as the TCGA AML study
[198]. Alternatively, the omics subnetworks could be pre-trained on larger, pan-cancer datasets and then
fine-tuned using the Beat AML dataset.

Using a list of protein-coding genes or univariate statistical tests to select gene expression features
produced models with similar results. Although DL models usually require less feature selection than
traditional ML models, some filtering of the transcriptomics dataset is still necessary, as the data are
noisy and very high-dimensional. In the future, alternative feature reduction strategies should be explored
to filter out less relevant features, including selection strategies based on biological prior knowledge. For
example, the expression dataset could be filtered to include only genes that have been implicated in AML
and other cancer-related genes. Further limiting the amount of gene expression features could also help
reduce overfitting.

According to our feature importance analysis, individual gene expression features did not have much
impact on the model, but as a group the gene expression dataset is important for the prediction of drug
sensitivity. These results indicate that patterns of expression across multiple genes are predictive of drug
response. This is in line with the original Beat AML study, which had uncovered specific gene expression
signatures that are correlated with drug sensitivity in AML patients [200].
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5.5 Conclusions

The main goal of this study was to develop DL models capable of predicting drug sensitivity in tumor
samples obtained from AML patients, using data provided by the CTD? Beat AML DREAM challenge.
Throughout the development of our solution for the challenge, a variety of preprocessing strategies and
model architectures were explored and the impact of these choices on model performance was evaluated.
Through this analysis we were able to identify the feature selection methods, input data combinations
and drug representations that seemed to produce the best results for this prediction task. Although the
performance of these models indicates that they are still insufficient for clinical decision making, we were
able to demonstrate that DL is capable of associating important AML features with drug response and

clearly outperforms other traditional ML models.
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Predicting drug synergy in cancer cell lines

At the time of writing, this chapter is
being prepared for submission to a

scientific journal.

6.1 Introduction

The phenomenon of drug resistance is one of the greatest challenges in the fight against cancer. Although
many tumors initially respond well to a given treatment, the efficacy of single-drug anti-cancer therapies
is often diminished due to the existence of tumor drug resistance mechanisms. Resistance-conferring
characteristics may already be present in the tumor cells prior to therapy, or they may arise as an adaptive
response of the tumor to the treatment itself [13]. One of the main drivers of resistance is intratumoral
heterogeneity. Genomic instability in cancer leads to the emergence of subpopulations of cells within a
tumor with distinct characteristics and different sensitivity to drugs. Treatment may exert selective pressure
on the cells and select subpopulations possessing characteristics that favor drug resistance, leading to
future relapse [209].

Combining multiple treatments instead of administering a single drug can help to reduce drug resis-
tance [210]. Drug combinations may circumvent pre-existing resistance mechanisms more easily and
prevent the development of acquired resistance mechanisms [44]. In addition, certain combinations may
be more effective than would be expected when taking into account the effects of each of the constituent
compounds on their own, a phenomenon called drug synergy. Drug synergy increases treatment effi-
cacy without requiring an increase in drug dosage, potentially avoiding an increase in toxicity as well [14].
Therefore, optimal drug combinations will be those that produce synergistic effects.

Novel effective anti-cancer drug combinations can be discovered using high-throughput cell viability
assays. In these assays, a large number of candidate drug combinations are screened at different concen-
trations across a panel of cancer cell lines and the cellular response to the drug is measured. In recent
years, several datasets from large-scale drug screening initiatives have been made publicly available [6]-
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[8]. The largest of these is the NCI ALMANAC project [7], which screened a total of 5,232 pairs of FDA-
approved drugs against NCI-60, a panel of 60 tumor cell lines that have been extensively characterized
at the molecular level [101]. The project uncovered several synergistic drug pairs, including two clinically
novel combinations that are currently being evaluated in phase | clinical trials [7].

Despite the existence of these high-throughput technologies, screening all conceivable drug combi-
nations is still infeasible, for both practical and financial reasons [8], [9]. Computational methods could
greatly reduce the search space, thus minimizing the experimental effort required to find truly effective
anti-cancer drug combinations. ML methods, for example, can be used to learn functional mappings be-
tween very high-dimensional input data and a score that reflects drug combination effects. This makes it
a powerful approach to develop models that are able to predict drug synergy based on drug combination
screening experiments and other relevant data. Several ML models for drug synergy prediction have been
described in the literature [8], [68], [211]-[214]. Many of these studies used tree-based ML methods,
such as RFs [68], [211], [213] or gradient boosting [211], [212], [214].

One particular subset of ML that has attracted great interest from researchers in this field is DL. DL
models are composed of multiple processing layers [17], giving them the ability to learn complex, non-
linear functions. Furthermore, unlike most traditional ML methods, DL approaches typically do not require
extensive feature selection before training, since they have the ability to learn higher-order representations
directly from raw input data [18]. Since DL models can handle large amounts of high-dimensional and
noisy data, they may be good candidates for the development of drug synergy prediction models.

In 2018, the first model to use DL to predict drug combination effects was published [82]. The model,
named DeepSynergy, is a feedforward, fully-connected deep neural network that uses chemical features
and gene expression data to predict drug synergy. Shortly after, Xia et al. developed a multimodal DL
model to predict the growth inhibition of cell lines from the NCI ALMANAC project [137]. This model
includes separate feature-encoding subnetworks for each input data type (drug descriptors, gene expres-
sion, microRNA and proteomics data) and a cell line growth prediction network. Several other DL-based
drug synergy prediction models have since been reported in the literature. Similar to the model proposed
in 2018 by Xia et al., many of these more recent models adopt a multimodal architecture [215]-[218].

The majority of the published DL-based drug synergy prediction models are entirely composed of fully
connected layers [82], [137], [216], [217], [219], but several innovative architectures have also been pro-
posed. Zhang et al. [220] developed a sparsely-connected deep belief network constrained by biological
prior knowledge. The recent architecture of the TranSynergy model [221] includes a transformer [222]
component as well as fully connected layers. A method called REpresentation of Features as Images
with NEighborhood Dependencies (REFINED) was developed to transform drug descriptors into images
so that CNNs could be used to model drug synergy instead of the typical fully connected networks [223].
Another study used GNNs for drug-specific subnetworks to learn drug representations directly from the
compound structures in an end-to-end manner instead of using fully connected layers trained on molecular
descriptors or fingerprints [218]. Several studies published within the last year have used GNNs trained
on graphs containing information on interactions between the drugs in a combination, between drugs and
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their targets, and/or interactions between genes or proteins in the cell lines [224]-[227].

Most drug synergy prediction models use drug and gene expression features, with some models using
these feature types exclusively [82], [216]. Some models include additional cell line information, such as
genetic data (somatic mutations and/or CNVs [215], [220] proteomics data [137], [219], among others.
Several studies also explicitly include drug target-specific features [217], [220], [221]. Since adding more
features increases the complexity of the models, assessing which types of input data are more informative
and predictive of drug synergy is important.

Many of the models use precomputed molecular descriptors or fingerprints as chemical features to
represent the drugs instead of using end-to-end DL methods to learn the relevant compound features
directly from the compound structures. Given that the screening datasets that are currently available only
contain a very limited number of compounds, it is still unclear whether there is any benefit in using learned
representations instead of traditional fingerprints and descriptors. A recent study benchmarked several
compound representations on a large drug synergy dataset and found that DL-based representations were
able to outperform traditional fingerprints [214], but the authors also noted that the difference between the
top performing DL-based methods and the best fingerprints were not substantial and that other concerns,
such as interpretability, may be more important.

Some models forgo chemical features entirely, and only use drug-target interaction features to repre-
sent the compounds [221] or heterogeneous graphs to represent the interactions between the compounds
and between drugs and targets or cell lines [224]-[227]. This provides a way to integrate more biological
prior knowledge directly into the model. However, this type of approach might not work well for novel
compounds with unknown targets or targets that have been poorly characterized. Furthermore, excluding
chemical features precludes the identification of structural features that may be enriched in synergistic
compounds that could be used as starting points for the design of novel compounds with similar effects.

In most DL-based synergy prediction studies, some type of feature reduction method is usually ap-
plied to the cell line omics data, either by using specific gene lists based on biological prior knowledge
[218], [220], [221], or by employing unsupervised data dimensionality reduction techniques, such as PCA
[219], [228] or autoencoders [215], [219]. Using predefined gene lists to select features provides greater
control over the selection process and might make the models easier to interpret biologically. However,
certain approaches, such as limiting the gene features to known drug targets, for instance, may limit the
generalization capacity of the models. The selected genes will be determined by the compounds present
in the training set, and models trained using these features might have difficulty inferring drug synergy for
new drugs with different drug targets. Data-driven approaches avoid this problem.

Another advantage of using data-driven dimensionality reduction techniques is that they may be trained
using much larger datasets with data from more cell lines than those used in the screening datasets
[219] or even patient data from resources such as The Cancer Genome Atlas [229], as proposed in
a recent study [215]. This may improve the learning process and increase the generalizability of the
models. Nevertheless, a limitation of using feature reduction methods like PCA is that model interpretability
becomes harder to attain, requiring more steps to link model predictions with the original inputs [219].
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Therefore, evaluating which feature reduction methods are capable of achieving satisfactory performance,
as well as simultaneously facilitating model interpretability, is an essential step when building drug synergy
prediction models.

Although several DL-based methodologies have been proposed to tackle the problem of drug synergy
prediction, with promising results, the impact of different methodological aspects on the performance of
the methods is still unclear. In this work, we set out to investigate the impact of different methodological
variables on the performance of drug synergy prediction DL methods using the ALMANAC drug combi-
nation screening dataset. Namely, we will evaluate the impact of different preprocessing steps, types of
input data, and DL architectures on the final performance of the methods. Prior biological knowledge was
used to select cell line features and to facilitate model interpretation.

Interpretability is an important requirement of biomedical predictive systems. We further explored
recent methodologies to determine the importance of features and how they can be used to provide
insights and interpretability of the prediction mechanisms.

Through these analyses, we were able to identify the types of input data that are more predictive of drug
response, as well as the feature selection and data representation methods that produce the best results.
We also found that combining different models improves performance. Additionally, we demonstrate that
the decisions made by the DL models are driven by biologically meaningful features.

6.2 Results

6.2.1 Testing the impact of different methodological variables

We developed several multimodal DL models (Figure 27) to predict drug combination effects summarized
as ComboScores, using the ALMANAC dataset [7]. The ComboScore for a given <cell line-drugA-drugB>
triplet is the sum of the differences between the expected and observed cell line growth calculated for each
dose combination tested in the screen, with expected effects being determined using a modified version
of the Bliss independence reference model [61].

First, we built several baseline models: a random baseline model that always predicts the average
ComboScore value of the training set, and baseline models where one-hot encoded identifiers were used
instead of cell line features and/or drug features.

We then built models trained on two different combinations of input data types:

1. expr + drugA + drugB models - use of RNAseq gene expression data (expr) and drug features for
both drugs in a combination (drugA, drugB);

2. expr + mut + cnv + drugA + drugB - use of expression data (expr), mutation data (mut), copy

number variation features (cnv) and drug features (drugA, drugB).

We began with type 1 models and tested the impact of the format of the transcriptomics data. We eval-
uated the influence of the type of architecture used to process the gene expression values (fully connected,
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Figure 27: A representation of the general architecture of the multimodal DL models developed in this
study. Here, we define a model as a combination of the learning algorithm itself and the data preparation
steps required beforehand.

1D CNNs and 2D CNNs) and the influence of the arrangement and order of the genes (chromosome po-
sition order vs. clustering order).

We then tested the extension of the gene sets, by using more comprehensive or more selective lists
of genes. We also tested if using directly normalized expression values or compact representations that
capture the variability and correlation showed any differences in performance. The following feature

selection/dimensionality reduction methods were evaluated in this study:

* eXPrpotein coding: the original dataset was filtered so that only protein coding genes were kept, leaving

a total of 18,779 genes;

*  exXPlandmark. a list of “landmark genes” as defined by the L1000 project was used to reduce the
gene expression dataset to 978 genes that are considered to be representative of the transcriptome
as a whole [106];

e exprpgi. Drug-gene interaction (DGI) claims were obtained from The Drug-gene Interaction Database
(DGldb) [230] (version 4.2.0) and then used to build a list of 994 DGI genes for the compounds
screened in the ALMANAC project. 976 of these genes were present in the gene expression dataset;
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expreosmic: A list of 723 cancer driver genes was obtained from the COSMIC [121] (version 94)
Cancer Gene Census [231]. After filtering, the gene expression dataset contained 713 genes;

exprycg: A different cancer-specific gene list containing 2,372 genes was obtained from the Network
of Cancer Genes (NCG) (version 6.0) [232]. Itincludes genes identified in the COSMIC Cancer Gene
Census as well as other genes that have been implicated in cancer. After filtering, 2,362 genes
remained in the expression dataset;

Combined gene lists: exprpgs + jandmark (1,815 features) and exprpg + nog (3,037 features);

exprumap: Uniform Manifold Approximation and Projection (UMAP) [233] was used to capture
the non-linear structure in the high-dimensional gene expression data, projecting it into a low-
dimensional representation (50 components);

exprwgena: Weighted Gene Co-expression Network Analysis (WGCNA) [234] was used to find net-
work modules that capture the correlated expression of a set of genes. Module eigengenes sum-
marize the expression of genes in each module and can be used to reduce the dimensionality of
the gene expression data. The reduced expressed dataset had a total of 76 module eigengenes.

Next, we kept the expression-encoding subnetwork fixed and modified the drug-encoding subnetworks

to assess the impact of different drug representations:

drugsecrps: 1024-bit Morgan fingerprints with a radius of 2 (equivalent to ECFP4 fingerprints [176])
fed into fully connected drug subnetworks;

drugs; ayeredrp: 1024-bit layered fingerprints fed into fully connected drug subnetworks;
drugstexicnn: one-hot encoded SMILES strings fed into TextCNN [100], [182] subnetworks;
drugsgen: using GCNs [183] for the drug subnetworks;

drugsgar: using GATs [184] for the drug subnetworks;

drugsyre: 512-dimensional Molecular Transformer Embeddings (MTEs) [235], fed into fully con-

nected drug subnetworks.

Afterwards, we examined if adding more cell line data (mutation and CNVs) would lead to improved pre-

dictive performance (type 2 models). We tested two different models, one trained on mutation data sum-

marized at the gene level and CNVs, both datasets being filtered to only include DGI genes (exprprotein coding

+ Mutpgl, genedevel + CMVpgl + drugsecrpsa Model) and another trained using mutations summarized at the

pathway level and CNVs (exprprotein coding + MUtpathway-level + CNVpgy + drugsecrps model).

We also compared our DL models against several ML algorithms.

In total, we developed 24 different DL models and 6 ML models, which are summarized in Figure 28.

The results of these tests will be described in the following subsections.
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Figure 28: The different types of DL and ML models developed in this study.
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6.2.2 Baseline models

The baseline models that were built served as references for subsequent models. All of the models
developed in this study performed better than a random baseline model that always predicts the average
ComboScore value of the training set (Figures 29 and 30).

To analyze the importance of including a certain input data type, we analyzed the performance of
models trained on one-hot encoded identifiers instead of actual cell line or drug features:

o cell linegne hot + drugsone not - @ model trained exclusively with one-hot encoded cell line and drug
identifiersm which was used to determine if omics and chemical features include information that
is relevant for the prediction of drug synergy, beyond the information contained in drug or cell line
identifiers;

e cell linegne not + drugsecrps - to determine the impact of removing cell line omics features on the
performance of the model;

* exprpg + drugSone hot - 10 determine the impact of removing drug features;

All of the models performed better than the cell linepne not + drugsone not model (Figures 29 and 30).
Using one-hot encoded cell line names instead of omics features greatly decreases model performance
(Figure 29). Nevertheless, the scores are comparable to those of some of the worst models that had been
trained on gene expression data (WGCNA and 2D CNN models), revealing that the ECFP4 drug features
contribute to the predictive capacity of the model. When using one-hot encoded drug identifiers instead
of chemical features, model performance drops even more dramatically, nearly equaling the scores of the
cell lineope hot + ArugSene not model (Figure 30). This finding reveals that drug features are more predictive
of drug combination effects than cell line features, at least for the ALMANAC dataset. A study by Xia et
al. which used the ALMANAC data to predict growth inhibition had also reached this conclusion [137].

6.2.3 Different gene expression subnetworks

For the most part, models with fully connected gene expression subnetworks trained using the original gene
expression values (tabular format) outperformed 1D and 2D convolutional gene expression subnetworks
(Figure 29). This was independent of the order of genes obtained by clustering or by chromosome position.
In light of these results, we only used fully connected layers for the omics subnetworks in subsequent tests.
The best gene expression subnetworks were fully connected subnetworks trained on the log-transformed
and min-max scaled Fragments Per Kilobase of transcript per Million mapped reads (FPKM) values, with
genes being selected according to predefined gene lists (Figure 29). The top three models were trained
on expression data limited to landmark genes, COSMIC cancer genes or genes with known or potential
interactions with drugs screened in the ALMANAC project (exprpg). Working with the full (> 18,000) set of
protein coding genes present in this dataset was not shown to be particularly advantageous. Most of the
feature selection methods that used smaller gene lists produced models with higher performance scores.
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Figure 29: Performance scores of models with different gene expression feature-encoding subnetworks.

Using dimensionality reduction led to worse performance (Figure 29). UMAP embeddings were able

to perform similar to some of the gene list selection methods, while using WGCNA as a dimensionality

reduction method resulted in poor performance, even worse than a baseline model trained on one-hot
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encoded cell line names.

In the following sections, we will only focus on models using exprpg as the feature-encoding subnet-
work for gene expression data. This gene selection method ranked second in terms of scoring metrics
(RMSE; R?, Pearson correlation and Spearman correlation), and might also provide better interpretability.

6.2.4 Drug encoding networks

The model trained on ECFP4 fingerprints outperformed all of the other subnetworks in terms of all of the
scoring metrics considered in this study (Figure 30). Another fingerprint-based drug encoding scheme,
LayeredFP, achieved the second-best RMSE and R? scores, while the GCN subnetwork achieved the
second-best Pearson and Spearman correlation scores. The other GNN-based subnetwork, the GAT sub-

network, showed the worst performance in terms of all scoring metrics.
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Figure 30: Performance scores of models with different drug encoding subnetworks.

The performance scores of the LayeredFP, MTE and GCN models were all very similar, and the differ-
ence in performance between these models and the ECFP4-based model was not substantial. This finding
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is in agreement with a recent study by our group that compared the performance of different compound
representations across different drug response prediction tasks and concluded that most representations
perform similarly [169].

6.2.5 Additional cell line features

Including mutation and CNV data slightly decreased model performance (Figure 31). Previous studies
have also reported that gene expression features are more predictive of cellular drug response than ge-
netic features [12], [15]. Using pathway-level mutation features instead of gene-level features improved
performance. This may possibly be due to the fact that more genes were taken into consideration when
summarizing the mutation data at the pathway level, which would be an indication that relevant genetic
information is being lost when only DGI genes are considered. The mutation dataset summarized at the
pathway-level is also less sparse than the gene-level dataset.
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Figure 31: Performance scores of models trained with and without mutation (mut) and copy number
variation (cnv) data in addition to gene expression and drug features.
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6.2.6 Comparison with traditional machine learning models

To determine if there is any advantage in using DL instead of traditional ML to model drug combination
effects, we compared our DL model trained on gene expression features of DGl genes and ECFP4 finger-
prints (exprpg + drugsecrps model) against 5 different ML models trained on the same features (Figure
32). We tested elastic net, linear SVR and linear SVR preceded by a radial basis function (RBF) kernel
approximation method, RF, XGBoost and LGBM models. The DL model outperformed all of the ML mod-
els. The best traditional ML models were LGBM (in terms of RMSE, Pearson correlation and R?) and RF
(in terms of Spearman correlation). The performance of all of the tree-based models (RF, XGBoost and
LGBM) is on par with some of the other DL models described in previous sections. The elastic net and SVR
models did not perform as well, with performance scores that were not much better than those achieved
by the baseline models.
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Figure 32: Performance scores of traditional ML models compared with one of the best DL models devel-
oped in this study. All of the models were trained on gene expression data filtered by drug-gene interactions
present in DGIldb (exprpg) and ECFP4 fingerprints.
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6.2.7 Heterogeneous ensemble

We also created a simple heterogeneous ensemble to determine if combining different DL approaches
as well as other ML models could lead to better results. The ensemble included the top 10 DL models
developed in this study and the RF, XGBoost and LGBM models. To obtain the ensemble prediction, the
predictions from each of the individual models were simply averaged.

The heterogeneous ensemble outperformed the best individual DL models across all scoring metrics
(RMSE=42.754, R?=0.582, Pearson correlation=0.767, Spearman correlation=0.672 vs. RMSE=44.438,
R?=0.450, Pearson correlation=0.700, Spearman correlation=0.624 for the expr pg + drugsgceps model,
for example). These results show that combining different DL architectures and different learning algo-
rithms can improve the generalizability of drug synergy prediction models.

6.2.8 Feature importance

One of the main disadvantages of using DL models to predict drug response is that they are difficult to
interpret. The SHAP [163] interpretability framework was used to determine which features were the most
important for the exprpg + drugsecrps model. SHAP values reflect the contribution of each feature to a
prediction.

Figure 33 shows the top 20 most important features. Important features are those that have greater
absolute SHAP values. Each point in the figure represents an instance in the test set. The points are
distributed along the X-axis according to the SHAP values. The colors represent the feature values. This
reveals how the value of a feature influences the model output for a given sample. For example, when
ECFP4 bit 250 is “ON” (value=1), the impact on the model output is usually positive, pushing the predicted
ComboScore higher.

All of the top 20 features are drug features. All of the top 20 features (ranked by Gini importance)
for the RF, one of the best ML models, were drug features as well, and many of these features overlap
with the top 20 features determined for the DL model (Supplementary Table 15). This confirms that drug
features are more predictive of drug response than individual gene expression features in the case of the
ALMANAC dataset.

SHAP can also be used to provide explanations for specific examples. We analyzed the SHAP val-
ues obtained for test set example 11835. This experiment involved the SR cell line, derived from an
anaplastic large cell lymphoma [103]. The drugs screened in this experiment were Topotecan hydrochlo-
ride, a topoisomerase | inhibitor [236], and Gefitinib, which inhibits the epidermal growth factor recep-
tor (EGFR) tyrosine kinase domain [237]. This experiment was selected for further analysis since this
combination was found to have greater-than-additive effects in the SR cell line in the ALMANAC screen
(ComboScore=108.00), and because the ComboScore predicted by our model (ComboScore=108.06)
was close to the true value.

Figure 34 displays the explanation of the prediction for test set instance 11835. The plot starts at a
base value of -22.754, which is the expected model output that was determined based on a background
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Figure 33: Top 20 most important features.

dataset. Each row shows how each feature contributed to moving the model output from the base value
towards the predicted ComboScore value of 108.06. For this specific example, all of the top 20 features
were, once again, ECFP4 fingerprint bits from drugA and drugB.

The SHAP values for each of the different input types were also analyzed separately. Figures 35 and
36 show the 20 most important ECFP4 bits for drugA (Topotecan hydrochloride) and drugB (Gefitinib),
respectively, along with the corresponding SHAP values. These SHAP values provide information on how
each specific bit influences the model output for example 11835. The 2D structures of 15 of the most
important “ON" bits (value=1) that contributed to moving the predicted value towards the final prediction
(in this case, those with positive SHAP values) are shown in Figure 37 for Topotecan and Figure 38 for
Gefitinib.

As shown in Figure 37, bit 249 captures a part of the essential lactone ring, which establishes an
important interaction with topoisomerase via hydrogen bonding [236]. Bit 658 also captures part of this
ring. Topotecan targets the topoisomerase I-DNA complex, interacting with the complex at the site where
the topoisomerase-mediated cleavage of the DNA occurs. Many of the remaining bits capture parts of the
planar ring system of topotecan that structurally resembles a DNA base pair. This ring system is important
as it allows topotecan to intercalate between two DNA base pairs and establish pi stacking interactions
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Figure 34: Top 20 features (ranked by mean absolute SHAP values) for test set sample 11835 (all features).

with the neighboring DNA bases [236]. These results show that our model was able to correctly identify
which substructures are most important for the bioactivity of topotecan.

The DL model was also able to identify features in Gefitinib that are more predictive of drug response
and are consistent with the literature (Figure 38). Bits 795, 490 and 203 capture parts of the important
quinazoline core that is involved in an important drug-protein interaction, with bit 203 focusing on the
exact part of the quinazoline group (the nitrogen atom) that interacts with the adenosine triphosphate (ATP)
binding site of EGFR via a hydrogen bond [238]. The majority of the bits in Figure 38, however, correspond
to substituents that, according to the literature, are not involved in interactions between Gefitinib and EGFR.
Many of the bits capture parts of the morpholine substituent that interacts with the solvent and not with the
protein [238]. Bits 905 and 466 are centered on atoms belonging to a 3-chloro-4-fluoro aniline substituent
that is positioned in the ATP-binding site when Gefitinib binds to EGFR [238], but is also not involved in
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Figure 35: Top 20 drugA features (ranked by mean absolute SHAP values) for test set sample 11835.

drug-protein interactions. The DL model may have identified these features as more important because
they might be structures that distinguish Gefitinib from other compounds in the ALMANAC dataset instead

of being important for drug activity per se.

The top 20 gene expression features are shown in Figure 39. Interestingly, several of the most im-
portant genes have some kind of connection to the immune system. None of the genes that encode the
primary targets of Topotecan and Gefitinib are found among the top 20 gene expression features. The
TOP1 gene, which encodes DNA Topoisomerase |, was not present in the list of drug-gene interactions
for Topotecan hydrochloride, which was the name provided by DTP for drug A and is the identifier that
was used to obtain this information from the DGldb database. The gene encoding DNA Topoisomerase |
Mitochondrial (TOP1MT) was present in the list of drug-gene interactions, but it was only the 246th most
important gene expression feature (527th most important feature overall). EGFR ranked higher, being the
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Figure 36: Top 20 drugB features (ranked by mean absolute SHAP values) for test set sample 11835.

46th most important gene expression feature (184th overall) in this experiment. The expression of EGFR
is low in this sample (log2(FPKM+1)) = 0.099), which was expected for this type of tissue. Additionally,
none of the genes involved in the drug-gene interactions with Topotecan listed in DGIldb are among the
top 20 most important gene expression features. Four of the top 20 genes are involved in drug-gene
interactions with Gefitinib, however.

The most important gene expression feature was BLK, a proto-oncogene belonging to the Src family
of tyrosine kinases that plays a role in B-cell development and B-cell receptor signaling and is normally not
expressed in T-cells [239]. BLK has a drug-gene interaction with Gefitinib listed in DGldb, and Gefitinib
has been experimentally shown to be capable of binding to BLK [240], although with a much lower affinity
than for EGFR. Since the expression of BLK in the SR cell line is high (min-max scaled log2(FPKM+1)
value of 1), while the expression of EGFR is low in this cell line, the high SHAP value of BLK might be an
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indication that this drug-gene interaction may be important for the response of the SR cell line to Gefitinib.
CXCL10 and CXCL12 are both chemokines that are involved in the recruitment of lymphocytes [241],
[242], and are highly expressed in lymphoid tissues [243], [244], according to The Human Protein Atlas
[245]. Expression of TYMP is also abundant in lymphoid tissues, although it is not highly expressed in
T-cells [246]. The TLR7 gene is involved in immune response [247] and is also expressed in lymphoid
tissues, but not T-cells [248]. ALCAM also plays a role in immunity [249], but has low expression in T-cells
[250], as is the case of the SR cell line. The ADORA2A gene plays a role in the regulation of the immune
system [251] and is abundantly expressed in lymphoid tissues and T-cells [252].

These findings seem to indicate that the DL model identified genes associated with the immune system
as being essential for the prediction of drug synergy in for sample 11835 and more important than the
expression of the primary drug targets, possibly because the expression of these genes uniquely identifies
the cell line in some way and not necessarily due to the relevance of these genes for drug response.

The model also gave more importance to genes that typically have lower expression in immune tis-
sues/cells (NQO1, TPT, COMT, CCND1, MAPK1, GSTP1, MET, ERBB3), considering them essential to
distinguish between the SR cell line and the rest of the NCI 60 cell lines. According to DGIdb, three of
these underexpressed genes (MET, ERBB3 and CRKL) are potentially involved in drug-gene interactions
with Gefitinib and are possible off-targets of the drug. Amplification of MET [253] or CRKL [254] has been
linked to acquired resistance to EGFR inhibitors, and ERBB3 has also been implicated in resistance to
EGFR tyrosine kinase inhibitors [253]. Lower expression of these genes is, therefore, probably essential

for the SR cell line to be responsive to treatment with Gefitinib.

6.2.9 Selecting hyperparameter values

We analyzed the tuned hyperparameters to determine if it is possible to establish some useful guidelines

for future drug synergy prediction models.

In fully-connected subnetworks, there was a preference for ReLU-based activation functions that allow
for a small slope for negative values, especially the parametric rectified linear unit (pReLU) activation
function. The majority of the models either used the recommended default learning rate value for the
adaptive moment estimation (Adam) optimizer (0.001) or a lower learning rate (0.0001). Most models
did not make use of dropout or used only small dropout rates. The top 3 DL models all used a dropout
rate of 0.1, for example. Most of the models also applied a small 12 weight penalty. The number of hidden
layers and number of units in each hidden layer varied greatly between models, even among the top 3
best models. Most models had 2 or 3 fully connected hidden layers in the prediction subnetwork, and
only 1-2 hidden layers in the fully-connected feature-encoding subnetworks.
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6.3 Discussion

Despite training the models on a relatively large screening dataset, comprising over 200,000 screening
experiments, there are only 59 cell lines and 104 drugs in ALMANAC. The number of unique compounds
screened in the ALMANAC project is relatively small, a fact that might explain why fingerprint-based models
performed slightly better than learned representations in this case, as learned representations are known
to struggle when faced with smaller compound sets [146]. Considering the small amount of unique cell
lines and drugs, pre-training the feature encoding subnetworks using larger sets of compounds and larger
omics datasets obtained from other sources could help improve model performance. Training models
on larger and more diverse drug combination datasets from databases such as DrugCombDB [133] or
DrugComb [255], which integrate data from several high-throughput screening experiments, could be
another strategy to obtain models with better generalization capacity. However, it is important to note that
different screening protocols might make it difficult to compare the synergy scores calculated for different
screening datasets and to use them jointly to train models. Furthermore, integrating omics datasets
from different studies requires the selection of adequate batch correction methods, which may not be
straightforward [256].

Several of the compound representation methods tested in this work produced models with similar
performance. Since different drug representations may capture different characteristics of the compounds
that may be equally predictive of drug response, the combined use of different types of drug representa-
tions might lead to an improvement in model performance and could be an interesting strategy to explore
in the future.

Using prior biological knowledge for feature selection proved to be beneficial. Besides the cancer-
specific and DGI gene lists that were utilized in this study, other cancer-specific gene lists and combinations
of lists might provide even better results. Pathway propagation methods have been employed in other drug
response prediction studies to simulate response to treatment [257] and to extend the selection of genes
beyond known drug targets [221]. This strategy was not explored in the current study, but it might also be
a way to improve the predictive capacity of the models. It is important to note that using drug targets or
DGls to select genes may limit the generalizability of the model, as new compounds may have DGls that
are different from the ones that were considered relevant for the training set and with this approach these
genes will be missed.

It is interesting to note that the 1D convolutional subnetworks performed better than the 2D convo-
lutional subnetworks, which may be an indication that the reshaping involved in transforming the gene
expression vectors into images may have forced unrelated genes into closer proximity, leading to worse
results. Other factors, such as the architectural choices made when constructing these subnetworks, may
impact the performance of the 2D CNN subnetworks. In the future, it might be interesting to test more
elaborate methods of transforming tabular omics data into images, such as REFINED [223] or Image
Generator for Tabular Data (IGTD) [258].

Another approach that was not explored in this study is directly including biological knowledge in the
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neural network by representing the experiments as heterogeneous graphs and modeling drug response
using GNNs. Since the number of unique compounds and cell lines in the ALMANAC dataset is relatively
small, it is unclear if the models would benefit from the added complexity of this approach.

Although SHAP has allowed us to gain more insight into the model and to try to interpret its predictions
in a biologically meaningful way, it is still difficult to explain how all of the most important features interact
in a particular screening experiment and give rise to drug synergy. Interpretability methods allow us to
explain how a DL model works, but they do not necessarily explain the underlying biology. It is therefore
unlikely that the methodology used in our study will be able to uncover the mechanisms underlying drug
synergy for a particular <cell line-drugA-drugB> triplet, but our findings do confirm that DL models are able
to learn to associate important structural features of the compounds and tissue-specific gene expression
patterns with drug response.

Sparse-input neural networks have been proposed as a way to improve the biological interpretability
of DL models and would be another way to incorporate prior knowledge directly within the network. Some
studies have shown that sparse architectures may also improve predictive performance [259], [260], al-
though other authors have reached the opposite conclusion [261]. Zhang et al applied this strategy to
model ALMANAC ComboScores [220] and did not see an improvement in model performance. Further-
more, even though model connections were limited, the authors still found it difficult to associate feature
importance scores with the biological mechanisms underlying drug synergy [220]. Therefore, we did not
explore this approach in this work.

Finally, we found that creating simple heterogeneous ensembles comprising both DL and ML models
can improve performance. Preto et al. had previously observed that heterogeneous ensembles produced
better classifiers than individual models when using the ALMANAC dataset [219], and other synergy pre-
diction studies using different datasets also found that combining multiple models is beneficial [8], [9].

6.4 Methods

6.4.1 Dataset & preprocessing

ALMANAC drug response data in the form of ComboScores for <cell line, drugA, drugB> triplets were
downloaded from CellMinerCDB [262].

Since ComboScore predictions should be independent of the order of the drugs in a given combination,
we considered reverse drug order <cell line, drugB, drugA> triplets to be duplicates and the ComboScores
for experiments involving the same cell line and same drug combination were averaged. The MDA-MB-468
cell line that is present in the original ALMANAC dataset was not considered in our analysis as it does not
appear in the omics datasets we used in this study. The MDA-N cell line present in the omics datasets
was removed as it was not included in the ALMANAC project.

National Service Center (NSC) compound identifiers were used to map compounds to their respective
SMILES strings using a compound structure-data file (SDF) file provided by NCI DTP for the ALMANAC
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dataset. For the compounds that were not successfully mapped using the previously described method,
PubChemPy was used to obtain canonical SMILES strings from PubChem [208] based on drug names.
The SMILES strings were then preprocessed using the ChEMBL Structure Pipeline [175], which removed
salts and standardized the molecules according to ChEMBL-defined rules. The preprocessed SMILES were
then used to compute different compound representations, depending on the type of architecture that was
chosen for the drug subnetwork.

RNA-Seq gene expression data (log2(FPKM+1)) for the NCI-60 cell lines were also downloaded from
CellMinerCDB [262]. Genes with constant expression values across all cell lines were removed. The
expression dataset was then filtered using specific gene lists, as detailed in the Results section.

Besides the use of specific gene sets to reduce the number of features in the gene expression dataset,
several other dimensionality reduction methods were also tested. UMAP embeddings with 50 components
were generated using the UMAP Python package (version 0.5.1) [233]. The algorithm was fit on the
training data and then used to transform the training, validation and test sets. A total of 20 neighbors
were considered when learning the manifold structure of the data. Pearson correlation was used as the
distance metric, and the minimum distance between two points in the embedding was kept at the default
value of 0.1.

We also evaluated the use of WGCNA [234] as a dimensionality reduction technique for gene ex-
pression data. The WGCNA R package (version 1.69) was used to find a total of 76 gene co-expression
modules. Module eigengenes, which summarize the expression of genes in each module, were then used
as input features instead of the original gene expression values.

When preparing the gene expression data to be fed into 1D or 2D CNN, two different methods were
used to rearrange the genes so that their locations within the input tensors might be more biologically
meaningful. The first method sorted the genes according to their chromosome positions, an approach
similar to the method described in [263]. The second method employed hierarchical clustering to find a
new order for the genes. The clustering algorithm used Pearson correlation as the distance metric and
complete linkage. A dendrogram was created based on the clustering results, and the positions of the
leaves (genes) was used to reorder the gene expression features. The gene expression data were then
reshaped into the required formats for 1D and 2D CNNs.

A mutation annotation format (MAF) file containing mutation data from whole-exome sequencing for
NCI-60 cell lines was downloaded from CBioPortal [264], [265]. Silent mutations and mutations in non-
coding regions were excluded. The remaining data were then binarized and summarized at the gene level,
with ‘1" indicating that a given cell line had at least one alteration in a particular gene and zero indicating
the absence of mutations. To create the gene-level mutation dataset, the data were further filtered using
a list of drug-gene interactions from DGldb, leaving a total of 636 genes. To create the pathway-level
dataset, a new binary event matrix was created, where a ‘1’ indicates that a given cell line had at least
one alteration in a given pathway. Genes were mapped to pathways using Molecular Signatures Database
(MSigDB) [266], [267] (version 7.2) gene sets derived from the Reactome [268] database, which have
been filtered to reduce the redundancy between gene sets. The pathway-level mutation dataset had a total
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of 1,510 features.

Genomic ldentification of Significant Targets in Cancer (GISTIC)2 putative CNVs for the NCI-60 cell
lines were also obtained from CBioPortal [264], [265]. Only genes that were present in the drug-gene
interactions list obtained from DGIdb were kept, leaving a total of 952 features.

The omics datasets were individually merged with the drug response dataset to create the final omics
datasets containing the corresponding cell line data for each experiment. Afterwards, the data were split
into three subsets - a training set comprising around 80% of the data (239,943 examples), and validation
and test sets each corresponding to approximately 10% of the original data (30,007 and 30,001 examples,
respectively). After splitting the expression dataset into training/validation/test sets, features were scaled
to a range between zero and one (min-max scaling).

6.4.2 Models

The DL models were built using a multimodal approach, in which each data type has its own corresponding
feature-encoding subnetwork. The learned representations from each subnetwork were then concatenated
into a single tensor before being fed into a final fully connected drug synergy prediction subnetwork.

Several different architectures were tested for each of the subnetworks. The gene expression sub-
networks were either fully connected networks, 1D CNNs, or 2D CNNs. When included, the mutation
and CNV subnetworks were always fully connected. For the drug subnetworks we tested fully connected
networks (when using ECFP4 fingerprints, LayeredFP or MTEs as inputs), GCN [183] subnetworks, GAT
[184] subnetworks, and TextCNN [182] subnetworks (as implemented in DeepChem [100]). Each drug
in a combination had a separate feature-encoding subnetwork, with weights being shared between the
two drug subnetworks. The prediction subnetwork was always entirely composed of fully connected lay-
ers, ending in a single output unit with a linear activation function, given that the prediction task was
approached as a regression problem.

All of the models were implemented using the Keras subpackage in Tensorflow [98] (version 2.2.0).
The GCN and GAT subnetworks were built using graph layers implemented in the Spektral package [269],
version 1.0.

6.4.3 Model hyperparameters & hyperparameter optimization

All models used the MSE as the loss function, and the Adam algorithm as the optimization method.
Models were trained for a maximum of 500 epochs, using the EarlyStopping callback with a patience of
15 epochs to stop the learning process once the loss stopped improving. The mini-batch size was 64.

A selection of model hyperparameters, including the learning rate, the hidden layer activation function,
the dropout rate and the L2 regularization penalty, as well as subnetwork-specific hyperparameters, were
optimized for each combination of input data types and subnetwork architectures that we evaluated in
this work. Hyperparameters were tuned using the validation set and the Bayesian Optimization with
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HyperBand (BOHB) algorithm [270] as implemented in Ray Tune (version 1.0.1). The hyperparameter
search space was explored using Bayesian optimization [271] and the HyperBand [272] algorithm was
used to stop underperforming trials early. A total of 50 configurations were evaluated for each model. The
set of hyperparameters that minimized the validation loss was considered the best configuration.

6.4.4 Model evaluation

After tuning the model hyperparameters, the models were evaluated on the independent test set. Model
performance was evaluated using several scoring metrics, including the MSE, R?, Pearson’s correlation
coefficient and Spearman’s rank correlation coefficient.

In addition to comparing DL models with different omics and drug subnetworks, our models were
also compared against traditional ML models. Elastic net linear regression [26], SVR [204], and RF [32]
models were implemented using the scikit-learn Python package (version 0.23.2) [186]. Since kernelized
SVR does not scale well to larger datasets, we used the Nystroem method [273] to approximate the
feature mappings of a RBF kernel before training a linear SVR on these approximations. An XGBoost
[205] model was implemented using the xgboost Python package (version 1.4.0), and a LGBM [206]
model was implemented using the lightgbm package (version 3.2.1). The ML models were trained on
ECFP4 fingerprints and the gene expression values of DGl genes based on information from DGldb. The
input features were concatenated into a single dataset before training. Hyperparameters were optimized
using Bayesian optimization.

The models were also compared against a baseline model that always predicts the average Com-
boScore value of the training set, and against models where the cell line and/or drug features were
substituted with the corresponding one-hot encoded identifiers (cell line (one-hot encoded) + drugs (one-
hot encoded), cell line (one-hot encoded) + drugs (ECFP4), and expr (targets) + drugs (one-hot encoded)
models).

6.4.5 Feature importance

The SHAP Python package (version 0.39.0) [163] was used to explain predictions made by the best
DL models developed in this work. More specifically, we used Deep SHAP, which uses the DeepLIFT
[161] additive feature attribution method to approximate SHAP values. Feature importance was then
determined based on these values. The most important fingerprint bits were visualized using drawing
functions available in RDKit (version 2020.09.1.0).

6.4.6 Code availability

All of the code developed in this study is available online at https://gitlab.bio.di.uminho.pt/dlrsb/drug_
response_pipeline. The full results tables and more details on the hyperparameters are also provided in

this repository.
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7

Conclusions and Future Work

The overall aim of this thesis was the development of DL methods to predict drug sensitivity and synergy
from multiomics datasets characterizing cancer cells and chemical features of drugs. A variety of models
were built and evaluated for 6 different drug sensitivity prediction tasks and a drug synergy prediction
problem. Although the models developed in this work are still far from being clinically applicable, the work
described here will be useful to guide the development of future computational methods for the rational
design of novel cancer treatments.

In the following sections, the main contributions of this thesis will be summarized and suggestions

for further improvement will be proposed.

7.1 Main contributions

One of the main contributions of this work was the systematic analysis of the impact of different method-
ological choices on the predictive performance of DL-based drug response prediction models. A variety of
preprocessing and modeling strategies were tested, in an attempt to understand which approaches pro-
duce the best results. In chapter 4, single-cell line drug sensitivity datasets were used to benchmark the
performance of different compound representations. In Chapter 5, DL was used to model drug response
in patient-derived tumor samples. During the development of a solution for this problem, the influence of
different input data types, feature selection methods and model architectures on the performance of the
models was assessed. In chapter 6, using a large drug combination screening dataset, a similar analysis
was performed for the problem of drug synergy prediction.

The following general conclusions can be drawn from these analyses:
¢ |t was confirmed that DL algorithms are well-suited to these types of prediction tasks.

e The most important types of inputs for drug response prediction depend on the problem itself, as
well as the quality of the data. For instance, genetic variants were considered important inputs
in Chapter 5, while in Chapter 6 the addition of these features decreased model performance.
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One explanation for this may be that the Beat AML mutation dataset only included high-confidence
mutational events, whereas the ALMANAC mutation and CNV datasets were less filtered.

* Despite the ability of DL models to learn relevant features directly from raw data, the use of prior
biological knowledge to select features is still useful to reduce the size of high-dimensional omics
datasets, particularly RNA-seq datasets.

* Most drug representation methods perform similarly. End-to-end methods are capable of out-
performing traditional molecular fingerprints when trained on datasets with a few thousands of
compounds. However, for datasets with a very limited number of unique drugs using learned
representations might not be the best approach and the use of molecular fingerprints might be
preferable.

* Since many of the different methodological choices tested in this work produced models with similar
performance, combining multiple models into ensembles appears to be a good strategy to improve
performance. Distinct models may learn different aspects of the problem, and thus combining
them may increase the generalization capacity of the final model.

In this thesis, the issue of model interpretability was also addressed. Using a state-of-the-art feature
attribution method, we were able to demonstrate that the decisions made by our DL models are driven by
biologically relevant features.

Although software development was not the main focus of this thesis, the code that was developed
throughout this work is made freely available and can be reused by the scientific community to reproduce
and extend our work. The work undertaken in Chapter 4 contributed to extend and validate the DeepMol
software package developed by our research group. In this thesis, support for regression models and
cross-validated hyperparameter optimization for DeepChem models was improved and DL-specific inter-
pretability methods were added to the package. All of the scripts developed for Chapter 5 were made
publicly available. In Chapter 6, a drug response modeling pipeline was created. The code repository
offers access to reusable model architectures, as well as separate feature-encoding subnetworks that can
be combined in different ways to create new models. It also provides classes to load multi-input data
for DL models, to preprocess drug response, compound, and omics data, to perform hyperparameter
optimization for both DL and ML models, and to interpret DL models using DL-specific feature attribution
algorithms. The code can be installed as a Python package. In addition, scripts to reproduce our analyses
for the ALMANAC dataset are also provided. To guarantee the reproducibility of our analyses, we also
provide Docker images replicating the environments in which our analyses were performed.

Finally, Chapter 3 is an in-depth review of recently published studies that have employed DL methods
to predict drug response in cancer cell lines. The article addresses some of the main limitations of these
models, and gives suggestions for further improvement. In addition, it provides brief descriptions of the
main types of DL architectures that have been used in these studies and presents a selection of publicly
available data resources that can be used in the development of drug response prediction models.
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7.2 Publications

Several chapters from this thesis have either already been published, or are currently being prepared for

submission to scientific journals:

Chapter 3 was published as a review paper in Briefings in Bioinformatics: D. Baptista, P. G. Ferreira,
and M. Rocha, “Deep learning for drug response prediction in cancer”, Brief. Bioinform., vol. 22,
no. 1, pp. 360-379, Jan. 2021. doi: 10.1093/bib/bbz171

Chapter 4 is an extended version of a published article: D. Baptista, J. Correia, B. Pereira, et al., “A
Comparison of Different Compound Representations for Drug Sensitivity Prediction”, in Practical
Applications of Computational Biology & Bioinformatics, 15th International Conference (PACBB
2021), M. Rocha, F. Fdez-Riverola, M. S. Mohamad, et al., Eds., Cham: Springer International
Publishing, 2022, pp. 145-154. doi: 10.1007/978-3-030-86258-9_15. This extended version is
currently being prepared for submission to a scientific journal.

Part of the work described in Chapter 5 will be included in an overview paper on the results from the
CTD? Beat AML DREAM Challenge. The data and results from the challenge are currently under
a publication embargo, but challenge participants will be allowed to publish their work after the
publication of the overview paper or at the end of the 2 year embargo, whichever comes first.

At the time of writing, Chapter 6 is being prepared for submission to a scientific journal.

In addition, the author of this thesis also contributed to the following scientific publications during the
PhD:

S. Cardoso, D. Baptista, R. Santos, et al., “A Review on Metabolomics Data Analysis for Cancer
Applications”, in Practical Applications of Computational Biology and Bioinformatics, 12th Inter-
national Conference, F. Fdez-Riverola, M. S. Mohamad, M. Rocha, et al., Eds., Cham: Springer
International Publishing, 2019, pp. 157-165. doi: 10.1007/978-3-319-98702-6_19

e J. Correia, T. Resende, D. Baptista, et al., “Artificial Intelligence in Biological Activity Prediction”, in

Practical Applications of Computational Biology and Bioinformatics, 13th International Conference,
F. Fdez-Riverola, M. Rocha, M. S. Mohamad, et al., Eds., Cham: Springer International Publishing,
2020, pp. 164-172. doi: 10.1007/978-3-030-23873-5_20

Z. Xiong, M. Jeon, R. J. Allaway, et al., “Crowdsourced identification of multi-target kinase inhibitors
for RET- and TAU- based disease: The Multi-Targeting Drug DREAM Challenge”, PLOS Comput.
Biol., vol. 17, no. 9, E. Wang, Ed., e1009302, Sep. 2021. doi: 10.1371/journal.pchi.1009302 (as
a member of the Multi-Targeting Drug DREAM Challenge community)

108


https://doi.org/10.1093/bib/bbz171
https://doi.org/10.1007/978-3-030-86258-9_15
https://doi.org/10.1007/978-3-319-98702-6_19
https://doi.org/10.1007/978-3-030-23873-5_20
https://doi.org/10.1371/journal.pcbi.1009302

7.3. FUTURE WORK

7.3 Future work

The insights gained from this research can be used as a starting point for the development of better drug
response prediction models in the future. In this section, we suggest ways to extend and improve upon
the work described in this thesis.

A major limitation of our work was the use of screening datasets with few unique compounds and/or
cell lines. We propose two ways of overcoming this that could possibly improve the predictive performance
of the models: 1) combining multiple high-throughput screening datasets to have access to more training
data, for example by using existing integrative databases; 2) pretraining the feature-encoding subnetworks
using unlabeled compound and cell line data obtained from other sources, and then fine-tuning them
for each specific problem. These approaches will require methods to reduce potential batch effects and
adequately integrate data from experiments performed under different conditions.

Another strategy that could increase generalizability would be the use of multitask models that can
simultaneously predict both drug sensitivity and synergy. This would allow the models to learn from data
from different screening projects and to share information across different tasks by learning a common
representation, which could facilitate generalization to new scenarios.

The use of prior biological knowledge for feature selection proved to be beneficial in Chapter 6. In the
future, other ways of leveraging this knowledge should be explored, including the use of alternative gene
lists for feature selection and methods that can incorporate biological knowledge directly within the neural
networks.

Ensemble learning was shown to improve performance in Chapters 4, 5 and 6. Thus, we recommend
the use of larger and more elaborate ensembles in the future. Instead of using simple averaging meth-
ods, more complex ensemble methods could be used, such as stacked generalization, which uses the
predictions of individual models as inputs to another model that computes the final predictions [31].

Although the feature attribution method that was employed in Chapters 4, 5 and 6 allowed us to
determine the importance of the input features and their impact on the predictions of the models, it
did not provide enough information to explain higher order interactions among features. In the future,
alternative interpretability methods may be explored, with a special focus on developing new approaches
that can provide insights into how features interact and give rise to drug response.

Finally, the development of a more general and easy-to-use software package for drug response model-
ing with DL that could be applied to any kind of drug response dataset would be an important contribution

to the field and would allow our code to be more widely used by the community.
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Figure 40: Top 20 most important gene expression features, ranked according to their mean absolute
SHAP values.
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B.1 Supplementary Tables for Chapter 5

Table 13: Average per-inhibitor Spearman correlation scores for models before guaranteeing that the
dataset was always split the same way.

Model Average per-inhibitor Spearman
EXPIN most variable + MUt + druggcrpa 0.345
EXPIN most variable + MUt + drugecrpe 0.394
EXPIN most variable + MUt + drugmoiovec 0.432
EXPIN most variable + MUt + drugip cnn 0.379
EXPIN most variable + MUt + drugrextcnn 0.409
EXPIN most variable + MUt + drugsmilesLSTM 0.339
EXPIN most variable + ArUSECFP4 0.043
EXPIN most variable + ArUZECFP6 0.018
XPIN most variable + drUgMol2vec 0.048
EXPIN most variable + ArUg1D CNN -0.061
EXPIN most variable + ArUETextCNN 0.096
EXPIN most variable + ArUgsmilesLSTM -0.069
EXPIN most variable + CliniCalselected + drugecrpa 0.073
EXPIN most variable *+ CliniCalselected + drugecrps -0.012
EXPIN most variable *+ Clinicalselected + drugmolzvec 0.091
EXPIN most variable + CliniCalselected + drug1p cNN 0.15
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Table 13 continued from previous page

Model Average per-inhibitor Spearman
EXPIN most variable + CliniCalselected + drugrextchn 0.117
EXPIN most variable + CliNiCalselected + ArUgSmilesLSTM 0.087
XPrselectkBest + Mut + drugecrps 0.648
eXPrselectkBest + MUt + drugecrpe 0.637
eXPrselectkBest + MUt + drugwolavec 0.589
EXPIselectkBest + MUt + drugip cnn 0.649
EXPIelectkBest + MUt + drugrexcnn 0.652
eXPrselectiBest + MUt + drugsmiesLsTm 0.649
€XPrprotein coding + MUt + drugecrpa 0.656
eXPlprotein coding + Mut + drugecrps 0.634
€XPlprotein coding + MUt + drugwoizvec 0.581
eXPlprotein coding + Mut + drugip cnn 0.618
eXPprotein coding + MUt + drugrextcnn 0.626
€XPrprotein coding + MUt + drugsmiles sT™ 0.63

Table 14: Model performance scores.

Average per-inhibitor 5
Model Spearman R MSE Pearson
Spearman

EXPIN most variable

0.391 0.654 0.393 2215.954 0.650

mut + drugecrps
expr i +

PIN most variable 0.391 0.657 0.405 2170.488 0.651
mut + drugecrpe
expr i +

PI'N most variable 0.394 0.719 0.505 1806.690 0.711
mut + drugmol2vec
expr i +

PYN most variable 0.409 0.691 0.442 2037.070 0.680
mut + drugip NN
expr i +

PIN most variable 0.365 0.657 0.419 2122.100 0.653

mut + drugrextcn
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Table 14 continued from previous page

Average per-inhibitor 5
Model Spearman R MSE Pearson
Spearman

EXPIN most variable
mut + drugsmilesLsTm

0.446 0.730 0.529 1717.435 0.730

E€XPIN most variable T+
drugecrps

0.055 0.468 0.103 3272.571 0.455

EXPIN most variable Tt
drugecrps

0.058 0.465 0.149 3106.547 0.463

EXPIN most variable

drugmolovec

0.033 0.542 0.204 2903.621 0.484

€XPIN most variable T+
drugip cnN

0.027 0.548 0.116 3228.181 0.454

i +
EXPIN most variable 0.073 0.422 0078  3364.353  0.409

drugrexicnn

expr i +
PN most variable 0.016 0.420 -0.030 3760.165 0.392

drugsmilesLsTM™

E€XPIN most variable
+ clinicalsglected  + 0.117 0.494 0.223 2837.084 0.496

drugecrps

EXPIN most variable
+ clinicalsglected  + 0.092 0.505 0.188 2962.112 0.483

drugecrpre

EXPIN most variable
+ clinicalsglected  + 0.161 0.655 0.392 2218.659 0.654

drugmolovec

E€XPIN most variable

drugip cnn

E€XPIN most variable
+ clinicalsglected  + 0.165 0.597 0.276 2643.169 0.593

drugrextcnn
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Table 14 continued from previous page

Average per-inhibitor 5
Model Spearman R MSE Pearson
Spearman

EXPIN most variable
+ clinicalsglected + 0.089 0.585 0.299 2558.891 0.576

drugsmilesLsT™

EXPrselectkBest + Mut

0.662 0.843 0710 1058219  0.847
+ druggcrp4
expr + mut

PlSelectkBest 0.666 0.844 0705  1076.492  0.847
+ druggcrps
expr + mut

PlSelectkBest 0.590 0.785 0617 1396940  0.790
+ drugmol2vec
expr + mut

PlSelectkBest 0.616 0.818 21149 80844.058 0.154
+ drugip cNN
expr + mut

PlSelectkBest 0.641 0.831 0654 1261425  0.821
+ drugrextcnn
expr + mut

PlSelectBest 0.484 0.724 0522 1743709  0.735
+ drugsmilesLSTM
€XPrprotein coding +
mut + clinicaly + 0.666 0.846 0729  989.854  0.854
drugecrps
€XPrprotein coding +
mut + clinicaly + 0.664 0.842 0712  1049.855  0.845
drugecrrs
€XPrprotein coding +
mut + clinicaly + 0.570 0.791 0633  1340.726  0.796
drugmolovec
€XPrprotein coding +
mut + clinicaly + 0.645 0.829 0254 2723491  0.677
drugip cnn
€XPrprotein coding +
mut + clinicaly + 0.652 0.829 0688 1139902  0.829

drugrexicnn
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Table 14 continued from previous page

Average per-inhibitor 5
Model Spearman R MSE Pearson
Spearman

€XPrprotein coding +

mut + clinicaly + 0.619 0.818 0.645 1294 .615 0.812
drugsmilesLSTM
eXProrotei i +

Prprotein coding 0.660 0.841 0.715 1038.640 0.846
mut + drugecrpa
eXPrprotei i +

Prprotein coding 0.640 0.831 0.700 1095.328 0.837
mut + drugecrps
eXPlorotei i +

Prprotein coding 0.573 0.790 0.444 2031.084 0.725
mut + drugmolzvec
eXProrotei i +

Prprotein coding 0.641 0.829 -0.605 5859.075 0.539
mut + drugip N
eXPrprotei i +

Prprotein coding 0.631 0.830 0.688 1140.278 0.831
mut + drugrextcnn
eXPlorotei i +

Prprotein coding 0.655 0.834 0.679 1171.389 0.833
mut + drugsmilesLsTm
expr i i

Prip NN, protein coding 0.641 0.831 0.695 1113.174 0.837
+ mut + drugecrps
expr i i

Prip NN, protein coding 0.648 0.827 0.668 1212.004 0.821
+ mut + drugecrps
expr i i

Prib cNN, protein coding 0.553 0.772 0.508 1795.142 0.779
+ mut + drugmol2vec
expr i i

Pr1D CNN, protein coding 0.620 0.818 0.637 1326.368 0.810
+ mut + drugip cnn
expr i i

Prip NN, protein coding 0.574 0.790 0.598 1468.337 0.795

+ mut + drugrextcnn

€XPr1D CNN, protein coding
+ mut + 0.633 0.822 0.564 1592.348 0.775

drugsmilesLsT™
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B.2 Supplementary Tables for Chapter 6

Table 15: Top 20 features (ranked by Gini importance) for the random forest model.

Feature Importance

drugA_ECFP4_71 0.0034
drugA_ECFP4_440 0.0027
drugA_ECFP4_589 0.0026
drugA_ECFP4_238 0.0025
drugB_ECFP4_315 0.0024
drugA_ECFP4_867 0.0024
drugA_ECFP4_357 0.0023
drugA_ECFP4_997 0.0023
drugB_ECFP4_250 0.0021
drugA_ECFP4_81 0.0020
drugA_ECFP4_696 0.0020
drugA_ECFP4_34 0.0019
drugA_ECFP4_129 0.0019
drugA_ECFP4_927 0.0019
drugB_ECFP4_559 0.0018
drugA_ECFP4_894 0.0018
drugB_ECFP4_927 0.0018
drugA_ECFP4_850 0.0018
drugB_ECFP4_34 0.0018
drugA_ECFP4_815 0.0017
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